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Preface: How I gave birth to
Evaluatology

By Dr. Jianfeng Zhan

This morning, I woke up from a dream where I spent almost two hours writing the
preface for this book. I feel very regretful. If I'd woken up earlier, I could have finished
this challenging but enjoyable task.

In 2009, I was given the task of writing a technical report on information technology
infrastructures for emerging computing, like Internet Services, Cloud Computing, and
Big Data. At the time, my boss was Prof. Ninghui Sun, who introduced me to Prof.
Kai Li, a well-known professor from Princeton University.

In the 1980s, Prof. Li graduated from the Institute of Computing Technology (ICT)
at the Chinese Academy of Sciences, where I was an Assistant Professor since 2002, an
Associate Professor since 2004, and later promoted to a Full Professor in 2012.

Kai impressed me in three key ways. First, when discussing innovations, he always
starts by calculating the cost using current best practices—I found this truly amazing.
In China, many scientists often see cost calculation as boring or even pointless, so his
approach stands out.

Second, Kai has created several highly influential benchmark works. One is PAR-
SEC, a well-known CPU benchmark. Another is ImageNet, which he co-developed with
Professor Feifei Li. The Al community widely credits ImageNet as one of the key drivers
behind the Al boom.

Lastly, Kai is incredibly successful in business. His startup, DataDomain, was ac-
quired by EMC for nearly one billion US dollars, which speaks volumes about his achieve-
ments.

I admire Kai’s influence. Looking back, I believe my conversation with Kai was the
starting point for both Evaluatology and this book. I define Evaluatology as “the science
of uncovering the effects of everything.” In this book, I use the same methodology to
trace the people and events that influenced both the book’s creation and me while I was
writing it.

During this journey, two things stand out—one was a stroke of luck, and the other
was a bit unfortunate.

The first thing I want to share is BigDataBench, our first influential benchmark for
Big Data. I worked on it in 2013 with Mr. Lei Wang, who was my Ph.D student at the

XV



Preface - XVi -

time. Surprisingly, we finished this work in just two weeks.

Eventually, our article was accepted by HPCA 2014. I remember clicking the sub-
mission button to upload our paper to the HPCA conference while sitting in the flight
cabin. My hands were shaking. Five minutes later, my flight took off from San Francisco
to Beijing.

We were very lucky—our paper received a high score, and the industry chair of HPCA
was incredibly supportive and encouraging. Dr. Zhen Jia, my previous Ph.D. student,
later told me that when a famous professor asked Prof. Kai Li to recommend a big data
benchmark, Kai recommended our BigDataBench.

At the same time, I submitted another OS-related article to top conferences like
ASPLOS, SOSP, and OSDI. But this time, we spent six years without the article being
accepted. I still remember one year at ASPLOS, where one reviewer even gave us a
“strong accept,” which is quite rare in computer systems conferences. In the end, I
decided not to publish this article.

The second thing I want to share is AIBench, another benchmark project focused on
Al T worked on it with Miss Wanling Gao, who was also my Ph.D student at the time.
She’s a very smart and hardworking person.

Wanling submitted the AIBench paper to the HPCA 2020 conference. She hadn’t
slept for almost three days before she finally clicked the submission button. I felt con-
fident about the paper’s chances, and it turned out we received very high scores: four
accepts and one weak reject.

However, I noticed something unusual. The reviewer who gave a weak reject men-
tioned that MLPerf was already enough, and there was no need for AIBench. MLPerf
is a collaborative project involving major U.S. companies and universities, making it a
competitor to our work.

I decided to write an email to the industry chair, thanking him for the effort and
reminding them that there’s a competition between AIBench and MLPerf. I also em-
phasized that having two independent benchmarks would benefit the entire community.

The chair never replied to my email, and I couldn’t help but feel that something was
happening behind the scenes.

It’s no surprise that our article was rejected for a non-technical reason—someone
was clearly manipulating the process. I felt furious and complained to the conference
organizers and high-level committees. But in the end, the decision still favored the
industry chair of HPCA 2020. The chair sent me an email apologizing for making me
feel unfairly treated.

I think Dr. Wanling Gao felt very depressed after this. She took several years to
recover from the experience. Meanwhile, the MLPerf article got accepted about half a
year later. Our article received a high score at Micro 2020 but was still rejected. Later,
at PACT 2021, our article was initially deemed rejected. I wrote an email to the chair,
a French scientist, and he felt our treatment was unfair. He asked another reviewer to
recheck the article, and it was finally accepted.

By that time, MLPerf had become the “superstar” in the field, which made the whole
situation even more frustrating.
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This is a case study that showcases the toughness of our science and technical society
and our guys. When you compare the outcomes (or “fates”) of two articles and two young
scientists under nearly identical visible conditions, it’s like a quasi—experiment, which
is one topic of this book.

Many unknown or known but hidden factors dominate the outcomes, which is what
we have to face. I'm no longer angry about it. Instead, I've learned to focus on more
meaningful work to overcome these struggles. One such work is Evaluatology, a fasci-
nating and thought-provoking field I'm now pursuing.

In 2021, I realized that benchmarks, while widely used across many fields, actually
have no rigorous methodology. This is true even for famous benchmarks like ImageNet.
I learned this from Prof. Kai Li’s open lecture. He mentioned that when he and Dr.
Feifei Li (who was a young assistant professor at the time) applied for funding, some
reviewers even laughed at their idea. At that time, Kai was already a very senior and
well-known professor at Princeton. Because of this, I wrote an article in my launched
journal TBench to call for establishing the benchmark sciences and engineering.

But what exactly is a benchmark? My former Ph.D. student, Tang Fei, now working
in a famous Chinese company, once told me that when someone asked about his research
field, he felt embarrassed to say he was working on benchmarks. It seemed to him like
a low-status and uninteresting area of research.

In 2022, T finally understood the link between benchmarks and evaluation. I asked
myself a critical question: Why are rigorous methods like Randomized Control Trials
(RCT) used to evaluate drugs, while in computer science, people still rely on empirical
methods like SPEC CPU?

Everyone loves to report a CPU performance number using SPEC CPU. But my
Ph.D. student, Chenxi Wang, my colleagues, Dr. Lei Wang, and Dr. Wanling Gao,
proved convincingly that for the same CPU, performance numbers can vary by tens or
even hundreds—showing how unreliable this method can be.

I joked: Well, reporting a CPU number won’t kill anyone, unlike reporting a drug’s
performance. But this shouldn’t be the case! We’re part of a science and engineering
community.

In many other areas, like university rankings, the situation is even worse. A Univer-
sity ranking made many young boys and girls, and even their parents, feel unhappy or
even depressed. How ironic is that!

In 2023, T came up with the term Evaluatology and wrote an article titled Evalua-
tology: The Science and Engineering of Evaluation. In the first draft, I used the term
Evaluationology, but my Ph.D student consulted a native English speaker, who sug-
gested the shorter and more natural-sounding name Evaluatology. I happily adopted
the idea.

I sent the article to many scholars, and Prof. David Lilja responded with a warm and
encouraging message. He said the article was very interesting and especially appreciated
my evaluation axioms. He also suggested I explore Design of Experiments (DoE) in more
depth. I’'m truly grateful for his insightful feedback.

T also received positive feedback from several professors, including Prof. Weiping Li
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from the Civil Aviation Flight University of China, Prof. Aoying Zhou, Prof. Weining
Qian, and Prof. Wei Wang from East China Normal University. Their encouragement
meant a lot to me.

In 2024, we organized a workshop on Evaluatology in Guangzhou, where we discussed
the science and engineering of evaluation with experts and researchers. It was a great
opportunity to share ideas and learn from others.

From 2024 to 2025, I dedicated almost two years to writing this book without taking a
single day off. Initially, I planned to work on it alone, but I soon realized how challenging
it would be to handle everything by myself. I also understood that leading my colleagues
and students to work together would make the process much valuable.

That’s why I invited two of my colleagues, Dr. Lei Wang and Dr. Wanling, along
with one Ph.D. student, Hongxiao Li, to join me. However, after a month, we fell behind
schedule, so I asked Mr. Chenxi Wang and Dr. Fanda Fan (my postdoc) to join the
team as well.

Just last month, my postdoc, Dr. Guoxin Kang, developed a strong interest in
Evaluatology-based Al and put in a lot of effort. I think it’s only fair to invite her to
join us, too!

During the two-year process of writing this book, four events stand out as worth
mentioning.

One person I know well attended my public presentation about Evaluatology and got
inspired by it. He quickly wrote an article and published it in a famous magazine in a
short time window. Some ideas in his work clearly came from mine, which was published
one month earlier.

He felt embarrassed and sent me an email to explain two things: First, he had
mentioned my work without naming me in another article. Second, he wanted to co-
author a new article with me. I turned down his offer, but I didn’t complain to the
committees handling this issue. I didn’t want to hurt his career.

Throughout my career in science and technology, I've encountered many disappoint-
ing situations. For example, I once wrote a technical report, and someone asked me if I
had already published it. If I hadn’t, he planned to write a book based on my report by
himself alone.

I didn’t like this behavior at all. That’s why I added several footnotes in this book,
clearly showing how my ideas were inspired by others’ work. I wanted to make it clear
that I respect everyone’s contributions.

Second, many people don’t take evaluation seriously—they think it’s a “soft” field.
Personally, I don’t agree with this view at all. I believe Evaluatology is just as hard as
design, and it might even help us create a new Al paradigm.

During a group meeting, Dr. Chunjie Luo made a very convincing point: evaluation
and design are actually two sides of the same coin, the so-called dual problem. His
presentation was so persuasive and compelling that it really made me think.

Third, during this process, I crossed paths with Mr. Hedong Yan. He had initially
planned to join my research group as a Ph.D. student, but we didn’t work well together.
After a year, he left. I don’t plan to share the details of our differences, but I do want to
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thank him for one thing—he provided many valuable references for Part IV, even though
he didn’t contribute directly to the work.

Fourth, one day in 2025, I suddenly thought: Evaluatology could be defined as the
science of uncovering the effects of things. I got this idea, inspired by Dr. Judea Pearl
and Dana Mackenzie, after reading their book: The Book of Why.

Last year, a well-known professor joked with me, “Why haven’t you been fired by
ICT, Chinese Academy of Sciences?” I could mention his name, but I won’t—out of
respect for him.

He explained the reason. Many scientists are busy applying for funding and gaining
official recognition, like distinguished young scientists. It seems that I feel no interest in
such things. His point is that I should be fired. That is one of the reasons that I am
very grateful for the support from ICT.

When I moved from the Advanced Computer Systems Research Center to the Dis-
tributed Systems Research Center, both as director, ICT granted me one million yuan in
research funding as an unsolicited gift—1I never even had to apply. For this kind support,
I am profoundly grateful to Prof. Xilin Chen, Director of ICT, and Prof. Ninghui Sun,
Academician of the Chinese Academy of Engineering.

I’d like to end by sincerely thanking my family. Looking at it through the lens of
Evaluatology, my wife has clearly been the person who has influenced me most over the
past two decades.

We first met in October 2001 while hiking on Vigilance Mountain. A year later, we got
married without the usual wedding celebrations. We embarked on a honeymoon journey
to the enchanting and mystical Jiuzhai Valley, a place renowned for its breathtaking
beauty. After that, we enjoy a simple life happily.

My daughter is my beloved treasure. I miss you very much. May you find joy in your
life in Boston. Every life is unique, each carrying its own inherent dignity. This dignity
is not defined by appearance but resides in the mind.

I also want to thank the many small animals, trees, and flowers I've cared for this
past year. Whenever I felt completely drained, spending time with you—just watching
and tending to your growth—brought me deep peace and renewal.
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Chapter 1

What are the Contributions of
This Book

In this chapter, I will directly address the core question: what are the key contri-
butions of this book? Together with my colleagues—Dr. Lei Wang, Dr. Wanling Gao,
Ph.D. students, Mr. Hongxiao Li, and Mr. Chenxi Wang, as well as Postdocs Dr. Fanda
Fan and Dr. Guoxin Kang—we have made several novel contributions that represent
significant advancements beyond prior work. Mr. Qian He made contributions to the
presentation of several figures.

Throughout the remainder of this book, “I” refers to Dr. Jianfeng Zhan. When
referring to my colleague—whether a Ph.D. student or a PostDoc—1I will use their name.
The term “we” denotes multiple contributors, with details provided in the context.

1.1 Uncovering the Essence of Evaluation

I reveal that the essence of evaluation is to infer the effect of an (evaluated) object.

Gravitation between objects manifests as a universal effect; combustion embodies
oxygen’s effect; heredity arises from the effect of genetic and other material factors; a
criminal act invariably yields a detrimental effect; law implementation generates soci-
etal effects; while CPUs and Large Language Models in computing produce objectively
quantifiable effects.

To systematically reveal these diverse effects, a universal conceptual framework,
model, and methodology can be established. This constitutes the primary motivation
for my proposal of Evaluatology as a new discipline.

1.2 Formalization of Evaluation and its Dual and Inverse

Problems

Evaluation and design are dual problems. An object and external essential objects induce
overall effects on an affected object. The evaluation is to uncover the true effect of a
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specific object (a cause) from the overall effect, while the design of an object aims to
search for a specific object configuration to achieve the optimal overall effect.

We observe a phenomenon that consists of many objects, showing different quantities.
The inverse problem of the evaluation, which I call de-evaluation, is to trace back the
objects and their observed quantities to the causes, external essential objects, and their
effects on the affected objects.

I will formally define those concepts.

1.3 Formal Introduction of the Discipline of Evaluatology

I coined the term Evaluatology ! to cover this exciting science. I formally define Evalu-
atology as the science of uncovering the effects.
I propose the fundamental components of Evaluatology.

1. universal evaluation concepts.

2. five axioms of evaluation.

3. categories of evaluation problems.
4. fundamental issues of Evaluatology.

5. fundamental Evaluatology methodology 2.

1.4 Why the Past Efforts Failed to Establish the Discipline
of Evaluation?

I systematically explain why the past efforts failed to establish the discipline of
evaluation.

First, the consensus of the evaluation community referred to evaluation as “the pro-
cess of determining the merit, worth, or value of things” [172, 174, 175, 176, 55, 68, 85,
196, 195]. However, this definition fails to capture the essence of evaluation, as the terms
“merit,” “worth,” and “value” are inherently subjective—their interpretation varies sig-
nificantly across individuals, which constitutes a fundamental flaw in the definition.

Secondly, past works failed to propose universal evaluation concepts, problem state-
ments, axioms, mathematical formulations, and methodologies. Instead, the community
or leading scholars rely on the encyclopedic approach to define several hundred concepts
or terms as shown in [174, 118].

T originally coined the term “Evaluationology”. Mr Hongxiao Li suggested I change it to Evaluatology
after consulting with his English teacher. I adopted his suggestion.
2Dr. Wanling Gao, Mr. Chenxi Wang, and Dr. Lei Wang also contributed to this methodology.

4
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1.5 New World Model: What Distinguishes Intelligent Lives
from Normal Objects?

I propose foundational assumptions and models of the three worlds, upon which a distinct
pathway to achieving strong Al becomes feasible.

An object is a class of entities owning a set of properties. The world consists of
objects. I propose that intelligent Lives have two unique properties that distinguish
them from other normal objects: free will and interrogation.

Free will is the capacity and capability to make free and intentional choices. Free will
has different degrees. Interrogation is the capacity and capability to understand objects
and their mutual effects. Interrogation has different complexities.

I formally define the cause and effect. For objects A and B, when measurable or
testable differences occur in B depending on the presence or absence of A, A is the
cause, B is the affected object, and the measurable or testable difference in B is the
effect on B induced by A. The effect mechanism is the way the cause induces the effect
on the affected object.

A microscopic object world consists of microscopic objects at the scale of atoms
and subatomic particles, which is governed by the principles of quantum mechanics,
dominated by probability.

A normal object world consists of normal objects, determined and governed by the
principle of cause and effect.

A free will world consists of the normal objects and the intelligent lives, and a free
will world is governed not only by the principle of cause and effect but also by free will.
That is to say, an intelligent life not only receives the effects of causes, but also has the
capacity and capability to make free and intentional choices

1.6 New Interpretation of Fundamental Interrogations: Mea-
surement, Testing, and Reasoning

I posit that comparison constitutes a primitive form of interrogation, upon which in-
telligent life has built three fundamental interrogations: measurement, testing, and
reasoning. I offer a novel interpretation of them with Dr. Lei Wang and Dr. Fanda
Fan.

In Metrology, a unit of measurement like the meter was initially defined by referencing
a specific Earth-based length, later refined using light speed as the reference for enhanced
precision.

Similarly, in testing, the ground truth of objects constitutes the test oracle. For
instance, when an image objectively depicts a cat, algorithms are tested on diverse feline
images by comparing outputs against the test oracle to determine their validity. Modern
artificial intelligence has evolved precisely through this paradigm.

Reasoning, as an intellectual activity utilizing inference rules that perfectly pass such
tests, can supplant physical-world operations—all underpinned by comparison.
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I also propose the term Testology to cover the science of testing and its application.
The motivation is to present universal testing principles and methodologies across dif-
ferent areas, like verifying a Physics theory, hypothesis testing in statistics, and artifact
testing, such as software and hardware testing.

1.7 Revealing the Essence of Value

I interpret the value of an object as its derived effect on the stakeholder. A stakeholder
is an intelligent life or an organization that consists of intelligent lives. As a stakeholder
can make free and intentional choices on different objects, a value function could be
formulated on the basis of different quantities of their derived effects.

1.8 Fundamental Roles and Interrelationship of Four In-
terrogations

I clarify the unique fundamental roles and interrelationships of four interrogations: mea-
surement, testing, reasoning, and evaluation. There are other interrogations, which I will
explain in another book.

In the epistemic hierarchy of Evaluatology, measurement, testing, reasoning, and
evaluation represent four fundamental interrogations through which intelligent lives ex-
plore the unexplored world and their unknown lives, and build massive knowledge sys-
tems.

Measurement answers “how much”, attributing values to countable quantities of ob-
jects; testing answers “whether”, determining conformity to the test oracle through ver-
ification and falsification; evaluation answers “why” in terms of how an object influences
another one; reasoning answers “why” in terms of the underlying logical mechanisms
that connect causes to their effects. Together, these four interrogations form a complete
cognitive cycle—from observation, to validation, to explanation 2.

Mr. Chenxi Wang, Dr. Lei Wang, Dr. Wanling Gao, Dr. Fanda Fan, and I provide

many examples to support our propositions or models.

1.9 The Summary of Other Fundamental Evaluation Method-
ology

My collaborators systematically summarize the other fundamental evaluation method-
ologies. Mr. Chenxi Wang contributed to the design of experiments, randomized control
trials. Mr. Hongxiao Li contributed to quasi-experiments, structural causal models, Dr.
Lei Wang contributed to structural equation models and instrumental variables, and Dr.
Wanling Gao contributed to the potential outcome theory.

3Dr. Fanda Fan’s work provided a basis for this passage.
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I joined with all collaborators to discuss what is the basic concepts, problem state-
ments, assumptions, and principles of each methodology. I contributed to the part of
the content.

1.10 Formal Definitions of Benchmarks and Testbed

Benchmarks and testbeds are widely used in engineering without formal definitions and
rigorous methodologies. I formally established the operational definitions of benchmarks
and testbeds. Dr. Wangling Gao joined me to propose the principles and methodology
for the testbed.

1.11 New Possible Paths to Strong Artificial Intelligence

I conceived the core idea of the paths to strong artificial intelligence based on Eval-
uatology. Dr. Guoxin Kang and Dr. Wanling Gao joined me to elaborate on those
ideas.

1.12 Applications of Evaluatology in Different Areas.

Many collaborators actively utilize Evaluatology in different areas, demonstrating the
power of Evaluatology. In this book, Dr. Fanda Fan and I showcase how to utilize
Evaluatology to evaluate science and technology research institutes.



Chapter 2

Evaluation: Ancient Practice,
Undeveloped Discipline

In this chapter, I will present the state-of-the-art and state-of-the-practice of evalu-
ation. Section 2.1 will explain why evaluation is an ancient practice, incorporating the
remarks of Dr. Michael Scriven. Section 2.2 presents different evaluation concepts and
theories, and ad hoc practices in different domains. Section 2.3 provides an answer to
why the past efforts failed to establish the discipline of evaluation. Section 2.4 presents
the summary of this chapter.

2.1 Evaluation Is an Ancient Practice

Scriven [174] defined the evaluation as “the process of determining the merit, worth,
or value of things, or the result of that process” [172, 174, 175, 176]. Based on this
definition, he argued that evaluation is an ancient practice older than other human
practices. I incorporate his remarks in this section.

Scriven [174] posited that Logic, closely analogous to reasoning elucidated in Chap-
ter 6, and evaluation constitute “two foundational tool disciplines with pervasive appli-
cations across diverse academic domains.” He concluded that the practical utilization of
informal logic and evaluation predates the establishment of any formal academic disci-
plines or their early forms.

According to Scriven [174], informal logic and grammar co-evolved with any language
that existed before formal academic disciplines, as both disciplines fundamentally rely on
linguistic structures as their bedrock for further advancement. Nevertheless, evaluation
practices endure even before the emergence of linguistic capabilities, owing to their
indispensable role in the creation of early artifacts. For instance, the earliest recorded
craftsmen—the stoneworkers—exhibit a consistent trajectory in material quality and
design sophistication, a phenomenon discernible not only at individual archaeological
sites but also across millennia of human history.

8
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In Parts II and III, I define interrogation as the capacity, capability, and process to
understand objects and their mutual effects. I systematically analyze four fundamental
interrogations: measurement, testing, reasoning, and evaluation.

I defined the evaluation as uncovering the effects and derived effects of an (evaluated)
object. If an object has a stakeholder, I interpreted determining the merit, worth, or
value of an object [172, 174, 175, 176] as uncovering the derived effect of an evaluated
object on the stakeholder. For any intelligent life, not just humans but also animals,
evaluation is one of the fundamental interrogation abilities, as most of them can know
and predict the effects of some causes. For example, a deer knows the emergence of a
lion will endanger its life. For this reason, I concluded that evaluation practices endure
much earlier than the period mentioned by Dr. Michael Scriven, even in the period when
human beings did not exist.

2.2 Evaluation Concepts, Theories, and Ad Hoc Practices

In this section, I will summarize different evaluation concepts, theories, and ad hoc
practices in different domains.

Stufflebeam [196] suggested eight questions to be addressed in any attempt to con-
ceptualize evaluation, based on which Nevo [128, 129] extended to ten major dimensions
in a conceptualization of evaluation. I propose nine dimensions, some of which overlap
with those of Nevo [128, 129], incorporating the discussions by Scriven [175].

2.2.1 Definitions

Educational evaluation pioneer Ralph Tyler [206] perceives evaluation as “the pro-
cess of determining to what extent the educational objectives are actually being realized.”
According to my definition, this definition could be reformulated as the process of un-
covering the effect of any object in the education process to determine whether it meets
the intended effect.

Another widely accepted definition of the evaluation has been that of providing
information for decision-making, suggested by various leading evaluators such as Cron-
bach [44], Stufflebeam [194], and Alkin [2]. According to my definition, this definition
could be reformulated as uncovering and reporting the effects of an object for decision
making. Scriven referred to evaluation as “the process of determining the merit, worth,
or value of things, or to the result of that process” [172, 174, 175, 176]. Evaluators and
researchers in social sciences reached a considerable consensus regarding the definition
of evaluation as the assessment of merit or worth [55, 68, 85, 196], or as an activity com-
prised of both description and judgment [74, 184]. A joint committee on standards for
evaluation, comprised of 17 members representing 12 organizations associated with edu-
cational evaluation, recently published their definition of evaluation as “the systematic
investigation of the worth or merit of some objects” [195].

9
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According to my definition, anything or the result of any evaluation process could be
an evaluated object. The essence of determining the merit, worth, or value of a thing is
to uncover its derived effect on the stakeholder. Alternatively, it is feasible to compare
the effects or derived effects of different evaluated objects of the same class. As analyzed
in Chapter 10, I consider comparison as the most primitive interrogation.

Some groups or scholars rejected the judgmental definition of evaluation. For ex-
ample, the Stanford Evaluation Consortium group defined evaluation as “systematic
examination of events occurring in and consequent of a contemporary program -an ex-
amination conducted to assist in improving this program and other programs having
the same general purpose” [45]. According to my definition, the events occurring in and
consequent to a contemporary program could be an evaluated object. Uncovering its
effect naturally helps improve the program.

Cronbach and his associates [45] perceived the evaluation as “an educator [whose]
success is to be judged by what others learn”, rather than a “referee [for] a basketball
game”, who is hired to decide who is “right or wrong.” According to my definition, what
other learn is one of the effects of an educator; the effects of different educators could
be compared.

Rossi et al. present the concept framework in their famous book [152]. Throughout
the book, the terms “evaluation”, “program evaluation”, and “evaluation research” are
used interchangeably. Although they focus on the evaluation of the social program, they
claim that the evaluation research is not limited to that arena [152].

Rossi et al. [152] defined program evaluation as “the application of social research
methods to systematically investigate the effectiveness of social intervention programs
in ways that are adapted to their political and organizational environments and are
designed to inform social action to improve social conditions.” In this definition, the
social programs, also referred to as social interventions, cover human services programs
in the domain of “health, education, employment, housing, community development,
poverty, criminal justice, and international development.”

According to my definition, the social intervention programs are the evaluated object.
After uncovering the effects of different programs, we can investigate their effectiveness.

2.2.2 Essences or Views

In [175], Scriven summarized several different thoughts on the essences or views
of evaluations, including A: “strong decision support,” B: “weak decision support,” C:
“relativistic,” D: “rich description,” E: “social process,” F: “constructivist” or “fourth
generation.” Actually, Scriven used the term “models of evaluation.” I would rather use
essence or view than a model for two reasons: the essence or view is more accurate; the
evaluation model has other uses in Evaluatology.

A: “strong decision support” view

10
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View A was exemplified in, but not made explicit by, the work of Ralph Tyler, and
extensively elaborated in the CIPP ( Context, Input, Process, and Product) model of
evaluation [194]. Unfortunately, this view does not reveal the essence of evaluation.
Instead, it focuses on the purpose of the evaluation: “explication of the use of program
evaluation as part of the process of rational program management, conceiving of eval-
uators as doing investigations aimed at arriving at evaluative conclusions designed to
assist the decision-maker.”

B. The “weak decision support” view

This point of view is represented by evaluation theorists such as Marv Alkin [2], who
define evaluation as “factual data gathering in the service of a decision-maker who is
to draw all evaluative conclusion.” Similarly, this view does not reveal the essence of
evaluation. Instead, it focuses on a sub-process of the evaluation: it provides decision-
relevant data, and even stops short of drawing evaluative conclusions.

C. The “relativistic” view

This view is from two social scientists and essentially represents this approach [153].
It holds that evaluation should be done by using the client’s values as a framework,
without any judgment by the evaluator about those values or any reference to other
values. Unfortunately, it does not explain what value is. In Evaluatology, if an evaluated
object has a stakeholder, the value is interpreted as the derived effect of the evaluated
object on the stakeholder. Please note that we have a formal definition of a stakeholder.
Additionally, the client is only one stakeholder, which can not justify excluding the other
clients.

D. The “rich description” approach

This view has been very widely supported—by Bob Stake [186], the North Dakota School,
many of the UK theorists, and others. It claims that evaluation can be done as “a kind
of ethnographic or journalistic enterprise, in which the evaluators report what they see
without trying to make evaluative statements or infer to evaluative conclusions— not
even in terms of the client’s values (as the relativist can).”

I would like to interpret “done as a kind of ethnographic or journalistic enterprise”
as a kind of interrogation. However, this view is very vague without explaining what the
valid interrogation methodologies are, and how measurements or testing are performed
under different interrogation conditions.

E. The “social process” school

By a group of Stanford academics led by Lee Cronbach, referred to here as C&C (for
Cronbach and Colleagues [45], this view denied the importance of functions of evalua-
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tion, “(i) as providing support for external decisions about programs, or (ii) to ensure
accountability.”

This view emphasizes denying the importance of the functions of evaluation; however,
it fails to reveal the essence of the evaluation.

F. The “constructivist” or “fourth generation” approach

By Egon Guba and Yvonna Lincoln [75], it rejects evaluation as a search for quality,
merit, worth, etc. Instead, they claim the evaluation outcome is “the result of construc-
tion by individuals and negotiation by groups.”

This view ignores that the effect of any object is objective. It seems that they try
to explain how a value (quality, merit, worth, etc) function is assigned to an object. In
Evaluatology, the effect and the derived effect are both objective. The value is interpreted
as the derived effect on the stakeholder.

G: A “transdisciplinary” view

Scriven held a transdisciplinary view [174] to treat evaluation as a tool discipline.

Scriven claimed that this view has four characteristics that distinguish it from the
previous works [175].

First, it is “an objectivist view of evaluation, like A, holding that the evaluation is to
determine the merit or worth of, for example, programs, personnel, or products.” Unfor-
tunately, when it comes to worth, merit, or value without an objective interpretation,
it’s easy to fall into the quagmire of subjectivity.

Second, the approach here is “a consumer-oriented view rather than a management-
oriented (or mediator-oriented, or therapist-oriented) approach to program evaluation—
and correspondingly to personnel and product evaluation, etc.” From the perspectives
of Evaluatology, the consumer, management, meditator, or therapist are different stake-
holders; different views do not contradict. Instead, the effects or derived effects on
different stakeholders could be inferred using the same methodologies.

Third, the approach here is “a generalized view.” It is “not just a general view; it in-
volves generalizing the concepts of evaluation across the whole range of human knowledge
and practice” Unfortunately, Scriven did not propose general concepts, terminology,
problem statements, axioms, mathematical notation, formulations, and methodologies.
Instead, he still relies on the encyclopedic approach to define several hundred concepts
or terms in [174], just as other evaluation communities did in [118].

(IV) The transdisciplinary view is “a technical one.” Unfortunately, Scriven fails to
find a suitable technique language, like mathematics, to define the different categories of
evaluation problems, and propose universal methodologies to address different evaluation
problems.

2.2.3 Function
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Scriven [172] was the first to suggest the distinction between “formative evaluation”
and “summative evaluation,” referring to two major roles or functions of evaluation,
although he was not the first to realize the importance of such a distinction.

Referring to the same two functions, Stufflebeam [193] suggested “the distinction
between proactive evaluation intended to serve decision-making, and a retroactive eval-
uation to serve accountability.” Thus, evaluation can serve two functions, the “formative”
and the “summative.”

Robert E. Stake [184] distinguished the distinctions between formative and sum-
mative evaluation in an analogical manner from perspectives of different stakeholders:
“When the cook tastes the soup, that is formative; when the guests taste the soup, that
is summative.” In its formative function, evaluation is used for the improvement and de-
velopment of an ongoing activity (or program, person, product, etc.). In its summative
function, evaluation is used for accountability, certification, or selection.

There are other discussions on the functions of evaluation from different perspectives.

Process evaluation focuses on “the activities and events during a program or interven-
tion, investigating why and how a program or intervention achieves its results through
documenting and collecting data [107, 118].”

Impact evaluation or assessment focuses on “the outcomes or impacts of an evaluand,
e.g., a program, intervention, policy, organization, or technology, aiming to make a causal
inference that connects the evaluand (the evaluated object) with the outcomes [107, 118].”

From the perspective of Evaluatology, there is only one unique function of evaluation:
revealing the effect or derived effect of an (evaluated) object. From this angle, for
formative evaluation or process evaluation, the evaluated object is the intermediate one
in the different phases of creating an artifact, or the whole process of creating an artifact.
While for summative evaluation or impact evaluation, the evaluated object is the object
delivered. Though the evaluated objects differ, the methodology remains the same.

2.2.4 Role

In [174], Scriven considered evaluation as one of the most powerful and versatile of
the “transdisciplines”—tool disciplines such as logic, design, and statistics. He claimed
“Science itself is only distinguishable from pseudoscience by means of evaluation, by
evaluation of the quality of evidence, research designs, instruments, interpretations, and
so on [174]”

I agree with Scriven on the fundamental role of evaluation. I thought evaluation
is one of the fundamental interrogation methodologies, just like measurement, testing,
and reasoning. However, Scriven falsely classifies testing into the evaluation. Distin-
guishing science from pseudoscience is the fundamental role of testing, as we discussed
in Chapter 5.

2.2.5 Collected Data

Previous work has extensively discussed how to collect data without deeply thinking
about the different natures of the evaluated object, and hence, their thoughts are ad
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hoc.

For example, Stufflebeam’s CIPP Model [193] suggested that evaluation focuses on
“four variables for each evaluated object: (a) its goals, (b) its design, (c) its process of
implementation, and (d) its outcomes.” According to this approach, an evaluation of an
educational project, for example, would be “an assessment of (a) the merit of its goals,
(b) the quality of its plans, (c) the extent to which those plans are being carried out,
and (d) the worth of its outcomes.”

Stake [184] in his Countenance Model suggested that two sets of information be
collected regarding the evaluated object: descriptive and judgmental. The descriptive
set should focus on “intents and observations regarding prior conditions that may affect
outcomes, transactions, process of implementation, and outcomes.” The judgmental set
of information comprises “standards and judgments regarding the same prior conditions
that may affect outcomes, transactions, and outcomes.”

Guba and Lincoln [74], expanding Stake’s Responsive Education Model [185] and
applying the naturalistic paradigm. Guba and Lincoln [74] suggest that the evaluator
focused on “five kinds of information: (a) descriptive information regarding the evalu-
ation object, its setting, and its surrounding conditions, (b) information responsive to
concerns of relevant audiences, (c¢) information about relevant issues, (d) information
about values, and (e) information about standards relevant to worth and merit assess-
ments.”

2.2.6 Standards and Criteria

Having to choose the standards and criteria to judge the merit and worth of an evaluated
object is one of the root reasons why evaluation is considered subjective.

Some scholars went straight to ignore the judgmental nature of evaluation. Those
who defined evaluation as an information collection activity to serve decision-making or
other purposes [2, 44, 192] did not have to deal with the problem of choosing evaluation
criteria.

Other scholars used “goal achievement” as the evaluation criterion without having
justified its being an appropriate criterion [206, 145]. They ignored the issue of evaluation
criteria.

Several attempts have been made in recent years to develop standards and criteria
for evaluations of educational and social programs [39, 195, 194, 198, 136]. Even though
some scholars [45, 187] have criticized the rationale for the whole standard-setting effort
as being premature at the present state of the art in evaluation, there seems to be a
great deal of agreement regarding their scope and content.

Boruch and Cordray [22] analyzed six sets of such standards. They concluded that
there has been a large degree of overlap and similarity among them. The Joint Com-
mittee on Standards for Educational Evaluation [195] developed and published the most
elaborate and comprehensive set. Chaired by Dr. Daniel Stufflebeam, these standards
committees consist of a committee of 17 members, representing 12 professional organi-
zations associated with educational evaluation. The proposed 30 standards were divided
into four major groups: “utility standards ensure that the evaluation serves practical
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information needs; feasibility standards ensure that the evaluation is realistic and pru-
dent; propriety standards ensure that the evaluation is conducted legally and ethically;
accuracy standards ensure that the evaluation reveals and conveys technically adequate
information.”

Most evaluation experts seem to agree that the criterion (or criteria) to be used for
the assessment of a specific object must be determined within the specific context of
the object and the function of its evaluation. With different levels of acceptance, the
evaluation criteria suggested by the literature include: identified needs of actual and
potential clients [195, 138, 172], ideals or social values [74, 85], known standards set by
experts or other relevant groups [74, 184], or the quality of alternative objects [85, 172].

Rossi et al. [152] discussed the criteria or standard for program performance, which
may manifest in different forms for various dimensions of program performance. The
criteria or standards could be “the needs or wants of the target population, stated
program goals and objectives, professional standards, customary practice, norms for
other programs, legal requirements, ethical or moral values, social justice, equity, past
performance, historical data, targets set by program managers, expert opinions, pre-
intervention baseline levels for the target population, conditions expected in the absence
of the program (counterfacutal), cost or relative cost.” The effectiveness of a social
program is gauged by the change it produces in outcomes that represent the intended
improvements in the social conditions it addresses.

In Chapter 10, I posit that comparison is the most primitive interrogation, on which
the principle and methodology of measurement and testing rely. From this perspective,
comparing has nothing to do with subjectivity, as measurement and testing are consid-
ered objective. According to Evaluatology, we can create reference evaluated objects and
compare the evaluated object to the reference one.

2.2.7 Process

The evaluation process is ad hoc and differs according to the different views of evaluation.

A theoretical approach perceiving evaluation as an activity intended to determine
whether goals have been achieved [206] might recommend the following evaluation pro-
cess: “(a) stating goals in behavioral terms, (b) developing measurement instruments,
(c) collecting data, (d) interpreting findings, and (e) making recommendations.”

According to Stake’s Countenance Model [184], the evaluation process should in-
clude: “(a) describing a program, (b) reporting the description to relevant audiences,
(c) obtaining and analyzing their judgments, and (d) reporting the analyzed judgments
back to the audiences.”

Later on, in his Responsive Evaluation Model Stake [185] suggested a continuing
“conversation” between the evaluator and all other parties associated with the evaluand.
He specified 12 steps of dynamic interaction between the evaluator and his audience in
the process of conducting an evaluation.

Provus [145] proposed “a five-step evaluation process, including (a) clarification of
the program design, (b) assessing the implementation of the program, (c) assessing
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its in-term results, (d) assessing its long-term results, and (e) evaluating its costs and
benefits.”

The Phi Delta Kappa Study Committee on evaluation [194] presented a three-step
evaluation process. It included “(a) delineating information requirements through inter-
action with the decision-making audiences,( b) obtaining the needed information through
formal data collection and analysis procedures, and (c) providing the information to
decision-makers in a communicable format.”

Scriven [170] has suggested nine steps in his Pathway Comparison Model. Guba and
Lincoln [74] suggest that a naturalistic responsive evaluation should be implemented
through a process including the following four stages: “(a) initiating and organizing the
evaluation, (b) identifying key issues and concerns,( c¢) gathering useful information, and
(d) reporting results and making recommendations.”

Rossi et al. [152] considered that the evaluation of a program “generally involves as-
sessing five domains: the need for the program; its design and theory; its implementation
and service delivery; its outcome and impact; and its efficiency.”

The evaluation process in Evaluatology has a universal process, regardless of the
evaluated objects.

2.2.8 Methodologies

In Part 1V, we summarize other widely used evaluation methodologies. They include
Design of Experiments (DoE), RCTs, instrumental variables, potential outcomes, quasi
experiments, structural causal models, and structural equation models. Uninformatively,
there lack of a systematic evaluation of those evaluation methodologies, which belong to
the category of meta-evaluation.

2.2.9 Ad Hoc Practices in Different Domains

This subsection presents a concise overview of ad hoc evaluation practices in different
domains, partially based on our previous work [224].

In the Field of Business

Camp [28] defines benchmarking as “the search for those best practices that will lead
to the superior performance of a company.” Benchmarking consists of two primary
steps [28]: (1) establishes operation targets based on industry best practices; (2)“a posi-
tive, proactive, structured process leads to changing operations and eventually achieving
superior performance and competitive advantage.” In the study conducted by Andersen
et al. [4], the essence of benchmarking is summarized as “the quest for knowledge and
learning from others.”

From the perspectives of Evaluatology, the process, the individual, policies, or the
intermediate objects in business could be evaluated. The so-called best practices are
also an evaluated object. The targets of the operations are some forms of the effects
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of the evaluated objects. “A positive, proactive, structured process” is essentially the
process of uncovering the effects of and performing trials on different evaluated objects,
e.g., policies, to “change operations and eventually achieve superior performance and
competitive advantage.”

In the Field of Finance

In the fields of finance and education, indices are widely used as benchmarks to assess
the overall performance of individuals or systems under study. These indices are derived
by calculating the weighted average of a selected group of individuals or systems [58].

For example, stock market indices are used as benchmarks to assess the stock mar-
ket’s performance in the finance field. These indices are derived by calculating the
weighted average of a selected group of representative stocks [58]. Some widely recog-
nized stock market indices include the Dow Jones Industrial Average, the S&P 500, the
NASDAQ Composite, and the Shanghai Stock Exchange Composite Index. Different in-
dices employ varying calculation methods. The most common approach is the weighted
average method, which determines the index value based on the weighted average of the
constituent stock prices. Another method is the geometric mean method, which calcu-
lates the geometric average of the stock prices and adjusts it using a base period price.
Typically, stock market indices are published at the close of each trading day. Some
index providers offer real-time index data, enabling investors to stay informed about the
latest market conditions.

The Brent benchmark is used to determine the price of Brent crude oil [168]. Brent
crude oil is a type of light and low-sulfur crude oil produced from oil fields in the North
Sea region. Due to its relatively stable supply and high quality, Brent crude oil has
become a significant benchmark in the international oil market. Traders, investors, and
industry participants worldwide reference the Brent benchmark to track and evaluate
the price of Brent crude oil.

In finance, indexes or benchmarks are essentially the reference objects through which
we compare, as we discussed in Chapter 10.

In the Field of Social Sciences:

According to Rossi et al., [152], at the earliest, Thomas Hobbes and his contemporaries
tried to “use numerical measures to assess social conditions and identify the cause of
mortality, morbidity, and social disorganization in the discipline of social science.”

Rossi et al. [152] define program evaluation as the process of using social research
methods to systematically assess programs aimed at “improving social conditions and
our individual and collective well-being,” to provide answers to the stakeholders. Rossi
et al. [152] summarize the five domains of evaluation questions and methods that exhibit
strong interplays: “(1) the need for the programs, (2) program theory and design, (3)
program process, (4) program impacts, and (5) program efficiency.”

From the perspective of Evaluatology, the essence of program evaluation is to uncover
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the effect of the social program on the social conditions, individuals, and collective well-
being.

However, from the perspectives of Evaluatology, the five domains of evaluation ques-
tions should be addressed with different interrogations, not a single evaluation. The
need for the program could be interrogated by measurement. The program theory needs
to be tested before implementation. The program process or its components could be
evaluated to uncover their effects.

In the Field of Computer Science

Within the computer science field, there are varying viewpoints and perspectives. For
example, Hennessy et al.[80] highlight the significance of benchmarks and define them
as “programs specifically selected for measuring computer performance.” On the other
hand, John et al.[94] compile a book on performance evaluation and benchmarking
without providing formal definitions for these concepts.

Kounev et al.[104] present a formal definition of benchmarks as “tools coupled with
methodologies for evaluating and comparing systems or components based on specific
characteristics such as performance, reliability, or security.” The ACM SIGMETRICS
group[26, 102] considers performance evaluation as “the generation of data that displays
the frequency and execution times of computer system components, with a preceding
orderly and well-defined set of analysis and definition steps.”

The SPEC CPU benchmark, known as SPEC CPU [181], is widely recognized as
the most renowned benchmark suite for CPU performance evaluation. Throughout its
history, six versions of the SPEC CPU benchmark suite have been released, with the
latest version being SPEC CPU2017 [182]. The SPEC CPU workloads cover a broad
range of compute-intensive tasks.

The performance evaluation metric used in SPEC CPU is based on the execution
time. The reported score of SPEC CPU represents the ratio of its execution time com-
pared to that of a reference machine. To ensure the credibility of the results, the overall
metrics are calculated as the geometric mean of each respective ratio. Each ratio is based
on the median execution time from three runs or the slower of the two runs [182].

Dongarra et al. [51] proposed the LINPACK benchmark for evaluating high-performance
computing (HPC) systems. The LINPACK Benchmark is designed to solve dense linear
systems of equations of order n, represented by the equation Az = b. It originated from
the development of the LINPACK software package in the 1970s.

From the perspectives of Evaluatology, the benchmarks in the discipline of computer
science are a component of simple evaluation conditions, that is, essential external objects
(EXOs), in Chapter 14.3.

In the Field of Artificial Intelligence

As shown in Figure 2.1 !, ImageNet is a significant benchmark in the field of computer
vision, consisting of 14,197,122 high-resolution images manually annotated across 21,841

'Dr. Chunjie Luo contributed to this figure. He is one of the authors of our previous work [224].
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Figure 2.1: The ImageNet evaluation working process.

distinct categories, commonly known as ImageNet-21K [47]. These categories encompass
a wide range of objects, animals, and scenes.

The ILSVRC (ImageNet Large Scale Visual Recognition Challenge) is an annual
computer vision competition that focuses on a subset of ImageNet-21K called ImageNet-
1K [164]. It aims to evaluate the performance of deep learning models in tasks such
as image classification and object detection, providing specific task configurations and
evaluation criteria.

ImageNet-1K is primarily used for image classification tasks and consists of 1,281,167
training images, 50,000 validation images, and 100,000 test images. The evaluation
metrics commonly used in ILSVRC include Top-1 accuracy, which measures the match
between the predicted category and the true category of the image, and Top-5 accuracy,
which indicates if the true category of the image is among the top five predicted categories
by the model.

From the perspectives of Evaluatology, the benchmarks in the discipline of artificial
intelligence are a component of simple evaluation conditions, similar to those of the
discipline of computer science.

In the Field of Medicine

The evaluation in the field of medicine can be traced back to the early medical eras, al-
though there are no documented records. A rigorous modern medical evaluation method-
ology and system were established as early as 1938 [32]. Clinical trials, with a history
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Figure 2.2: The randomized controlled trials (RCTs) evaluation process. [123]

spanning over 250 years, are the primary and widely recognized method for medical
evaluation. They are defined as experimental designs to evaluate the potential impact
of medical interventions on human subjects [93].

Currently, clinical trials based on experimental designs can be categorized into vari-
ous types, including randomized trials, double-blind trials, prospective trials, and retro-
spective trials [178].

As illustrated in Figure 2.2, Randomized Controlled Trials (RCTs), considered the
gold standard for medical evaluation, possess a rigorous and reliable theoretical frame-
work [124]. However, their high time and financial costs limit their application. In
addition, RCTs are difficult, if not impossible, to apply in Physics, Chemistry, or Biol-
ogy to trace the causes of many effects 2.

To compensate for the shortcomings of RCTs, emerging clinical evaluation methods,
such as Real-World Data assessment and digital clinical trials, have been proposed [90,
146]. These novel medical assessments are still in their early stages and have noticeable
deficiencies in their theoretical foundations, such as a lack of rigor and reliability.

In the field of Psychology

In the field of psychology, social and personality psychologists often rely on scales, such
as psychological inventories, tests, or questionnaires [65], to evaluate psychometric vari-
ables [65]. These variables include attitudes, traits, self-concept, self-evaluation, beliefs,

2This comment is inspired by Dr. Lei Wang in a talk after we had lunch together on a day in the
year of 2025.
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abilities, motivations, goals, social perceptions, and more [65]. Essentially, the essence
of the scale is a component of simple evaluation conditions.

While these tools are commonly used, it is important to recognize that they rely
on virtual assessments and self-report-style evaluations, which may introduce potential
distortions.

To overcome this limitation, I suggest implementing a physical application of an EC
to the evaluated object, supplemented with a variety of measurement instruments. This
approach aims to provide a more objective and accurate assessment of various aspects,
including attitudes, traits, self-concept, self-evaluation, beliefs, abilities, motivations,
goals, and social perceptions [65], by incorporating tangible and observable data.

2.3 Why Past Efforts Failed to Establish the Discipline of
Evaluation?

In [172], dated back to 1966, Scriven thought evaluation is “a logical activity which
is essentially similar whether we are trying to evaluate a coffee machine or teaching
machines, plan for a house or plan for a curriculum. The activity consists simply of
the gathering and combining of performance data with a weighted set of goal scales to
yield either comparative or numerical ratings.” That is the first rudimentary idea on
the discipline of evaluation. Since then, Scriven has published many articles towards the
goal of establishing the discipline of evaluation from the 1960s to the 2010s [172, 170,
171, 173, 174, 175, 176, 177].

In their 2010 book [56], Chinese Scholars Junping Qiu et al. discuss what scientific
evaluation means in Chinese. They used a Chinese Term similar to Evaluatology. Over-
all, they discussed and summarized many concepts and ad-hoc methods in social sciences,
education, and bibliometrics. Unfortunately, they overlooked Scriven’s work and failed
to notice many rigorous evaluation methodologies which we discussed in Part IV.

In a summary article, dated back to 2016, Scriven [177] claimed the discipline of
evaluation is established; however, I think he overstates the situation.

In [212, 224], Wang et. al showed that the state-of-the-art and state-of-the-practice
evaluation methods cannot even achieve a true evaluation outcome for a specific arti-
fact, a computer component, like a CPU. Instead, Different areas are still using ad hoc
empirical methodologies as we have discussed in Section 2.2.9.

The good news is that many stringent methodologies have been developed, like DOE,
RCTs, or the potential outcome framework, which we will summarize in Part IV; how-
ever, no previous work has systematically evaluated those evaluation methodologies. In
Chapter 13, we consider the meta-evaluation of different evaluation methodologies as
one of the most important issues in Evaluatology.

I believe two fundamental reasons contribute to the failure of past efforts to establish
the discipline of evaluation.

First, the consensus of the evaluation community referred to evaluation as “the pro-
cess of determining the merit, worth, or value of things” [172, 174, 175, 176, 55, 68, 85,
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196, 195]. Scriven [175] claimed that it is the value-free doctrine that prevents the devel-
opment of the discipline of evaluation, that is, the science and engineering community
rejected to introduce the word of value into their territory.

However, the current definition of evaluation, which is the consensus of the evaluation
community, fails to uncover the essence of evaluation. The words of “merit, worth, or
value” in nature are subjective—varying from different people—that is one of the root
reasons that contribute to the failure.

Secondly, Scriven [174, 175, 176] envisioned that there is a core subject in the disci-
pline of evaluation. However, the core subject of the evaluation was never articulated.
The past work [174, 175, 176, 56] failed to propose universal concepts, terminology,
problem statements, axioms, mathematical notation, formulations, and methodologies.
For example, without those universal ones, Michael Scriven relies on the encyclopedic
approach to define several hundred concepts or terms in [174], just as other evaluation
communities did in [118].

2.4 Summary

This chapter overviews evaluation’s current state, delving into its historical roots and
theoretical foundations. It examines evaluation as an ancient practice, but an undevel-
oped discipline, and explores various evaluation concepts, theories, and ad hoc practices
in different domains. Finally, it addresses the reasons behind past failures in establishing
evaluation as a discipline.
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Part 11

Fundamental Interrogations
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Chapter 3

Fundamental Concepts

In this chapter, I rigorously delineate six foundational concepts: object, interroga-
tion, subject, proposition, model, and axiom system, drawing upon definitions from
key references [1, 11, 190, 188, 224]. Figure 3.1 shows the relationship among the six
concepts.

3.1 Object

The world consists of objects. An object is a class of entities owning a set of intrinsic
characteristics that can be interrogated by those other than itself [224]. An intrinsic
characteristic is often referred to as a property. 1 will formally define interrogation in
Section 3.2.

A typical object could be a thing, a life, a phenomenon, an abstract concept, a
process, or even a policy in the natural and social sciences, as well as engineering.

Counting is assigning a value to a property. A quantity is a countable property of
an object, such as volume or mass. A wvariable [214] is a symbol that represents an
unspecified or changing quantity.

An object has other properties that are not countable. Psychologist Stanley Smith
Stevens explored this topic and classified four natures of quantities: nominal, ordinal
(based on order [17]), interval, and ratio [189]. Definitely, there are other natures of
quantity. For example, I consider interrogation and free will as two fundamental prop-
erties of intelligent life, which are also objects.

In the original article, Stanley Smith Stevens used the term “levels or scales of mea-
surement.” I use “nature” to avoid confusion with the specific meaning of “scales” or
“levels” used in this book.

The nominal nature represents “the simplest form of measurement, where numbers
serve as labels or identifiers, establishing an equality relation.” The ordinal nature, in
contrast, involves “ranking the items in a specific order.” The interval nature exhibits an
“equality of interval relation, where (1) the choice of a zero point is based on convention

25



Chapter 3 Fundamental Concepts 26 -

Interrogate
Subject > Object

Follow

Interrogation Methodologies

Measurement Testing

Axiom System

Figure 3.1: The relationships among the concepts of object, subject, interrogation, and
axiom system.

or convenience, (2) there is rank ordering, and (3) the scale remains invariant when
a constant is added to all values, preserving the differences between them.” The ratio
nature allows for “all four types of relations: equality, rank-ordering, equality of intervals,
and equality of ratios.”

Several Examples on Objects

A thing example

The weight of a table could be measured. A table is the object; its weight is
its quantity.

A life example

| r
\

A man could measure his height. A man is both the object and the subject;
the height is his quantity.

A natural phenomenon example

The time of sunrise could be measured. Sunrise is the object, and the time
of sunrise is its quantity.

An abstract concept example

e
\.

A superstar can measure his or her number of social media followers. A
superstar is both the object and the subject, and the number of social media
followers is his or her quantity.
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A policy example

The number of applicants applying for welfare could be measured. A welfare
is the object, and the number of applicants is its quantity.

An object could be an individual or a system. An individual consists of components.
A system is a coherent entity comprising interacting or interdependent individuals [1, 11,
224]. A system could be recursive. In the rest of this article, when referring to an object,
we do not distinguish between an individual and a system unless stated explicitly.

An object has many instances. A population is the entire set of object instances, while
a sample represents a smaller subset of object instances from the population [188]. A
parameter is a number that describes some quantities of the population, while a statistic
is a number that describes some quantities of a sample.

3.2 Interrogation

I begin by defining interrogation as the capacity, capability, and process to understand
objects and their mutual influences. In Part II, I focus on the capacity, capability, and
process to understand objects. The discussion of how objects influence one another will
be addressed in Part III.

I define an interrogation condition as a setting under which objects and their mutual
influences are interrogated. An interrogation condition consists of all objects that impact
the interrogation outcomes. Data are raw interrogation outcomes or their derived ones
in different interrogation conditions.

Interrogation has different levels of complexity. Observation is a kind of interroga-
tion without the chance of changing the interrogation conditions. Instead, experiment
is a kind of interrogation with the chance of changing the interrogated object, the inter-
rogation conditions, and the interrogator.

There are three fundamental interrogations: measurement, testing, and reasoning.
We will discuss them in Chapters 4, 5, and 6.

3.3 Subject

Free will is the capacity and capability to make free and intentional choices. Free
will also has different degrees.

An automatic object is an object capable of interrogation but lacking free will, while
an intelligent life is an object capable of interrogation with free will. Interrogation and
free will are essentially two properties of an intelligent life. The subject is either an
automatic object or an intelligent life.
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A subject could be an object to be interrogated. Also, a subject could interrogate
itself. An artifact refers to an object that demonstrates intentional conjecture, design,
and fabrication by a subject.

According to the above definition, an object, defined in Section 3.1, could be redefined
as a class of entities owning a set of properties, which a subject can interrogate.

Several Examples on Interrogation

A measurement example

A man could measure his height. A man is both the object and the subject;
his height is the quantity.

A testing example

A man could test his visual acuity. A man is both the object and the subject;
his visual acuity is the properties. The standard visual acuity chart serves as
the testing oracle.

A reasoning example

Magjor Premise (Universal): All human-beings will die. Minor Premise (Par-
ticular): Alice is a human being. Conclusion: Therefore, Alice will die.

3.4 Proposition

A proposition is a testable statement about an object. I will formally define what is
testable in Chapter 5. A big letter A stands for a proposition.

Big letters A in calligraphy stand for a set that includes several (finite or infinite)
numbers of propositions. A is usually the power set of A.

The power set of a given set A refers to a new set consisting of all possible subsets
of A (including the empty set and A itself), denoted as A(A) or 24 or A.

A premise is a proposition that serves as the foundational statement from which a
conclusion is logically derived. The assumption is a proposition accepted as truth or fact
without proof, and it is a provisional premise adopted within a specific logical argument.

Hypothesis is a kind of proposition of an object. The difference between a hypothesis
and an assumption is as follows.

Where P is a set of premises:

o Assumptions are elements of P: P = {A;,As,..., Ap}.

o Hypotheses are testable statements derived from P:  H C P(P), which reads as
“Let P be a set, and H is a subset of the power set of P.”

o Validity holds only if: (A}, A;) — H, which reads as “Validity holds only if the
conjunction of all A; from i =1 to n implies H.”
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3.5 Model

A model is a streamlined representation of an object [221, 224]. A model can manifest
as a physical, mathematical, or other construct. A valid model that passes the testing
by a subject other than itself is a kind of fact or truth.

A mathematical model embodies a mathematical representation, frequently expressed
through functions or equations, that captures the essence of an object.

Let’s take the function as an example. A function [214] is a relation f : X — Y
between sets X (domain) and Y (co-domain) that maps each z € X to exactly one
f(z) eY.

According to [190, 224], “a function, denoted as f, is a rule that assigns a unique
element, referred to as f(z), from a set X to each element in a set Y.” In this context,
“the domain, denoted as X, refers to the set of all possible values for which the function
is defined [190].” On the other hand, “the range of the function, denoted as f(z), consists
of all the possible values that f(z) can take as = varies within the domain [190].”

The independent variable is represented by “a symbol that encompasses any arbitrary
number within the domain of the function [190].” A dependent variable, represented by
a symbol, “is used to denote a number within the range of the function [190].”

A random variable [103] is a measurable function X : @ — R that extends from a
probability space (2, F, P) to R and assigns a number to each w € 2. In this formulation,
Q) is the total sample space of all possible events, F is the set of subsets of ) representing
events, and P stands for the probability.

For a random variable X, a distribution function [103] is a function Fy : R — [0, 1]
that is defined as Fx(z) = P(X < x), stays non-decreasing, maintains right-continuity,

and has mll)llloo Fx(z) =0 and wll)rfoo Fx(z)=1.

3.6 Axiom System

A fact or truth is a proposition or model about an object that can be proven true
or verified objectively by a subject other than itself. Knowledge contains facts or truths
about objects.

The aziom system is a collection of self-contained assumptions for domain-specific
knowledge or those beyond a specific domain.

For a certain proposition A, Proof(A) stands for a sequence of propositions, which
starts from axioms, ends at A, and obeys the reasoning rules. The formulation A + B
stands for the fact that there is at least a proof for B from A. If A is a false proposition,
Proof(A) does not exist.

This book is built upon the axiom system. The next subsection explains what an
axiom system is from different angles.
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3.6.1 A Classical Perspective

From a classical perspective, axioms are self-evident assumptions.

o Self-evident: Axioms were seen as fundamental assumptions so obviously true that
they required no proof.

o Truths or Facts: They were considered universal, unquestionable foundations.

A typical example of an axiom system

Euclid’s 1st Axiom: “A straight line segment can be drawn between any
two points.”

The classical perspective, which is rooted in Fuclidean geometry and rationalist
philosophy (e.g., Descartes), holds that:

o Self-evidence: Axioms require no proof due to their intrinsic clarity. VA € Acjagsical,
Proof(A) = A where Ajassical denotes classical axiom sets.

e Truth or Fact: Axioms are universally valid a priori:

FA forall A€ Adgassical- (3.1)

3.6.2 Modern Perspective

Axioms are not necessarily “self-evident” or absolute truths. Instead, the consistency
and arbitrariness of an axiom system are often used.

Consistent(.A) stands for the fact that there is no proof from any propositions in .4
that leads to a contradiction. Arbitrary(A;, As) stands for that, any inference taking
Aj or A as an axiom is equivalent, namely VB(A; - B <= Az F B).

Axioms are defined as:

o Foundational assumptions: Arbitrary starting points chosen to build a logical sys-
tem.

e Defined by consistency: Their validity depends on whether they generate non-
contradictory results.

e Relativity: What is “self-evident” in one system may not hold in another.

A typical “self-evident” example in one system, which may not hold in

another.

o Euclid’s 5th Aziom (Parallel Postulate): “Through a point not on a line,
exactly one parallel line exists.”
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e Hyperbolic Geometry Aziom: “Infinitely many parallel lines exist.”

Both systems are logically consistent despite contradicting each other — Axioms
are conventions, not universal truths.

Contemporary mathematics redefines axioms as:

1. Formal Foundations: Amodern := {41, ..., Ay} such that Consistent(Amodern) where
consistency means no contradiction arises: AS (Amodern = S A —S).

2. Arbitrary Choices: Axioms are conventions, not truths. For example:

¢ Euclidean vs. non-Euclidean parallel postulates

3.6.3 Key Contrast

Classical View Modern View

Axioms C Truths | Axioms C Assumptions

Self-evident System-dependent

Table 3.1: Classical vs. modern view of axioms

3.6.4 Implications

Godel’s Incompleteness Theorems [62] further show:

¢ No consistent axiom system A can prove all arithmetical truths.

3.7 Interpreting Objects from a Perspective of Algebraic
Structure

The algebraic system is established based on the axiomatic system. In this section,
we describe objects from an algebraic perspective !. An algebraic structure [134] is a
set A with one or more operations or mathematical properties that satisfy the specific
axioms, e.g., +: A2 — A, x : A2 = A).

For example, a ring is denoted as (A, 4+, X). A ring is an algebraic structure.

I'Mr. Hongxiao Li is the primary contributor of this section.
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A category [54] is a mathematical structure consisting of a class of objects, denoted
as O(C), and, for each pair of objects A, B € O(C), a set of morphisms Hom¢ (A, B) from
Ato B.

Furthermore, a category must satisfy three axioms. First, morphisms admit compo-
sition: if f € Hom¢ (A, B) and g € Home (B, C), then their composition g o f belongs to
Home (A, C). Second, the composition of morphisms is associative: if f € Home(A, B),
g € Home(B,C), and h € Home(C, D), then the composition must satisfy the equation
ho(gof) = (hog)o f. Third, each object has an identity morphism: for each A € O(C),
there exists an identity morphism id4 € Hom¢ (A, A) such that for all f € Home¢ (A, B)
and h € Home(C, A), the equations f oidg = f and id4 o h = h hold.

A morphism [54] is a mathematical arrow (denoted as f : A — B) that connects two
objects A and B within a category C. It belongs to the set Hom¢ (A, B) (the hom-set
of the category) and can be composed with other morphisms. Specifically, if f: A — B
and g : B — C| their composition go f : A — C satisfies the associativity condition: for
any h: C — D, we have ho(go f) =(hog)o f.

An object or its model can be represented as a variable, including a definite variable
or a random variable, a function, a set, an algebraic structure, or other complicated
structures like a category.

3.8 Summary

This chapter presents a concise system of concepts, including object, interrogation, sub-
ject, proposition, model, and axiom system.
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Chapter 4

Metrology

Metrology is the science of measurement and its applications [17]. This chapter presents
our interpretation of Metrology, including the basic concepts, problem statements, as-
sumptions, methodologies, and case studies. Dr. Lei Wang contributed to Sections 4.7, 4.8.

4.1 Basic Concepts

A reference is a convention or standardization, or axiom, as I have discussed in
subsection 3.6.2.

The unit of measurement is a definition of an ideal reference object with a unit
quantity.

4.2 Definition of Measurement

I define measurement as attributing values to a quantity of an object by comparing
with the unit quantity of a reference object under an interrogation condition. Measure-
ment is a kind of experiment, as the subject could control the reference object. Being
measurable or measurability means that an object’s quantity can be compared with that
of a reference object.

In metrology, measurement is often defined as “objective obtaining of one or more
values attributed to a quantity [17].” T much like my definition, as it reveals the essence
of measurement.

Another widespread definition of measurement in the social sciences is “the assign-
ment of numerals to objects or events according to some rule. [189]”, dating back to
1946.

4.3 Problem Statement
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I state the measurement problem as follows: Given a quantity, how can we define an
ideal reference object with a unit of measurement, and hierarchically realize the definition
of the reference object with different accuracies and overheads?

Specifically, the input of the measurement problem is a given quantity of objects, the
outputs include the definition of a unit of measurement, and hierarchical realizations
of the unit of measurement. The constraints are the accuracy and overhead of the
definitions and realizations.

4.4 Basic Assumptions

For measurement, there are three basic assumptions.

First, for a countable property, there is a true value, independent of any other ob-
ject. The true value of a quantity represents an inherent property of an object that is
independent of any observer. For example, it can be the radius of a specific circle or
the kinetic energy of a particular particle within a given system [97, 17]. In terms of
measurement, the true quantity value is a target that any measurement approaches.

Second, an ideal reference object possesses a utilizable property that can serve as the
basis for defining a unit of measurement.

Third, for a given quantity of any object, the subject could realize the definition of
a reference object with a unit quantity, independent of time, space, and subjects.

These assumptions have four implications as follows.

e The reference object is from the definition by the subject, which is a convention
or axiom.

o A ideal reference object with a utilizable property plays an important role in defin-
ing the unit of measurement.

e The unit quantity is independent of time, space, and any subjects.

e The subject could realize a reference object with a unit quantity.

4.5 Fundamental Roles of Measurement

Measurement plays two important roles in the subjects’ interrogations. First, it
provides a universally available reference for the same quantity of different objects. Sec-
ond, it assigns values to the same quantity of different objects, which are the basis for
generating propositions or models. The latter are the essential elements in testing and
reasoning.

Building the measurement system obviously relies upon reasoning, which we will dis-
cuss in Chapter 6. In metrology, four implicit assumptions, which I clarify in Section 4.4,
are essentially an axiom system.
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Quantity
A countable property of objects

<

Unit of measurement
An ideal reference object with a unit quantity

<

Measurement standard
A realization of the definition of quality

<

Measuring instruments or measuring systems
Measurement platforms

<

Measured result

4

1____
Traceability

—— — — —

Figure 4.1: A simplified yet systematic conceptual framework for metrology [17, 97].

4.6 Methodology

The essence of metrology lies in quantities and their corresponding measurements.
Figure 4.1 illustrates the systematic methodology. As shown in Figure 4.1, the quantity,
the unit of measurement, the measurement standard, and measurement traceability are
key components of Metrology.

The unit of measurement plays a fundamental role in the field of measurement [97],
acting as a reference standard for comparing quantities of the same kind. It is a real
scalar magnitude that is defined and adopted by convention, ensuring consistency across
measurements. The unit serves to standardize measurements, allowing for their com-
parison and ensuring that different systems and observers can communicate precise,
comparable data. Units are established through international agreements, forming the
basis for uniformity and accuracy in scientific, industrial, and everyday applications.

Measurement standard [97] is a realization of the definition of quality. It is character-
ized by a stated metric value and an associated measurement uncertainty. To establish
a measurement standard, it is important to use a measurement methodology that is
both repeatable (performed by the same team) and reproducible (performed by different
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teams). This ensures consistency and reliability in the reference for measurements. Such
measurements can be conducted using measuring instruments or measuring systems [17],
providing a reliable foundation for further analysis and comparison.

The hierarchy of measurement standards follows a progression from lower to up-
per levels, with increasing accuracy and cost. This progression starts from national
measurement standards and extends to international standards. As a property of a
measurement result, measurement traceability [17] establishes a connection between the
result and a reference (measurement standards, measuring instruments, and measuring
systems). This connection is established through a documented, unbroken chain of cali-
brations, with each calibration contributing to the measurement uncertainty. To ensure
accuracy, each level of measurement standards in the hierarchy should be calibrated
using a higher standard with greater precision.

4.7 Definition and Realization of the Fundamental Quan-
tities

As mentioned earlier, a quantity is a countable property of an object that has a
true value independent of any other object. The corresponding definition of a unit
of measurement comes from an ideal reference object with a utilizable property. For
example, length is a fundamental quantity, and its unit of measurement, the meter, is
currently defined based on the speed of light in a vacuum. In this case, the light serves as
the ideal reference object, and its property—the constant speed—is utilized to provide
a precise and universally reproducible standard for measurement.

The international system of metrology encompasses seven fundamental quantities:
time, length, mass, electric current, thermodynamic temperature, amount of substance,
and luminous intensity [17]. These quantities form the foundation of all physical mea-
surements, and all physical units and measurements are defined based on these funda-
mental quantities.

The seven fundamental quantities form the basis of the International System of Units
(SI) and provide the foundation for all physical measurements. The International System
of Units is defined by fixing the numerical values of seven defining physical constants as
follows:

o second (s)
The second, the SI unit of time, is defined by taking the fixed numerical value
of the cesium frequency, Avcg, the unperturbed ground-state hyperfine transition
frequency of the cesium-133 atom, to be Avgs = 9192631770 Hz, which defines
the duration of one second [48]. In this case, the cesium-133 atom serves as the
ideal reference object, and its property—the precise frequency of the hyperfine
transition—is utilized to provide a standard for measuring time.

o meter (m)
The meter,the SI unit of length, is defined by fixing the numerical value of the speed

36



4.7 Definition and Realization of the Fundamental Quantities

of light in a vacuum, ¢ = 299 792458 m/s, such that one meter is the distance light
travels in a vacuum during a time interval of 1/299 792458 seconds [48]. In this
case, the ideal reference object is light in a vacuum, and its property of a fixed,
invariant speed is used, thereby providing a precise and universally reproducible
standard.

kilogram (kg)

The kilogram,the SI unit of mass, is defined by taking the fixed numerical value of
the Planck constant at h = 6.626 07015 x 10734 kg m? s~! [48]. In this case, the
ideal reference object is a Kibble balance, a precision instrument used to measure
the Planck constant. Its key property is the ability to measure the mechanical
power required to balance the force of gravity on a mass using an electromagnetic
force. By linking this property to the Planck constant, the Kibble balance enables
the definition of the kilogram in terms of fundamental constants, ensuring a precise
and reproducible standard of mass.

ampere (A)

The ampere,the SI unit of electric current, is defined by taking the fixed numerical
value of the elementary charge at e = 1.602176634 x 1072 C, where 1 C =
1 A s [48]. In this case, the ideal reference object is a single proton or electron. The
elementary charge is the smallest indivisible unit of electric charge. The utilizable
property is that the elementary charge carried by a single proton or electron is
absolutely invariant and constant, which can be used to define the flow of electric
charge in terms of the ampere. This precise definition of the elementary charge
allows for the accurate measurement of current based on the number of charges
passing a given point per second, providing a universally reproducible standard for
electric current.

kelvin (K)

The kelvin,the SI unit of thermodynamic temperature, is defined by taking the fixed
numerical value of the Boltzmann constant at k = 1.380 649x 10723 kg m?s—2K ! [48].
In this case, the ideal reference object is an ideal gas or a thermodynamic system
whose particles exhibit random thermal motion. The property utilized is the av-
erage kinetic energy of the particles in the system, which is directly proportional
to the thermodynamic temperature as described by the Boltzmann constant. By
fixing the value of k, the kelvin is defined in terms of this fundamental physi-
cal relationship, providing a precise and reproducible standard for temperature
measurement.

mole (mol)

The mole,the ST unit of amount of substance, is defined by taking the fixed nu-
merical value of the Avogadro constant at Ny = 6.022 140 76 x 10%® mol ™!, so that
one mole contains exactly 6.022 14076 x 10?3 specified elementary entities [48]. In
this case, the ideal reference object is a collection of elementary entities, which
can be atoms, molecules, ions, or other specified particles. The property utilized
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is the exact number of these entities that corresponds to one mole. By fixing the
value of the Avogadro constant, the mole is defined as the amount of substance
that contains precisely this number of elementary entities, providing a universal
and reproducible standard for quantifying matter.

o candela (cd)

The candela, the ST unit of luminous intensity, is defined by taking the fixed numer-
ical value of the luminous efficacy of monochromatic radiation of frequency 540 x
10'2 Hz, K.q. This definition implies the exact relation K.q = 683 cdsrkg™ ' m—?s3
for monochromatic radiation of frequency v = 540 x 10'? Hz, where sr (steradian)
is the SI unit of solid angle. Inverting this relation yields an exact expression for
the candela: 1 cd = (Kcq/683) kgm?s 3 sr~! [48]. In this case, the ideal reference
object is a perfectly monochromatic light source, specifically a laser or another
light-emitting device that emits radiation at a frequency of 540 x 10'? Hz, which
corresponds to green light. The property utilized is the luminous efficacy of this
radiation, which describes the perceived brightness or intensity of the light per unit
of energy. By fixing this value, the candela is defined as the luminous intensity
of such a source emitting this frequency of radiation, providing a universal and
reproducible standard for measuring light intensity.

4.8 Case Study: Definition and Realization of Meter

This section takes the Meter as an example to explain the definition and realization
of the fundamental quantity.

4.8.1 Historical Definitions of Meter

Initial Definition of the Meter (1793) In 1793, the meter was defined as 1/10, 000, 000
of the Earth’s meridian quadrant [143]. The FEarth is the ideal reference object. Its prop-
erty, the meridian quadrant, is utilized to define the unit of measurement.

Before this definition, Europe used a variety of different units (such as feet, inches,
and leagues), which differed widely across regions. To standardize measurements, the
French Academy of Sciences proposed defining the meter as one ten-millionth of the dis-
tance from the North Pole to the Equator along the Paris meridian. This definition was
a groundbreaking attempt to define a unit based on an unchanging natural property of
the Earth, accessible to any nation through measurement. While subsequent definitions
improved precision, the original concept, which rooted the meter in the Earth itself,
remains central to the spirit of metrology.

To determine this length, astronomers Jean-Baptiste Joseph Delambre and Pierre
Méchain undertook a monumental geodetic survey (1792-1799), measuring the meridian
arc from Dunkirk to Barcelona [16]. This data formed the basis for calculating the full
quadrant. During the survey, a provisional meter was created in 1793 based on the
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preliminary results. However, the formal legal definition enacted that year was based on
the survey’s final results.

The International Prototype Meter (1875) In 1875, the CGPM (General Con-
ference on Weights and Measures) redefined the meter using a platinum-iridium alloy
bar (90% Pt, 10% Ir) [135]. This became known as the International Prototype Meter
(IPM), or Bar No. 27, which was stored at BIPM (Bureau International des Poids et
Mesures/International Bureau of Weights and Measures). The ideal reference object is
a platinum-iridium alloy bar (90% Pt, 10% Ir). Its property, the durability and low
thermal expansion (8.7 pum/m°C), is utilized to define the unit of measurement. The
bar needed to be measured at 0°C. The design featured an X-shaped cross-section, with
a total length of 102 cm, and two engraved lines marking 1 meter between their mid-
points. Thirty copies were distributed to member nations for calibration, with Bar No.
6 being sent to the USA. Despite its revolutionary nature for 19th-century metrology,
the physical standard posed risks, such as the potential for damage, microscopic wear,
and accessibility challenges.

The Krypton-86 Definition (1960) The CGPM redefined the meter in 1960 using
the emission spectrum of krypton-86 (36Kr), marking the first definition based on a
natural constant [41]. The ideal reference object is krypton-86 ((Kr), and its emission
spectrum is utilized to define the unit of measurement. The new definition specified that:

1m = 1650763.73 wavelengths of the orange-red spectral line emitted
by the 8Kr isotope’s transition between energy levels 2p and 5d,
with 2p and 5d denoting specific atomic energy levels.

This definition achieved an accuracy of +4 parts per billion (ppb), where 1 ppb
denotes one part in a billion, i.e., a relative uncertainty of 10~?, surpassing the limitations
of the platinum-iridium bar. It used a discharge lamp filled with pure Kr vapor, excited
electrically to emit the reference wavelength (605.780210 nm in vacuum). The new
standard enabled global laboratories to independently realize the meter without needing
to compare physical artifacts.

Transition to the Light-Speed Definition (1983) The 1960 krypton-86 definition
demonstrated the SI system’s adaptability to scientific progress. It laid the groundwork
for the 1983 redefinition of the meter, based on the speed of light [201]. While the
krypton-86 definition has since been superseded, it was a significant step in establish-
ing metrological principles, particularly the use of atomic phenomena as the basis for
measurements.

4.8.2 State-of-the-Art Definition of Meter

In 1983, the meter was defined as fixing the numerical value of the speed of light in
vacuum (c) to be exactly 299 792 458 when expressed in the unit ms=! [201]. The ideal
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reference object is the light in vacuum, and its property, the constant speed, is utilized to
define the unit of measurement. This definition indicates that: 1 m = ¢/299,792,458 s,
where the speed of light in vacuum is defined as ¢ = 299,792,458m s~! (exact).

4.8.3 State-of-the-Art Realization of the Meter

The current definition of the meter is based on fixing the speed of light in a vacuum,
and its realizations must be traceable to atomic time standards [48]. Among the various
implementation methods, one approach is officially recommended by the BIPM as a
primary standard for realizing the meter: the iodine-stabilized helium-neon laser.

o Principle: Wavelength locked to 27T, transition R(127) at 632.991 nm.
o Components:

— HeNe laser (633 nm).
— Temperature-controlled iodine cell (£0.01°C).
— Fabry-Pérot cavity (finesse > 100).

The following outlines the replication requirements for primary standards, including
conditions for vacuum, thermal control, vibration, and traceability.

e Vacuum: <1 x 10~%mbar for primary standards.
o Thermal Control: £0.1°C (lab), £1°C (industrial).
e Vibration: < 10nms~—2 RMS.

o Traceability: all secondary measurement equipment must have valid calibration
certificates traceable to national standards.

4.9 Summary

This chapter presents our interpretation of Metrology. Different from the classical def-
inition of measurement: “objective obtaining of one or more values attributed to a
quantity [17]”, I define measurement based on comparing with a reference object, which
reads “attributing values to a quantity of an object by comparing its quantity with the
unit quantity of a reference object.”

Also, I state the measurement problem and basic assumption, which serve as the
axiom system for measurement. This thinking paradigm makes us ponder the essence of
measurement and the fundamental role of measurement in interrogations. The historical
reflections of the realization of fundamental quantities confirmed our thinking paradigm.
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Chapter 5

Testology: The Science of Testing
and Its Application

I propose to present the universal testing principles and methodology across different
domains. I coined a new term, Testology, to cover this area. I define Testology as the
science of testing and its application. Especially regarding the verification of theories
and hypothesis testing, I believe these should fall under Testology, as they inherently
follow the same testing principles. Dr. Lei Wang and I implemented this idea.

This chapter provides our interpretation of testing, including the basic concepts,
problem statement, basic assumptions, fundamental principles, methodologies, and ex-
emplary cases of testing.

I contributed to Sections 5.1, 5.2, 5.3, 5.4, and 5.5. Dr. Lei Wang contributed to
Sections 5.6, 5.7, 5.8, 5.9, 5.10, and 5.11.

5.1 Basic Concepts

For better reading, we repeat some definitions in Section 3.6. A proposition is a
testable statement about an object. A model is a streamlined representation of an
object [221, 224]. A fact or truth is a proposition or a model about an object that can
be proven true or verified objectively by a subject other than itself.

Test inputs refer to the data or stimuli provided to the object under test to drive the
test. These may include parameters, user inputs, or configuration settings. For example,
in a login system, the input might be a username and a password.

Test preconditions are the conditions set to ensure the object under test is in a
valid state before running the test. Preconditions may involve system configurations or
external conditions (such as power supply) that need to be met. For instance, for the
same login system, a precondition could be that the user account must already exist in
the database before testing the login functionality.

Test execution procedures define the steps or actions taken to run the test. In the
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case of the login system, the execution procedure might involve opening the login page,
entering the username and password, and clicking the “Login” button.

5.2 Definition of Testing

In this section, I present several essential testing concepts.

A test oracle is a ground truth or fact about an object. Additionally, for an artifact,
a test oracle could be the intended behavior expected by the subject.

A test case is a predefined interrogation condition for testing, including test inputs,
preconditions, and execution procedure, that is designed and implemented for a test
oracle and is ready for executing an object under test to verify whether the actual
outcomes are consistent with the mandated or expected results defined by the test oracle.

Testing is a verification process of running test cases to determine whether a propo-
sition or a model of an object conforms to the test oracle through comparing their
outcomes [224, 223]. Being testable or testability means a proposition or a model of an
object can be falsifiable through testing.

5.3 Problem Statement

The testing problem could be stated as follows.

Given a test, how to design a set of test oracles and design and implement a cor-
responding set of test cases to balance the tradeoff between the testing accuracy and
overhead?

The input of the testing problem is the object under test, while the output consists
of a set of test oracles and a corresponding set of test cases that meet the stakeholders’
requirements for testing accuracy and overhead.

5.4 Fundamental Assumptions

The most fundamental assumption in testing is that, for any object under test, we can
always derive a complete set of test oracles and design and implement a corresponding
complete set of test cases. Based on these, we can conclusively verify whether the object
under test meets all testing criteria with 100% accuracy in the ideal scenario.

5.5 Fundamental Role of Testing
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43 5.6 Basic Principles

Testing is one of the fundamental interrogation methodologies, and its primary role
is to falsify a proposition or a model about an object. Moreover, testing is the only
means of interrogation that can validate a proposition or model as true or false.

From this perspective, it serves as a pillar for reasoning, which we will discuss in
Chapter 6, as reasoning will generate different propositions or models, which can only
be falsified by testing.

Meanwhile, it also serves as a pillar for evaluation, through which a subject could
infer the effect induced by a cause object, which we will discuss in Part III. As inference
is also reasoning, the inferred effect can also only be falsified by testing.

Just as the evaluation discussed in Section 2.2.9, testing is also practiced in an
ad-hoc manner across different areas without a consensus on universal principles and
methodologies. For example, testing is widely utilized in both hardware and software.

The fundamental role of testing is the reason why we coined a new term 7Testology
to describe this area, the goal of which is to propose universal testing principles and
methodologies.

5.6 Basic Principles
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Figure 5.1: A simplified yet systematic conceptual framework for testing [13, 215].

As illustrated in Figure 5.1, the central concept of testing is the test oracle. A test
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oracle functions as a reference, which we defined in Section 4.1, enabling the tester to
distinguish between acceptable and unacceptable outcomes. The mandated or expected
outcomes defined by a test oracle may be deterministic (exact values) or statistical
(statistical values).

The process of testing involves running test cases to execute an object under test in
predefined interrogation conditions defined by the test cases and subsequently comparing
the outcomes against those mandated by the test oracles.

Two principal categories of test oracles may be distinguished. The first category
focuses on verifying whether the object under test exhibits the outcome mandated by
the test oracle. For instance, a sorting algorithm should return an outcome sequence in
non-decreasing order for any valid input sequence.

The second category emphasizes the varying environments in which the object under
test runs. The goal is to verify whether the object under test exhibits the outcome
mandated by the test oracle in varying environments. This category of testing is to ensure
that the artifact functions properly within the context under which it was designed,
interacts appropriately with external services, complies with environmental constraints,
and maintains stability under realistic operating conditions.

We further illustrate the principles of two typical testing methods: Probability-based
Testing and Deterministic Testing, which differ in the test oracle.

5.6.1 Principles of Probability-based Testing Methodology

Probability-based Testing relies on a generalized ground truth: under a hypothesis, if an
observation outcome is unlikely, we would rather reject the hypothesis.

In section 3.4, we have formally defined what a hypothesis is. A common example of
probability-based testing is hypothesis testing, which tests whether an observed result is
unlikely. The test oracle is: if the p-value, that is, the probability under the assumption
that the null hypothesis is true, is less than the predetermined significance level a (e.g.,
0.05), the null hypothesis Hy is rejected.

For instance, in a clinical trial evaluating a new drug, the null hypothesis Hy may
assert that the drug does not affect blood pressure, implying that the average change in
the Treatment Group is zero. The observed data are compared to this null hypothesis,
and if the observed mean change significantly differs from zero (e.g., p-value < 0.05), the
null hypothesis Hy is rejected, suggesting that the drug likely affects blood pressure.

5.6.2 Principles of Deterministic Testing Methodology

Deterministic Testing verifies whether a system behaves exactly as expected under pre-
defined conditions, producing a definitive pass or fail [215].

In deterministic testing, the test oracle is usually a set of predefined specifications or
requirements, and correctness is determined by comparing whether the system’s behavior
matches these expectations.

For example, in the field of computing, two major forms of testing are software testing
and hardware testing. Software and hardware are essentially artifacts, which we defined
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in Section 3.3. Those methodologies could be extended to other artifacts.

o Software testing uses test oracles, such as specifications, reference implementa-
tions, or previous system versions, to determine correctness [37]. Failures can be
classified as functional, when actual outcomes deviate from expected outcomes, or
environmental, when constraints such as memory, performance, or compatibility
are violated [13]. These failures could be cascading: for example, insufficient mem-
ory (an environmental failure) may cause the application to crash, resulting in a
functional failure.

A concrete example is testing a web application login: the test oracle specifies
that valid credentials should return a successful login message. If the application
crashes or returns an error despite correct credentials, it is a functional failure. If
the server has insufficient memory, causing the application to slow down or become
unresponsive under heavy load, it is an environmental failure that may indirectly
trigger functional failures.

e A test vector consists of input sequences, expected outcomes, and fault models,
simulating real-world operations to detect design or manufacturing defects. Test
vectors are widely used test oracles in hardware testing for CPUs and digital cir-
cuits.

For example, consider a 64-bit CPU with a 64-bit unsigned adder. A test vec-
tor may apply inputs A=0x0000000000000001 and B=0x0000000000000002. The
expected outcome is S=0x0000000000000003 with carry-out=0. If the CPU pro-
duces the wrong sum or carry-out, it indicates a functional failure. Additionally,
if a register has a stuck-at-0 fault (modeled in the fault model), the CPU will fail
to produce the correct outcome, revealing a hardware defect.

5.7 Basic Methodologies

The basic methodology of testing is designing a subset of test oracle, designing and
implementing a corresponding subset of test cases, and finally executing a subset of test
cases to determine if the test passes by comparing the test results with those of the set
of test oracle.

The testing process can be generalized into a unified, high-level framework, consisting
of the following sequential steps:

1. Test Oracle Definition: A test oracle is defined to specify the mandated outcomes
of a proposition or a model about an object.

2. Test Case Design for a Test Oracle: A set of test cases, including test inputs, pre-
conditions, and execution procedures, is defined to compare the object’s behavior
against the expected outcomes described by the test oracle.
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3. Test Case Implementation: According to the test case design, the test cases are
implemented taking into account the characteristics of different environments.

4. Test Case Execution: The test case is executed, and the actual outputs or behaviors
are then compared with the expected outcomes defined by the test oracle. Based
on this comparison, a pass/fail determination is made for each test case.

In the following sections, we introduce the application of Testology in three areas:
verifying a theory in Physics, significant testing in statistics, and software and hardware
testing in computers. There are other applications of Testology, and we consider drafting
a book on this topic in the future.

5.8 Verifying a Theory

We take the verification of parity non-conservation as an example to illustrate how
to test a theory.

Parity (P) symmetry is one of the fundamental symmetries in classical physics and
early quantum theory, describing the invariance of physical laws under spatial inver-
sion [73]. Formally, a parity transformation replaces the spatial coordinates of a system
(z,y,2) with (—z, —y, —z), effectively converting a right-handed coordinate system into
a left-handed one. A physical process is said to conserve parity if it remains unchanged
under this transformation, meaning that its mirror-reflected version—expressed in the
opposite-handed coordinate system—is physically indistinguishable from the original.

For a long time, many interactions, including electromagnetic and strong interac-
tions, were believed to obey this symmetry. However, in 1956, Tsung-Dao Lee and
Chen-Ning Yang conducted an in-depth analysis of experimental data and theoretical
assumptions, proposing the hypothesis that parity might not be conserved in weak in-
teractions [113]. They also put forward specific experimental ideas to detect potential
asymmetries in particle emission directions. Parity non-conservation implies that the
mirror image of a physical process—equivalently, its realization in the opposite-handed
coordinate system—may not occur in nature, leading to observable asymmetries in parti-
cle behavior. In other words, under weak interactions, nature is capable of distinguishing
between left-handed and right-handed coordinate systems.

In 1957, Chien-Shiung Wu and her team first directly verified parity non-conservation
in weak interactions through experiments on cobalt-60 (Co®) nuclei [219]. In the exper-
iment, Co® nuclei emit electrons via 3-decay. The team used adiabatic demagnetization
to polarize the Co%0 nuclear spins at extremely low temperatures and employed a single
anthracene crystal scintillation detector. By reversing the polarization magnetic field
and observing changes in the counting rate of the same detector, they measured the
asymmetry in the electron angular distribution. This approach effectively eliminated
systematic errors caused by efficiency differences among multiple detectors. The experi-
mental results clearly showed that electrons were emitted preferentially in the direction
opposite to the nuclear spin, a phenomenon later confirmed through control experiments
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to rule out possible magnetic artifacts. This discovery completely overturned the previ-
ous widespread belief that “parity is conserved in all interactions,” exerting a profound
impact on particle physics theory and experimental methods.

To systematically understand the scientific methodology of Wu’s experiment, the
Testology framework can be adopted.

In the definition of test oracle, Wu’s testing experiments state that: in S-decay, if
parity is conserved, the spatial distribution of emitted electrons along the nuclear spin
axis should be symmetric. Any observed bias in the electron emission direction would
indicate parity violation.

The test case design is a predefined experimental setup, including test inputs, pre-
conditions, and execution procedures as follows:

o Inputs: High-purity Co® radioactive sample (with known decay half-life and in-
tensity).

o Preconditions:

1. Nuclear Polarization Apparatus: The experiment used the Rose-Gorter method
via adiabatic demagnetization of a cerium magnesium nitrate crystal to po-
larize Co® nuclei.

2. Integrated Beta-Particle Detector: A thin anthracene crystal scintillator was
placed inside the vacuum chamber above the 59Co source to detect the emitted
beta particles.

3. Polarization Monitoring System: Two additional Nal gamma-ray scintillation
counters were installed—one in the equatorial plane and one near the polar
position to monitor the polarization state of the sample.

4. Sample Preparation: The Co% sample was grown as a thin crystalline layer
on the upper surface of good single crystals of cerium magnesium nitrate.

5. Control Fxperiments Preparation: Two control specimens were prepared to
eliminate potential artifacts from magnetic effects during the experiment.
o FExecution Procedures:
1. Sample Mounting: The Co% sample crystal was mounted at the center of the
demagnetization apparatus.

2. Polarization Process: Adiabatic demagnetization was performed, followed by
activation of the vertical solenoid to align the spins (20-second process).

3. Data Acquisition: Beta and gamma counting commenced immediately:

— Beta pulses were analyzed using a 10-channel pulse-height analyzer (1-
minute intervals).

— Gamma anisotropy was continuously monitored as an indicator of polar-
ization.
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4. Field Reversal: The polarizing field direction was reversed in subsequent runs
to verify the authenticity of any observed asymmetry.

5. Results: The experimental data showed clear asymmetry effects, with electron
emission significantly favored in the anti-spin direction.

6. Control Verification: Control experiments confirmed the absence of asymme-
try under non-polarizing conditions.

In the Test case implementation stage, the experimental design is transformed into
practical operations: the nuclei are magnetized at low temperature to orient their spins,
the detectors are calibrated and arranged along the nuclear spin axis, and the instrument
sensitivity and background noise are strictly controlled to ensure reliable data.

In the Test case execution stage, the electron counting rates along the nuclear spin
direction and the opposite direction are recorded. If parity were conserved, the distri-
butions in both directions would be symmetric. Wu’s experiment, however, observed
a significant bias in electron emission towards the anti-spin direction, providing direct
evidence of parity non-conservation in weak interactions.

So, the universal methodology in Testology can be used to verify a theory.

5.9 Hypothesis Testing

Hypothesis testing is a statistical procedure that uses sample data to evaluate a null
hypothesis (Hy) against an alternative (H1) [132]. It employs a test statistic to measure
the discrepancy between the data and Hy, and a decision rule (based on comparing the
p-value to a significance level «) to either reject or fail to reject Hy.

In hypothesis testing, the test oracle comprises the null hypothesis (Hp ), the alter-
native hypothesis (H7), and the significance level («), which together set the criteria for
assessing whether the object’s behavior significantly deviates from expectation. The test
case input is the sample data, while the test execution procedures involve calculating the
test statistic according to the test oracle. Finally, based on the calculated test statistic
and the decision criteria, making the final decision to either reject Hy or fail to reject
Hy is a pass/fail determination.

Under the Testology framework, hypothesis testing can be described as follows.

1. Test Oracle Definition: In hypothesis testing, the test oracle comprises the null
hypothesis (Hy ), the alternative hypothesis (H;), and the significance level (),
which together set the criteria for assessing whether the object’s behavior signifi-
cantly deviates from expectation.

o Null Hypothesis (Hy): the observed outcome is consistent with the theoretical
model, indicating no difference (e.g., the mean blood pressure of patients
taking a new drug is equal to the population mean, u = ).

48



-49. 5.9 Hypothesis Testing

o Alternative Hypothesis (Hy): the observed outcome show a statistically sig-
nificant deviation from what is expected under Hy (e.g., the mean blood pres-
sure of patients taking the new drug is different from the population mean,

1 # o)

The decision rule depends on the significance level («) and the p-value:

o Significance Level («): The pre-specified probability of rejecting Hy when it
is actually true. Commonly, o = 0.05 is used:

P(Reject Hy | Hp true) = a. (5.1)

o p-value: The probability of obtaining a test statistic at least as extreme as
the observed one, assuming Hy is true. The p-value computation depends on
the type of test:

— Right-tailed test: tests if the mean is greater than the hypothesized value
(Ho:p < po, Hi:p> po)

p-value = P(X > zops | Ho). (5.2)

— Left-tailed test: tests if the mean is less than the hypothesized value
(Ho:p>po, Hi:p < po).

p-value = P(X < zops | Hp). (5.3)

— Two-tailed test: tests if the mean is different from the hypothesized value
(Ho : pp = po, Hi:p# po).

p-value = 2P(X > |zops| | Ho). (5.4)

The decision rule is:
Reject Hy if p-value < a.

2. Test Case Design: The test case is based on the sample data. The test statistic
quantifies the discrepancy between the sample estimate and the null hypothesis.
It is generally expressed as:
0—6
X=-12 (5.5)
SE(0)

where 6 is the estimator derived from the sample, 0y is the parameter value under

Hy, and SE(#) denotes its standard error. The test case design specifies how to
calculate the test statistic under the test oracle, including;:

o Test inputs (sample data) to compute the estimator é;

e Preconditions: primarily include assumptions about the underlying distribu-
tion, whether the variance is known or unknown, and the independence of
samples.
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o FExecution Procedures:
(a) Calculate the test statistic: Depending on the preconditions, and common
test statistics include:
— t-test (for population variance unknown):

s/y/mn’
where X is the sample mean, pq is the population mean under the

null hypothesis Hy, s is the sample standard deviation, and n is the
sample size.

¢ (5.6)

— z-test (for population variance known):

X — o
- o/yn’
where X is the sample mean, pg is the population mean under the
null hypothesis Hy, o is the population standard deviation, and n is
the sample size.
(b) Derive the p-value: After obtaining the observed test statistic xops (¢
or z), the p-value is computed based on Equation 5.2, Equation 5.3, or
Equation 5.4.

(5.7)

z

3. Test Case Implementation: This step transforms the test case design into an exe-
cutable statistical procedure, for example, by looking up values in statistical tables
or by writing a program in MATLAB to automate the calculations.

4. Test Case Ezxecution: Execute the implemented test case and obtain actual outputs:

(a) Calculate the observed test statistic Tops;
(b) Calculate the corresponding p-value;
(c) Apply the oracle decision rules:

o If p-value < «, Reject Ho;

o If p-value > «, Fuil to reject Hy.

To illustrate this framework, consider a clinical trial conducted to evaluate the effect
of a new drug on blood pressure. The null and alternative hypotheses are: Hg : u = 0,
the drug has no effect on blood pressure; Hy : p # 0, the drug affects blood pressure. p is
the population mean change in blood pressure in the treatment group. The sample data
if from 20 patients and obtain a sample mean and standard deviation of: X = 0.774,
s = 2. For population variance unknown, we use the t-test, the t statistic is calculated
as: t = )5(/7%) = 02'7;12_—00 = 1.73. The two-tailed p-value is: p-value = 2P(T > |t|) = 0.1.
Since p-value = 0.1 > 0.05, we fail to reject the null hypothesis. There is not enough
statistical evidence to conclude that the drug significantly affects blood pressure.

In summary, hypothesis testing provides a probabilistic decision framework for as-
sessing whether observed system outcomes are consistent with an expected model (Hy)
or whether sufficient evidence exists to support an alternative hypothesis (Hj).
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5.10 Software Testing

Software testing aims to verify whether a software system behaves as expected and
satisfies its specified requirements. Failures detected during testing can be categorized
into functional and environmental failures. Functional failures occur when the system
produces incorrect results, while environmental failures—such as insufficient memory or
slow execution—may indirectly lead to functional failures [13].

Under the Testology framework, software testing can be described as follows.

1. Test Oracle Definition: A test oracle is defined to specify the expected outcomes
of a system or software component. The purpose is to ensure that the system’s
behavior aligns with the expected results. For instance, in a login system, if a user
enters a valid username and the correct password, the expected outcome according
to the test oracle is that the login is successful and the user is redirected to the
homepage.

2. Test Case Design: A test case is defined, including specific inputs, preconditions,
and execution procedures, to compare the system’s behavior against the expected
outcomes described by the test oracle. For example, in a login system, the input
might be a username “admin” and the correct password; a precondition might be
that the user account “admin” already exists in the system’s database; and the
execution procedure might involve opening the login page, entering the username
and password, and clicking the “Login” button.

3. Test Case Implementation: According to the test case design, the test cases are
implemented by creating the necessary test artifacts (e.g., test scripts, input files, or
execution instructions), setting up the required testing environment, and ensuring
that all inputs, preconditions, and execution steps are correctly instantiated. For
instance, to implement the login test case, a tester could create a test script that
opens the login page, inputs username “admin” and the correct password, clicks
“Login” and verifies that the system redirects to the homepage. This ensures that
the test case is executable and can reliably verify the expected behavior across
different environments.

4. Test Case Execution: The implemented test cases are executed to verify whether
the system behaves as expected. For example, the login test case would be executed
by running the test script or performing the manual steps: open the login page,
enter username “admin” and the correct password, click “Login” and observe the
system’s response. The actual output is compared against the expected outcome
defined by the test oracle (redirection to the homepage). Based on this comparison,
a determination is made that the test passes if the user is successfully redirected,
or fails if the expected behavior does not occur.

Software testing methodologies can be categorized along different dimensions. Based
on the level of knowledge about the system’s internals, we have:
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- Black-Box Testing. Black-box testing focuses on validating the functionality of
the system without knowledge of its internal workings. This testing is based purely on
the system’s inputs and outcomes. For example, on an e-commerce site, “equivalence
partitioning” can be used to test various inputs for a login form, such as ensuring that
email addresses of different formats (valid or invalid) trigger the appropriate system
response. “Boundary analysis” might be applied to test password length, ensuring that
both the minimum and maximum character limits are correctly enforced by the system.

- White-Box Testing. White-box testing ensures that the system’s internal logic
is functioning correctly and aims to maximize test coverage. For example, on an e-
commerce site, “code coverage” can be used to validate that every part of the code
base—such as shipping calculations—is adequately tested. “Mutation testing” involves
introducing small, controlled changes (mutations) to the code base and running tests to
ensure that the test suite can detect these errors, ultimately confirming the thoroughness
of the tests.

These approaches can be further implemented through different means:

- Manual Testing. The goal of manual testing is to ensure that the system functions
as expected from the user’s perspective. For example, consider an e-commerce site;
testers may manually simulate the checkout experience to verify that all form fields are
correctly populated and that users can successfully complete a purchase.

- Automated Testing. Automated testing utilizes scripts and tools to execute test
cases without human intervention, enabling efficient and frequent regression validation.
This approach ensures that previously verified features continue to function correctly
after system updates, changes, or new feature deployments. For example, in an e-
commerce site, automated tests can be programmed to simulate a wide range of user
actions—such as user registration, product search, adding items to the shopping cart,
and completing the checkout process—and automatically verify that the actual outcomes
at each step match the expected results. The key advantage of automation is the ability
to rapidly repeat these critical validation steps with consistent accuracy, significantly
improving testing coverage and efficiency compared to manual execution.

5.11 Hardware Testing

The test vector approach is widely used in hardware testing for CPUs and digital
circuits, and it involves predefined input sequences applied to a circuit (or hardware
system) under test to verify its correctness against a test oracle [126].

Under the Testology framework, hardware test vector testing can be described as
follows.

1. Test Oracle Definition: In hardware test vector testing, the test oracle is the
reference used to determine the correct expected outcome for a given input vector
V;i. It defines the expected behavior of the system under test by specifying the
expected result Rexpected(V;) for each input vector.
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2. Test Case Design: A test case consists of input, preconditions, and execution pro-
cedures. A specific input vector V; is the input. Test case preconditions include the
necessary system state setup, such as powering on the device, initializing registers,
and ensuring the circuit is in a known starting state. Execution procedures define
the exact steps to apply V; to the circuit and measure the output.

3. Test Case Implementation: Implementing a test case entails preparing the input
vector and setting up the hardware test environment. Specifically, this involves
loading the input vector into the test equipment, initializing the hardware under
test, and verifying that all preconditions are met to ensure reliable application of
the stimuli.

4. Test Case Ezecution: During execution, the input vector V; is applied to the
hardware, and the actual outcome Rctyai(V;) is observed. The actual output is
then compared against the expected output defined by the test oracle. The system
passes the test for V; if Ractual(Vi) = Rexpected (Vi); otherwise, a failure is reported.

Hardware testing methodologies for CPU validation can be categorized along differ-
ent dimensions. Based on the level of knowledge about the system’s internal microar-
chitecture, we have:

- Black-Box Testing. Black-box testing in CPU testing focuses on validating the be-
havior of the processor’s instruction set architecture without any knowledge of its internal
workings. This method tests the processor’s ability to execute instructions as expected.
“Equivalence partitioning” is used to validate the behavior of specific instructions, such
as the “ADD” operation, ensuring that different input ranges are handled correctly. For
example, boundary checks for overflow might be used to ensure that adding two large
numbers does not cause incorrect results due to overflow. “Fuzzing illegal opcodes” is
another technique used in black-box testing, where random or malformed instructions
are fed into the CPU to identify any potential vulnerabilities or undefined behaviors.

- White-Box Testing. White-box testing focuses on verifying the internal logic of the
CPU by ensuring that the processor’s internal structure and pipeline handle all possible
execution paths. One common technique is “path coverage,” which ensures that all
possible paths through the processor’s pipeline (such as handling various exceptions)
are tested. Another approach is “mutation testing,” where small, controlled changes
(mutations) are made to the processor’s logic (e.g., flipping a comparator) to check if
the existing test suite can detect these errors.

These approaches can be further implemented through different technical means:

- Simulation-Based Testing. This is the most common approach, dynamically ver-
ifying CPU functionality by running test programs in a simulation environment. For
instance, engineers develop or generate extensive test vector programs that are executed
in a simulator, with results compared against a golden reference model. This method’s
advantage lies in its flexibility to simulate complex scenarios and long execution se-
quences.

- Formal Verification. Formal verification is a static verification approach that uses
mathematical methods to prove certain aspects of design correctness exhaustively, with-
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out running the test system. For example, critical properties of the microarchitecture,
such as data consistency in the pipeline, can be formally verified to hold under all possi-
ble instruction sequences. This method is particularly strong at uncovering subtle, deep
design errors that are difficult to hit with random testing.

- Hybrid Methods. Complex CPU validation often employs hybrid techniques. Con-
current hybrid verification, for instance, combines simulation’s flexibility with formal
verification’s exhaustiveness. While simulation runs, formal tools analyze reachable
states from the current state and may automatically generate new test vectors to cover
unexplored paths, thereby more systematically exercising various corner cases.

5.12 Summary

Testing can only show the presence of violating the ground truth or fact, but can not
prove that there is no existence of violating the ground truth or fact. Exhaustive Testing
is Impossible. Testing identifies defects; debugging (by developers) fixes them. These
are separate but complementary processes. For example, in software testing, testing can
demonstrate that defects exist in the software, but it cannot prove that the software is
defect-free. Even if no bugs are found, it does not mean the system is perfect—only
that no defects were detected under the tested conditions. It is impractical to test every
possible input, combination, or scenario, especially in complex systems. Instead, testers
use risk analysis and prioritization to focus on the most critical areas.
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Chapter 6

Reasoning

This chapter provides the basic concepts, problem statement, basic assumptions,
fundamental principles, methodologies, and exemplary cases of reasoning. Dr. Fanda
Fan and I co-authored this chapter. Dr. Fanda Fan authored Sections 6.6, 6.7, 6.8, 6.9,
and 6.10. I authored Sections 6.1, 6.2, 6.3, 6.4, and 6.5.

6.1 Basic Concepts

For better reading, I repeat several definitions in Sections 3.4, 3.5, and 3.6.

A proposition is a testable statement about an object. A model is a streamlined
representation of an object [221, 224]. A fact or truth is a proposition or model about
an object that can be proven true or verified objectively by a subject other than itself.
Knowledge contains facts or truths about objects. An Ewvidence is data about an object
that supports, refutes, or informs a proposition or model.

A premise is a proposition or model that serves as the foundational statement from
which a conclusion is logically derived. A conclusion is the proposition or model obtained
through a reasoning process.

Hypothesis is a kind of proposition or model of an object. The assumption is a
proposition or model accepted as truth or fact without proof, and it is a provisional
premise adopted within a specific logical argument. An axiom system is a collection
of self-contained assumptions for domain-specific knowledge or those beyond a specific
domain.

6.2 Definition of Reasoning

I defined reasoning or inference as a capacity, capability, and mental process of generating
new propositions or models about an object based on the premises, the facts or truths,
and the interrogation outcomes. In the rest of this article, we do not distinguish between
reasoning and inference if not explicitly stated.
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A reasoning or inference rule is a rule that generates a new proposition or model
based on the premises, the facts or truths, and the interrogation outcomes.

Prediction is a kind of reasoning to infer the interrogation outcome of an object
according to its truth, fact, assumption, or model.

6.3 Problem Statement

Depending on different purposes, the reasoning problem can be stated in different
ways. For those interested in the knowledge system, the reasoning problem can be stated
as “how to propose a simple and concise axiom system, based on which we can build the
corresponding knowledge systems.”

For those who are interested in reasoning or inference itself, they care about the
effectiveness or efficiency of reasoning. For the former purpose, the focus is on the
outcome: the problem could be stated as “whether and how the desired propositions
or models can be achieved, which is often referred to as proof.” For the latter purpose,
the focus is on the reasoning process: the problem could be stated as “how to reason
according to the correct rules with minimal waste in terms of time, resources, and effort.”

6.4 Fundamental Assumptions

There are two fundamental assumptions in reasoning.

First, it is assumed that several propositions are correct without the need for proof,
which is often called the axiom system.

Second, there is a concise set of perfect reasoning rules, which can pass testing 100%.
However, if a contradiction happens by testing, the reasoning rule is invalidated.

6.5 Fundamental Role of Reasoning

Reasoning is a mental capacity and capability, and only a subject can own this
capability and capacity. A subject can use a mental activity to replace a real activity in
the physical world.

From this perspective, reasoning has three fundamental roles. First, it augments the
subject’s capability to understand objects. The subject could generate new propositions
or models about objects; Reasoning, as a mental activity, could replace physical activities
in the real world, and relieve some tasks through reasoning.

Second, through reasoning, we can build a simple and concise axiom system for the
knowledge system. For example, we can restructure or improve the measurement and
testing methodologies by building them upon a different axiom system.
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Third, through studying the nature of reasoning, we can understand the inherent
flaws of our knowledge system, e.g., Godel’s Incompleteness Theorems [62] discussed in
Section 3.6.4.

6.6 Basic Principles

Logical reasoning is grounded in formal systems: structured collections of symbols,
rules, and axioms that specify how valid conclusions can be derived. Among these
systems, first-order logic (FOL) [64] provides the canonical foundation. It consists of:

e Variables z,y, z, . ..

e Predicates P, Q,...

e Logical connectives =, A, V, —, <
¢ Quantifiers V,

A typical expression takes the form Vz (P(x) — Q(x)), which asserts a universally
quantified implication.

Operator Symbol Meaning
Negation -P Not P
Conjunction PAQ P and Q
Disjunction PvQ Por@
Implication P—Q If P, then Q
Biconditional P& Q Piff Q
Universal Quantifier Vx For all =
Existential Quantifier dx There exists x

Table 6.1: Common logical operators and their meanings.

Axiom Systems in Logic

Based on these symbols and rules of inference, various azxiom systems have been proposed
to formalize valid reasoning. Classical logic begins with foundational principles such as:

Non-Contradiction (Aristotle). Aristotle’s metaphysics [7] formulates the basic
law:

(P A—P), (6.1)

stating that no proposition P can be true and false at the same time. This principle
underlies all coherent evaluative reasoning: contradictory claims cannot simultaneously
support a valid conclusion.
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Limits of Axiomatic Systems (Gddel). Kurt Godel’s incompleteness theorems [69]
reveal a fundamental constraint: no sufficiently expressive axiomatic system can be both
complete and consistent. That is, some true statements cannot be derived from the
system’s own axioms.

These results clarify an important point for reasoning in evaluative contexts: even
with well-defined rules, no formal system can capture all truths solely through azioms.
Thus, logical reasoning provides structure and rigor, but it does not eliminate the need
for empirical testing, contextual analysis, or interpretive judgment.

First-order logic [64] is a formal system that includes individual variables x,y, z, - - -,
predicates P, Q, - - -, quantifiers V, 3, and connectives —, <+, and takes forms like Va(P(x) —
Q).

The reasoning is built upon the axiom system regarding logic. The Propositional
and Predicate Logics are as follows (See in Table 6.1).

Based on the above logic, several axiom systems have been proposed. For example,
Aristotle’s ontological law [7] stated a Non-Contradiction Principle:

~(PA—P). (6.2)

No proposition P can be simultaneously true and false.

Kurt Goédel’s incompleteness theorems [69] fundamentally demonstrate inherent lim-
itations in formal axiomatic systems —sets of rules and symbols used to derive mathe-
matical truths.

6.6.1 A Brief about Kurt Godel’s Incompleteness Theorems

First Incompleteness Theorem: Any consistent formal system powerful enough to express
basic arithmetic (like Peano arithmetic) is incomplete. This means there will always be
true statements expressible within the system that cannot be proven true using the
axioms and rules of that system itself. The system contains “gaps” in provability.

Second Incompleteness Theorem: Such a system cannot prove its own consistency
using only its own axioms and rules. If it’s consistent, the statement asserting “this
system is consistent” remains unprovable within the system.

6.6.2 How They Limit Formal Systems

In essence, Godel [69] proved that any formal system rich enough to handle elementary
arithmetic is either incomplete (missing proofs for some truths) or inconsistent (capable
of proving contradictions). Furthermore, it can never certify its own soundness. This im-
poses fundamental, unsurpassable barriers on what any single formal system can achieve
in capturing mathematical reality.

6.7 The Summary of Fundamental Reasoning Methodolo-
gies
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There are three fundamental reasoning methodologies: deductive reasoning, inductive
reasoning, and abductive reasoning. Each embodies a different way of moving from what
is already known or observed to what is newly inferred.

Deductive reasoning proceeds from the general to the particular. Starting from ac-
cepted premises and axioms, it derives conclusions that follow with logical necessity: if
the premises are true and the inference rules are correctly applied, the conclusion can-
not be false. Deduction thus preserves truth by logical form alone, independently of
empirical content.

Inductive reasoning proceeds from the particular to the general. It abstracts new
propositions or models from finite collections of interrogation outcomes, yielding conclu-
sions that are probable rather than certain. Induction is ampliative: the conclusion goes
beyond the premises, supporting generalizations that may later be refined or overturned
as new evidence arrives.

Abductive reasoning proceeds from interrogation outcomes to plausible hypothesis.
Abduction does not guarantee truth, but proposes the best available hypothesis under
current knowledge.

Each of the following sections adheres to a consistent reasoning structure. For every
reasoning type, we begin with its definitional principles, clarifying its logical foundations
and epistemic status; then provide an example to demonstrate its concrete process; follow
with methodological paradigms that trace its historical and contemporary formalizations.

6.8 Deductive Reasoning

6.8.1 Definitional Principles

Building on the definitions of propositions, premises, and axiom systems introduced
earlier, deductive reasoning provides the most stringent mechanism for generating new
propositions. It proceeds from the general to the particular—deriving specific conclu-
sions from universal premises with logical necessity. Unlike induction, which abstracts
generalities from empirical observations, deduction operates entirely within a formal
structure of axioms and inference rules. Once the premises are accepted as valid ele-
ments of the knowledge system, the resulting conclusion follows with certainty. In this
sense, deduction establishes the architecture of reasoning certainty: truth is preserved
by logical structure rather than experiential variability.

Formally, let Pi, P, ..., P, denote a set of premises (propositions or models), and
let C denote a conclusion. The notation

P17P27"'5Pn l_ded C) (63)

indicates that, under the rules of deductive inference, C' follows necessarily from the
premises {P,;}. Here, Fgoq denotes the deductive entailment relation, meaning that the
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validity of the inference depends exclusively on logical form rather than empirical con-
tent.

A canonical example is the rule of modus ponens. Given a conditional proposition
P — @ ' and the premise P, deductive entailment yields:

(P—Q), P Fgea Q- (6.4)

This inferential pattern remains valid regardless of the semantic content of P and ()—its
justificatory force derives solely from logical structure.

Deductive systems rest on a small set of axioms and inference rules that generate
an infinite set of valid propositions. The most common logical connectives are summa-
rized in Table 6.1. Each connective defines a lawful transformation within propositional
or predicate logic. Deductive reasoning, then, is the disciplined application of these
transformations to derive conclusions already implicit in the premises.

A typical example of deductive reasoning

Premise 1: All even numbers are divisible by 2.
Premise 2: 14 is an even number.

Deductive conclusion: Therefore, 14 is divisible by 2.

6.8.2 Methodological Paradigms

Deductive reasoning has evolved from classical syllogistic forms to symbolic and compu-
tational logic, which now underlie mathematics and artificial intelligence.

Syllogistic Deduction. The earliest deductive framework traces back to Organon [6].
A syllogism takes the canonical form:

All Aare B; Cis A; .. Cis B. (6.5)

Here, A, B, and C denote classes of objects. The statement “All A are B” asserts that
every object belonging to class A also belongs to class B, while “C is A” asserts that the
object C' is a member of class A. Given these premises, the conclusion that C is also a
member of class B follows with logical necessity.

This form illustrates that the conclusion introduces no new information beyond what
is already contained in the premises. Classical syllogistic inference thereby established
the principle that deductive validity depends solely on logical form. This principle later
becomes crucial in determining whether propositions and models about objects remain
structurally coherent under different interrogation conditions.

Formal and Mathematical Deduction. In modern logic, formal deduction was
codified through the axiomatic systems of symbolic logic [64, 82, 165]. These frameworks
define rules of inference independent of content or interpretation. For instance:

Vz (A(x) — B(z)), A(a) F B(a). (6.6)

1P = Q: read as “if P, then Q”
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This symbolic precision supports theorem proving and verification across mathematical
and computational domains.

Computational Deduction. With the rise of computing, deduction became mecha-
nized through automated reasoning frameworks, including logic programming [105] (e.g.,
Prolog), resolution-based theorem provers [9, 10], SAT/SMT solvers [8, 70], description
logic reasoners [204], and model checkers [63]. These systems perform large-scale con-
sistency checking, proof search, constraint satisfaction, and validation of complex rule
sets. In artificial intelligence, computational deduction enables knowledge-base main-
tenance [211], formal verification of learning systems [50, 147], and the enforcement of
safety constraints [112].

6.9 Inductive Reasoning

6.9.1 Definitional Principles

Inductive reasoning allows us to generalize a proposition or model from specific cases
(like seeing multiple white swans and generalizing that all swans are white). However,
this reasoning doesn’t guarantee certainty, as new observations might contradict the
generalization. The conclusion is probable, but not logically necessary.

This is different from deductive reasoning, which guarantees that the conclusion
is true if the premises are true (e.g., if “all swans are white” and “this is a swan,”
then the swan must be white). In inductive reasoning, conclusions emerge based on a
similarity across multiple interrogations, even though each individual observation might
not guarantee the outcome.

Formally, we may write:

Pl, PQ, ceey Pn l_ind C'  where V’L', Pi J’Lded C. (67)
That is, the conclusion C' does not follow with logical necessity from any single premise
P;, but emerges as a plausible proposition or model across them all.
Three principles underlie valid induction:
1. Evidence Accumulation. Confidence in a hypothesis H grows as more consis-
tent evidence Eq, FEs, ..., E, is observed. Under classical i.i.d. (independent and
identically distributed) assumptions, repeated confirmation increases the posterior

probability of H:
lim P(H | Ey,...,E,) =1. (6.8)
n—oo

Thus, reliable induction depends not on any single evidence item FE;, but on the
convergence of evidence across repeated observations.
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2. Projective Invariance. Inductive generalizations must remain stable when ap-
plied to different contexts or domains. Let P(H) denote the prior probability of
hypothesis H, and P(H | E) its posterior probability after observing evidence FE.
The ratio

P(H|E) _ P(H)

P(-H|B) ~ P(H) (6.9)

expresses that evidence E should increase the odds in favor of H. A generaliza-
tion worth preserving in one domain should, when properly abstracted, retain its
inductive support across others.

3. Error Bounding. Every inductive conclusion involves uncertainty, which must
be formally quantified. Let 6 denote a sample’s estimator for the parameter of a
population, z, /o the critical value of a standard normal distribution at significance
level a, and n the sample size. A classical a-level confidence interval CI, takes the
form:

0(1—0)

CIa:éiza/Q n

(6.10)

Inductive reasoning succeeds not by eliminating error, but by measuring, bounding,
and managing it systematically.

A simple example of inductive reasoning

Observation 1: The sun rose in the east yesterday.
Observation 2: The sun rose in the east today.

Inductive conclusion: The sun will rise in the east tomorrow.

This conclusion does not follow with logical necessity from any single
measurement or testing; Rather, it emerges from recognizing a consistent
similarity across multiple observations. Hence, the inference is probable
rather than certain, illustrating the nature of inductive reasoning.

6.9.2 Methodological Paradigms

Inductive reasoning is central to many methodologies, and it manifests across a variety
of frameworks, each formalizing the logic of generalization under different epistemic
assumptions. These frameworks provide tools for reasoning from observations, updating
and fitting models, and making predictions according to a truth, fact, or hypothesis,
each with unique strengths and applications. Below, we explore three key paradigms
of inductive reasoning: the Bayesian framework, Statistical Learning Theory, and the
Algorithmic Probability framework.

Bayesian Framework. The Bayesian framework [15, 92, 127, 86] dynamically updates
hypotheses as new evidence arrives. This approach provides a principled mechanism for
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updating hypotheses H based on observed evidence F, using the following expression:

P(E|H)P(H)

P(H|E) = 265

(6.11)

As evidence E accumulates, the posterior probability P(H|E) strengthens or weakens
accordingly. This framework is foundational to modern inductive reasoning.

Statistical Learning Theory. Within the Statistical Learning Theory framework [209],
induction is framed as the process of model fitting and prediction. It formalizes the
learning process as the search for a hypothesis function f that minimizes the expected
loss:

= arspin 0> L () + AR, (612)

Here, y; represents the true output (or target) value for the i-th observation outcome,
while z; represents the corresponding input (or feature). The term L is the empirical
loss function that quantifies the difference between predicted and true values, R is a
regularization term that controls the complexity of the model, and A is the trade-off
parameter that balances model fit and generalization.

In this context, learning is an inductive process where the goal is to find the simplest
model that best fits the observed outcomes while avoiding overfitting. The learner seeks
a function f that generalizes well to unseen outcomes, ensuring that the model not only
fits the observed outcomes, which is often called training data, well, but also maintains
simplicity, preventing overfitting.

Algorithmic Probability Framework. At the theoretical frontier lies the Algorith-
mic Probability framework [180, 88], which defines the idealized limit of all computable
inductive systems. This framework assigns a universal prior probability Py (z) to a data
sequence x by summing over all programs p that produce x (or any extension of it) on
a universal Turing machine U:

Py(z)= Y 270, (6.13)

p:U(p)=ax*

where /(p) is the length of program p, and U(p) = x* denotes that the output of p
on U has x as its prefix.? Shorter programs—simpler explanations—receive exponen-
tially higher prior probability, providing a formal realization of Occam’s Razor [148].
Although incomputable in practice, this framework serves as a conceptual ideal that
unifies probability, simplicity, and prediction into a single theory of rational inference.

Together, these paradigms reveal the gradient of inductive reasoning—from prag-
matic updating (Bayesian) to statistical optimization (Learning) to universal reasoning

2Formally, z+ represents the set of all strings whose initial segment equals . Thus, any program
whose output begins with x contributes to Py (x), reflecting the framework’s role in sequence prediction.
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(Algorithmic). Each paradigm contributes a distinct lens through which to reason from
evidence, with applications ranging from hypothesis updating to model fitting and pre-
diction.

6.10 Abductive Reasoning

6.10.1 Definitional Principles

While deduction moves from general rules to necessary conclusions, and induction moves
from repeated observations to probable generalizations, abductive reasoning proceeds in
the opposite direction: it infers the most plausible hypothesis that could explain an
observed outcome.

First introduced by Peirce—who characterized it as “the logic of discovery” [142]—
abduction is the process of forming explanatory hypotheses. It begins with an obser-
vation and seeks an explanatory hypothesis. Abduction thus provides the conceptual
bridge between observation and explanation. It does not ask “What must be true?” as
in deduction, nor “What is probably true?” as in induction, but rather “What would
best explain what we observe?”

Formally, let E¥ denote an observed evidence and let H denote a candidate hypothesis.
Abductive reasoning can be expressed as:

H — E, FEobserved .. H (asa plausible hypothesis). (6.14)

This inference is inherently non-monotonic: the acceptance of H as a plausible
hypothesis can be overturned by new evidence, additional hypotheses, or alternative
hypotheses. Unlike deductive entailment, the relation

Hbapa B, (6.15)

does not guarantee that H is true—only that H is a reasonable explanation under the
current knowledge.

A simple example of abductive reasoning

Observation: The ground is wet this morning.
Possible explanation Hy: It rained last night.
Possible explanation Hy: The sprinkler system ran overnight.

Abductive conclusion: The most plausible explanation is that it rained.

This conclusion may later be revised if new evidence appears (e.g., sprin-
kler logs). Abduction thus illustrates reasoning that is explanatory
but fallible.
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6.10.2 Methodological Paradigms

Abductive reasoning plays a foundational role in scientific modeling, diagnosis, hypoth-
esis formation, and mechanism discovery. Its methodological paradigms include:

Inference to the Best Explanation. Inference to the Best Explanation [115] for-
malizes abduction as selecting the hypothesis that best explains the observed evidence,
based on certain explanatory virtues. These virtues include criteria such as simplicity
(the hypothesis is not overly complex), coherence (the hypothesis fits well with estab-
lished knowledge), breadth (the hypothesis explains a wide range of phenomena), and
explanatory power (the hypothesis accounts for the evidence in a compelling way).
Given multiple candidate hypotheses { H1, Ho, ...}, each of which could explain the
evidence F, the abductive task is to select the one that maximizes an explanatory score:

H" = arg max Explains(H;, E), (6.16)

where Explains(H;, E') quantifies how well hypothesis H; explains E. This framework is
qualitative, relying on reasoning about the explanatory virtues of each hypothesis.

Probabilistic Abduction. In contrast, probabilistic abduction takes a quantitative
approach, viewing abduction through the lens of Bayesian inference. Here, abduction
corresponds to selecting the hypothesis H that maximizes its posterior probability, given
the observed evidence E:

H* = arg max P(H | E), (6.17)

where P(H | E) is the posterior probability of the hypothesis H after observing evi-
dence E. This approach provides a formal way of evaluating hypotheses, integrating
prior knowledge about the hypotheses with the likelihood of the evidence under each
hypothesis. Probabilistic abduction thus makes the reasoning process more rigorous and
quantifiable by combining both prior knowledge and empirical data.

Model-based Abduction. Widely used in diagnosis and scientific modeling, this
approach reasons over structured models (causal graphs [144], knowledge bases [121], or
generative mechanisms [19]). The hypothesis H is considered plausible if incorporating
it into the model makes the observed evidence E highly likely.

Together, these paradigms reflect the nature of abduction as a search for explanatory
adequacy—a reasoning process that is creative, defeasible, and indispensable for forming
new hypotheses.

6.11 Summary

Built upon axioms and inference rules, reasoning allows subjects to derive new propo-
sitions or models from existing truths, revealing the internal logic that governs both
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knowledge systems. Deductive reasoning ensures internal validity by deriving necessary
conclusions from established premises; inductive reasoning generalizes from repeated
evidence to formulate empirical laws; and abductive reasoning infers the most plausi-
ble causes behind observed effects, driving discovery and interpretation. Together, these
three modes form a continuous epistemic cycle—abduction proposes, induction confirms,
and deduction secures coherence.
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Chapter 7

Interrelationships Among Three
Interrogations

In this chapter, I first posit the existence of a primitive interrogation among the three
fundamental interrogations, and then proceed to examine the relationships between these
three fundamental interrogations.

7.1 Primitive Interrogation: Comparison with a Reference

In Chapters 4, 5, and 6, I define measurement, testing, and reasoning as follows, respec-
tively.

Measurement is a capacity, capability, and process that attributes values to a quantity
of an object by comparing its quantity with the unit quantity of a reference object under
an interrogation condition.

Testing is a capacity, capability, and verification process of running test cases to
determine whether a proposition or a model of an object conforms to the test oracle
through comparing their outcomes [224, 223].

Reasoning or inference is a capacity, capability, and mental process that generates
new propositions or models about an object based on the premises, the facts or truths,
and the interrogation outcomes.

Among the three fundamental interrogations, we could find a primitive interrogation,
which is the comparison of an object with a reference object. Comparison is employed
to establish the order among the same quantities of different objects. For measurement,
the subject compares a quantity of any object with a unit of measurement of a reference
object. For testing, the subject runs test cases and compares the outcomes with those of
a test oracle. Hereby, a test oracle defines a reference. Reasoning relies upon reasoning
rules. These rules can only be validated through testing, which requires a reference (test
oracle) for comparison.
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Figure 7.1: The relationship among three interrogations.

7.2 Relationships among Three Interrogations

The relationships among the three interrogations are shown in Figure 7.1 *.

When testing is performed on a hypothesis about an object, it is essential to compare
the outcome of running a test case to the test oracle. Most comparisons involve mea-
sured quantity values, which are inherently derived from measurement. That is to say,
testing often relies on quantitative data obtained through measurement. The input for
reasoning comprises propositions and models of objects, which can only be derived from
quantitative data obtained through measurement. However, I believe many properties
are not countable.

Measurement, testing, and reasoning rely upon an axiom system, which is one of the
central topics in reasoning. For example, measurement relies upon an assumption that a
property of an ideal reference object could be utilized to define the unit of measurement.
However, the axiom system in measurement can only be validated by testing. Over
the course of metrological evolution, numerous such ideal reference objects have been
adopted and subsequently rendered obsolete following rigorous testing. Meanwhile, the
inputs, outputs, intermediates, and even the reasoning rules in reasoning can only be
validated through testing.

'Dr. Lei Wang contributed this figure based on the discussion with me.
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7.3 Summary

This chapter presents that three fundamental interrogations are built on a primitive
interrogation: comparison. I also clarify the interrelationships among measurement,
testing, and reasoning.
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The Science of Evaluation
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Chapter 8

Basic Evaluation Concepts and
Problem Statements

In this chapter, I present the basic evaluation concepts and problem statements.
8.1 Basic Concepts

For objects A and B, when measurable or testable differences occur in B depending
on the presence or absence of A, I define A as the cause object (in short, cause), B as
the affected object (in short, AO), and the measurable or testable difference in B as
the effect on B induced by A. Additionally, I define the effect mechanism as the way
through which the cause object induces the effect on the AO. When I mention mutual
influences between objects A and B, 1 refer to both A’s effect on B and B’s effect on A.
Figure 8.1 shows the relationships among the cause, AO, effect, and effect mechanism.

Confounding occurs when two independent objects are associated in a manner that
makes it challenging to differentiate their specific effects on a third object. In other
words, the effects of these independent objects become entangled, making it difficult to
attribute specific effects to each one.

In statistics, a correlation measures the mutual effect of variables a and b, among
which many confounding variables exist. Correlation does not imply a cause-and-effect
relationship.

Several Examples on Cause, AO, Effect, and Effect Mechanism.

An Physics Example

Issac Newton’s Apple Tree: The cause is the earth, the AO is the apple,
the effect is the gravitation, the effect mechanism is the Law of Universal
Gravitation.

72



-73- 8.1 Basic Concepts
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Figure 8.1: The relationships among Cause, AO, Effect, and Effect mechanism.

A Chemistry Example

Lavoisier’s Combustion Experiment: The cause is oxygen, the AO is any
substance that can be burned or calcined, the effect is combustion, the effect
mechanism is the chemical reaction equation for combustion.

| r

A Biology Example

Gregor Johann Mendel’s Peas: The cause is the gene, the AO is the pea,
the effect is the trait of the pea, and the effect mechanisms are the laws of
segregation and independent assortment.

A Computer Science Example

CPU evaluation: The cause is the CPU, the AO is the computer system, the
Effect is the CPU’s effect on the measured overall performance metrics, and
the effect mechanism is the collaboration mechanisms among the CPU and
other indispensable components.
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An Artificial Intelligence Example

Evaluating an Al algorithm: The cause is the AT algorithm, the AO includes
the dataset labeled with ground truth, the algorithm implementation, the OS,
the processor, and the memory. The effect is the Al algorithm’s effect on the
overall algorithmic accuracy, and the effect mechanism is the capability of an
algorithm to fit input-output relationships.

A Medicine Example

Drug evaluation: The cause is the drug, the AQ is the patients, the Effect is
the measurable or testable difference in patients, and the effect mechanism is
some known or unknown biological mechanism.

A Social Science Example

Policy evaluation: The cause is the policy, the AO is different participants, the
effect is the policy effect on overall evaluation outcomes, such as the approval
rating, and the effect mechanism is embodied in many forms, like political,
social, or psychological ones.

8.2 Essence and Problem Statement

Based on the fundamental concepts presented in Chapter 8.1, I will define the concept
of evaluation in this section and formally state the problem of evaluation.

When evaluating an object A, we need to identify the set of other objects B; on
which differences can be measured or tested, depending on the presence or absence of A.

We call A, the evaluated object (in short, EO) or the cause object (in short, cause),
B;, the AO, and the measurable or testable difference in B;, the effect on B; induced
by A. Essentially, the problem of evaluation can be formally stated as how to uncover
the effect of the EO on the AO. If the instantiations of an object do not induce different
effects, we do not distinguish between an object and its instance.

In addition to the EO A, other objects, A;, also affect the AO, B;, and we call
those objects, the essential external objects (in short, EXO). We call the effect induced
by both the EO and the EXO on the AO the overall effect.

An EO exerts effects on numerous other objects. We categorize two distinct types:
a direct AO and an indirect AO. A direct AO is a minimal system on which the effect of
the EO can be directly measured or tested. An AQO is either a direct AO or an indirect
AO.

I formally call the effect of the EO on the direct AO, the derived EQO, and call the
effect of the derived EO on the indirect AO, the derived effect. In this context, the essence
of evaluation is how to uncover the effect of the EO on the direct AO and its derived
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Figure 8.2: The fundamental components of an SES.

effect.
Some Examples on Direct AO and Indirect AO.

A Computer Example

A group of fans aims to snatch up concert tickets for their favorite superstar
using computer devices equipped with different CPUs. An evaluation of the
CPUs in this scenario is required. Here, the CPU serves as the EQO, the
computer system running the ticket-snatching program acts as the Direct
AQO, and the fans attempting to purchase the tickets function as the indirect

AO.

.

A Physics Example

Issac Newton’s Apple Tree: The EO is the Earth, the direct AO is the apple,
the indirect AO is Issac Newton.

In reality, when measuring or testing the effect on B; induced by A, we can not isolate
the effect of the EXO, A;, from that of the EO, A, on the direct AO, B;. Instead, we
have to take a holistic approach and consider the EO, A, the direct AO, B;, and EXO,
Aj, together as an entire system, under which we infer the true effect of the EO on the
direct AO from the overall effect. We formally name this entire system, a self-contained
evaluation system (in short, SES). Upon the removal of the EO from the SES, we call the
derived system the evaluation conditions (in short, EC). We illustrate the fundamental
components of an SES in Figure 8.2.

If an EO has an indirect AO, a derived problem to be addressed is how to infer
the derived effect. The same methodology mentioned above can be utilized to uncover
the derived effect. We call the other objects that impact the derived effect, the derived
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Figure 8.3: Essentially, the value is the derived effect on the stakeholder.

EXO. We isolate a derived SES, which includes the derived EOs, the indirect AO, and
the derived EXO. Upon the removal of the derived DO from the derived SES, we call
the derived system the derived EC. Within the context of this derived SES, we can infer
the derived effect. However, it may include many direct or indirect AOs; the effect of
the EO could be passed through several indirect AOs, and the chains could be long.

A stakeholder is an intelligent life or a system consisting of intelligent life that holds
a stake of responsibility or interest in the EO. If an EO has a stakeholder, I call the
effects of the derived EOs on the stakeholder, the value of the EQO, as a stakeholder could
make free choices among different EO candidates. The problem could be further stated
as how to infer the value of the EQO.

I formally call the effects of other EO candidates on the direct AOs the derived EO
candidates when the stakeholder makes different choices. The same methodology that
infers the derived effect still works, albeit with a slight difference, as other indirect AOs
differ from the stakeholder in that they cannot make free choices. To infer the value of
an EO on a stakeholder, a derived SES needs to include the derived EOs, the derived
EO candidates, and the derived EXOs, under which the value could be inferred.

In summary, the essence of the evaluation is to uncover an EO’s effects and derived
effects.
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A Typical Example on Drug Evaluation.
The First Step

When evaluating a drug, the first step is to identify a set of objects, e.g., a
specific patient or a group of patients, on which differences can be measured
or tested, depending on the presence or absence of that drug. The differences
could be treatment outcome or cost.

In this case, the drug is the cause, a specific patient or a group of patients is
the direct AO, and the measurable or testable difference in a specific patient
or a group of patients is the effect induced by the drug. Often, identifying
the mechanism of the effect of the drug is very challenging in biology.

For the treatment outcome, the EXO may include the working conditions,
which may exert different pressures on the patient, and the living conditions,
which may have different air or water quality.

In reality, we can not isolate the effect of the working conditions and living
conditions. So, the SES contains the EO, the AO, and the EXO together,
under which we reveal the effect of the drug.

\.

The Second Step

In the drug evaluation case, the stakeholders could be patients’ families, hos-
pitals, or the government. The second step is to reveal the effect of the derived
EO on the stakeholder. To address this issue, we need to isolate a derived
SES, which includes the derived EOs, the derived EO candidates, the stake-
holder, and the derived EXOs. Within the derived SES, we can infer the value
of the EO.

8.3 Summary

This chapter presents the basic concepts of evaluation, including the cause, effect, and
effect mechanism. I reveal that the essence of evaluation is how to uncover an EO’s
effects or derived effects.



Chapter 9

Evaluation Assumptions and
Axioms

In this chapter, I present the assumptions and axioms of evaluation.

9.1 Assumption of Three Worlds

In this section, I elaborate on the assumption of the three worlds. The assumption of the
three worlds states that there are three worlds: the microscopic object world, the normal
object world, and the free will world, which are governed by consistent but different laws.
Essentially, a law is a model.

A microscopic object world consists of microscopic objects at the scale of atoms and
subatomic particles, which is governed by the principles of quantum mechanics [20, 122] L.

Microscopic objects possess four properties, commonly referred to as quantum effects,
which are fundamentally different from those of normal objects.

The first property is quantization, that is, energy, momentum, angular momentum,
and other countable properties of microscopic objects are not continuous but come in
discrete packets called “quanta.”

The second property is wave-particle duality, that is, microscopic objects, like elec-
trons and photons, exhibit both particle-like properties (e.g., having a location, colliding)
and wave-like properties (e.g., interference, diffraction).

The third property is quantum superposition, that is, a microscopic object, or so-
called quantum system, like an electron or photon, can exist in a combination of multiple
possible states at the same time until it is measured. Upon measurement, it “collapses”
into just one of those possible states.

Schrodinger’s cat [169] is a famous example of microscopic objects, as being simulta-
neously both alive and dead until the box is opened and observed.

The fourth property is quantum entanglement, that is, two or more microscopic
objects, like particles, can become linked or entangled in such a way that the quantum

Mr. Chenxi Wang also contributed to the investigation of the principles of quantum mechanics.
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state of one particle is instantly correlated with the state of the other(s), no matter how
far apart they are. Measuring one instantly determines the state of the other.

Some Examples on the “Strange” Properties of Microscopic Objects

Electrons Jump Between Energy Levels

Electrons in an atom can only occupy specific energy levels (orbits). They
jump between these levels by absorbing or emitting a quantum of light (a
photon) [61].

Double-Slit Experiment

In the Double-Slit Experiment [30], a single electron fired at two slits behaves
like a wave and creates an interference pattern on a screen, as if it passed
through both slits simultaneously. Yet, it hits the screen at a single point like
a particle.

Photons in an Entangled Pair

When the polarization direction of one photon in an entangled pair [23] is
measured and determined, the polarization direction of the other photon im-
mediately becomes correlated in a non-local and instantaneous manner [220)].

Quantum Tunneling Effect

In semiconductor devices, electrons can traverse a potential barrier that is
higher than their own energy, a phenomenon known as the quantum tunneling
effect [216]. Even when an electron’s energy is lower than the height of the
potential barrier, there is still a certain probability that it will appear on the
other side of the barrier.

A normal object is the object at the normal scales without free will. A normal object
world consists of normal objects, which are determined and governed by the principle of
cause and effect. This principle implies that an object as a cause will induce an effect
on the other objects that can be objectively measured or tested. Please note that an
automatic object, which we defined in Section 3.3, is a normal object, though it owns
interrogation capacity and capability with different levels of complexity. Section 8.1
provides many examples of normal objects.

Quantum effects of microscopic objects reveal a universe far stranger and more prob-
abilistic than that of the normal objects. At the smallest scales, certainty that dominated
the normal objects gives way to probability distributions. Microscopic objects exhibit
both particle-like and wave-like properties, exist in multiple states at once, and can be
mysteriously connected across vast distances [20, 122]. These models of microscopic ob-
jects, while counterintuitive, are incredibly successful at explaining and predicting the

79



Chapter 9 Evaluation Assumptions and Axioms -80-

behavior of matter and energy at the atomic and subatomic level.

A free will world consists of the normal objects and the intelligent lives, and a free
will world is governed by both the principle of cause and effect and free will. That is to
say, an intelligent life not only receives the effects of causes, but also has the capacity
and capability to make free and intentional choices

Typical examples of free will include love, writing, scientific research, art, voting,
commodity purchasing, and college/program application in human society.

9.2 Evaluation Axioms

In this section, I present five evaluation axioms that are derived from the essence of
evaluation, which I explain in Chapter 8. They focus on key aspects of evaluation out-
comes, including true quantity (The first and second axioms), traceability of discrepancy
(the third axiom), comparability (the fourth axiom), and estimate (the fifth axiom).

9.2.1 First Axiom of Evaluation Outcome

This axiom declares that the essence of the evaluation outcome either uncovers an EQO’s
effect or derived effect that carries inherent physical significance or is solely dictated by
the value function.

In nature, an evaluation metric refers to a base quantity, which indeed possesses
physical significance, or other quantities that possess physical significance, or a combined
quantity that is constructed using base quantities and other quantities.

There are two categories of evaluation metrics. In the first category, an evaluation
metric carries inherent physical significance, revealing the effect of the EO on the direct
AOQ, that is, the change of countable property of the direct AO induced by the EO.

In the second category, an evaluation metric reveals the effect of the derived EOs
on the indirect AO or stakeholders. An EO can induce different effects on the same
EO; that is, the EQ’s different quantities are affected. An EO can induce the same or
different effects on different AOs. Those effects can be passed to the same indirect AO
or stakeholder.

In this context, those effects are the changes in different countable properties of the
AOs. The value function serves as a mechanism that maps base quantities and other
quantities carrying physical meaning into a composite evaluation metric. The composite
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evaluation metric does not necessarily carry inherent physical significance. Instead, it is
defined as a value function that could be interpreted in a derived SES.

9.2.2 Second Axiom of True Evaluation

This axiom declares that for an EO, when its SES is known, the effect of the EO on the
direct AO possesses true outcomes; If an EO has an indirect AO and its derived SES is
known, the derived effect on the indirect AO possesses true outcomes.

In Section 8.2, T have formally defined what an SES is. Hereby, I further explain
what I mean by referring to “when its SES is known.” This proposition has a two-fold
meaning. First, an SES is known, indicating that an SES and its components are known
by the subject other than itself. Second, the effects of the EO and EXO, that is, the
crucial components of the SES, on the direct AO can be measured or tested by the
subject other than itself.

When revealing the effect of the EO, if we can isolate the SES, all relevant objects
that have effects on the AO are identified, and their effects on the direct AO can be
measured or tested. In this way, we can derive the true outcome of the effect.

Suppose the EO has an indirect AO. When uncovering the effect of the derived EO
on the indirect AO, the same methodology can work.

Otherwise, the effect or the derived effect is undefined, and the subject other than
the EO can not infer it.

9.2.3 Third Axiom of Evaluation Traceability

This axiom declares that for the same (derived) EO, the divergence in the (derived)
Effect can be attributed to disparities in (derived) ECSs, thereby establishing evaluation
traceability.

This axiom focuses on the traceability of discrepancies in the effect. For the same EO,
when the direct AO and the EXO are defined, the effect of the EO has a true outcome
according to the First Axiom of Evaluation. The disparities in the overall effect of the
EO can be rationalized as the consequence of variations in the ECs. In the absence of this
axiom, the differences observed in the overall effect would be inexplicable, contradicting
our scientific and engineering intuitions.

For the derived EO, the disparities in derived effects can be rationalized as the
consequence of variations in the derived EC. The axiom holds for the same reason.

9.2.4 Fourth Axiom of Comparable Evaluation Outcomes

This axiom declares that when different pairs of well-defined (derived) EO and direct
(indirect) AO are equipped with equivalent (derived) EXO, their (derived) effects are
comparable.

It goes without saying that this axiom is related to the comparability of the evaluation
outcomes. The equivalent EXO provides the same reference. When a pair of well-defined
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EO and direct AO is equipped with the equivalent EXO, its evaluation outcomes possess
true values.

Additionally, when two pairs of well-defined EO and direct AO are subjected to the
equivalent EXQO, their evaluation outcomes accurately reflect the effects of the EO on
the direct AO under the same conditions, making them comparable.

When two pairs of well-defined derived EO and indirect AO are subjected to equiva-
lent derived EXO, their derived evaluation outcomes accurately reflect the effects of the
derived EO on the indirect AO under the same conditions, making them comparable.

9.2.5 Fifth Axiom of Consistent Evaluation Outcomes

This axiom asserts that when uncovering the effect of a known (derived) EO on a known
direct (indirect) AO using different samples from a population of (derived) EXOs, their
(derived) effect consistently converges towards the true quantities.

This axiom provides an estimate of the true outcomes of the (derived) effect under
the population of (derived) EXOs. According to the Second Axiom of Evaluation, when
a pair of the known EO and the direct AO is equipped with a population of known EXOs,
the effect possesses the true outcomes. When a sample is taken from a population of
EXOs, it serves as an approximation of the entire population. As a result, different
samples yield consistent effect outcomes that converge towards the true outcomes of the
entire population of EXOs. This convergence is influenced by the sample’s ability, which
is determined by the chosen sampling policy, to represent the underlying characteristics
of the population accurately.

When a pair of a known derived EO and a known indirect AO is equipped with a
population of the known derived EXOs, the derived effect possesses the true outcomes.
The axiom holds for the same reason.

9.3 Summary

This chapter presented the assumption of three worlds and the five axioms of evaluation.
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Chapter 10

Revisiting Interrogations

In this chapter, I revisit and redefine several concepts and clarify the unique posi-
tions and interrelationships of four interrogations: measurement, testing, reasoning, and
evaluation.

10.1 Revisiting Several Concepts

As the essence of the evaluation is to uncover the effects of objects, this section will
extend several definitions in Chapter 5.

A proposition is a testable statement about an object or several objects with mutual
influences.

A model is a streamlined representation of an object or several objects with mutual
influences [221, 224]. A model can manifest as a physical, mathematical, or other con-
struct, e.g., a causal model. A valid model that can be verified objectively by a subject
other than itself is a kind of fact or truth. A model about an object or several objects
with mutual influences could be a hypothesis under test, which is defined in Section 3.6.

A fact or truth is a proposition or a model about an object and several objects with
mutual influences that can be proven true or verified objectively by a subject other than
itself.

For instance, the fact that water boils at 100 °C under standard atmospheric pressure
describes an object (water) and its interaction with another object (air) and can be
objectively verified by the observer (the subject) using a thermometer and a barometer.

A test oracle is the ground truth or facts about an object or several objects with
mutual influences. Additionally, for artifacts, a test oracle could be the intended behavior
expected for an object or several objects with influences.

For instance, in a system with multiple interacting objects, such as a temperature
sensor (Object A) and a cooling fan (Object B), the test oracle defines the expected
behavior between them: when the temperature exceeds 50 °C, the fan must switch to
high speed (>3000 RPM) within one second, and when the temperature falls below 30
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°C, it must return to low speed (<1500 RPM).

A test case is a predefined interrogation condition for testing that is designed and
implemented for a test oracle and is ready for executing an object or several objects with
mutual influences under test to verify whether the actual outcomes are consistent with
the mandated or expected results defined by the test oracle.

For instance, a corresponding test case may be designed for the test oracle by raising
the temperature from 25°C to 45°C and expecting the fan to reach at least 3000 RPM
within one second.

10.2 Redefinition of Testing and Reasoning

Based on the extended concepts, I redefine testing and reasoning.

Testing is a verification process of running test cases to determine whether a propo-
sition or a model of an object or several objects with mutual effects conforms to the test
oracle through comparing their outcomes [224, 223].

The proposition or a model states what is expected for an object or several objects
with mutual influences under an interrogation condition. The test oracle mandates the
reference outcome under the reference interrogation conditions. The essence of testing
is to compare the interrogation outcomes to those of the test oracle.

Being testable or testability means a proposition or a model of an object or several
objects with mutual influences can be falsifiable through comparing its outcome with
that of test oracles.

Reasoning is a capacity, capability, and mental process that generates new proposi-
tions about an object or several objects with mutual influences based on the propositions,
models, and other interrogation outcomes.

The definition of measurement remains unchanged.

10.3 The Unique Position of Four Interrogations

In the epistemic hierarchy of Evaluatology, measurement, testing, reasoning, and
evaluation represent four fundamental interrogations through which intelligent lives ex-
plore the unexplored world and their unknown lives, and build massive knowledge sys-
tems.

Measurement answers “how much”, attributing values to countable quantities of
objects; testing answers “whether”, determining conformity to the test oracle through
verification and falsification; evaluation answers “why” in terms of how an object in-
fluences another one, or mutual influence between objects; reasoning answers “why” in
terms of the the underlying logical mechanisms that connect causes to their effects. To-
gether, these four interrogations form a complete cognitive cycle—from observation, to
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Figure 10.1: Interrelations of the four interrogations.

validation, to explanation .

10.4 Interrelations of the Four Interrogations

The interrelations of the four interrogations are depicted in Figure 10.1 2. Measure-
ment, testing, reasoning, and evaluation are built on an axiom system that is accepted
as the truth without proof.

Measurement attributes the value to the quantity of an object or several objects
with mutual influences, based on which the subject generates propositions or models
that serve as the input for reasoning, or compares the outcomes of testing cases to those
of test oracles to draw a testing conclusion.

Through reasoning, the subject could generate new propositions or models about an
object or several objects with mutual influences, which can only be validated by testing.

Evaluation relies upon measurement, testing, and reasoning to infer the true effect of
an object. Evaluation reveals the effect of objects, which could generate the propositions
or models that serve as the input for testing or reasoning.

'Dr. Fanda Fan’s work provided a basis for this passage.
2Dr. Wanling Gao contributed to this figure based on the discussion with Dr. Lei Wang and me.
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Testing could generate new propositions about an object or several objects with
mutual influences. From this perspective, testing not only validates reasoning but also
provides new input for reasoning.

10.5 Summary

This chapter expands the definitions of testing and reasoning to encompass several ob-
jects with mutual influences. Also, I clarify the unique positions and four interrelation-
ships among the four interrogations: measurement, testing, reasoning, and evaluation.
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Chapter 11

Universal Evaluation Concepts

In this chapter, I delve deeper into various evaluation cases across diverse disciplines,
with the primary aim of enhancing our comprehension of the evaluation. For the sake of
convenience, henceforth, within this section, each case study shall be assigned a unique
case ID for differentiation purposes.

11.1 A Computer Science Example: The CPU evaluation

In the first case, which we will refer to as Case One, an organization is in the process
of acquiring a critical component of the computer, the CPU. To make an informed
decision, the organization evaluates various CPU options by executing its applications on
a computer built upon the corresponding CPU. During this evaluation, the organization
will collect extensive data on performance and energy efficiency.

In any evaluation process, we refer to the object, individual, or system under evalua-
tion as an EO. As discussed in 8.1, when we uncover the effect of the EO, the EO is the
cause object or cause. In the context of Evaluatology, we do not distinguish between
EO or cause unless explicitly stated.

A direct AO is defined as a minimal system on which the effect of the EO can be
directly measured or tested in Section 8.2. Whether and how to measure or test the EOQ’s
effect will determine the scope of the direct AO. In Case One, the prospect of measuring
the mere properties of an object, such as its weight and power consumption, possesses
a certain degree of utility. Nevertheless, such measurements fall considerably short of
meeting stakeholders’ evaluation requirements.

If the effect of the CPU is in terms of the running time of a typical workload, it can
only be directly measured or tested on a minimal system built on that CPU, including
the OS, memory, and disk, as shown in Figure 11.1, which is the direct AO. Significantly
different from the remaining cases we discussed later, the EO is a component of the
direct AO in this case.

For an EO and a specific AO instance, the EXO also impacts the overall effect.
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Figure 11.1: For a CPU, its AO is a minimal system built on it, of which the CPU is a
component of the AO.

Figure 11.2 showcases how the overall effect is measured on a direct AO instance built
on a specific CPU, with the impact of the varying EXO.

After obtaining different dimensions of the effect of the EO, a further question re-
mains: How does a stakeholder determine different CPU options when they exhibit
varying levels of performance across different applications?

In Case One, the stakeholders could be an organization seeking to acquire the com-
puters, a specific user with different requirements, the designers responsible for creating
the CPU specifications, and the producers who manufacture the CPUs.

Based on the collected data, the organization will then formulate an explicit or
implicit function that can map different dimensions of the effects of EO on the direct
AO to one or several composite evaluation metrics. In the rest of this article, I refer to
this function as a value function. 1 interpret the EOQ’s merit or worth [172, 174, 175, 176]
as the value this function maps.

According to the discussion in Section 8.2, the value of an EO reflects the effects of
derived EO on the stakeholder. Please note that the effects of the EO can be propagated
to multiple direct and indirect AOs, ultimately reaching the stakeholder.

Figure 11.3 ! illustrates a typical CPU stakeholder. Their default direct AO compo-
nent configuration excludes the CPU. The stakeholder operates a business where appli-
cation execution speed directly impacts profitability—faster performance yields higher
revenue. However, increased CPU speed comes at the cost of higher power consumption.

When a user compares two CPUs, A and B, their performance profiles exhibit dis-
tinct trade-offs: A delivers higher computational speed at the expense of increased power
consumption, while B prioritizes energy efficiency with reduced speed. Since A outper-
forms B in speed, it generates greater revenue for stakeholders. Consequently, the
economic impact of the derived EO (e.g., revenue vs. cost trade-offs) can be quantified

!Mr. Chenxi Wang contributed to this figure based on the discussion with me.
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Figure 11.2: A typical CPU example showcases how the evaluation outcome (overall
effect) is measured on an AO built on a specific EO (CPU), with the impact of the
varying EXO.
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Figure 11.3: For a typical stakeholder, how the value is assigned to the CPU.
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for stakeholders.

The stakeholder’s valuation of these CPU candidates further depends on the stake-
holder’s derived EXO, such as the financial context and revenue expectations, which
influence how stakeholders assign the value to different CPU options.

11.2 A Physics Example: Issac Newton’s Apple Tree

It is a well-known legend that an apple tree at Cambridge University—later immor-
talized as the “Newton Tree”—inspired Isaac Newton, a once-in-a-millennium genius,
to ponder why an apple falls from the tree (Case Two). I argue that Case Two ex-
emplifies the inverse problem of evaluation, which I formally termed “de-evaluation” in
Section 12.1.3.

Newton observed an apple falling from the tree and pondered the underlying cause.
In Case Two, the direct AO is unambiguously the apple itself. Isaac Newton could
measure numerous quantities of the direct AO, which collectively reflect the overall
effects induced by myriad objects, including the unknown EOs. However, Newton faced
three formidable challenges in addressing this phenomenon.

e What primary EO candidates induced the apple to fall from the tree?

e What is the effect mechanism through which the primary EOs act upon the direct
AO?

e How to infer the effect of the primary EO?

Issac Newton could guess and identify several EO candidates and design different
SESes, through which he could uncover the primary EO and its effect mechanism that
induces the apple to fall from the tree.

Case Two has three unique characteristics. First, it is very challenging to isolate an
SES. Even Newton was bold and daring; he could include the Earth, the Sun, the Moon,
the wind, and the air into the SES. There could be other invisible or mysterious objects,
as shown in Figure 11.4.

Second, it is almost impossible to change different settings in this SES. However,
Issac Newton is a genius; he could design many extreme SESes to isolate other objects,
which was later perfectly achieved by Henry Cavendish.

For instance, an orange, a pear, or a perch could substitute for the apple, demon-
strating that the effect mechanism is independent of the AO. An EC populated with a
vacuum would eliminate the influence of wind and air, while an EC populated with a
vacuum at different physical locations on Earth would reveal that the effect mechanism
varies with geographical location.

Henry Cavendish’s experiment [31, 108] to measure the gravitational constant (G)
in 1797 provided a very simple SES through many intricate experimental skills.
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11.2 A Physics Example: Issac Newton’s Apple Tree
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Figure 11.4: For identifying the cause that induces an apple from a tree, it is very

challenging to isolate an SES.

How Henry Cavendish Designed a Very Simple SES to Measure the grav-
itational constant (G)

\.

ends.

o Two larger lead spheres (350 pounds each) were placed near the smaller

Apparatus.

o A torsion balance consisting of a six-foot wooden rod suspended from
a wire, with two small lead spheres (1.6 pounds each) attached to its

ones, separated by about nine inches.

e A mirror attached to the wire reflected a light beam onto a scale, am-

plifying tiny torsional movements.

J

e By measuring this deflection, Cavendish calculated the force between
the masses and derived G using Newton’s inverse-square law.

Method.

o The gravitational attraction between the large and small spheres caused
the rod to twist slightly, deflecting the light beam.




Chapter 11 Universal Evaluation Concepts -92-

Mitigation of External Objects’ Effects to Isolate the SEC.

Shielding Earth’s Gravity

o Symmetrical setup: The experiment balanced Earth’s gravita-
tional pull on both sides of the torsion balance, canceling its net
effect.

e Local mass symmetry: Large lead spheres were placed symmetri-
cally around the small spheres to minimize asymmetric gravita-
tional gradients.

Isolation from nearby objects

e Sealed enclosure: The apparatus was housed in a closed room to
eliminate air drafts and reduce temperature variations

o Non-magnetic materials: Lead was chosen to avoid magnetic in-
terference from external objects like magnetic fields

\. J

key findings

o Cavendish determined the gravitational constant as G 6.754x10 '* N-m?/kg?,
remarkably close to modern values (6.6732x10 11).

o From G, he calculated Earth’s average density (5.481 times water’s density)
and mass.

Sources of Error in Cavendish’s Experiment
Environmental Disturbances

e Air currents: Even slight air movements could cause false torsion bal-
ance deflection.

e Temperature fluctuations: Thermal expansion of the suspension wire or
lead spheres might alter the measured torque.
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Instrumental Limitations

e Non-ideal masses: The lead spheres were not perfect point masses, in-
troducing deviations from Newton’s inverse-square law.

o Torsion wire imperfections: Variations in wire elasticity or manufactur-
ing defects could affect the torsion constant.

Measurement Uncertainties

o Optical alignment: Mirror misalignment or scale parallax errors in
tracking light spot displacement.

e Periodic oscillations: Damping incomplete torsional oscillations led to
timing errors in period measurements.

\. J

Through the design of simple SESes, Issac Newton could speed up the process that
drew close to the Law of Universal Gravitation; however, it is still very challenging.
Through the work of Issac Newton, we know the EO is the Earth, and the effect mech-
anism is gravitation. However, if we aim to fully understand the effect of the Earth on
the other objects, there are many open issues.

Third, uncovering the effect of Earth’s gravity on the apple is a purely Physics
problem; discussing its value is inherently meaningless. However, if Earth’s influence
extends to the apple’s sweetness—a property that plant owners or end-users do care
about—then it becomes meaningful to evaluate the Earth’s value in this context. This
is particularly relevant if we consider planting apple trees on the moon or other EO
candidates, where the Earth’s role as an EO could be changed.

Fourth, even in uncovering the effect of the Earth on the apple, there are many differ-
ent perspectives. For example, the Earth also provides indispensable living environments
for planting an apple tree.

11.3 An Artificial Intelligence Example: Evaluating an Al
algorithm

In Case Three, the objective is to evaluate an Al algorithm, specifically focusing
on an Image Classification task as a case study. Real-world images are collected and
annotated with accurate labels, such as a cat or a dog. A portion of these images is
randomly selected to construct the training, validation, and testing datasets based on a
designated percentage. To assess the image classification algorithm, that is, the EO in
this case, it must be implemented on a computer system utilizing a specific programming
framework, such as PyTorch or TensorFlow.

During the evaluation process, the testing data is provided to the algorithm, which
generates an output. This output is then compared to the ground truth: the labels.
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Additionally, measurements are collected for each run of the evaluation process.

The fundamental evaluation process in Case Three bears a resemblance to that of
Case One. However, there exist three notable distinctions. First, the EO, i.e., the
algorithms, must be implemented on a computer. This case has two-fold implications.
On the one hand, the EO has different implementations, implying that different EO
instantiations have a diversifying effect. On the other hand, within a complex system
featuring diverse implementations, the EO instantiation is initiated, and these varied
implementations significantly influence the effects of the EO instantiation.

Secondly, the EC in Case Three differs. The presence of a dataset labeled with
ground truth constitutes a vital aspect of an EC. A dataset labeled with the ground
truth represents a specific instance of a problem or task. Regrettably, in Case Three, it
is challenging to define a problem or task mathematically. Hence, diverse problem or task
instances are devised in an ad-hoc manner, for example, selecting images randomly to
form training, validation, and test datasets based on a predetermined percentage. Given
that image selection relies on professional expertise, varying professional expertise will
inevitably introduce distinctions among ECs.

Thirdly, in Case Three, upon feeding the algorithm with the testing data, it generates
an output that is then compared with the ground truth, also known as the test oracle.
Apart from measurements, there exist other forms of activities in the evaluation process,
namely testing, as expounded upon in Chapter 5.

Fourth, the direct AO and EXO encompass significantly more diverse and complex
components. For example, if stakeholders prioritize algorithmic accuracy, the direct AO
includes the dataset labeled with ground truth, the algorithm implementation, the op-
erating system, the processor, and the memory, while the EXO includes the compiler,
the programming framework, like PyTorch.

11.4 An Chemistry Example: Lavoisier’s Combustion Ex-
periment

Case Four ? is a famous chemistry example: Lavoisier’s combustion experiment.
Lavoisier’s combustion experiment is considered a milestone in the history of chemistry,
as it revealed the crucial role of oxygen in the combustion process [109].

Lavoisier’s classic Combustion experiment, central to his investigation of the trans-
formation of matter and the composition of air, was both ingeniously designed and
meticulously executed.

In this experiment, as shown in Figure 11.5, mercury was placed in a distillation
flask and heated, with a mercury trap below to capture the evaporated mercury vapor.
The vapor was then guided through a pipe into a separate container, where it cooled
and was re-liquefied via a condenser. The experiment was conducted in two phases:

2Dr. Lei Wang authored this subsection.
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I [ T—

Figure 11.5: Overview of Lavoisier’s classic combustion experiment.

In the first phase, heating continued for twelve days, during which mercury reacted
with components in the air to form red mercuric oxide. The volume of gas in the system
contracted by approximately one-fifth, and the total mass of mercury and mercuric oxide
remained unchanged, providing preliminary support for the principle of mass conserva-
tion. In the second phase, mercuric oxide was subjected to intense heat in the distillation
flask, decomposing into a gas that could support combustion and respiration. Notably,
the volume of this gas precisely filled one-fifth of the space previously reduced, while the
remaining four-fifths of the gas exhibited no such properties.

Through this experiment, Lavoisier not only demonstrated the reversibility of mer-
cury vaporization and oxidation —confirming that mass was not lost but merely trans-
formed —but also conclusively proved that air is composed of “combustible oxygen”
(approximately one-fifth) and “inert nitrogen” (approximately four-fifths).

This groundbreaking discovery effectively tested and invalidated the phlogiston the-
ory, establishing the foundational principles of mass conservation and oxidation reactions
and laying the cornerstone for modern chemistry.

The goal of this experiment is to identify the primary cause object that induces
combustion. If we treat Lavoisier’s Combustion Experiment as an evaluation, the EO is
some mysterious substance to be determined.

The direct AOs are any substances that can be burned or calcined, such as mercury,
phosphorus, and sulfur, and we can directly measure quantities of direct AOs, such as
mass, gas volume, and temperature. Before Lavoisier’s combustion experiment, people
believed that the mysterious substance was “phlogiston” and the EO (phlogiston) was a
part of these direct AOs.

Antoine Laurent Lavoisier designed various SESes centered around the closed space,
which isolated the effects of other objects on direct AOs.

He sealed mercury (the direct AO) in a retort and heated it, observing changes in
the gas volume within the closed space and collecting the gases produced by combustion
for analysis.

The key steps included:
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o Heating mercury: Sealed in a glass vessel, mercury formed red calx (HgO) while
the air volume decreased by roughly one-fifth.

o Gas analysis: The remaining gas (later called azote, i.e., nitrogen) failed to support
life or combustion.

o Decomposition of calz: When heated, HgO released a highly respirable gas (oxy-
gen), and the gas volume returned accordingly.

The mass increases ~ Volume decreases by 1/5

Mercury AIR

New Remaining
Direct AO 1 Direct AO 2 SRR aw
(Red powder)
Before heating After heating
(a) Phase one
No change
Mercury Remgmmg
a Mercury Remaining
Direct AO 1 Direct AO 2 At
Before heating After heating
(b) Phase two
The original mass Restored to the original volume
New .
substance Remaining
(Red powder) air The silver The gas
Direct AO 1 Direct AO 2 liquid
Before heating After heating

(c) Phase three

Figure 11.6: Antoine Laurent Lavoisier’s experiments: The changes after heating in
three phases.

Significantly different from the other cases, Case Four has a unique characteristic: a
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closed space could perfectly isolate the other objects’ effect; however, though in the same
closed space, the direct AOs and EXO change in different phases as shown in Figure 11.6.

In the first phase, there are two direct AOs: the mercury (silver liquid) and the air,
consisting of unknown objects at his time. After heating, the mercury changes into a
new substance (red powder), with the mass increased; the air volume decreased by about
one-fifth.

In the second phase, there are two direct AOs: the mercury (silver liquid) and the
remaining air from the first step. After heating, there is no change, and no combustion
is observed.

In the third phase, there are two direct AOs: the new substance (red powder) and
the remaining air produced in Step One. After heating, the red powder changed into a
silver liquid with the original mass and released a highly respirable gas. Finally, the gas
was restored to the original volume.

By comparing the SESes in different steps while using the closed space to isolate the
other objects’ effect (the control as we discussed in Part IV), Antoine Laurent Lavoisier
induced that combustion depended on a reactive component in air (later named oxygen)
and that, by volume, it accounted for about one-fifth of air. He ultimately overturned
the prevailing phlogiston theory, which claimed combustion was due to the release of
“phlogiston” and established the scientific theory that “combustion is the oxidation of
substances by oxygen.”

Additionally, he used other combustible materials (direct AO), such as phosphorus
and sulfur, to verify the universality of the combustion mechanism.

He also revealed the effect of the mechanism in combustion as follows.

Combustion: 2Hg + O4 LN 2HgO (silver liquid — red powder)
Decomposition: 2HgO LN 2Hg + O2 1 (red powder — silver liquid + gas)

Lavoisier showed:

e Weight gain in combustion came from oxygen absorption, not “phlogiston” release.

o Air comprised about 20% oxygen (vital for combustion) and about 80% nitrogen.

Despite contemporary debate over priority and interpretation, Lavoisier’s use of pre-
cise balances and careful mass accounting cemented the oxygen theory of combustion.
His experiments demonstrated that combustion is a chemical reaction between sub-

stances and oxygen, fundamentally changing our understanding of chemical processes.
His work introduced:

e Law of Conservation of Mass: The total mass in a reaction remains constant.
e Oxidation Theory: Combustion is the oxidation of substances by oxygen.
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Figure 11.7: In the case of the drug evaluation, we can not replicate the direct AO and
EXO very accurately.

11.5 A Pharmacology Example: Drug evaluations

The Fifth Case (Case Five) involves evaluating a drug. In this case, the EO refers
to a specific drug, while the direct AO encompasses the participants (human beings)
targeted by these interventions. Figure 11.7 shows the composition of the SES.

When comparing Cases Five with Cases One and Three, we have made three obser-
vations. First, the direct AO is independent of the EO. Second, the overall effect can be
measured or tested on the direct AO, with the contributions of EXOs, e.g, the pressure
exerted on the patients, and the environment in which the patients live.

The last but not least observation revolves around the distinctions of the EXO and
direct AO found in Cases One, Three, and Five. In Cases One or Three, the direct AO
and EXO can be well-defined; that is to say, we can replicate an EXO or direct AO
very accurately. However, in Case Five, we can not replicate an EXO or direct AO very
accurately. For example, we can not replicate a patient accurately, not to mention other
critical factors included in the EXO. Instead, there is substantial variability in EXO and
direct AO in Case Three.

11.6 A Social Science Example: Policy evaluation

The Sixth Case (Case Six) involves evaluating a policy aimed at addressing drug
addiction within a community. In this case, the EO refers to a policy aimed at addressing
drug addiction intervention. When comparing Cases Six with Cases Three, we have made
three observations.

Firstly, they have a resemblance. The policy may have different instantiations, like
that of the algorithm. The EO instantiation has a significant impact on its effect, as
same to that in Case Three. However, in Case Six, the EO instantiations can not be
controlled accurately, differing significantly from those of the algorithm. For the latter,
the instantiations of an algorithm can be replicated completely and accurately.
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Figure 11.8: In the policy evaluation, the interaction of direct AO significantly impacts
the evaluation outcomes.

Second, the EXO, which impacts the overall effect, is more difficult to identify in
Case Six than in Cases Five or Three. For example, the participants’ attitude towards
the policy may dominate the evaluation outcomes.

Third, the interactions between different participants, the direct AOs, also impact
the evaluation outcome significantly, as shown in Figure 11.8. In Cases One, Three, and
Five, each direct AO is independent from the other; however, in Case Six, each direct
AO is dependent on the others.

11.7 An Biology Example: Gregor Johann Mendel’s Peas

Biological traits, such as human height and body shape, a cat’s straight or curly
fur, and the sweetness or waxiness of corn, represent the observable variations among
biological individuals. What determines these biological traits? Why do the offspring
of a tall-stemmed pea plant and a short-stemmed one all exhibit tall stems? And why
do some offspring of tall-stemmed pea plants display short stems? The SES of the
inheritance of natural traits is shown in Figure 11.9.

The answers to these questions were provided by Gregor Johann Mendel. Through
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Figure 11.9: SES of the inheritance of natural traits, there is a complex relationship
among the EO, the direct AO, and the EXO.

meticulously designed pea experiments (Case Seven ), Gregor Johann Mendel formu-
lated the classic laws of segregation and independent assortment in genetics [120].
Different from other cases, Case Seven has a unique characteristic. When two peas
are crossbred, both their gene (two EOs) are the cause, while the direct AO are those
peas and their descendant. Figure 11.10 shows the complex relationship among the EC,
the direct AO, and the EXO.
Mendel’s choice of the garden pea (direct AO) was strategic and critical to his success:

o True-Breeding Strains: Peas can self-fertilize, and Mendel identified varieties that,
when self-fertilized, consistently produced offspring identical to the parent for spe-
cific traits (e.g., seed shape). These were his P generation (parental generation).

e Distinct, Heritable Traits: He selected seven traits that exhibited clear-cut, con-
trasting traits (see Table 11.1), such as Round vs. Wrinkled seeds. There were no
intermediates.

e Controlled Crosses: The physical structure of the pea flower allowed Mendel to eas-
ily prevent self-pollination and perform cross-pollination (hybridization) between
selected parents.

e Short Generation Time: Multiple generations could be studied within a reasonable
time frame.

Mendel initially spent several years allowing peas to undergo self-pollination, thereby
selecting strains that could stably inherit specific traits (with consistent offspring pheno-
types), known as “homozygous”. For instance, the offspring of tall-stemmed pea plants
would always be tall-stemmed. His initial experiments focused on a single trait at a
time, a monohybrid cross.

3Mr Chenxi Wang authored this section.
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Figure 11.10: SES of Gregor Johann Mendel’s Peas experiments [120], there is a complex
relationship among the EO, the direct AO, and the EXO.

Trait Dominant Trait Recessive Trait
Seed Shape Round Wrinkled

Seed Color Yellow Green

Flower Color Purple White

Pod Shape Inflated Constricted
Pod Color Green Yellow

Flower Position Axial Terminal

Stem Length Tall Dwarf

Table 11.1: The seven pea plant traits studied by Mendel

o He crossbred two true-breeding (homozygous) pea plants that differed in one trait
(e.g., Tall vs. Dwarf).

o He collected the seeds and grew the plants—this was the first filial generation (F';).

Observation One: The Fp offspring always resembled only one of the parents. For
example, the cross between a pure Tall and a pure Dwarf plant produced all Tall off-
spring. The trait that appeared in the F; generation he called the dominant trait (Tall).
The trait that seemed to vanish was the recessive trait (Dwarf).

Mendel then allowed the F; plants to self-fertilize and produce the second filial gen-
eration (Fy).
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Observation Two: The recessive trait, absent in the F; generation, reappeared in
the Fg generation! Furthermore, Mendel counted the numbers of each type and found a
consistent ratio of approximately 8 Dominant: 1 Recessive.

To explain these results, Mendel proposed a revolutionary model:

o Particulate Factors: Inheritance is controlled by discrete “factors” (now called
genes) that are passed unchanged from parents to offspring.

o Alleles: For each trait, an organism inherits two factors, one from each parent.
These different forms of a gene are called alleles (e.g., a Tall allele and a Dwarf
allele).

o Dominance/Recessiveness: In a heterozygote (with two different alleles), the dom-
inant allele determines the organism’s appearance, while the recessive allele has
no noticeable effect.

o The Law of Segregation: The two alleles for a heritable trait segregate (separate)
from each other during the formation of gametes (sex cells), so that each gamete
carries only one allele for each trait.

Mendel then asked: What happens when two traits are inherited simultaneously? He
performed a dihybrid cross between parents that differed in two traits—for example, a
plant true-breeding for Round Yellow seeds (RRYY') and one true-breeding for Wrinkled
Green seeds (rryy).

e F; Generation: All offspring were RrYy and had Round Yellow seeds.

e Fy Generation: When the Fq plants self-fertilized, the Fy generation showed four
phenotypes in a consistent ratio:

9 Round Yellow (1 RRYY + 2 RRYy + 4 RrYy + 2 RrYY) : 8 Round Green (1
RRyy + 2Rryy) : 8 Wrinkled Yellow (1 rrYY + 2 rrYy): 1 Wrinkled Green

(1rryy)

The 9:3:3:1 ratio was a dihybrid ratio that could be derived from two independent
monohybrid 3:1 ratios ( (3:1) x (3:1) = 9:3:3:1 ). This led to his Law of Independent
Assortment.

e The Law of Independent Assortment: Genes for different traits assort indepen-
dently of one another during gamete formation. The allele a gamete receives for
one gene does not influence the allele received for another gene.

In Mendel’s pea experiments, the EO refers to genes, the direct AO denotes peas,
which can be substituted with any biological individuals, the effect refers to the traits
exhibited by the peas, and the effect mechanism pertains to the laws of segregation and
independent assortment.
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Figure 11.11: A suspect uses violent language with the same intensity to insistently
intimidate two victims. The overall effects on the two victims are significantly varied.

11.8 Scientific and Technology Achievement Evaluations

Case Eight involves evaluating a specific scientific or technological achievement. The
EO is obvious, including but not limited to a specific idea, an article, a patent, or a
technology product.

Compared with other cases, Case Eight has two significant distinctions. First, in
Case Eight, the direct AO is not limited to a single kind of object. For example, it
could be the other scientists or engineers, other achievements, the industry, or even the
society. Instead, in the other cases, the direct AOs are basically limited to a single kind
of object. Second, it is almost impossible to perform an experiment to investigate the
effect of the EO. We have to take a retrospective instead of a prospective approach.

11.9 A Legal Liability Example: Determining Accountabil-
ity for Suspects.

In Case Nine, we presume there is a suspect who uses violent language with the same
intensity to insistently intimidate two victims, and hence induce the same effects. One
victim has strong family support and lives an unpressurized life, while the other victim
lives a poverty-stricken life by himself, having economic or other pressures. The first one
survived, while unfortunately, the other one chose to commit suicide.

In Case Nine, several unique characteristics are present. First, the effect mechanism
is significantly different from the other case. The EO or cause uses violent language,
but with no force to insistently intimidate the affected objects. Second, the differences
of EXOs dominated the overall effect. For two victims, though the EO and its effect are
the same, the overall effect is totally different, with strikingly different consequences, as
shown in Figure 11.11.
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11.10 An Education Example: Evaluating a Learning In-
tervention

Case Ten * concerns the evaluation of an educational intervention, such as a new
digital learning platform or pedagogical method, aimed at improving students’ learning
outcomes. In this case, the EO refers to the educational intervention itself: a particular
curriculum design, Al-assisted tutoring system, or instructional strategy introduced to
enhance teaching and learning effectiveness.

Here, the AO is the individual learner, the minimal observable system in which the
overall effect is measured. However, as in previous cases, the observed evaluation out-
come, or the overall effect, is not determined by the EO and AO alone. The EXO
includes a wide range of contextual factors such as teacher expertise, classroom envi-
ronment, socioeconomic background, parental support, institutional resources, and even
cultural norms surrounding education. These EXOs interact with both the learning
process and its outcomes, often confounding attempts to isolate the true effect of the
EO.

Importantly, the EO, AO, and EXO in this case are not static entities. Instead, they
form an evolving system that unfolds over time and can naturally be described as a time
series, a sequence of observations reflecting the dynamics of learning. In this system,
the EO, representing a particular educational intervention, exerts its influence directly
on the AO, which is the individual learner. The AO “receives” this influence through
modifications in its learning process, for example, changes in cognitive engagement,
interaction patterns, or responsiveness to feedback, which then propagate to observable
learning outcomes such as comprehension, retention, or transfer. In other words, the
measured effect emerges from the interaction between EO, EXO, and AO, rather than
from either component in isolation.

11.11 Adversarial Exercise Evaluation: A Case of Systemic
Confrontation

In a systemic confrontation scenario (Case Eleven °), such as a defensive exercise between
a defending force and an attacking force, the fundamental question of evaluation is not
merely to determine who wins or loses. Most importantly of all, it is to uncover the effect
of the EO, e.g., a defensive command and control system, from the overall outcome of
the exercise.

The challenge lies in that the observed outcome (e.g., the number of successfully
intercepted attacks, response latency, or system survivability) is the result of multiple
intertwined influences, not limited to the EO alone. Thus, to perform a scientifically

“Dr. Wanling Gao authored this section.
5Dr Fanda Fan authored this section.
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valid evaluation, one must build an SES that captures all relevant interacting objects
and allows the attribution of the true effect of the EO.

In such a confrontation scenario, different from the other cases, the SES embodies a
dynamic and interdependent environment: each object not only responds to the others
but may also alter its own subsequent states. Therefore, the evaluation must not treat
the effect as a static or linear response but as a systemic phenomenon that emerges from
the mutual interactions among EO, AO, and EXO in time series.

Also, unlike static laboratory experiments, the SES in a confrontation exercise is
dynamic, adaptive, and reciprocal: every decision made by the EO induces a counter-
reaction from the EXOs, which in turn modifies the operational state of the AO. This
cyclical causation challenges the traditional linear model of cause—and—effect analysis
and highlights the necessity of viewing evaluation as a systemic causal inference process
rather than a unidirectional measurement.

The adversarial confrontation scenario provides a rich and realistic context in which
the fundamental principles of Evaluatology can be examined and extended.

In adversarial or competitive systems, the role of Evaluatology thus expands from ver-
ifying outcomes to uncovering the structure of influence that generates them. Through
explicit modeling of EO-AO-EXO interactions, evaluators can isolate the true effect
of a system even under continuous adaptation and opposition, thereby fulfilling the
ultimate goal of Evaluatology: to scientifically uncover the effects of causes within a
self-contained, yet dynamically interacting, world.

11.12 Another Physics Example: Verification of a Theory
or Model

Case Twelve involves verifying a theory of a model of surface physics, which could be
extended to any discipline. Dr. Michael Scriven [175] exemplified this case as the fun-
damental role of evaluation science, as it is witnessed in almost all disciplines. However,
I do not intend to consider this as an evaluation. Instead, it should be categorized into
testing, as the aim of this practice is to confirm whether the theory or model conforms
to the test oracle. Please see our discussion in 5.8 in Chapter 5.

11.13 Difference from the Other Definitions of Evaluation

In Chapters 1 and 2, I have summarized the unique differences of Evaluatology concepts
from those of other works.

In this section, I repeat two points. First, I define the evaluation as uncovering an
EOQO’s effects and derived effects, contrasted with determining the merit, worth, or value
in [172, 174, 175, 176, 55, 68, 85, 196, 195].

Second, I propose a simple and concise concept system. Instead, the others relied on
the encyclopedic approach to define several hundred concepts or terms in [174, 118].
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11.14 Summary

This chapter demonstrated that it is feasible to propose a universal and concise concept
framework that can be applied across various evaluation scenarios in different disciplines.
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Chapter 12

Categories of Evaluation
Problems

Per discussion in Section 8.2, the essence of evaluation is to uncover an EQ’s effects
and derived effects.

This chapter analyzes the structure of different evaluation problems, which could be
based on the category theory introduced in Section 3.7. First, I formalize the evaluation
problem and its dual problem, and the inverse problem. Then I discuss the categories
of evaluation problems

12.1 Formalization of Evaluation Problem and Its Dual
and Inverse Problems

In this section, I formally define the evaluation problem, then introduce the dual prob-
lem of evaluation, that is, design, and the inverse problem of evaluation, that is, de-
evaluation. Figure 12.1 ! shows the relationships among evaluation, design, and de-
evaluation problems.

12.1.1 Formalization of Evaluation Problem

In this section, I formulate the evaluation problem 2. I note an EO as O and its

element as 0. O has n (n is a constant) components Fj;, noted as O = F} x -+ x F; X
-+ x F,. Each component F; has o; > 1 configurations, where o; is a constant. I note
the element of F; as f;j,, where j; > 1 and j; < 0y. 0= (fij,,-, fijir » frjn)-

I note an EC as C and its element as ¢. C has m (m is a constant) components Gj,
noted as C = G X --- X G; X -+ X G,. Each component G; has +; > 1 configurations,
where v; is a constant. I note the element of G; as g;;,, where j; > 1 and j; < ;.

'Mr. Chenxi Wang contributed to this figure based on the discussion with me.
2Mr. Chenxi Wang and Mr. Hongxiao Li also contributed to this section.
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Figure 12.1: The relationship among evaluation, de-evaluation, and design problems.

c= (g1, »9iji> " »9mjm)- We note the distribution of a specific configuration of ¢
as hgo(c) where Y hpe(c) = 1.

I note that the overall effect observed on the AO is oe, and the true effect of EO
is to be inferred, noted as e. In this context, attributing the overall effect to an EO is
formulated as follows.

For a specific EO configuration o, given the overall effect, oe(o|c), under the EC
where c follows a distribution hgc(c), how to infer the true effect of the EO, e(0)?

12.1.2 Design: The Dual Problem of Evaluation

In this section, I explain why a design problem is the dual problem of an evaluation 3.

Evaluation and design are dual problems. The overall effect is induced by both EO
and EXOs on the AO. The evaluation is to uncover an EQ’s true effect from the overall
effect, while the design of an EO aims to search for a specific EO configuration to achieve
the optimal overall effect.

12.1.3 De-evaluation: The Inverse Problem of Evaluation

Based on the discussions in Chapter 8, we can easily define the inverse problem of
evaluation, which we call de-evaluation.

3This idea is inspired by my colleague, Dr. Chunjie Luo, in a group meeting.
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I take the diagnosis of traffic jams as an example to showcase a de-evaluation prob-
lem. Traffic jams are widely found in many cities. But the traffic jam is a composite
phenomenon that reflects the quantities of many objects. The purpose of the diagnosis
of traffic jams is to attribute the composite phenomenon to the effects of EOs and EXOs
on AOs. In nature, this essential behind the phenomenon is the inverse problem of the
evaluation, that is, how to accurately attribute the effects to their causes.

Let me explain the inverse problem of the evaluation according to the definition of
cause and effect in Section 8.1. We observe a phenomenon P that consists of many
objects, O;, showing different quantities, @;;, and the changes of quantities, d@);; that
can be measured or tested. The inverse problem of the evaluation is to trace back the
Qij, and the changes of quantities, d@Q;; of objects, O;, to the EOs ( causes), EXOs, and
their effects on the AOs.

12.2 Categories of Evaluation Problems

This section categorizes evaluation problems from different perspectives.

12.2.1 Categories of Evaluation Problems According to the Nature of
EOs

According to Section 3.1, an object is a class of entities owning a set of properties.
Every object could be an EQ, so it is also reasonable to classify the evaluation problems
according to the nature of the EO.

The first kind of evaluation problem is when the EO is a natural object. I classify it
into several sub-categories. The first sub-category is that its properties can not yet be
interrogated by a subject. The Second sub-category is that its properties are partially
known by the subject. The third sub-category is that the EO can be well-defined, that
is, it can be replicated accurately. The fourth sub-category is that the EO can be well-
defined, and its components can be freely modified at the subject’s discretion.

The second kind of evaluation problem is when the EO is an artifact. According to
the definition 3.3, an artifact refers to an object that demonstrates intentional conjecture,
design, and/or fabrication by a subject. An artifact could be an idea, an imagination of
something that does not exist, fake news, or a new design and implementation.

As they are created by a subject, which could be an automatic object or an intelligent
life, the unique characteristics of this kind of problem depend on how the artifact induces
the effect on the subject, which could be significantly different from that of a natural
object.

12.2.2 Categories of Evaluation Problems According to the SESes
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According to the definition in Sections 3.5, 10.1, a model is a streamlined represen-
tation of an object or several objects with mutual effects [221, 224]. I formally call a
streamlined representation of an evaluation system an evaluation model. Essentially, an
SES or a derived SES is an evaluation model. So it is reasonable to classify different
evaluation problems according to the nature of the SES.

The first kind of evaluation problem is when an SES is unknown. For example, when
we evaluate the parallel universes or the soul or dark matter to reveal their effect, we do
not even know what the AOs are.

The second kind is when an SES is only partially known, e.g., when evaluating an
object in cosmology and astronomy. The exact number of AOs remains unknown, and
it is unclear whether other EXOs exist.

The third kind is when an SES is known. In this case, there are three different sub-
categories. The first subcategory is when an SES is very complex and cannot be well-
defined. Being not well-defined indicates that we can not replicate the SES accurately.
The second subcategory is when an SES is known and well-defined but not subject to
arbitrary manipulation for different reasons, such as realization limitations, unaffordable
costs, unaffordable consequences, or ethical reasons. “If a system can be modeled in a
function, arbitrary manipulation entails setting its independent variables to any arbitrary
number within its domain [222]” The third subcategory is when an SES is known, well-
defined, and subject to arbitrary manipulation. For example, a computer nearly falls
into this category [222].

12.2.3 Categories of Evaluation Problems According to the Effect Mech-
anisms

According to the definition in Section 8.1, the effect mechanism is the way through
which the cause object induces the effect on the affected objects. Another perspective
on analyzing categories of evaluation problems could be through their effect mechanism.

The first dimension is the relationship between the EO and the AO. There is a class
of evaluation problems whose common characteristics are worth considering; the EO is
a component of the AO. For example, in Case One discussed in Section 11.1, the EO is
a CPU, which is the component of the direct AO, a computer system upon which the
CPU has an effect.

In Section 11.10, the relationships between the EOs and AOs are much more complex.
The genes (components), that is, the EO, of the parent peas (AOs) induce different effects
on the descendant peas (AOs). While in the other case, the EO is independent of the
AOs. For example, when an EO is a drug, it will affect a specific patient or a population
of patients. The EO is independent from the AO.

The second dimension is different effect mechanisms. For example, the Earth could
induce gravity on an apple. A CPU works together with several indispensable compo-
nents and culminates as a computer system; the effect mechanism is the collaboration.
A criminal suspect could hurt a victim through intimidation, through insulting or mean
language.
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The third dimension is whether the interactions of EOs or AOs will impact the effect
or not. This case is often found in the policy evaluation, as discussed in Section 11.6. For
example, in evaluating a policy to curb drug addiction, the interactions among the AQOs,
especially their attitude, will impact the evaluation outcome significantly. In the cases
discussed in Section 11.10, the interactions of EOs or AOs also impact the evaluation
outcome significantly.

12.3 Summary

This chapter formally defines the evaluation problem and its inverse problem and dual
problem, while categorizing different types of evaluation problems.
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Fundamental Issues in
Evaluatology

In this chapter, I present four fundamental issues in Evaluatology.

13.1 What Evaluation Problems Yield a True or Undefined
Evaluation Outcome?

This is the most fundamental issue in Evaluatology. For any evaluation problem
that yields an undefined evaluation outcome, we can not test the evaluation approach
against the test oracle. Unfortunately, this fundamental issue was never discussed until
I formally formulated it in [224].

I address this issue in the proposed evaluation axiom in 9.2. I claimed that when an
SES is known, the effect of the EO has the true outcome, which indirectly states what
evaluation problem yields a true or undefined evaluation outcome. Other fundamental
evaluation approaches, which we will discuss in Part IV, did not explicitly consider this
issue.

13.2 Meta-evaluation: Which Evaluation Methodology Yields
a Valid Outcome?

As the name of meta-evaluation implies, the purpose of meta-evaluation is to evaluate
different evaluation approaches. As I discussed in Chapter 8, for this task, a specific
evaluation approach is the EO; the direct AOs are the inferred effects of different kinds
of EOs that the specific evaluation approach targets. The aim is to reveal the effect of
a specific evaluation approach on the inferred effects of different kinds of EOs that the
specific evaluation approach targets.
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According to the discussions in Chapter 12, how to classify different evaluation prob-
lems depends on the nature of the EOs, SESes, and effect mechanisms. I can roughly
classify the evaluation problem into two categories of sub-problems.

First, when an evaluation problem has a true outcome, which evaluation methodology
can yield the inferred effect approaching the true outcome?

Second, when an evaluation problem has an undefined evaluation outcome, are there
any valid evaluation methodologies?

These two fundamental meta-evaluation problems are rarely discussed.

13.3 What Are The types and Natures of EOs, AOs, and
Their Effect Mechanisms?

As discussed in Section 8, the essence of the evaluation is to uncover the effect of the
EO on the AO. A fundamental question remains: What are the types and nature of the
EOs, AOs, and their effect mechanisms?

This is not a trivial issue, as how to uncover the effect of an object is the fundamental
issue in almost any discipline. Through a systematic understanding of different EOs,
AOQOs, and their effect mechanisms, we can gain a deeper understanding of the evaluation
problems.

13.4 How to Propose Effective and Efficient Evaluation
Models?

This section is based on our previous work [224]. T have made significant simplifications.

Effectiveness in evaluation means achieving the desired evaluation outcomes that
closely align with the true outcomes, while efficiency refers to achieving these outcomes
with minimal resource expenditure.

The key to the effectiveness and efficiency of evaluations in different scenarios is
to establish a series of evaluation models that ensure the transitivity of the primary
characteristics. I define a perfect evaluation model as one under which we can infer the
true effect of the EO, e;.

The discrepancy threshold € is defined as the difference between the true effect e; and
the inferred effect e; . In reality, how to perform an efficient and effective evaluation with
controlled discrepancies is the most important engineering issue. That is how to strike a
balance between ensuring the discrepancy threshold and managing the associated costs.

By disregarding the accuracy of an evaluation model, conducting evaluations solely
through fully exploring the evaluation model space may indeed result in maximum con-
fidence. However, this approach also comes with a significant drawback - the exorbitant
cost it entails.

When creating an evaluation model, the discrepancy threshold €, which is a discrep-
ancy limit that can be tolerated in an evaluation scenario, holds the potential to exert a
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profound influence on the evaluation outcome and, in certain instances, it would give rise
to grave concerns, particularly in the context of safety-critical tasks where failure could
lead to detrimental side effects such as harm, loss of life, or significant environmental
damage. So, after thoroughly understanding the stakeholders’ evaluation requirements,
a risk function ~y(+) could be predefined. When the stakes are high and there is a greater
risk associated with the evaluation outcomes, it becomes imperative to have a lower
discrepancy threshold between the inferred effect under an evaluation model and the
true effect. This is because the potential consequences of making a wrong decision or
drawing inaccurate conclusions become more significant.

In creating an evaluation model, we use the notation m(-) to represent this modeling
process. The accuracy of an evaluation model is decided by m(-).

The discrepancy function of the evaluation outcomes disc(-) between M, under a
specific evaluation model, g, and M, under a perfect evaluation model, p, is defined as
follows:

discrepancy threshold € = |e; — €],
discrepancy threshold e = y71(.),
Mp = Mp(klv T 7kn)v

(13.1)
disc(Mg, Mp) = disc(p( (Mp)), p(M )

accuracy (M) = accuracy (m(M,)),
cost = ¢([|Mgl]).

In the formulation, p(-) is a measurement function. Besides, we define the evaluation
cost as the product of a constant 1) and the space capacity of M. This cost factor allows
us to incorporate the resource constraints and practical considerations associated with
the evaluation process. Based on the above formulation, the evaluation issue of bal-
ancing evaluation cost and the discrepancies in the evaluation outcomes can be framed
as an optimization problem. The objective is to minimize the evaluation cost, repre-
sented by cost, while ensuring the discrepancies in the evaluation outcomes, denoted as
disc(My, Mp), do not exceed a predefined discrepancy threshold e.

The optimization problem can be formulated as follows:

arg min cost(My) subject to disc(My, M) <, (13.2)

or
arg max accuracy(M,) subject to cost(M,) < e. (13.3)

Another related issue is how to ensure evaluation traceability, which involves at-
tributing any divergence in evaluation outcomes to disparities in the underlying ECs,
thereby establishing clear and transparent traceability.

According to the third axiom of evaluation, for the same (derived) EO, the diver-
gence in the (derived) Effect can be attributed to disparities in (derived) ECs, thereby
establishing evaluation traceability, establishing evaluation traceability.

114



-115- 13.5 Summary

Conceptually, traceability asks for a quantified mapping between the differences in
the input and output of the measurement function p(-) through the evaluation process,
described by the mathematical model we formulated above. Our previous work [224]
reveals that this concept aligns well with the mathematical notation of the gradients of
a function, which gives the rate of change in the output for each input variable.

In the context of evaluation, the gradient of evaluation outcomes can be written as
follows, which is a matrix or tensor:

Dp Om OM,  dp Om IM,
Om oM, Ok, Om M, Ok,

Vo(m(3y)) = Vp(m(Mpy(kr,--- k) ) = ( ). (13.4)

“V7” is the gradient operator, which in this context represents the vector of partial
derivatives of a scalar function with respect to its variables. “9” is the partial derivative
operator, indicating the rate of change of a function with respect to one of its variables
while holding others constant.

The closed-form mathematical expression is not always available for various EC com-
ponents in evaluation. Nevertheless, we can follow the method of acquiring gradients in
numerical methods by creating perturbations in the ECs for various input variables and
observing the differences in the composite evaluation outcomes, thus approximating the
gradients.

13.5 Summary

This chapter presented four fundamental evaluation issues regarding true or undefined
evaluation outcomes, meta-evaluation, types and natures of EO, AO, and effect mecha-
nisms, and effective and efficient evaluation models.
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Chapter 14

Fundamental Evaluatology
Methodology

In this chapter, I present the fundamental Evaluatology methodology.

14.1 Challenges in Real-world Evaluations

We refer to the entire population of real-world systems that are used to evaluate a specific
EO as the real-world evaluation system. Assuming no safety concerns are present, the
real-world evaluation system seems like a reasonable choice for the prime candidate for
evaluating the EO. Unfortunately, there are three significant obstacles to consider when
assessing diverse KOs with a real-world evaluation system.

Firstly, it is formidable or impossible to isolate an SES from the real-world evaluation
system. It is very difficult to recognize EOs, AOs, and EXOs. Also, the presence of
irrelevant objects in the real-world evaluation system poses a considerable challenge. It
is often difficult, if not impossible, to eliminate these confounders. They can complicate
the evaluation process by introducing factors that make it challenging to isolate the
effects of other irrelevant objects. Also,

Secondly, manipulating the real-world evaluation system is a formidable task, making
it virtually impossible to establish controlled environments for evaluating objects. Even
if it is possible to isolate an SES from a real-world evaluation, it is very formidable
or impossible to change the state space of the EO, AO, and EXOs. Additionally, the
interconnected nature of the components of SES and other irrelevant objects further
complicates this challenge.

Thirdly, regardless of the nature of the evaluation problems, there is a tendency for
the EOs, AOs, and EXOs to exhibit bias towards certain object instances or their state
subspace. This bias towards specific groups can limit our ability to fully explore and
understand the entire range of possibilities available to us.

In this context, it is very challenging to propose an effective and efficient evaluation
model to address the above issue.
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14.2 Universal Evaluation Methodology in Complex Sce-
narios

In reality, there are evaluation scenarios with different levels of complexity.

For a specific evaluation problem that has the true evaluation outcome, I define the
accuracy as the absolute value of the difference between the true effect and the inferred
effect under an evaluation model divided by the absolute value of the true effect. A lower
ratio, closer to 0%, indicates a better accuracy.

For clarity, it is important to distinguish among the overall effect, inferred effect, and
true effect. The overall effect refers to the observed evaluation outcome obtained directly
from the direct AO, encompassing the joint influence of the EO and EXOs. From this
overall effect, the evaluator derives the inferred effect—an estimation of the EQ’s true
effect.

However, the inferred effect does not necessarily equal the true effect. In practice, due
to incomplete control or imperfect knowledge of the system, the inferred effect serves only
as an approximation of the true effect, and the accuracy metric quantifies the deviation
between them.

14.2.1 Concepts of Perfect and Imperfect SESes

I defined a perfect SES as an evaluation model that can fully and accurately identify
the EXO that impacts the AQ, isolate the irrelevant objects, and infer the true effect of
an EO.

A perfect SES has four unique characteristics that differ from those of real-world
evaluation systems. First, it can correctly recognize the EO, AOs, and EXOs. Second,
it can completely isolate irrelevant objects. Third, under a perfect SES, we can infer
the true effect of the EO. Fourth, we can freely manipulate the full space of SES. This
flexibility would enable researchers to explore various scenarios and assess EOs under a
range of conditions, enhancing the depth and breadth of the evaluation process.

However, in reality, it’s challenging or even impossible to isolate all irrelevant objects
or identify all EXO to establish a perfect SES under which we can infer the true effect.
Even in the worst cases, we only partially know the SES, as we discussed in Section 14.

1 define the imperfect SES as an evaluation model that partially and inaccurately
recognizes AOs, EXOs, and isolates the irrelevant objects. Under an imperfect SES, the
true effect of an EO can only be approximately achieved.

While we can strive to create more accurate evaluation models, it is crucial to recog-
nize the inherent limitations and constraints that exist. Due to the limits of our capacity
and capability in understanding objects, in reality, it is much more possible that we can
only establish an imperfect SES than a perfect SES.
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14.2.2 Simple SESes

A perfect or imperfect SES encompasses a vast number of objects, their respective
quantities, as well as a large population of EOs, AOs, and EXOs, which leads to signifi-
cant evaluation costs. However, to address this challenge, it is important to simplify the
perfect or imperfect SES in two key ways.

Firstly, to reduce the evaluation costs associated with a large number of objects and
their respective quantities, it is crucial to identify and focus on the objects and their
quantities that have a significant impact on the evaluation outcomes.

By identifying and prioritizing these targets, researchers can streamline the evalua-
tion models and allocate resources more efficiently. Negligible objects and their quan-
tities, which have a minimal effect, can be excluded or controlled for, thereby reducing
complexity and costs. It is worth emphasizing that the simplification will inevitably lead
to a decrease in the accuracy of the evaluation model.

Secondly, sampling techniques can be employed to manage the extensive populations
of the EO, AO, and EXO. Rather than evaluating every single possibility, researchers
can select representative samples that capture the diversity and range of the population.
This approach allows for a more manageable evaluation model while still maintaining a
good level of coverage and representation.

After these steps, we obtain a simple SES, which we define as the evaluation model
that simplifies the perfect or imperfect SES. A simple SES reduces the objects and their
quantities that have little impact on the effect and samples the state space of the perfect
or imperfect SES. Accordingly, a simple EC is the simple SES upon the removal of the
EO.

A simple SES can be considered a sample of a perfect or imperfect SES. In order to
measure the extent to which the statistics of a simple SES can infer the parameters of a
perfect SES, we employ the criterion of confidence level and interval.

The confidence level provides us with the probability that the estimated parameters
of a perfect or imperfect SES fall within a specific range of values. Meanwhile, the
confidence intervals establish a range of values within which we can reasonably expect
the true parameters of a perfect or imperfect SES to fall. By utilizing these statistical
measures, we can assess the degree of alignment between the statistics of a simple SES
and the parameters of a perfect or imperfect SES. This allows us to gauge the efficiency
and effectiveness of the simple SES.

By implementing these simplifications in a simple SES, researchers can strike a bal-
ance between comprehensiveness and feasibility. The simple SES allows for a more effec-
tive and efficient evaluation of EO within the EC framework, mitigating the challenges
posed by evaluation costs and the complexity of the perfect or imperfect SES.

14.2.3 Mathematical Formulations of Different SESes

This subsection presents the formulations of different SESes.
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First, a sample of the perfect or imperfect SES, My, is taken from the perfect or
imperfect SES, M,,, and I introduce the notation s(-) to represent the sampling process.
Additionally, the Simple SES M; reduces the independent variables within the sample
of the perfect or imperfect SES, M,,, by excluding those that have minimal impact. To
formalize this process, I introduce the notation m(-) to represent the modeling process
consistent with that in Section 13.4.

When transforming a perfect or imperfect SES into a simple SES, it is essential to
maintain the transitivity of the following characteristics:

My, = s(My). (14.1)
The sample of the perfect or imperfect SES M, is obtained through a sampling
process s(-) on the perfect or imperfect SES M,,.
My,s C M, (14.2)
The sample of the perfect or imperfect SES M, is a subset of the perfect or imperfect
SES M,,.
My = m(Mys). (14.3)

The simple SES M; is obtained through a modeling process m(:) on the sample of
the perfect or imperfect SES, M,;.

For each element mg in the simple SES M, we denote the corresponding element in
Mys as mys € Mps.

ms = (k1,- -, kn) € Ms. (14.4)

Each element mg in the simple SES Mg consists of a set of independent variables
(kla T 7kn’>-

mys = (k1,-++ ,kpr) € My, where n' <n'. (14.5)

The corresponding element m,,, in the sample of the perfect or imperfect SES My,
consists of a set of independent variables (ki,---,k,»). The n” is greater than n/,
ensuring that the corresponding element in the sample of the perfect or imperfect SES
includes at least as many independent variables as that of the element in the simple SES.

14.3 What is a Benchmark?

Benchmarks are extensively employed across various disciplines, albeit lacking a for-
mal definition. Based on the science of evaluation, we propose a precise delineation of a
benchmark as the EXOs in a simple EC according to the definition in Sections 14.2.1 1.

!This definition is based on the discussion with Dr. Lei Wang and Mr. Chenxi Wang.
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Benchmark: the EXOs in a simple EC

Stakeholder’s evaluation requirements

risk function discrepancy threshold evaluation cost

EXO configuration and mechanisms

providing the means to configure crucial ensuring different levels of equivalencies
independent variables of the streamlined EXO of EXOs

Metrics and reference

the definitions of quantities value function the reference EO

|

|

. |

the reference evaluation |
outcomes |

|

Figure 14.1: A benchmark comprises three essential constituents.

Specifically, a benchmark refers to the EXOs in a simple EC, where the combined effect
of the EXOs and the EO is exerted on the AO.

Within the framework of this definition, a benchmark comprises three essential con-
stituents, as shown in Figure 14.1. The first constituent is the stakeholder’s evaluation
requirements, which encompass various factors. These include the risk function, which
evaluates the potential risks associated with the benchmark. Additionally, the dis-
crepancy threshold, which determines the acceptable level of deviation from the true
evaluation outcomes, is considered. Lastly, the evaluation cost is taken into account,
and the resources required for conducting the evaluation are assessed. By considering
these elements, the benchmark can effectively address the evaluation requirements of
stakeholders.

The second constituent of the benchmark framework is the EXO configuration and
mechanisms. This includes several elements crucial for the benchmark’s effectiveness.
It involves defining the streamlined EXOs; it provides the means to configure crucial
independent variables of the streamlined EXOs; it ensures different levels of equivalencies
of EXOs. By considering these EXO configurations and mechanisms, the benchmark can
provide a comprehensive and standardized approach to different evaluation issues.

The third constituent is the metrics and reference, which includes the definitions of
quantities, the value function, the reference EO, and the reference evaluation outcomes.

14.4 Fundamental Methodology Under a Perfect SES

As shown in Figure 14.2, this section proposes a fundamental Evaluatology method-
ology under ideal conditions where we can isolate and manipulate a perfect SES 2.

2Dr. Wanling Gao, Mr. Chenxi Wang, Dr. Lei Wang, and I contributed to this section.

120



-121- 14.4 Fundamental Methodology Under a Perfect SES

Defining the EO

&

Defining the AO

&

Defining the SES

&

Obtaining the Overall Effect on the SES

&

Obtaining the Inferred Effect of the EO

&

Testing the Inferred Effect

Figure 14.2: A fundamental Evaluatology methodology under ideal conditions where we
can isolate and manipulate a perfect SES.
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14.4.1 Defining the EO

The first and most fundamental step in Evaluatology is to clearly characterize and de-
fine the EO. This process goes far beyond merely naming or labeling the EO; this re-
quires rigorous specification of its boundaries and configurations, including the internal
components and their interconnections. Without such a precise definition, subsequent
comparisons across different EOs or even across different instances of what is assumed
to be the “same” object are rendered ambiguous and potentially invalid. The EO is the
cause object in the causal structure of evaluation—it is the entity whose effect we aim
to uncover or quantify.

A central motivation for this step lies in the principle of comparability. In any
evaluation, the validity of results depends on ensuring that the EOs under study are
indeed instances of the same class according to the definition of object in Section 3.1.
For example, two entities may both be labeled as “processors”, but if one refers to a
central processing unit (CPU) and the other to a graphics processing unit (GPU), then
their fundamental architectures, functions, and operational contexts differ to such an
extent that direct comparison would yield misleading or nonsensical conclusions. Even
within a narrower category, such as CPUs, the EO may not be monolithic: the same
processor can operate under multiple configurations (e.g., with or without turbo boost
enabled, or under different thermal or power management settings). Without explicitly
specifying which configuration is being treated as the EQO, the evaluation outcomes may
vary widely and unpredictably.

Following the notation defined in Chapter 12 Formally, we can represent an element
of the configuration space of a well-defined EO as: o; = {0i1,0:2, ..., 0iz,...}. Here, i
denotes the instance of the EO (e.g., “CPU model X”), while  enumerates the possible
configurations (e.g., “default mode”, “turbo boost enabled”, “low-power mode”, etc.).
Each element o;, thus corresponds to a specific operational configuration of the iz,
component. Selecting which configurations are to be evaluated is not merely a technical
choice but a scientific one, since it determines the interpretability and comparability of
the evaluation results.

From a practical perspective, the configuration space O; is often extremely large, and
it is usually neither feasible nor necessary to evaluate the object under every possible
configuration. Consequently, evaluators often reduce this space by selecting a represen-
tative configuration o;;. Such a configuration is typically chosen because it achieves high
or stable performance under a broad set of ECs, or because it reflects the most common
real-world usage scenario. For example, in CPU evaluation, one might fix the processor
to its default settings or select the configuration that yields the best performance on a
majority of standard workloads.

However, this strategy comes with a critical caveat: no single configuration is guaran-
teed to perform optimally across all ECs. A CPU setting that excels in compute-intensive
workloads may underperform in energy-constrained scenarios. Similarly, a software algo-
rithm tuned for accuracy may sacrifice efficiency when faced with real-time constraints.
Therefore, while adopting a representative configuration can greatly reduce the evalu-
ation cost and complexity, it also risks oversimplification, potentially leading to biased
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or incomplete conclusions.

This tension—between comprehensiveness (evaluating all possible configurations)
and feasibility (reducing the configuration space)—is at the heart of defining the EO.
Striking the right balance requires a careful understanding of both the object’s intrinsic
variability and the intended scope of the evaluation. If the goal is a broad scientific
characterization, more configurations may need to be included. If the goal is practical
deployment guidance, a smaller number of well-chosen configurations may suffice.

In summary, defining the EO is not a trivial preliminary step but a foundational
process that determines the validity and interpretability of the entire evaluation. It
ensures that comparisons are meaningful, outcomes are reproducible, and conclusions can
be properly attributed to the EO itself rather than to hidden or uncontrolled variations
in its configurations.

14.4.2 Defining the AO

Once the EQO is clearly defined, the second step in Evaluatology is to specify the AO—
the minimal system on which the effects of the EO can be directly measured or tested,
as we defined in Section 8.2.

The AO serves as the effect-receiving system. The definition of AQO is critical, as it
determines the scope of measurement or testing.

Formally, the AO can be conceptualized as a composed system:

a; = {¢j1,¢js s ik} (14.6)

where cj, represents the ky, configuration of ji, indispensable components—the minimal
set of functional elements that collectively allow the EQ’s effects to manifest and be em-
pirically measured or tested. The AO must be sufficiently complete to support the EO’s
operation, yet minimal enough to avoid the introduction of unnecessary confounding
factors. This principle—completeness without redundancy—ensures that every observed
effect is causally meaningful and traceable to the EO within the defined boundaries of
the system.

In one category of evaluation problems, the EO cannot function independently; it
must be embedded within a broader system that provides essential infrastructure for its
operation. For example, when the EO is a central processing unit (CPU), it cannot be
evaluated in isolation, as it depends on memory, storage, and input/output subsystems
to execute any meaningful workload. Here, the AO is the computer system itself—a
minimal operational environment that includes all indispensable components required
to sustain computation. Specifically, such an AO typically consists of:

o Primary computational unit (CPU): the EO whose performance or characteristics
are under evaluation;

o Memory subsystem: provides working storage for instruction and data execution,
directly influencing latency and throughput;
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o Persistent storage: enables data loading, checkpointing, and I/O operations nec-
essary for full program execution;

o Interconnect and power subsystem: ensures communication and energy delivery
among components, maintaining operational stability.

These indispensable components form the minimal closed system in which the EQO’s
effects (e.g., execution time, power consumption, cache efficiency) can be observed, mea-
sured, and meaningfully compared. Adding or omitting any of these components would
fundamentally alter the measurement context and, therefore, the interpretation of the
results.

In other categories of evaluation problems, the AO does not necessarily have to
include the EO itself. In many domains, particularly outside of engineering, the AO
may exist as an independent system that responds to the EQ’s intervention or influence.
In pharmacological evaluation, for instance, the EO is the pharmaceutical compound,
while the AO is the human body, a complete biological system within which the EQ’s
biochemical effects manifest. The body already constitutes a self-sufficient measurable
system, and the EO acts upon it externally. This case contrasts with some engineering
systems, where the EO is typically an internal component of the AO.

Thus, depending on the domain and causal structure, the EO-AQO relationship can
be classified into two general categories:

e Inclusive Relation: The AO includes the EO as one of its indispensable internal
components, such that the EO operates as a subsystem within a larger measurable
whole (e.g., CPU within a computing system, or an engine within a vehicle).

o FEaxternal Relation: The AO exists independently of the EO, but serves as the
environment or organism upon which the EO acts (e.g., a human body receiving
a drug, or an ecosystem exposed to a pollutant).

Regardless of the relation type, defining the AO requires balancing two fundamental
criteria: operational completeness and causal clarity. An AO that is too narrow will fail to
capture the full manifestation of the EQ’s effect. At the same time, one that is too broad
may dilute the EQ’s contribution with unrelated interactions. For instance, evaluating a
CPU within a large-scale data center might introduce network latency, scheduling, and
resource-sharing effects unrelated to the CPU’s intrinsic behavior. Conversely, evaluating
it in a minimal system (with controlled memory and I/O subsystems) provides a clearer
mapping from cause (EO) to effect (AO).

In practice, defining a suitable AO involves iterative abstraction and reduction, which
depends on the expertise. Evaluators begin by identifying all components required for
the EO to function, then systematically remove non-essential elements until a stable and
measurable system remains. This minimal AO represents the tightest causal interface
through which the EO’s effect can be empirically observed without external confounding
interference.

In summary, the AO is not merely the recipient of the EQ’s influence but the op-
erational bridge between the EQO’s intrinsic behavior and the measurable or testable
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outcomes that form the basis of evaluation. A well-defined AO ensures that evaluation
results are both causally valid—accurately reflecting the EO’s true effect—and empiri-
cally grounded—derived from a physically coherent and reproducible system. Defining
the AO thus transforms evaluation from a descriptive exercise into a structured causal
analysis, enabling consistent interpretation across domains and systems.

14.4.3 Defining the SES

After defining both the EO and the AQO, the next step in Evaluatology is to establish the
SES. The SES serves as a self-contained and isolable environment within which the causal
effect of the EO can be meaningfully observed, measured, and analyzed. “Self-contained”
indicates that the SES incorporates all EXOs that might affect the measurable or testable
outcome. It is “isolable” in that other objects can be disentangled from those objects
included in the SES.

Formally, we can express the SES as:

SES = {EO, A0, EXO}, (14.7)

where the FO represents the causal source under investigation, the AQ is the measurable
system on which the EO’s effects manifest, and the EXO (Essential External Objects)
encompasses all additional objects that can influence the AO alongside the EO.

(1) The structural role of SES. The SES defines the boundary of what is under evaluation.
In practice, both EO and EXO exert influence on the AO, and the measured or tested
outcome represents the overall effect—the joint consequence of EO and EXO on AO.
The central objective of evaluation, therefore, is not simply to measure this overall effect,
but to isolate and quantify the true effect of the EO within it. Only by distinguishing
the EO’s true effect from that of EXO can one make valid causal claims and ensure that
observed differences truly reflect changes in the EO rather than uncontrolled variation
in external conditions.

(2) Composition and interactions. The SES captures the structural and causal relation-
ships among the three components:

EO — AO « EXO. (14.8)

The arrow from EO to AO represents the causal path of interest—the true effect we
seek to uncover—while the influence from EXO to AO represents external interference,
modulation, or context. In many cases, EO and EXO may also interact, forming com-
pound effects (e.g., a CPU’s performance interacting with the compiler or workload).
The design of the SES, therefore, requires careful selection and control of EXO to make
EO’s effect identifiable.

In biomedical evaluation, if the EO is a pharmaceutical compound and the AO is
the human body, the SES also includes EXOs such as environmental conditions, lifestyle
factors, or psychological stressors. These EXOs likewise influence the measured outcomes
(e.g., blood concentration, physiological response) and must be controlled or randomized
to separate the drug’s intrinsic effect from external perturbations.
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(8) Minimal completeness and causal isolation. The definition of SES follows two guiding
principles:

1. Minimal completeness: The SES must include all indispensable entities necessary
for the EQ’s effect to manifest on the AO—mnothing more, nothing less.

2. Causal isolability: The SES must be structured such that the EO’s effect can
be distinguished, either through experimental control (fixing EXO) or inferential
modeling (adjusting for EXO).

In biomedical or social systems, minimal completeness may consist of the EO (e.g.,
drug, policy), the AO (e.g., patient, population), and EXOs (e.g., environment, behav-
ioral factors). Across both cases, isolating the EO effect requires that EXOs be explicitly
identified, documented, and either held constant, randomized, or modeled.

(4) Practical implications. Defining a proper SES is not merely a formal step—it has
practical implications for experimental design, reproducibility, and interpretation. An
ill-defined SES can lead to confounded results where observed performance differences
stem not from the EO but from uncontrolled EXO variations. Conversely, an overly
restricted SES may eliminate meaningful variability, leading to results that lack external
validity. The art of evaluation lies in finding the correct balance between environmental
control and representational realism.

(5) Summary. In summary, the SES represents the minimal evaluation environment that
integrates:

e the EO —the causal source under investigation,
e the AO —the measurable or testable system receiving the effect, and
e the EXO —the essential external factors jointly influencing the AO.

The SES establishes the causal stage upon which evaluation occurs: EO and EXO jointly
act on AO to produce observable outcomes. Evaluation, in turn, seeks to disentangle
these overall effects to reveal the EO’s true effect. Without a rigorously defined SES,
evaluation becomes ambiguous—its conclusions may reflect uncontrolled context rather
than true causality. By grounding evaluation in the structured triplet { FO, AO, EXO},
Evaluatology transforms evaluation from a descriptive practice into a scientifically in-
terpretable causal analysis.

14.4.4 Obtaining the Overall Effect on the SES

Once the SES is clearly constructed, comprising the EO, the AO, and the EXO, the next
stage is to obtain the overall evaluation outcome on the SES, which is the overall effect
on the AO induced by the EO and the EXO.

This process represents the empirical phase of Evaluatology, where the theoretical
structure of the SES is instantiated into measurable experiments or simulations. The
overall effect is not the true effect of the EO alone, but the observable result that arises
from the combined interaction of EO, AO, and EXO under a wide range of ECs.
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14.4.5 Obtain the Inferred Effect of the EO

After obtaining the overall evaluation outcomes on the SES, the next and most critical
stage of Evaluatology is to infer the effect of the EO on the AO, which we call the inferred
effect. Please note the difference between the inferred effect and the true effect: the true
effect is the target that the inferred effect approaches.

This step transforms the descriptive phase of evaluation—where the overall outcomes
are observed—into a causal phase, where the effect of the EO is isolated and quanti-
fied. In essence, the goal is to distinguish the portion of the overall effect that is truly
attributable to the EO itself, as opposed to the contributions of the EXOs or random
variations within the ECs.

14.4.6 Testing the Inferred Effect

After the inferred effect of the EO has been obtained, the final step of Evaluatology is to
validate this inferred effect. This stage treats the inferred effect of the EO as a statistical
hypothesis and examines whether it is consistent with empirical evidence collected from
additional ECs or repeated measurements. The goal is to determine whether the inferred
effect genuinely reflects the true effect of the EO, rather than random fluctuations or
residual confounding. Please refer to Section 5.9.

14.5 Summary

This chapter presented three evaluation models: perfect, imperfect, and simple SESes,
formally defined the benchmark, and proposed a fundamental evaluation methodology
under a perfect SES.
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Chapter 15

Hierarchical Formalizations of
Well-defined SESes

Based on our previous work [224], this chapter presents hierarchical formalizations
of well-defined SESes, which work for a class of evaluation problems where EC can be
hierarchically defined. This kind of evaluation problem often manifests in the field of
computer science.

15.1 Hierarchical Definition of SESes

In Chapter 8, I presented the definition of an SES. There are many ways to define an SES.
In this section, we propose a hierarchy definition of an SES. This approach works quite
well for a class of evaluation problems for which the EC and the EO can be well-defined.
That is to say, we can replicate an SES fully accurately.

We begin by defining an SES from the problems or task spaces that the EO’s stake-
holders need to address. The reason is as follows. First, the concerns and interests of
the relevant stakeholders are at the core of the evaluation. These concerns and interests
are best reflected through the problems or tasks they must address, which provide a
reliable means to define an SES. Second, utilizing the same problem or task can ensure
the comparability of evaluation outcomes.

Taking Case One, presented in Chapter 8, as an example, we observe that in Case
One, an SES encompasses numerous constituents. Notably, we identify five primary
components of an SES from top to bottom. Figure 15.1 shows a typical example.

The first top component is a set of equivalent definitions of problems or tasks (in
short, problems). While the problem itself serves as the foundation for the evaluation
process, it cannot solely serve as the evaluation itself because the problem is often
abstract and requires further instantiation to determine its specific parameters. The
second component is a set of collective problem instances, each of which is instantiated
from an element of the first component. Unlike the first component, an equivalent
problem instance is specific and can serve as the evaluation directly.

128



-129- 15.2 Formalization of SESes

Self-contained Evaluation System (SES)

Component 1 a set of equivalent definitions of problems or tasks (P’)
Component 2 | the set of a collective of equivalent problem or task instances (P)

Component 3 the algorithms or algorithm-like mechanisms (A")

the implementations of algorithms or instantiations of algorithm-

Comporent like mechanisms (A)

Component 5 support systems (S)

/\ /\
Ve P S\ PN

Figure 15.1: The hierarchical definition of an SES.

After a problem instance is proposed, it is necessary to figure out a solution. The
third component consists of the algorithm, each of which provides the solution to a
specific problem instance.

The fourth component encompasses the implementation of an algorithm. Its im-
plementation involves understanding the algorithm and implementing it in a specific
system, which I call the support system. This process ensures that the algorithm can
effectively and efficiently solve the intended problem instance within the given context.

15.2 Formalization of SESes

To lay the groundwork for the formalization of an SES, it is essential to establish a clear
understanding of some crucial notations. The notations P’ and S represent two crucial
components. P’ represents the problem space. S represents the support system space.
p’, s, 0is an element of P/, and S, respectively. We note p’ € P’, s € S.

In addition to the aforementioned notations, we also define several other fundamental
notations. For each problem, p; € P’, there is a set of problem instances noted as P;.
For all problems in P’, there is an entire collection of problem instances, which can be
noted as (p;, P;). The entire set of problem instances P can be defined as the union of
all P;.

We introduce the notation A’ to represent the algorithm space. for each problem
instance p;; in the problem instance space P;, the algorithm space A’ could be noted as
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(p;,pij,A;j). A’ is a union of all A;j.

We introduce the notation A to represent the instantiations of the algorithm space.
This space, A, consists of instantiations of algorithms that are associated with each
problem instance, algorithms, and support systems. Specifically, for a given problem p/
in the problem space P’, for each instance p;; in the corresponding instance space P;, for
each algorithm a;jk in the algorithm space A;j on each support system s; in the support
system space S, we define the set of instantiations of algorithms as (p}, pij, a; ko SIs Ajjir)-
A is a union of all A;j;.

By introducing these notations, we establish a comprehensive framework that allows
us to delineate the various components of an SES and their respective roles. This
formalization enhances our understanding of the key components and their relationships
within the EC framework.

We note the EC space as C and the EO space as O. Based on the concepts of the
SES defined in Chapter 14, we formalize an SES as M = OxO =P’ x P x A’ x A x S.

Likewise, we use symbols to denote a real-world evaluation system (M,), a perfect
or imperfect SES (M,), and a simple SES (M,). These are represented as:

M, =P x P. x A, x A, x S, (15.1)
My, = P} x P, x A, x Ay x Sy, (15.2)
Mg =Pl x Py x Al x Ag x S;. (15.3)

These symbols help us distinguish and calculate the various components of ECs and
SESes in different contexts.

In the realm of EC spaces, the concept of equivalent ECs plays a significant role. Two
EC spaces, denoted as C] and Cs, are considered to be equivalent ECs if and only if there
exists a bijection, denoted as /3, between the two spaces: 5 : C; — Ca; 871 : Cy — C4.
A bijection is a function that is both injective (one-to-one, no two inputs map to the
same output) and surjective (onto, every output has a corresponding input), creating
a perfect one-to-one correspondence between two sets. This equivalence is denoted as
C1 ~ Ch.

15.3 Summary

This chapter presents a hierarchical definition of a well-defined SES that consists of
problems, problem instances, algorithms, algorithm implementations, and support sys-
tems, which are often found in computer science and engineering. Finally, we formally
formalize SESes mathematically.
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Chapter 16

Design of Experiments

This chapter ! presents the basic concepts, problem statement, assumptions, principles,
methodology, and case study of the Design of Experiments (in short, DoE).

16.1 Basic Concepts

The basic concepts come from early work of DoE [91, 200, 100, 60, 59].

Ezperimental Units are objects under study, ranging from an individual, e.g., a per-
son, to aggregated entities (e.g., a class).

Responses are quantitative metrics obtained on the experimental units through mea-
surements, distinct from categorical variables.

Factors represent parameters whose changes in value will result in variations in the
response. A factor has several levels. The factor level could be both the quantitative
variable and the categorical variable.

Interactions are any systematic dependencies between factors.

Ezxperimental Condition Groups are the combinations of all factor levels. If there are
n input factors, and each factor ¢ has m; factor levels, then there are a total of []}" ; m;
experimental condition groups.

An FExperiment is to apply different experimental condition groups to the experimen-
tal units with determined and controlled factor levels.

Factor Effects are the response difference between the average of experimental con-
dition group runs at the different levels for corresponding factors.

A Model Equation is an equation that establishes the model to characterize the
relationships between responses and factor effects.

I*r Factorial Designs select k factors, each factor selects I levels, and each experi-
mental condition group replicates r times. Its model equation calculates all effects of
selected factors or their interactions.

2k=Py Factorial Designs select k factors, each factor selects 2 levels, with 2P factors
or interactions are confounded to reduce costs, and each experimental condition group

!Mr. Chenxi Wang is the primary contributor of this author.
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replicates r times. Its model equation calculates the aggregated effects from 2P factors
or interactions.

Full Factorial Designs separately estimate all effects of selected factors or their inter-
actions through the model equation. Full factorial designs include 2¥r, [*r, and general
factorial designs. Here, 2 or [ indicates the factor level, k¥ means the number of factors,
and r is the number of replications. General factorial design also involves studying k&
factors with r replications, but the selection of levels for each factor is not restricted to
the same fixed value (such as 2 in a 2¥r factorial design or [ in [¥r factorial design).

Fractional Factorial Designs compute aggregated effects of selected factors or their
interactions through the model equation. Classical fractional factorial designs include
2k=Py factorial designs.

Residual error represents the portion of the response variation not explained by the
model that characterizes the relationships between responses and factor effects.

Homoscedasticity means constant variance, while Heteroscedasticity indicates non-
constant variance.

16.2 Problem Statement

DoE is a structured, statistical methodology developed to systematically infer a lin-
ear model between multiple input factors and output responses within a process or
system [200, 91, 60]. This approach has become foundational in fields ranging from en-
gineering and manufacturing to biology and behavioral sciences, providing researchers
with a powerful tool set for optimization, quality improvement, and hypothesis test-
ing [100, 59, 60].

Given an experiment unit or a population of experiment units with one or more
measurable responses of interest and a set of controllable input factors, each factor can
be set to different levels. The factor effects, which are the additive components that
constitute the expected value of the response, are unknown.

The DoE problem could be formally stated as “how to strategically select a limited
but representative set of factor-level combinations to run, allowing for the efficient and
simultaneous estimation of the factor effects, to derive a reliable model that describes
the relationship between the response and the factor effects, while minimizing the con-
founding of uncontrolled or unknown factors.”

The inputs of DoE include factors, the corresponding levels for each factor, experi-
mental units, and the responses measured from them. The outputs of DoE include the
relationship between each response and factor effects. The constraint is that experimen-
tal resources are limited; it is infeasible to run all possible combinations of factor levels
due to prohibitive costs or time constraints. Furthermore, the observed response is often
contaminated by the uncontrolled or unknown factors that may influence the response,
which obscures the factor effects.
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16.3 Basic Assumptions

Assumption 16.1 (Linearity). The relationship between the response variable and the
factor effects, including their interactions and random error, can be adequately repre-
sented by a linear model. Formally, the response Y 1is a linear function of the factor
effects:

Y:u-l-ﬁl+,82+"'+5i7j+"'+6, (16.1)

where Y is the response, p is the overall mean of all responses, B’s are the factor effects,
and € is the random error term. A single subscripted 3 denotes the main effect of
each factor, with the subscript indicating the corresponding factor; a multi-subscripted 3
represents the interaction effect among the factors indicated by its subscripts.

Assumption 16.2 (Additivity of Effects). The effects of different factors are separable
and additive in nature. That is, the change in the response caused by varying one factor,
to a first approximation, is independent of the levels of other factors. Any interaction can
be explicitly identified and modeled as a separate term in the model equation, preserving
the principle of effect separation.

Assumption 16.3 (Randomization). The order in which experimental runs are per-
formed should be randomized. Randomization serves to distribute the potential effects
of uncontrolled or unknown factors that may influence the response evenly across all
experimental groups. This process mitigates the risk of confounding these nuisance fac-
tors with the systematic effects of the factors under study, thereby ensuring unbiased
estimates of the effects.

Assumption 16.4. The residual error terms are independently and identically dis-
tributed (i.i.d.). Specifically, they follow a normal distribution with a mean of zero and
constant variance o>:

e "&HN(0,02). (16.2)

This implies independence of errors, homoscedasticity, and normality.

Assumption 16.5. The variance of the residual errors is constant across all factor
levels. Denoted as Var(e) = o2, this property of homoscedasticity is crucial for the
validity of standard hypothesis tests (e.g., F-tests) and the correctness of confidence

intervals derived from the model. Heteroscedasticity can invalidate these inferences.

16.4 Basic Principles

DoE uses a linear model (called the model equation) that sums additive effects from
different factors. For each measured response in the experimental units, its effects com-
prise the overall mean, the main effects of individual factors, interaction effects between
factors, and residual random errors—more details in Section 16.5.2.

The Analysis of Variance (ANOVA) methodology decomposes total response variance
into components attributable to between-group variance, within-group variance, and the
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square of errors, as elaborated in Section 16.5.2. Through ANOVA [167], it quantifies
the contribution of each factor to response variance and tests the statistical significance
of factors and their interactions.

By systematically combining factor levels into experimental condition groups and
applying the experimental condition groups to the experimental units, DoE enables
measurement of responses under structured and controlled conditions. It encompasses
three effect components: 1) main effects of individual factors, 2) interaction effects
between factors, and 3) random errors from chance fluctuations.

Rather than altering one factor at a time, DoE introduces a framework for simulta-
neously varying multiple factors, thereby enabling the identification of interaction effects
and the construction of predictive models. Typically grounded in factorial or fractional
factorial designs, DoE incorporates randomization, replication, and blocking to reduce
experimental error and enhance the robustness of inferences.

16.5 Methodology

16.5.1 Classical Factorial Design

The factorial design encompasses both full factorial and fractional factorial designs. Full
factorial designs separately estimate all main effects and interactions of selected factors
through the model equation, while fractional factorial designs compute aggregated ef-
fects of multiple factors or their interactions. Although a full factorial design requires
higher experimental and computational costs, it provides a precise estimation of indi-
vidual factor effects and interactions. In contrast, a fractional factorial design reduces
experimental costs by estimating aggregated effects, but these are subject to confounding
due to the cumulative nature of multiple factor contributions.

e Full Factorial Designs: Full factorial designs include 257, I¥r, and general factorial
designs. In a 2Fr factorial design, each factor selects 2 levels; a ¥ factorial design
selects [ levels per factor; and a general factorial design allows variable levels
across factors. The model equation for full factorial designs accounts for (2% — 1)
total effects, including (lf) main effects, and Zf:2 (’;) interaction terms. With r
replicates per run, an additional random error term is incorporated. The details
are shown in Section 16.5.2. (’f) is read as “k choose i.”

e Fractional Factorial Designs: A fractional factorial design, such as 2¥~Pr factorial
design, estimates (277 — 1) effects, each representing aggregated effects from 27
factors or interactions. Similar to a full factorial design, it includes r replicates
and a random error term in the model equation.

16.5.2 Model Equations and Analysis of Variance Formulations

We illustrate model equations and analysis of variance (ANOVA) formulations using a
general factorial design as a case study. Notably, all other factorial designs are special
cases of this approach, sharing the same structural formulation.
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Consider a general factorial design investigating k factors influencing the responses.
The ith factor has n; levels, and each experimental run is replicated r times. The
model equation decomposes each measurement into a linear additive model comprising:
1) Overall mean: The overall average response across all experiment groups; 2) Main
effects: (]1“) = k terms representing the individual effect of each factor; 3) Interaction

effects: Zl 9 (k) = 2F — 1 — k terms, including ( ) two-factor interactions, (g) three-
factor interactions, up to the k-factor interaction; 4) Random errors: Accounting for
chance fluctuations introduced by repeated measurements.

ANOVA proceeds by squaring and summing all effects, which partition the total
variance into distinct components: main effects, interactions, and residual error.

For concreteness, we demonstrate the model equations and the ANOVA formulation
with k = 3 factors, highlighting how effects are structured and analyzed. Other factorial
designs follow an analogous formulation.

In a general factorial design with k = 3 factors, Factor A has n; levels, Factor B
has no levels, and Factor C has n3 levels. Each experimental combination is replicated
r times. The model equation is expressed as:

Yijrt=pn+ai+bj+ep+dij+eip+ fik+ gign + € (16.3)

In this model equation, Y; ; ;. represents the measured response of replicate [ at level
1 of Factor A, level j of Factor B, and level k of Factor C. u represents the overall mean
of all responses. a; denotes the main effect of Factor A, b; indicates the main effect of
Factor B, and ¢y, signifies the main effect of Factor C. The two-way interaction effects are
captured by d; j (Factor A x Factor B), e; ;, (Factor A x Factor C), and f; (Factor B x
Factor C), while g; j », represents the three-way interaction effect among all three factors.
Finally, €; ;1 accounts for the random errors introduced by experimental replication of
chance fluctuations.

To calculate these components in the model equation, we first calculate the group

means. Z Z

— JJyksl

Y. = EPNERE : (16.4)
Ny Xng XNg Xr

— k,l
Yi,.,., . Z Zk 1 l 1 J : (16.5)
Ng Xng Xr

Y . _Z Zkl 11 Jkl (16.6)

R ny X mnsxXr ’

_ k,l
Y. k= iz 21 Lotz Vi : (16.7)
Ny Xng X1

?' . _ Zk 1 l 1 :.] k,l (16 8)
7.77 9 n3 X 7-. ? :

- Z 1 211 ik

Y, - 16.9
Z:'vkv' na X 7 ’ ( )
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ni T .
- Zi:l =1 Yw,k’,l

Y . = 16.1
'»]»k)' n]_ X T M ( 6 0)
'
_ Y, ;
Yijk, = Zl:lr”’” (16.11)

Using these group means, the components of the model equation in Equation 16.3
are calculated as:

p=Y .. (16.12)

ai=Y, —-Y . (16.13)

bj=Y 4., =Y. ., (16.14)

Ck = ?k -Y .., (16.15)

dij=Yi; —Yi =Y ;i +Y . (16.16)

eie=Yik —Yi . —Y o +Y | (16.17)

i =Y jp. =Y j. =Y p +Y . (16.18)

Gijk=Yijk. —Yij, —Yip =Y jp +Y, +Y ; +Y . -Y . (16.19)
€ijoid = Yijhi — Yijk,. (16.20)

By relocating the overall mean term p from the right side of Equation 16.3 to the
left, we derive the following equation:

Yijki —k=a; +bj+ck+dij+eir~+ fin+ gijk+ €kl (16.21)

Squaring and summing across all responses for both sides of the equation, the left
side represents the total variance of the responses, while the right side decomposes into
the sum of squares (SS) for each effect. Notably, cross-product terms among distinct
effects sum to zero due to orthogonal design properties. Thus, the total variance is
additively partitioned into contributions from main effects, interactions, and random
errors. Denoting SS as the sum of squares, we have the following equations:

ny n2 N3 r

SSY =3 N >N ¥R (16.22)

i=1 j=1 k=1 I=1
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16.5 Methodology

ny N2 n3 T

SS0=3 > > > i

i=1 j=1 k=1 I=1

SST = SSY — S50,

ny ng ng T

554=3°3°3"3 a2

i=1 j=1k=1I=1

ny m2 nm3 r

ssp=3"3°3" 3w

i=1 j=1 k=1 I=1

ny m2 m3 1

ss0=33 Y Y

i=1 j=1 k=1 I=1

ny mn2 N3 T

ssaB=3°3 3>,

i=1 j=1 k=1 I=1

ny N2 n3 s

SSAC=>"3"3 "> "¢,

i=1 j=1 k=1 I=1

ni nz N3 T

SSBC=3"3"N"3N"12,

i=1 j=1 k=1 I=1

ny N2 n3 T

SSABC=3">"3"%N"g2,.

i=1 j=1 k=1 I=1

ny mn2 N3 1

SSE = ZZ Z Z € ki

i=1 j=1 k=1 I=1

So, we have:

(16.23)

(16.24)

(16.25)

(16.26)

(16.27)

(16.28)

(16.29)

(16.30)

(16.31)

(16.32)

SSY -850 = SST = SSA+SSB+SSC+SSAB+SSAC+SSBC+SSABC+SSE.

(16.33)

To quantify the contribution of each effect to the response variance, we calculate the
ratio of the specific effect’s sum of squares (SS) to the total variance (SST). By dividing
the sum of squares (SS) for each effect by its corresponding degrees of freedom (df), we
obtain the mean squares (MS). The degrees of freedom (df) for each sum of squares are

shown in Table 16.1.

We calculate the mean squares (MS) of effects as follows: So, we have:

SSA

MSA = ,
n1—1
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SS df

SSY ny Xng XngxXr
SS0 1

SST nlxngxn3><r—1
SSA np —1

SSB ng — 1

SSC ng —1

SSAB (n1 — 1) X (’I’LQ — 1)
SSAC  (ny —1) x (ng—1)
SSBC (TLQ — 1) X (n3 — 1)
SSABC (n1 — 1) X (TLQ — 1) X (n3 — 1)
SSE ny X ng X ng X (r—1)

Table 16.1: The degrees of freedom (df) for each sum of squares (SS).

MSB = 5573, (16.35)
no — 1
msc = 25¢ : (16.36)
ng — 1
SSAB
MSAB = , 16.37
(ng —1) x (ng—1) ( )
SSAC
MSAC = , 16.38
(nl—l)x(ng—l) ( )
SSBC
MSBC = , 16.39
(ngfl)X(ngfl) ( )
SSABC
MSABC = , 16.40
(nl—l)x(ng—l)x(ng—l) ( )
MSE = S5B (16.41)

ny Xng xmngx (r—1)

The F-statistic is calculated as the ratio of mean squares (MS) for any two effects
among Equation 16.34 and Equation 16.41. By comparing this ratio to the critical F-
value from the F-distribution with corresponding degrees of freedom (df), an F-test can
assess the statistical significance of the two effects. For example, we calculate F, = %—gg.
At a 0.05 significance level, we refer to the F-distribution with df; = n; — 1 numerator
and dfs = ny X ng x ng x (r — 1) denominator degrees of freedom to obtain the critical
value F, corresponding to 95% cumulative probability. If F. > F,, we conclude that the
main effect of Factor A is statistically significant relative to random errors.
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16.6 Examples: Infer the Effects of Apple Origins on Pur-
chasing Prices

We then conduct a case study on the apple purchasing price, performing ANOVA and
F-tests within the DoE framework.

Design of Experiment
Case study

The price of purchasing a box (5kg) of apples is related to the combination of
its origin and size. There are two regions of origin: Qixian County in Henan
Province (Origin 1) and Yantai City in Shandong Province (Origin 2), and
three types of size: small (Size 1), medium (Size 2), and large (Size 3). The
corresponding apple prices are shown in the table below.

We will analyze the effects of the origins and sizes of the apples on the purchas-
ing price, and determine whether the origin or the size has a more statistically
significant influence on the price. These factors and their corresponding levels
in the example will be reused throughout all chapters of Part IV.

Size 1 Size 2 Size 3
Origin 1  ¥25 ¥45 ¥50
Origin 2 ¥55 ¥65 ¥90

Table 16.2: Price of purchasing one box (5kg) of apples.

Calculation

The model equation of this example is:

Yii=p+a;+b+cij+e k.
Where g is the overall mean effect, a; is the effect of origin, b; is the effect of
size, ¢; ; is the effect of interaction between origin and size, ¢; ;1 is the effect
of random errors. In this case, the price has no chance of fluctuations, so
ei,j,k =0.
We calculate each mean as follows:

2 3
. Di1 Zj:l Yi;

Y. = ,
’ 2x3
3

V. — Zj:l Yij

2. 3 Y
2

Y . — Zi:l Yi,j

J 2 °
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Then each effect in the model equation is:

u=Y._,

a;=Y; -Y ,

bj=Y ;j-Y_,
cj=Yij—Y; —-Y ;j+Y.

We can then calculate the sum of squares of each effect as follows:

2 3
SSY = ) v = 20,500,

i=1 j=1

2 3
SS0=> "3 u* =18,150,

i=1 j=1
SST = SSY — §S0 = 2,350,

2 3
SSA=>">"al =1,350,

i=1 j=1
2 3
SSB =Y ) b7 =900,
i=1 j=1
2 3
SSAB=> "> ¢}; =100.
i=1 j=1
Factor Contribution
Origin 57.45%
Size 38.30%

Origin-Size 4.25%

Table 16.3: ANOVA of the price of a box (5kg) of apples.
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Conclusion

For this example, the degrees of freedom for each factor are shown in the
following Table.

Factor df
Origin 1
Size 2
Origin-Size 2

Table 16.4: Degrees of freedom of each factor .

Then we can calculate the mean of the square of each effect as follows:

SSA 1,350

MSA = = =1

S T . , 350,
SSB 900

MSB_be—7—450,

SSAB 100
MSAB = = — =50.
S dfab 2 o0

We compare the origin to the size for the price of purchasing a box (5kg) of
apples with a significance of 95%. The computed F-value f-compute is:

MSA 1,350
MSB 450

f-compute =

The critical value in the F-distribution with 1 numerator and 2 denominator
degrees of freedom at 95% significance is 18.51.

f-table = 18.51,
f-compute < f-table.

Therefore, at the 95% significance, we cannot conclude that origin is more
statistically significant than size for the price of a box (5kg) of apples.

16.7 Limitations

DoE is a valuable tool for analyzing the effect relationships between responses and factor
effects, enabling the calculation of the variance contribution of different factors to the
response as well as their statistical significance. However, DoE also has limitations that
researchers should be mindful of when applying it.

Firstly, DoE requires exhaustive experimentation across all experimental condition
groups composed of specific level values for each investigated factor. Without responses
from any single experimental condition group, ANOVA and F-tests cannot be conducted.
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After selecting factors and their level values, a grid can be plotted where factors represent
different dimensions, and experimental condition groups correspond to points on the grid.
During experimentation, responses measured for each experimental condition group are
then filled into their respective positions on the grid. Any missing response data at any
point on the grid precludes ANOVA and F-tests.

Secondly, as the number of factors selected in DoFE increases, the costs associated with
conducting experiments and analyzing data grow exponentially. Moreover, ANOVA and
F-tests, which require calculating the sum of squares (SSE) of responses across different
experimental condition groups, incur higher computational costs compared to methods
that simply calculate means. Consequently, the experimental costs of DoE remain a
critical factor to be balanced.

Finally, conducting ANOVA and F-tests in DoE requires testing that the corre-
sponding statistical assumptions are met, which necessitates validating whether these
assumptions hold for the response variables.

16.8 Summary

The DoE employs a model equation to characterize the effects between factors and re-
sponses. Its model equation quantifies: 1) the overall mean of all responses, 2) main
effects for individual factors, 3) factors’ interaction effects 4) random errors due to chance
fluctuations. By grouping experimental responses according to factor levels and calcu-
lating corresponding group means, component values for each model equation term can
be estimated. The SS for all modeled effects (including errors) partitions total response
variance, enabling ANOVA and an F-test to be conducted for statistical analysis.
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Randomized Controlled Trials

This chapter ! presents the basic concepts, problem statement, assumptions, principles,
methodology, and case study of Randomized Controlled Trials (in short, RCTs).

17.1 Basic Concepts

The definitions of the basic concepts are cited from the early work of RCTs [191, 141,
59, 60].

An Intervention or Treatment is the precisely defined procedure whose effects or
safety are under investigation. This can be a pharmacological agent (drug), a medical
device, a surgical technique, a behavioral therapy, an educational program, or any other
maneuver administered to participants to elicit a measurable response.

A Participant or Unit is an individual who meets the predefined eligibility criteria for
a study and is formally enrolled to undergo the investigative procedures, data collection,
and follow-up as outlined in the trial protocol.

Outcomes are quantitative metrics obtained from the participants through measure-
ments, distinct from categorical variables.

A Treatment Group is the cohort of participants who are randomly allocated to
receive the treatment, which is the primary focus of the investigation.

A Control Group is the cohort of participants who are randomly allocated to receive
a comparator against which the treatment is evaluated. This comparator can be a
placebo (an inert substance), a standard-of-care treatment, a different treatment, or no
treatment, depending on the research question and ethical considerations.

Randomization means every participant has an equal chance of being assigned to
either a Treatment Group or Control Group.

An Investigator is a qualified individual responsible for the conduct of the RCTs at a
trial site. The Principal Investigator (PI) bears the overall responsibility for the ethical
and protocol-directed execution of the study, including management of the investigative
team, and protection of participant rights and data integrity.

Mr. Chenxi Wang is the primary contributor.
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The Controlled Comparison is a fundamental methodological principle in RCTs
whereby the outcomes of the Treatment Group are systematically evaluated against
those of the Control Group. The primary objective is to isolate the causal effect of the
treatment by holding constant, through the research design, the influence of all other
extraneous variables.

A Blinding is a methodological procedure in RCTs whereby one or more parties
involved in the research are kept unaware of the treatment assignment (i.e., whether a
participant is in the Treatment Group or the Control Group). The primary purpose
is to prevent the introduction of conscious or unconscious bias that could influence the
perceived outcomes, behaviors, or interpretations of the results.

The Awerage Treatment Effect, in short ATE, is the expected effect difference in
outcomes between the Treatment Group and the Control Group. For any participant ¢,
there are two potential outcomes: the observed outcome Y;(1) if assigned to the Treat-
ment Group and the observed outcome Y;(0) if assigned to the Control Group. However,
both potential outcomes for the same participant ¢ cannot be observed simultaneously.
RCTs utilize randomization to calculate an unbiased estimator of the average treatment
effect.

The Ezternal Validity refers to the extent to which the results of RCTs can be
generalized and applied beyond the research experimental setting (to real-world setting),
and this extent can be evaluated through the correlation between RCT results and those
obtained in real-world setting.

The Internal Validity refers to the degree to which RCTs can reliably demonstrate the
results, meaning that the calculated ATE is indeed attributable to the difference between
the treatment and control procedure, rather than to other confounding factors. By
employing randomization, controlled comparison between Treatment Group and Control
Group, and blinding, RCTs ensure the internal validity.

17.2 Problem Statement

RCTs are a systematic methodology for inferring the relationship between interventions
and outcomes [191, 141].

Given a population of participants and a proposed treatment as inputs, each partic-
ipant ¢ possesses two potential outcomes, Y;(1) when receiving the treatment and Y;(0)
when receiving the control. The challenges lie in that only one of these outcomes can
ever be observed for the same participant i. Please note that in several cases, we could
observe both outcomes, as we have discussed in Section 14.

The RCTs problem could be formulated as “how to use a random mechanism (ran-
domization) to assign participants to either the Treatment Group or Control Group,
providing an unbiased estimate of the Average Treatment Effect (ATE).” The inputs
for RCTs are participants, the Treatment Group, the Control Group, and the observed
outcome in each participant. Under the constraint of randomly assigning participants
into the Treatment Group and Control Group, RCTs output the ATE.
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17.3 Basic Assumptions

Assumption 17.1 (Stable Unit Treatment Value Assumption (SUTVA) [43, 158]). The
potential outcomes for any unit or participant, e.q., an individual patient, are unaffected
by the particular treatment assignment of other units or participants. This assumption
comprises two key components:

1. No Interference: The treatment assignment of one unit does not influence the
outcome of any other unit. This ensures the independence of units, a prerequisite
for standard statistical inference.

2. No Hidden Variations of Treatment: Fach treatment regime is identical for every
unit assigned to it. There are no multiple, unspecified versions of the treatment or
control that could differentially affect the outcomes.

SUTVA is the most fundamental assumption underpinning RCTs, as it allows us to
define a unique potential outcome for each unit under each treatment state.

Assumption 17.2 (Ignorability). This assumption is also known as unconfoundedness
or exchangeability. It states that the assignment of treatment is conditionally independent
of the potential outcomes, given the observed covariates. Formally,

(Y(1),Y(0) LT | X, (17.1)

where Y (1) and Y (0) are the potential outcomes under the Treatment Group and the
Control Group, respectively, T is the treatment assignment indicator, and X represents a
vector of pre-treatment covariates. The symbol “|” is a mathematical notation denoting
“under the condition of,” and “A | B” signifies “A under the condition of B.” The symbol
“UL 7 represents “mutual independence,” with “A 1L B” indicating that “A and B are
mutually independent.”

Randomization is the physical design feature that ensures this assumption is met.
It renders the Treatment Group and the Control Group statistically equivalent, or ex-
changeable, in expectation, not only with respect to measured covariates X but also with
respect to all unmeasured factors. Consequently, any systematic difference in observed
outcomes can be causally attributed to the treatment.

Assumption 17.3 (Consistency). The observed outcome for a participant who received
a specific treatment level is precisely the potential outcome for that participant under that
same treatment level. Formally, if T; = t, then Y2 = Y;(t).

This assumption implies that the treatment is well-defined and that there is no am-
biguity in its application or measurement across all participants. It links the conceptual
potential outcomes to the actually observed data.
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17.4 Basic Principles

The primary motivation for employing RCTs lies in the need to eliminate confounding
bias by ensuring that the Treatment Group and Control Group are statistically equiv-
alent at baseline. This is achieved through the random assignment of participants to
experimental conditions, thereby ensuring that both observed and unobserved covariates
are, on average, balanced across groups.

RCTs typically involve the comparison of one or more treatment interventions against
a control condition, often incorporating blinding and placebo controls to minimize ex-
pectancy and measurement biases. The methodology is characterized by a clearly defined
protocol, prespecified outcomes, and rigorous adherence to statistical principles such as
intention-to-treat analysis. Widely applied in clinical medicine, social sciences, and pub-
lic policy evaluation, RCTs enable researchers to make high-confidence claims about the
effect of interventions under controlled and replicable conditions[191].

Randomization is the heart of the RCTs. It ensures that every participant has an
equal chance of being assigned to either the Treatment Group or the Control Group.
This is crucial because it ensures the groups are, on average, similar in every way at the
start of the study, not just in age or gender, but also in countless other factors we can’t
even measure (like genetics, diet, or natural resilience). RCTs control for other factors
(known and unknown) beyond the Treatment/Control Group through randomization,
reducing effects to a matter of chance fluctuations.

Because the groups are comparable, any significant difference in the outcome at the
end of the study can be more confidently attributed to the treatment itself, rather than
to pre-existing differences between the groups.

17.5 Methodology

17.5.1 The Average Treatment Effect Formulation

We can formally define the controlled comparison made in RCTs. The goal is to estimate
the Average Treatment Effect (ATE), which is the average causal effect of the treatment
across the entire study population.

We begin by defining the key steps in RCTs:

e Let :=1,2,..., N represent each of the N total participants in the trials.

e The treatment assignment for Participant i is denoted by T;:

_J 1, if Participant ¢ is assigned to the Treatment Group, (17.2)
’ 0, if Participant ¢ is assigned to the Control Group. '
o If T; = t, the observed outcome for Participant i (e.g., the decrease in apple

purchasing price) is denoted by Y;(¢).
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Based on the above discussion, the observed outcome for Participant ¢ depends on
the treatment assignment:

Y =Yi(T) =Ty - Yi(1) + (1 = T3) - Y;(0). (17.3)

The fundamental advantage of randomization is that it allows for a simple and pow-
erful comparison. The Average Treatment Effect (ATE) is estimated by calculating the
difference in the average outcome between the two groups:

ATE = EY;(1) - Y;(0)] = E[Y;(1)] - E[Y;(0)], (17.4)
where:

o E[Y;(1)] is the expected value (arithmetic average) of the outcomes for all partici-
pants in the Treatment Group.

o E[Y;(0)] is the expected value of the outcomes for all participants in the Control
Group.

In practice, we calculate the sample averages to estimate the ATE:

ATE = — Yi(l) — — Y;(0). 17.5
N, ZTZ;I (1) No sz;o (0) (17.5)

Where:
e Ny is the number of participants in the Treatment Group.

e Np is the number of participants in the Control Group.

° N:N0+N1

17.6 Example: Calculate the Effects of Apple Origins on
Purchasing Prices

We then conduct a case study of performing RCTs to investigate the apple origin trial
on the purchasing price.
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Randomized Controlled Trails

Case study

o Presume that 10,000 (N = 10,000) apple seeds in your study.

e You use a computer to randomly assign 5,000 (N1 = 5,000) apple seeds
for planting in Qixian County, Henan Province (Treatment Group).

o The other 5,000 (Nyg = 5,000) seeds were planted in Yantai City, Shan-
dong Province (Control Group).

After 10 years, you measure the average purchasing price per kilogram for the
apples grown in both groups.

Suppose the obtained average purchasing price per kilogram is shown in the
following Table.

Grow T, B[Vi(T)]
Treatment Group 1  ¥8/kg
Control Group 0 ¥Yl4/kg

Table 17.1: The average purchasing price per-kilogram in two trials.

Calculation
Applying the Formula to the Example:

e The average purchasing price per-kilogram in the Treatment Group
(E[Yi(1)) was ¥8/kg.

e The average purchasing price per-kilogram in the Control Group
(E[Y:(0)]) was ¥14/kg.

« Using Equation 17.5: ATE =8 — 14 = —6.

~ 7
Conclusion

This suggests apples grown in Qixian County, Henan Province had an average
purchasing price of ¥6/kg lower than that of apples grown in Yantai City,
Shandong Province. Because of randomization, we can be confident that this
difference is likely due to the origin itself and not other confounding factors.

17.7 Limitations

RCTs are widely regarded as the gold standard for establishing causal inference, yet they
are subject to several important limitations that researchers must acknowledge.
Firstly, the high costs and complex logistics associated with properly conducting an
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RCT often pose significant barriers. Implementing randomization, ensuring adherence to
protocols, and maintaining blinding over a sufficient follow-up period require substantial
financial resources, time, and operational effort, which can be prohibitive for many
research questions.

Secondly, ethical and practical constraints frequently limit the applicability of RCTs.
It is ethically impermissible to randomize participants to interventions known or strongly
believed to be harmful. Furthermore, for research on long-term outcomes or rare diseases,
it may be practically infeasible to recruit and retain an adequate sample size over the
necessary timeframe.

Thirdly, the issue of generalizability (external validity) is a critical concern. The
highly controlled conditions and specific participant population of an RCT may not
be representative of real-world settings or broader patient groups. Consequently, find-
ings from an RCT, while internally valid, may not translate directly to routine clinical
practice.

Finally, RCTs are vulnerable to specific methodological biases if not meticulously
designed and executed. These include attrition bias, if dropout rates (the proportion of
participants who leave the study) differ systematically between groups, and a failure of
blinding, which can introduce performance and detection bias. The analysis must also
adhere to the intention-to-treat principle (analyzing all participants in their originally
assigned groups regardless of what treatment they actually received) to preserve the
integrity of the randomization, which can complicate the interpretation of the actual
treatment effect received.

17.8 Summary

The RCTs are considered the gold standard for a simple reason: the design provides the
clearest possible answer to the question “What would have happened otherwise?” The
Control Group shows what happens in the absence of the intervention, and randomiza-
tion ensures this comparison is fair. While other study designs can find associations,
a well-conducted RCTs provides the strongest evidence for a causal relationship. This
makes it an indispensable tool for advancing reliable knowledge in science and medicine.
However, it is important to note that RCTs require a sufficient sample size due to ran-
domization to reliably estimate causal effects.
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Chapter 18

Quasi-experiments

This chapter ! presents the basic concepts, problem statement, assumptions, princi-
ples, methodology, and case study of the quasi-experiments.

18.1 Basic Concepts

We will reuse most concepts defined in Chapter 17, and only introduce those concepts
in quasi-experiments different from those of RCT.

A Treatment/ Controlled Group denotes the intervention or manipulation that is
applied to the participants or groups. The explicit manipulation of this variable is the
characteristic that links quasi-experimental research to real-world experiments. There
are slight differences between the concepts of Treatment/Controlled in quasi-experiments
from those of RCTs. In quasi-experiments, a control Group is frequently nonequivalent
because participants were not assigned through randomization. According to Campbell
et al. [29], “the concept of the application of an experimental mode of analysis and
interpretation to bodies of data not meeting the full requirements of experimental con-
trol because experimental units are not assigned at random to at least two ‘treatment’
conditions.” 2

Cause refers to the differences between the Treatment Group and the Control Group
in quasi-experiments on pre-existing groups, while effect refers to the differences in out-
comes between the Treatment Group and the Control Group in the context of quasi-
experiments.

Internal validity refers to the influence in a certain specific experimental instance.

Ezxternal validity refers to how the influence can be generalized to populations, set-
tings, treatments, and measurements [29].

Natural Group refers to research units that are pre-existing organizational structures
in the real world [119]. Researchers are constrained to assign the treatment to the

'Mr Hongxiao Li is the primary contributor.
2 According to the original author’s intention, the ‘two treatment conditions’ should be the treatment
group and the control group.
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entire unit because they cannot subdivide these natural groups into randomly equivalent
subgroups for either treatment or control. The use of natural grouping is a physical
constraint that necessitates a quasi-experimental approach due to selection biases from
the real world.

Confounding Variable is not strictly defined in the existing quasi-experiment studies.
According to the description of Thyer et al. [203], confounding variables are referred
to as other variables than the control and treatment, which are external and might
make changes to the outcome if left uncontrolled on the dependent variable, thereby
undermining the ability to claim a causal relationship between the treatment and the
outcome. As a limitation, a quasi-experiment cannot completely infer the causal effect.

18.2 Problem Statement

Quasi-experimental designs [150] are a research design used to estimate causal relation-
ships when random assignment of participants to experimental groups is not feasible
or ethical. Unlike RCTs, it lacks full control over variables but still compares groups
exposed to different conditions.

A quasi-experiment problem can be stated as “when a random mechanism (ran-
domization) is not available, how to estimate the Average Treatment Effect (ATE).”
Especially, quasi experiments focus on the outcome in a time period.

Same as RCTs, the inputs for quasi-experiments are participants, the treatment
group, the control group, and the observed outcome in each participant. The outputs
are the approximated effects of the Treatment Group rather than its causal effects.

18.3 Basic Assumptions

The basic assumptions of quasi-experiments are mostly the same as those of RCT, with
the two major exceptions as follows:

Assumption 18.1 (Non-independence [29]). Most quasi-experiments are conducted in
real-world scenarios, where the correlation between individuals is stronger. This makes
the assumption of no interference harder to guarantee.

Meanwhile, the implementation of treatments may vary across scenarios (e.g., the
same policy implemented in different hospitals), leading to a higher risk of violating the
requirement of no hidden treatment variation.

Assumption 18.2 (Approximate unconfoundedness [29]). There is no random assign-
ment process. The formation of Treatment and Control Groups is usually related to
individual characteristics, leading to the existence of confounding variables. So the un-
confoundedness assumption is not fully satisfied.
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18.4 Basic Principles

Quasi-experiments provide a structured framework for approximating causal effects
where randomization is infeasible or unethical. The principles of quasi-experiments ex-
plicitly distinguish between causal and associational relationships by carefully identifying
sources of variation in a way that mimics randomization. These frameworks incorpo-
rate prior domain knowledge to design and justify the selection of comparison groups,
ensuring that they approximate counterfactual scenarios. Quasi-experiments estimate
the effect of intervention by leveraging natural or real-world variations to estimate the
effects of interventions.

18.5 Methodology

Quasi-experimental designs [150] evolve from the simple before-and-after design through
the following five key strategies, each targeting specific threats to internal validity.

1. Add a non-randomized control group [150]. This method is like RCTs. However,
the partition is sometimes impossible. Therefore, a quasi-experiment setting is used.

In this and the following parts, we use Notation O to represent a measurement,
and Notation X to represent an intervention. If there are two lines, they represent two
groups. Corresponding to Notation X in a group, a blank in another group represents
a non-intervention. This method can be represented as follows:

0XO
0O O

Ezample [150]: To lower reindeer herders’ high injury rates, three geographically
divided groups were set: Group A got preventive measure letters, Group B got info from
trained health staff, and the control group got nothing.

For a pre-period (1985) and a post-period (1987), the accident rates dropped for
all: A:18.7—15.1; B:21—14.9; control:19.2—14.6. According to the standard deviation
threshold requirement, no significant group difference emerged, so the interventions were
deemed ineffective.

2. Take more measurements [150]. Instead of a single before-and-after measure-
ment, multiple baseline measurements establish a pre-intervention, and multiple post-
intervention measurements establish a post-intervention. Evaluation on several more
measurements is more reliable.

This method can be represented as follows:

0O00OX00O0

shows an example for a single before-and-after measurement and
0O000X00O0
000 00O

shows an example for multiple baseline measurements.

Ezample [150]: A food factory did safety training for two departments. It first took
3-4 weeks for safety behavior baseline checks (via checklist) for both departments. Then,
after the post-intervention, including education, safety lists, and feedback, checks contin-
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ued. The results showed safety behaviors changed after intervention in each department,
strengthening the links between interventions and behaviors.

3. Stagger the introduction of the intervention [150]. The term “stagger” means all
partitioned groups eventually receive the intervention, but at different times, with each
group serving as a comparison for others. This minimizes chronological effects: coinci-
dental events aligning with one intervention are plausible, but multiple such coincidences
are unlikely.

For instance, the interventions of salary improvement for different groups are applied
at different times. Therefore, the effects’ discrepancy of salary improvement is less
interfered with by occasional incidents, e.g., natural disasters or economic fluctuations.
This method can be represented as follows:

0O000X0O0O00O0 00O
000 O0O0O0OXO0OO0O0

Ezample [150]: The same food factory launched safety training first in the wrapping
department, then later in the make-up department. Each had baseline checks before
training. A staggered launch lets departments act as comparisons, reducing the chance
of extraneous events causing results.

4. Reverse the intervention [150]. Compare the effects of the intervention and that
after reversing the intervention. If outcomes revert to baseline levels after reversal,
the intervention’s causality is confirmed. This method eliminates chronological and
occasional threats and errors involved in the testing procedure, but it is only suitable
when the intervention is reversible. With the symbol —X standing for the reversed
intervention, this method can be represented as follows:

O000X000-X00O0

Ezample [150]: A company plans a participatory ergonomics program with task
modifications, new equipment, and worker education. To measure its impact, the coor-
dinator will compare symptoms and injuries before and after, while tracking equipment
purchases and self-reports on tasks and stressors to rule out other factors.

5. Measure multiple outcomes [150]. There are two approaches. The first one is to
add intervening outcome measures. Track implementation and short or intermediate-
term effects to distinguish between ineffective interventions and flawed implementation.
For example, a “train-the-trainer” program’s lack of injury reduction was attributed
to poor implementation rather than ineffective techniques. Second, add related but
untargeted outcomes. Measure outcomes similar to the main target but unaffected by
the intervention. This method can be represented as follows, where O1/02 stands for
two measured quantities:

01/02 X 01/0,

Ezample 1 [150]: Add intervening measures: A company’s ergonomics program
tracked ultimate outcomes (symptoms/injuries) and added checks like equipment pur-
chase records and work task reports. This helped tell if failure was from a bad program
or poor implementation.

Ezample 2 [150]: Add untargeted measures: Oil platforms tracked tong-related in-
juries (target of new equipment) and non-tong injuries (untargeted). No change in
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non-tong injuries meant that the tong injury changes were likely from the equipment.
A grocery ergonomic intervention found targeted (neck/back) discomfort dropped, but
untargeted (arm/wrist) didn’t, reducing validity threats.

Besides the above, analytical methods such as matching, propensity score, and
difference-in-differences are required to control for observable confounders as much as
possible, but unobservable confounders cannot be addressed.

18.6 Example: The Impact of Origin on Apple Purchasing
Price

Case study

This example uses the first strategy. To investigate how the apple origin in-
fluences market prices, experiments ought to be conducted across two origins
(designated as the control group and treatment group). Nevertheless, given
the insufficient sample size of the selected origins (due to policy or practical
constraints), supplementary sample data were collected both from the origins
themselves and their adjacent areas. The design leverages a natural character-
istic: for the origins with a small sample size, geographically adjacent areas
—often sharing identical climate, soil, and farming practices—can serve as
their reference. The quasi-experiment design approximately ensures that the
only systematic difference between the two groups is “origin label (X)”, while
confounding factors (A, B, C) remain balanced, where A stands for sweetness
(12, 14, 16 Brix), B stands for apple size (small, medium, large), and C stands
for shelf-life (3 days, a week, two weeks).

1. Treatment Group
- Scope: Apple growers located within 5 km of the Origin 1.
- Label: Apples are marketed with the target origin certification (X =
1).

2. Control Group
- Scope: Apple growers located within 5 km of the Origin 2.
- Label: Apples are marketed with the target origin certification (X =
2).

Table 18.6 is the price per kilogram of apples from two origins.
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18.6 Example: The Impact of Origin on Apple Purchasing Price

.

Growp T, EYi(T)]
Treatment Group 1 ¥8/kg
Control Group 0 ¥l4/kg

Table 18.1: The average apple per-kilogram purchasing price in two trials.

Before analyzing the price effect, it is necessary to verify that A, B,C are
balanced between the two groups, to rule out the impact of non-origin factors
on price.

1. Data Collection
- For each sampled apple orchard, collect 50 representative apples.
- Measure indicators: Sweetness (A, via Brix refractometer), size (B,
via single fruit weight in grams), shelf life (C, via days of normal storage
without decay).

2. Balance Test Methods
- Descriptive statistics: Calculate the mean, standard deviation, and
median of A, B, C' for both groups.
- Statistical significance test: Use an independent samples t-test to ver-
ify that the mean difference of A, B, C between the two groups is not
statistically significant (standard threshold: p-value > 0.05).
- Distribution visualization: Draw kernel density plots for A, B, C’; over-
lapping curves indicate balanced distributions.

After confirming the balance of confounding factors, the effect of origin (X)
on purchase price (Y) is calculated through direct comparison:

1. Price Data Collection
- Track the same batch of merchants to collect on-site purchase prices
of apples from both groups.
- Record Y as the unit price of apples meeting the same basic quality
standards.

2. Effect Calculation
1. Calculate the average purchase price of the treatment group (Y1) and
the control group (Yp).
2. Compute the effect: Effect =Y; — Yy =8 — 14 = —6.
Explanation: The value represents the additional price brought by the
“target origin label”, as confounding factors (A, B,C) have been bal-
anced by geographic matching.

157



Chapter 18 Quasi-experiments -158 -

The result reports apples grown in Origin 1 had an average purchasing price of

¥6/kg lower than that of apples grown in Origin 2. Therefore, it is confident
that this difference is likely due to the origin itself and not other confounding
factors.

18.7 Limitations

The primary limitation of quasi-experiments is the lack of internal validity, let alone
external validity. The lack of internal validity comes from the following multiple factors.

1. Lack of randomization: In quasi-experiments, objects are not randomly assigned
to Experimental and Control Groups. Grouping is based on pre-existing conditions as
a weak substitute. This lack of randomization leads to selection bias, where systematic
differences between the groups may exist independently of the Treatment and Control.

2. Effect of confoundings: Without full control over the experimental environment,
other confoundings may simultaneously interfere with both the independent and depen-
dent variables, masking or exaggerating the true effect of the independent variable.

3. History effects: As quasi-experiments are often deployed in real-world scenarios,
some external events that occur during the study can influence the dependent variable,
regardless of the experimental treatment. These events can confound the results. For
example, a policy intervention during a specific period might be interfered with by
simultaneous economic changes.

18.8 Summary

Quasi-experiment is a research design that approximates the methodological rigor of
a true experiment. Quasi-experiments enable researchers to approximate the effects
of the Treatment group. This distinguishes them from purely observational studies,
as quasi-experiments often involve deliberate manipulation of an independent variable
or exploitation of natural interventions. Although a quasi-experiment is useful in social
science and some other fields, its limitations of internal validity and generalization failure
are inherent. The approximated effects are not a rigorous causal effect.
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Chapter 19

Structural Causal Model

This chapter ! presents the basic concepts, problem statement, assumptions, princi-
ples, methodology, and case study of the structural causal model (in short, SCM).

19.1 Basic Concepts

Endogenous variables are the observed variables of interest.

Ezxogenous variables originate outside the model and are not influenced by any other
variables within the system..

A directed acyclic graph (DAG) is a representation used in graph theory where nodes
represent variables and directed edges represent causal directionality [202, 12]. The
graph must be acyclic, meaning no path of arrows can lead back to a node already
included in that path. The absence of an arrow between two variables constitutes an
empirical assumption.

An intervention is mathematically formalized using the do(X = z) operator, which
refers to a physical action setting the variable X to a fixed value x in its value range. Pearl
et al. first formalized this concept in the definition of Causal Bayesian Network [139].
Deleting the structural equation for X and replacing it with the fixed value equation
X = z in the original SCM, noted as M, results in a modified sub-model M,.

Causal effect is defined as the probability distribution P(Y = y|do(X = x)), which
is the distribution of Y in sub-model M,. This concept is implicitly defined by Pearl et
al. [139] in the original text as: “A causal structure or relationship or mechanism serves
as a blueprint for forming a ‘causal model’ — a precise specification of how each variable
is influenced by its parents in the DAG.”

A direct cause is implied by a direct causal relationship X — Y that exists if X is a
parent of Y in the causal graph and appears as an argument in the structural equation
for Y. This relationship quantifies the causal effect of X on Y, asserting that a change
in X results in a corresponding change in Y regardless of the values taken by other
variables in the model. The variable Y is called the effect of X in this context [139, 141].

!The primary contributor is Mr. Hongxiao Li.
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A potential cause X of Y is defined graphically, where X is an ancestor node of Y,
meaning a directed path exists between them. Operationally, X is considered a cause of
Y if the intervention do(X = x) alters the probability distribution of Y, P(Y |do(X = x)),
thus allowing for the inference of relationships that remain invariant under external
change.

The following is the original formalization of Pearl et al. [139]:

“A variable X has a potential causal influence on another variable Y (that is inferable
from P) if the following conditions hold:

1. X and Y are dependent in every context.
2. There exists a variable Z and a context S such that:

(i) X and Z are independent given S (i.e., X 1L Z | S). The notation Ll means
independent.

(ii) Z and Y are dependent given S (i.e., Z )L Y | S)” The notation )/ means
dependent.

Counterfactual refers to the value Y “would have taken” under a hypothetical con-
dition X = z, are defined using the intervention sub-model M, [139] by Pearl et al.
The counterfactual Yz (u) with background factors U = u is defined as the value of Y
computed in the sub-model M,: Y, (u) £ Yay, (u). This formulation means that the prob-
ability of a counterfactual P(Y, = y) is the probability assigned to the set of variables
U that satisfy Yas, (u) = y. The symbol £ is used for definition.

19.2 Problem Statement

SCM [89, 141] is a foundational statistical and conceptual framework that uses causal
graphs and structural equations to represent and infer causal relationships between vari-
ables. This approach is widely used in fields such as epidemiology, economics, computer
science, and social sciences for tasks like causal discovery, mediation analysis, and policy
evaluation.

The SCM problem could be stated as “how to model the causal mechanisms under-
lying a system in what formal language to enable the estimation of causal effects that
go beyond mere correlational patterns observed in data.”

The inputs to this problem consist of a DAG encoding the causal structure, and
a distribution over exogenous noise variables. The output is the estimation of causal
effects among those inputs. The constraints require that the graph must be acyclic, each
variable has a unique structural equation, and exogenous noise terms satisfy specified
independence assumptions.

19.3 Basic Assumptions

The structural causal model method relies on the following three assumptions.
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Assumption 19.1 (Causal DAG [139]). It is assumed that the causal relationships
between variables can be represented by a DAG, and the graph is acyclic (i.e., no variable
can influence itself through a causal path).

SCMs are represented using a directed acyclic graph (DAG), where:

e Nodes represent variables.
e Directed edges represent causal relationships.

Assumption 19.2 (Structural Equations [139]). It is assumed that each variable X; is
determined as a function of its direct causes (parents in the DAG) and an independent
noise term U;:

Xi = fi(Pa(X;),Uy), (19.1)

where:
o Pa(X;) represents the direct causes (parents) of X; in the DAG.
e fi is a deterministic function describing how X; depends on its parents.
o U; is an independent noise term capturing exogenous influences.

Assumption 19.3 (Causal Markov Condition [78, 139]). It is assumed that each variable
X, is conditionally independent of its non-descendants (any other variables) given its
parents in a causal DAG:

X, 1L Non-Descendants of X; | Pa(X;). (19.2)

This assumption allows the global probability distribution to be factorized based on the
local causal relationships.

19.4 Basic Principles

SCM provides a formal language for encoding causal assumptions, deriving causal infer-
ences, and quantifying the effects of interventions. SCM moves beyond purely statistical
associations by explicitly incorporating causal knowledge through a structured system
of equations and a corresponding graphical representation.

The formal language explicitly distinguishes between causal and associational re-
lationships, encodes prior domain knowledge into the structure of causal graphs where
edges represent direct causal effects, defines and computes counterfactuals through inter-
ventions that simulate external manipulations of variables, and answers “what-if” ques-
tions. These frameworks typically involve a set of structural equations that quantify how
each variable is determined by its direct causes and unobserved noise terms, which cap-
ture unmeasured factors and random variation, while also clarifying the distinction be-
tween confounding variables that affect both cause and effect and mediators/moderators
that transmit or modify causal effects within a coherent causal hierarchy.
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19.5 Methodoology

In this section, big letters stand for spaces and small letters stand for the element in the
spaces.

19.5.1 Abilities of SCM
SCM is formalized using a triple (V, W, F'), where:

e V is a set of endogenous variables.

o W is a set of exogenous variables, which are not caused by any variable in V.

e I is a set of functions f1, fo, -+, fn that assign each variable v; € V a value
based on the values of its causal parents and an exogenous variable W;, i.e., v; =
fi(pai, w;).

It provides the following abilities.

o FExplicit Causal Assumptions: The graphical model forces researchers to make their
causal assumptions transparent and testable. The implications of these assump-
tions (e.g., conditional independencies) can then be checked against the data.

e Handling of Confounding: SCM provides a clear framework for defining, identify-
ing, and adjusting for confounding variables, which are common sources of bias in
observational studies.

o Unification of Concepts: SCM unifies concepts from statistics, graph theory, and
potential outcomes into a single coherent framework, facilitating a deeper under-
standing of causality.

o Counterfactual Reasoning: It provides a formal semantics for answering counterfac-
tual questions, which are central to explanation, attribution, and legal reasoning.

19.5.2 Fundamental Methodology

Basic Equations: The core of an SCM is its structural equations. For each endogenous
variable V;, we have:
Vi == fi(PA;, Wy), (19.3)

where PA; are the direct parents of v; in the graph and W; is an exogenous variable. The
assignment operator := signifies a causal assignment, not just a mathematical equality.

The do-operator and Intervention: The effect of an intervention that sets a variable
X to a value x is represented by the do-operator, do(X = z). This operation modifies the
SCM by replacing the structural equation for X with the equation X = x. The resulting
probability distribution, denoted as P(Y|do(X = z)) or P.(y), is the interventional
distribution.
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Identification Condition: A central question in SCM is whether a causal effect,
P(Y|do(X = z)), can be uniquely determined from the observed data distribution and
the causal graph G. This is the problem of identification. A key identifiability result is
the back-door criterion: if a set of variables Z satisfies the back-door criterion relative
to (X,Y) (i.e., Z blocks all back-door paths from X to Y and contains no descendants
of X), then the causal effect is identified by the adjustment formula:

P(Y|do(X =) =Y P(Y|X =2,Z =2)P(Z = 2). (19.4)

The formula represents the causal effect of an intervention do(X = z) on Y. It can be
interpreted as a weighted sum over all possible values of the mediator variable Z. The
formula is composed of two parts:

1. P(Y|X = z,Z = z): The conditional probability of ¥ given X =z and Z = z.

2. P(Z = z): The natural distribution of Z without any intervention.

This formula shows that the causal effect P(Y|do(X = x)) can be computed by
adjusting for the mediator Z. It is commonly used in causal inference to estimate
intervention effects.

Another powerful identifiability tool is the front-door criterion, which can be used
even in the presence of unmeasured confounders.

If there is no confounding variables that have paths to both X and Y, we call paths
from X to Y textitfront-door paths. In this case, adjustment on variable Z is not
feasible because it changes the distribution of X and Y. In this case, the causal effect is
computed with the following formula according to the total probability theorem:

P(Y|do(X =) =P(Y|X =) =Y P(Y|X =2,Z=2). (19.5)

19.5.3 Procedures

Evaluations using the SCM method follow the following six steps. The fifth step is
essential.

1. Define the Problem: Define the research problem, factors, and causal assump-
tions.

2. Construct a Causal Graph: Use a DAG to represent causal relationships among
variables, marking confounders.

3. Determine Identifiability: Check if causal effects can be estimated.
4. Data Processing: Collect data and handle missing values, outliers, etc.

5. Causal Inference: Compute causal effect using the structure formula, for exam-
ple 19.4 or 19.5.

6. Validation and Interpretation: Assess the reliability of results and get conclu-
sions.
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19.6 Example: The Impact of Apple Origins on Purchasing
Prices

Structural Causal Model

Case study

In agricultural economic research, identifying the true effect of product ori-
gin on market prices is crucial for guiding production layout and optimizing
resource allocation. However, this causal inference is often complicated by
multiple non-independent influencing factors, such as the intrinsic quality at-
tributes of agricultural products. This example focuses on the causal effect
of apple origin (X) on purchase price (Y). Other influencing factors include
sweetness (A), apple size (B), and shelf life (C'), where A, B, and C are not
mutually independent. Table 19.6 is the price of apples for different variable
values.

Variables (12,4,3) (12,4,7) (12,6,3) (12,6,7) (14,4,3) (14,4,7) (14,6,3) (14,6,7)
Price 1 ¥5 ¥6 ¥9 ¥10 ¥7 ¥9 ¥10  ¥16
Price 2 ¥11  ¥I13  ¥16 ¥16 ¥13  ¥I16 ¥I8  ¥19
Rarity 1 0.25  0.25 0.2 0.1 0.05 005 005 0.5
Rarity 2 0.2 0.2 0.2 0.15 0.1 0.05 003  0.07

Table 19.1: The price (in Yuan(¥)) and rarity (denoted with probability
weight) of apples from two origins. “Variables” stands for (Brix, kg, days).

o FEndogenous Variables: Variables influenced by other variables within
the model.

— X (Apple Origin): 1 = target origin, 0 = other origins;

Y (Apple Purchase Price): Continuous variable (unit: e.g.,
yuan/kg);

— A (Apple Sweetness): Continuous variable (unit: e.g., Brix value);

B (Apple Size): Continuous variable (unit: e.g., diameter in mm
or weight in g per fruit);

C (Apple Shelf Life): Continuous variable (unit: e.g., days).
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e FEzxogenous Variables: Variables not influenced by model-internal vari-
ables, serving only as inputs.

— Wx (Unobserved factors for X): e.g., trace elements in soil of the
origin, climate stability;

— Wy (Unobserved factors for Y): e.g., short-term capital pressure
of buyers, sudden market demand;

— W4 (Unobserved factors for A): e.g., genetic differences of apple
tree varieties, sunlight duration during growth;

— Wpg (Unobserved factors for B): e.g., rainfall during growth, uni-
formity of fertilization;

— We (Unobserved factors for C): e.g., preliminary processing after
picking, storage conditions before transportation.

o Structural Functions (F): Define causal relationships between endoge-
nous variables, reflecting non-independence among A, B, and C.

X = fx(Wx)

A= fa(X,Wy)

B := fp(X, A, Wp)

C = fc(A,B,W¢)

Y = fy(X,A,B,C,Wy)

The causal relationships between multiple variables in this example is pre-
sented in Figure 19.1.

Calculation

o Front-Door Paths: Including all paths from X to Y. The causal flows
between them include: X - A - B - C - Y; X —- B; A — C;
X —>Y;, A—=Y; B— Y. All exogenous variables W point to their
corresponding endogenous variables (e.g., W4 — A).

o Condition Satisfaction: Compute with all concerning variables
{A, B,C} (sweetness, size, shelf life).
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1. There are no back-door paths from X to Y, therefore non-causal
associations are not involved;

2. There are no ancestors of X in endogenous variables (ancestors
refer to variables that can influence X. A, B, and C are influenced
by X, not influencing X);

3. Thus, the interventional distribution P(Y = y | do(X = =z)) is
identifiable.

o Interventional Distribution: Calculate the distribution of purchase price
under a specific origin (do(X = x)) with formula 19.5 and without
cutting-off the paths between X and Y

P(Y = y | do(X = ))
:ZIP’(Y:y|X:x,A:a,B:b,C’:c)

a,b,c

Since A, B, and C' are not independent, the joint probability P(A, B, C)
is used instead of the product of their marginal probabilities.

o Average Treatment Effect (ATE): Measures the average causal effect
difference of “target origin” vs. “other origins” on purchase price:

ATE = E[Y | do(X = 1)] — E[Y | do(X = 0)]

o Calculation: Substitute the concrete values into ATE to get a com-
putable expression:

ATE =

Y EY |X=1A=aB=0bC=

a,b,c

—Y EY |X=0,A=0a,B=bC =
a,b,c

=(5x025+6x0254+9x%x0.2+10x0.14+7x0.054+9 x 0.05
+10 x 0.054 16 x 0.05) — (11 x 0.2+ 13 x 0.2+ 16 x 0.2 4+ 16 x 0.15
+ 13 x 0.1 4+ 16 x 0.05 4 18 x 0.03 4+ 19 x 0.07)

=—6.72
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Conclusion

The ATE quantifies the average causal effect of apple origin on purchase price.
By computing with the mediator variables (sweetness A, size B, and shelf life
(), this effect excludes the interference of confounding factors and only reflects
the true impact of “different origins” on the purchase price. The result reports
apples grown in Origin 1 had an average purchasing price of ¥6.72/kg lower
than that of apples grown in Origin 2. Therefore, it is confident that this
difference is likely due to the origin itself and not other confounding factors.

Figure 19.1: The causal relationship model between multiple variables in this example.

19.7 Limitations

SCM is a robust framework for understanding and analyzing causal relationships. How-
ever, SCM has the following limitations.

Firstly, it completely relies on the correctness of the causal assumptions as a DAG. If
the assumptions are incorrect or not confident, the resulting conclusions may be invalid
or misleading.

Secondly, SCM also requires sufficient background knowledge to justify the causal
structure, as the evaluation results of SCM cannot specify the true causal-effect rela-
tionship.

Thirdly, SCM often necessitates large datasets, particularly in complex models with
many variables. Measurement error or unobserved confounding can further compromise
the validity of SCM results, as the framework assumes that all relevant variables are
correctly measured and included.

Lastly, the computation will be cost-consuming or even infeasible when dealing with
high-dimensional data or when attempting to estimate effects in a complicated DAG.
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19.8 Summary

Structural causal model is a comprehensive framework for representing and analyzing
causal effects among variables. SCM extends traditional statistical association analysis
by introducing a framework that represents causal relationships through a system of
structural equations and a corresponding graphical model. This framework is applied in
fields such as epidemiology, economics, computer science, and social sciences for tasks
including causal discovery, mediation analysis, and evaluation of intervention effects. The
limitations of SCM is the high cost of data collecting and the unreliable assumptions
and causal diagrams.
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Chapter 20

Structural Equation Model

This chapter ! presents the basic concepts, problem statement, assumptions, princi-
ples, methodology, and case study of the Structural Equation Model (in short, SEM).

20.1 Basic Concepts

Observed Variables are the variables whose values can be directly obtained in a study [96],
such as survey responses, test scores, or any other quantifiable data points. In SEM, they
serve as the observed indicators, that is, the observed variables at the statistical level,
for latent variables, and their sample covariance matrix provides the empirical basis for
a model estimation.

Latent Variables are unobserved variables that can only be inferred indirectly from a
theoretical model [96]. They usually represent unobservable constructs, such as psycho-
logical traits (e.g., motivation, intelligence) or sociological concepts (e.g., social influence,
group norms).

Factor. In SEM, the factor represents the latent variable at the statistical level and
is identified through its systematic relationships with observed indicators [96].

Ezogenous Variables are “given from the outside [96],” and serve as the theoretical
model’s inputs or causes. They can be observed or latent variables and may co-vary with
each other. They influence endogenous variables.

Endogenous Variables are “accounted for by the model [96].” Their variance is ex-
plained by other variables within the model. They can be observed or latent variables.

Factor Analysis aims to describe the covariance relationships among many variables
in terms of a few underlying factors. [95]

A Measurement Model is a model linking latent variables to their observed indica-
tors [21]. It specifies how each latent variable is operationally defined and measured. The
measurement model in SEM is essentially a confirmatory factor analysis that specifies
how observed variables reflect their underlying latent variables.

!The primary contributor is Dr. Lei Wang.
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Confirmatory Factor Analysis (CFA) “deals specifically with measurement models—
that is, the relationships between observed measures or indicators, e.g., test items, test
scores, behavioral observation ratings, and latent variables or factors [24].”

Path Analysis is a statistical method that estimates effects among a set of observed
variables based on a hypothesized causal structure, which is visually represented in a path
diagram where unidirectional arrows denote the theorized directional influences [218].

A Structural Model specifies the hypothesized causal relationships among variables,
particularly between latent variables [96]. In this context, causal relationships refer to
the directional influences where changes in an independent variable are theorized to
produce changes in a dependent variable. A structural model is a broader conceptual
framework that generalizes and extends the principles of path analysis.

A Theoretical Model is a formal specification of hypothesized relationships, which is
defined by a measurement model and a structural model.

20.2 Problem Statement

SEM [96, 207, 87, 5, 101] is a powerful statistical technique that allows researchers to
analyze complex relationships between variables. SEM is widely used in fields requiring
multivariate analysis, especially in the behavioral sciences, where it is used to model
psychological, social, and economic constructs.

SEM is a general method for estimating the unknown coefficients in a set of linear
structural equations [96]. The SEM problem could be stated as “how to create and
validate a theoretical model that includes multiple abstract concepts (latent variables)
and their complex causal relationships based on observable data.” SEM operationalizes
the theoretical model by estimating parameters to quantify the direction and strength
of influences, illustrating how exogenous variables affect endogenous variables. Specifi-
cally, it simultaneously addresses two questions: “How to accurately measure abstract
concepts?” and “What are the causal network relationships between these concepts?”

This problem can be further formulated as a detailed analysis problem. It begins with
two primary inputs: the empirical data, which consist of measurements of the observed
variables (e.g., survey responses or test scores), and the theoretical model specification.
The theoretical model specification articulates the hypothesized relationships using the
fundamental concepts of SEM: it defines the latent variables (unobservable constructs)
and links them to their observed variables (indicators), while also positing the causal
network between exogenous variables (the external inputs or causes, which can be ob-
served or latent) and endogenous variables (the outcomes whose variance is explained
by the model). The model is subject to five key constraints, as detailed in Section 20.3.
Then, the core task of SEM is to estimate the unknown coefficients in this system of
linear structural equations, testing how well the specified model explains the observed
data.
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20.3 Basic Assumptions

Assumption 20.1 (Independence of Measurement Errors). The error terms associated
with the observed indicators have an expected value of zero, are uncorrelated with each
other, and are uncorrelated with the latent constructs they are intended to measure.

Assumption 20.2 (Multivariate Normal Distribution). The observed variables exhibit
a multivariate normal distribution.

Assumption 20.3 (Linearity). SEM typically assumes linear relationships across its
components, including linear associations between latent variables and their observed
variables, as well as between latent variables themselves.

Assumption 20.4 (Independence of Structural Residuals and Exogenous Variables).
The structural disturbance terms (errors in equations) have an expected value of zero
and are uncorrelated with the exogenous latent variables in the model.

Assumption 20.5 (Model Identification). The model must be identified, meaning that
there is a unique set of parameter values consistent with the population covariance matrix
of the observed variables.

20.4 Basic Principles

Structural Equation Modeling (SEM) is a statistical framework that combines Confirma-
tory Factor Analysis (CFA) and Path Analysis to test theoretical models by evaluating
the fit between the covariance structure predicted by the model is represented by its co-
variance matrix. and the covariance structure observed in empirical data. SEM allows
for the simultaneous estimation of both measurement and structural components, pro-
viding a comprehensive view of the relationships between latent and observed variables.

A Measurement Model defines how latent variables are measured by observed indica-
tors. CFA is used to validate the hypothesis that a set of observed variables represents
an underlying concept. The Structural Model specifies the causal relationships between
latent variables or between latent and observed variables. The structural models di-
rect and indirect effects in a way that is similar to a system of simultaneous regression
equations, allowing for complex interdependencies.

A key strength of SEM is its ability to account for measurement error, unlike tradi-
tional regression models that assume independent variables are measured without error.
SEM incorporates error terms for both latent and observed variables, resulting in more
accurate and unbiased estimates.

The parameters of the SEM include factor loadings (coefficients that measure the
strength and direction of a latent variable’s influence on its observed indicators), path
coefficients (coefficients that represent the strength and direction of the direct influence
of one variable on another), variances (primarily including the variances of exogenous
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variables, residuals, and measurement errors), and covariances (mainly referring to the
associations between exogenous variables, which are often standardized into correlation
coefficients for interpretation).

To estimate these parameters, SEM relies primarily on statistical estimation methods
that compare the hypothesized model with the observed covariance matrix of the data.
The most commonly used method is Mazimum Likelihood (ML) estimation, which seeks
parameter values that maximize the likelihood of observing the data given the assumed
model structure. The fit between the hypothesized model and observed data is tested
using statistical indices such as the chi-square test (x?), Comparative Fit Index (CFI),
Root Mean Square Error of Approximation (RMSEA), and Standardized Root Mean
Square Residual (SRMR).

20.5 Methodology

The SEM methodology involves a process, beginning with the formal specification of the
model, followed by parameter estimation, and concluding with model evaluation.

SEM is formally represented by a set of linear equations, which are typically divided
into two components:

Measurement Model. The measurement component specifies how the latent vari-
ables are reflected in the observable indicators. Formally, the relationships for exogenous
and endogenous measurements are given by:

x = A€+, (20.1)

y=Ayn+e (20.2)

where x denotes the observed indicators associated with the exogenous latent variables
&, and y denotes the observed indicators associated with the endogenous latent variables
1. The matrices A, and A, represent the corresponding factor loadings, while ¢ and ¢
capture measurement errors for x and y, respectively.

Structural Model. The structural component characterizes the causal relations among
the latent variables. Specifically, the endogenous latent variables are determined by both
other endogenous factors and the exogenous inputs:

n=Bn+T&+(, (20.3)

where 1 represents the vector of endogenous latent variables and £ denotes the exogenous
latent variables. The matrix B captures the regression relations among endogenous
variables, whereas I' represents the effects of exogenous variables on endogenous ones.
The term ¢ accounts for structural residuals(disturbances) not explained by the model.

These equations form the foundation of SEM, enabling the simultaneous modeling of
the measurement structure of latent constructs and the structural (causal or associative)
relationships among them.

172



<173 - 20.6 Example: Calculate the Effects of Apple Origins on Purchasing Prices

The primary method for estimating parameters in SEM is Maximum Likelihood (ML)
estimation, which assumes that the observed variables follow a multivariate normal dis-
tribution. ML estimates model parameters—such as factor loadings, path coefficients,
variances, and covariances—by minimizing the difference between the observed sample
covariance matrix and the covariance matrix implied by the hypothesized model. Under
the assumption of multivariate normality, ML provides efficient and unbiased parameter
estimates.

The ML estimation method also generates key goodness-of-fit indices that help test
how well the model reproduces the observed data structure. After estimating the model,
researchers evaluate its overall fit using a combination of goodness-of-fit indices. While
the Chi-square (x?) statistic tests the exact fit between the observed and model-implied
covariance matrices, it is highly sensitive to sample size and is therefore interpreted cau-
tiously. More practically, researchers rely on absolute fit indices (e.g., RMSEA, SRMR)
and incremental fit indices (e.g., CFI) to test model adequacy. Commonly used fit
criteria include:

o CFI (Comparative Fit Index): Values greater than 0.90 are generally regarded as
indicative of an acceptable model fit, whereas values exceeding 0.95 denote a good
fit.

e RMSFEA (Root Mean Square Error of Approzimation): Values below 0.08 typically
indicate an acceptable fit, while those below 0.05 reflect a close or good fit.

e SRMR (Standardized Root Mean Square Residual): Values below 0.08 are com-
monly interpreted as indicative of an acceptable fit.

These indices should be interpreted in combination, taking into account model complex-
ity, theoretical expectations, and sample characteristics.

20.6 Example: Calculate the Effects of Apple Origins on
Purchasing Prices

This example uses a hybrid SEM approach to explore how the apple origins influence
the purchasing price through key quality characteristics. We employ a mixed-variable
design where an origin is modeled as a latent construct, while apple characteristics and
prices are directly observed. This approach balances methodological rigor with practical
interpretability.
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Structural Equation Model
Variable Specification

The model uses a combination of latent and manifest variables based on agri-
cultural measurement standards:

e Origin (OR): Latent variable representing regional cultivation advan-
tage, measured by 3 observed indicators:

— ORI1: Climate suitability (1-5 scale, 5 = most suitable for apple
growth)

— OR2: Soil organic matter content (g/kg, 15-25 g/kg = optimal
range)

— OR3: Average annual temperature (°C, 8-12 °C = ideal for sugar
accumulation)

Sweetness (SW): Observed variable measured in Brix (continuous):

— Typical range: 10-16 Brix for commercial apples

Size (SI): Observed variable (continuous):

— Typical range: 120-220 g for commercial apples

Shelf Life (SL): Observed variable measured in days (continuous):
— Typical range: 3-14 days under normal temperature storage
o Purchasing Price (PP): Observed variable measured in ¥ /kg:

— Directly observed market transaction price

Note: In the path model, SW, SI, SL, and PP function as endogenous vari-
ables (being influenced by other variables), while OR serves as the exogenous
latent variable.

Theoretical Framework and Hypotheses

Based on agricultural economics research, we hypothesize that superior origin
conditions directly enhance apple quality attributes, which in turn increase
market value. The proposed causal pathways are:

OR — SW, OR—SI, OR—SL
SW — PP, SI— PP, SL— PP
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Theoretical Rationale:

 Better origin conditions (optimal climate, soil, temperature) promote
sugar accumulation (1 sweetness), fruit development (1 size), and struc-
tural integrity (1 shelf life)

e Higher quality attributes command price premiums in the market due
to consumer preferences for sweeter, larger, and longer-lasting apples

e Origin may also exert a direct price effect through regional branding
and reputation effects

\.

Model Specification

1. the Measurement Model (for the only exogenous latent variable Origin):

OR1 = Aor1OR + dor1, (Aor1 =1, marker variable for identification)
OR2 = A\or20OR + doRr2
OR3 = Aor3OR + doRr3

where A\ = factor loading, § = measurement error. The outcome of the mea-
surement model—the factor scores of the latent variable Origin (OR)—is
computed and subsequently treated as observable data within the structural
model for the estimation of path coeflicients and future predictions.

2. the Structural Model (path analysis among all variables):

SW = 5OR+ (3 (Origin — Sweetness)
(20.4)

SI = B30R + (s (Origin — Size)
(20.5)

SL = 30R + (3 (Origin — Shelf Life)
(20.6)

PP =~ OR+ 7SI+ v3SW + v SL + (4 (Total effects — Price)
(20.7)

where 3, v = path coefficients, ( = structural disturbances.

\.
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Parameter Estimation and Model Identification

Estimation Results (hypothetical but realistic parameters based on agricul-
tural research):

¢ Measurement model parameters:

Aor1 = 1.00 (fixed for identification)
Aor2 = 0.75, Aors = 0.68 (freely estimated)
Var(dor1) = 0.20, Var(dogre) = 0.25, Var(dogrs) = 0.30

¢ Structural model parameters:

By =0.55, fBy=048, B3=0.62
71 =025, =030, 73=035 ~i=0.20

All parameters are statistically significant at p < 0.05, supporting the hy-
pothesized relationships.

\. J

Numerical Prediction Example

This example demonstrates how the model can be used for prediction. With
estimated parameters, the structural equation for price is:

PP =0.25x OR+0.30 x ST +0.35 x SW +0.20 x SL + ¢4
For apples with specific quality attributes:
SW =14 Brix, SI =165g9, SL =7 days

For a region with above-average origin conditions (where the origin condi-
tion score, OR = 3.8, is calculated as a weighted combination of the region’s
OR1, OR2, and OR3 values, with the weights determined by the measurement
model parameters), the predicted price component derived from observed fac-
tors is:

PP=025x38+030x1+035x14+020x7
=0.95+ 0.30 + 4.90 4+ 1.40 = 7.55 ¥ /kg

Accounting for unmodeled factors (¢4 = —1.05), the final predicted price is:

PP =17.55—1.05=6.50 ¥/kg
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Effect Decomposition Analysis

We decompose the total effect of the apple origins on the purchasing price to
quantify mediation pathways.
1. Indirect effects:

Through sweetness: (1 X v3 = 0.55 x 0.35 = 0.1925

Through size: (2 X 792 = 0.48 x 0.30 = 0.1440

Through shelf life: 3 x 74 = 0.62 x 0.20 = 0.1240
Total indirect effect: 0.1925 4 0.1440 + 0.1240 = 0.4605

2. Direct effects :
Direct effect = v1 = 0.25

3. Total effect:
Total effect = Direct + Indirect = 0.25 + 0.4605 = 0.7105

Based on the standardized results, the total effect of origin advantage (OR)
on price (PP) is 0.7105. This means that when OR increases by one stan-
dard deviation, PP increases by 0.71 standard deviations on average. The
direct effect is 0.25, and the indirect effect is 0.4605—mediated through sweet-
ness (0.1925), size (0.1440), and shelf life (0.1240)——corresponding to a direct
share of 35.2% and an indirect share of 64.8%.Figure 20.1 is the graphical
representation.

\.

Model Fit and Validation

Goodness-of-Fit Indices (hypothetical results):

e x%/df = 2.15 (acceptable: < 3.0)
o CFI = 0.94 (good fit: > 0.90)

« RMSEA = 0.06 (good fit: < 0.08)
o SRMR = 0.05 (good fit: < 0.08)
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Origin
Sweetness Size Shelf Life

\

/

Purchasing Price

Figure 20.1: SEM path diagram for apple pricing model

In summary, this example demonstrates SEM’s applicability in agricultural price
analysis—Dby standardizing indicators (10-16 Brix sweetness, 120-220g size, 3-14 day
shelf life), the model’s results are more actionable for producers and marketers. The im-
pact decomposition clarifies that the apple origin influences the purchasing price mainly
through improving sweetness. This insight can help regions focus on sugar accumulation
techniques to enhance apple market value.

20.7 Limitations

SEM is a powerful tool. However, SEM has limitations that researchers must consider.
It generally requires many assumptions to be satisfied, including linearity, normality,
and independence of errors. It also generally requires a large sample size, especially for
complex models, as small samples can lead to unreliable results. Model misspecifica-
tion can also produce misleading conclusions, emphasizing the importance of grounding
model design in theoretical and empirical evidence. Furthermore, SEM can be computa-
tionally intensive, particularly when incorporating nonlinear relationships or categorical
variables, necessitating robust software and computational resources. Lastly, while SEM
can identify associations between variables, it does not inherently establish causality, so
causal inferences should be made cautiously.

20.8 Summary

Structural Equation Model (SEM) is a powerful tool used to analyze complex rela-
tionships in multivariate data. It allows researchers to model latent variables, handle
measurement errors, and examine the structure of relationships across various fields,
such as psychology, sociology, education, and marketing. SEM is particularly useful for
understanding how multiple variables interact simultaneously, making it invaluable in
the behavioral sciences. However, it is essential to pay close attention to model spec-
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ification, data quality, and sample size to avoid common pitfalls such as overfitting or
misspecification.
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Chapter 21

The Potential Outcome Theory

This chapter ! presents the basic concepts, problem statement, assumptions, princi-
ples, methodology, and a case study of the potential outcome (PO) theory.

21.1 Basic Concepts

A Unit refers to “physical objects at particular points in time, e.g., plots of land, indi-
vidual people, one person at repeated points in time” [158].

A Treatment represents the intervention or condition assigned to a unit, often denoted
by a binary indicator T, where T' = 1 denotes the active treatment and 7" = 0 the control
treatment [158]. Generally, PO uses treatment to denote “active treatment” and control
to denote “control treatment,” respectively [158].

An Assignment Mechanism refers to “a probabilistic model for the treatment each
unit receives as a function of covariates and potential outcomes” [158].

A Covariate represents “a variable that takes its values before the treatment as-
signment or cannot be affected by the treatment, such as the sex of the unit [158].
Covariates are also called pretreatment variables [155].

A Posttreatment Variable refers to “the variables describing experimental units that
might be recorded after the assignment of treatment [155]” These variables may be
influenced by the treatment itself or by other post-assignment factors. For example, in
an agricultural experiment where the treatment is the use of a specific fertilizer, the
chlorophyll content or fruit size measured at harvest would be posttreatment variables,
since they are recorded after the fertilizer has been applied [155].

A Mediator is a specific type of posttreatment variable that not only occurs after the
treatment but also transmits part of the treatment’s causal effect to the outcome [157].
Formally, for each unit i, let M;(t) denote the potential outcome of the mediator under
treatment level ¢, and let Y;(¢, m) denote the potential outcome as a function of both the
treatment ¢ and the mediator m. Under this framework, the natural direct effect (NDE)

!The primary contributor is Dr. Wanling Gao.
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and natural indirect effect (NIE) are defined as [140, 157]:
NDE = E[Yi(1, Mi(0)) — Yi(0, Mi(0))), (21.1)

NIE = E[Y;(1, Mi(1)) — Yi(1, M;(0))]. (21.2)

The mediator thus represents a causal pathway through which the treatment influences
the outcome, beyond the direct effect of treatment itself.

PO refers to the outcome that would be observed for a unit at a particular point in
time after a specific action (i.e., treatment or control). Specifically, Y (1) represents the
PO under the active treatment and Y (0) under the control treatment. Only one of these
outcomes can be observed in reality, depending on the treatment actually received [158].

A Counterfactual refers to the unobserved potential outcome for a unit under a
treatment condition different from the one it actually received. Since each unit can
experience only one treatment state, the counterfactual outcome remains unobserved and
represents the core challenge of causal inference, estimating what would have happened
under the alternative treatment scenario.

Causal Effects are defined as “comparisons of POs under different treatments on a
common set of units [158].”

21.2 Problem Statement

This section first illustrates the fundamental problem of causal inference under the PO
framework and then describes its problem formulation.

21.2.1 Fundamental Problem of Causal Inference: Missing Data Prob-
lem

A crucial implication of this framework is that causal inference is inherently a missing
data problem [89]: for each unit, at most one of the potential outcomes is observed, while
the other remains counterfactual. This creates the central challenge of causal inference
—how to estimate treatment effects when one of the outcomes is always unobserved.

More fundamentally, at any given time point, a unit cannot simultaneously both
receive and not receive a treatment, nor can it be exposed to multiple alternative treat-
ments at once. Only one realized path is observed, while all other potential outcomes
remain unobserved counterfactuals. Although a unit can indeed receive different treat-
ments across different time periods, the states of the unit are not interchangeable across
time. Outcomes at later time points may be influenced not only by the treatment as-
signed at that time, but also by earlier interventions or by evolving characteristics of
the unit itself. For example, if a patient takes a drug at time ¢, the observed effect at
time ¢t 4+ 1 may reflect not only the drug’s direct causal impact, but also prior exposures,
accumulated biological responses, or progression of the underlying disease. These time-
varying factors act as confounders, complicating the attribution of observed differences
solely to the treatment of interest.
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21.2.2 Problem Statement

Given a population of observational or experimental units, each of which can receive one
of several treatment conditions (7' € {0,1}), let Y;(1) and Y;(0) denote the potential
outcomes that unit ¢ would exhibit under the treatment and control conditions, respec-
tively. For each unit, only one potential outcome can be observed, depending on the
treatment actually assigned, while the other remains unobserved.

The unknown quantity is the unobserved potential outcome for each unit, which
prevents direct observation of the individual-level treatment effect (Y;(1) — ¥;(0)). This
limitation defines the core challenge of the potential outcome framework: the impossi-
bility of simultaneously observing both potential outcomes for the same unit.

The PO problem is stated as “how to infer or estimate the causal effect of the treat-
ment on the outcome based on observed data comprising the treatment assignment,
covariates, and realized outcomes.” It begins with one primary input: the observed
data, consisting of the realized outcome for each unit together with its treatment as-
signment and pre-treatment covariates. The model is subject to a set of well-established
constraints as detailed in Section 21.3 that govern the relationship between the potential
outcomes, the assignment mechanism, and the observed data. Given these ingredients,
the core task of causal inference under the potential outcomes framework is to identify
and estimate causal estimands—such as the average treatment effect (ATE) or related
population-level contrasts—using only the observed data together with the assumptions
encoded in the PO. The framework thereby provides a disciplined way to formalize what
aspects of the causal effect are identifiable and to what extent the observed data support
inferences about the unobserved potential outcomes.

Inputs. The observed data D consist of
D= {(1/;0]357711.’)(1‘) ?:17 (213)

where T; € {0,1} is the treatment assignment and X; denotes pre-treatment covariates.

Outputs (Causal Estimands). The target quantities are causal effects defined in
terms of the joint distribution of the potential outcomes, including;:

ATE: E[Y;(1) — Y;(0)], (21.4)

ATT: E[Y;(1) - Yi(0) | Ti = 1], (21.5)

and covariate-conditional effects such as the CATE,

(@) = E[Yi(1) = Yi(0) | X; = al. (21.6)

Constraints (Assumptions). The PO is subject to three key constraints, as detailed
in Section 21.3.
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21.3 Basic Assumptions

To make causal effects identifiable and estimable, the PO framework relies on three
foundational assumptions:

Assumption 21.1 (Stable Unit Treatment Value Assumption (SUTVA) [43, 158]. ). A
fundamental assumption in causal inference is SUTVA. Each unit’s PO depends only on
its own treatment status; there is no interference between units [43, 158], and treatments
are well-defined. This principle ensures that PO is well-defined and comparable across
units. It consists of two essential components: (1) no interference between units, and
(2) no hidden versions of treatments [158].

First, the no-interference condition requires that the treatment assigned to one unit
does not alter the PO of another. Consider, for example, the evaluation of a personalized
recommendation system in an online learning platform. If we assume that the courses
recommended to Student A do not influence Student B’s learning outcomes, then this
part of SUTVA is satisfied. In practice, however, this assumption may fail. Suppose the
platform has limited seats in certain courses; if Student A is recommended and enrolls
in a popular class, Student B may be excluded from it, thereby indirectly affecting B’s
outcome. In such settings, interference needs to be explicitly addressed to avoid biased
causal estimates.

Second, the assumption that there is no hidden version of treatments requires that
each treatment level be uniquely and consistently defined. If we define the treatment
as “participating in a training program,” it is crucial that this program is homogeneous
across participants. If some trainees attend a three-day workshop while others undergo
a three-month intensive curriculum, then the label “training” actually corresponds to
multiple distinct interventions. In this case, potential outcomes cannot be uniquely
mapped to a single treatment level, violating SUTVA. A common strategy to resolve
this issue is to refine the definition of treatment—distinguishing, for instance, between
“short-term training” and “long-term training,” so that each POS corresponds clearly to
a well-defined intervention.

In summary, SUTVA provides the conceptual clarity needed for defining and estimat-
ing causal effects. Without it, the PO may be confounded by interference across units
or ambiguities in treatment definitions. Although in many applied settings SUTVA may
only hold approximately, recognizing its role and limitations is an indispensable step in
credible causal inference.

Assumption 21.2 (Ignorability (Unconfoundedness) [151, 154] ). Conditional on ob-
served covariates X, treatment assignment is independent of potential outcomes (Y (0),Y (1))

(Y(0),Y(1)) LT | X. (21.7)

This assumption is the cornerstone for establishing causality from observational data.
The symbol | ” is a mathematical notation denoting “under the condition of,” and “A | B”
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signifies “A under the condition of B.” The symbol “IL” represents “mutual indepen-
dence,” with “A 1L B” indicating that “A and B are mutually independent.” The formula
asserts that, once we account for (or condition on) all relevant pre-treatment covariates
X, the mechanism that determines whether a unit receives the treatment (T = 1) or
control (T = 0) becomes independent of what the outcomes would have been under either
scenario. In essence, after controlling for X, the treatment groups are comparable, and
any remaining difference in outcomes can be attributed to the treatment itself. This is
equivalent to saying there are no unmeasured confounders: all common causes of T and
Y are captured in X.

Consider an online learning platform assessing the effect of a new premium interactive
module (T = 1) versus the standard module (T = 0) on final exam scores (Y ), where
students self-select into the premium module. The ignorability assumption requires that
we can measure all covariates X (e.g., prior GPA, time spent on the platform, past
quiz scores) that influence both a student’s decision to enroll and their eventual exam
score. If this assumption holds, then among students who are identical on these measured
covariates X, choosing the premium module is as good as a random assignment. This
allows for a fair comparison, as the groups are balanced with respect to both observed
and, critically, any unobserved factors that are correlated with the observed X.

Assumption 21.3 (Positivity (Overlap) [151]). For all possible values of covariates X,
the probability of treatment assignment is strictly between 0 and 1:

O<PT=1|X)<1. (21.8)

This ensures sufficient overlap in covariate distributions between treatment and control
groups. In the online learning platform example, this assumption requires that for every
student profile (e.g., all ranges of prior achievement levels), there exists a non-zero
probability of both enrolling and not enrolling in the new module. If the platform restricts
module access based on certain criteria (e.g., prohibiting low-performing students from
enrolling), the assumption is violated for the affected subpopulations, rendering causal
inference infeasible in those strata due to a lack of counterfactual data.

These assumptions provide the theoretical scaffolding that allows researchers to link
observed or experimental data to causal effects.

21.4 Origin of Ideas

PO, also known as the Neyman-Rubin Causal Model (NRCM), is one of the most influ-
ential paradigms in modern causal inference. Its intellectual roots trace back to Jerzy
Neyman (1923) [183, 156], who first introduced the concept of PO in the context of
randomized experiments in agricultural research.

In his 1923 doctoral thesis, Jerzy Neyman introduced the notion of “potential yields”
to analyze agricultural field experiments. He imagined that for each plot of land, we
could think of the potential yield that would result if that plot were planted with each of
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the different varieties. In reality, however, only one crop variety can actually be planted
on a given plot, so we only get to observe one of these potential yields. The other yields
remain unobserved. This way of thinking —that each unit (in this case, each plot of
land) has multiple possible outcomes, only one of which is realized depending on the
treatment it receives (which crop is planted) —is the basic idea behind the modern PO
framework.

Neyman then asked a practical question: if we want to compare the average yields of
two varieties, how do we calculate the uncertainty (variance) of that comparison, given
that we cannot observe all the potential yields?

Neyman derived a formula for the variance of the difference between the observed
averages. This variance depends not only on the variability of yields across plots but
also on the correlation r between the potential yields of the two varieties on the same
plot. Here, r represents how similarly the two varieties would have performed on the
same piece of land if each had been planted. The challenge is that r cannot be directly
observed—since a plot can host only one variety—so it introduces uncertainty into the
variance estimate.

To address this uncertainty, Neyman adopted a conservative strategy, setting » = 1.
While this assumption may appear counterintuitive, it functions as a principled lower-
bound estimate for the variance. Specifically, the variance of the difference between the
sample means of two varieties can be expressed as

2 2
Var(Y; — Ys) = g% 27“0102, (21.9)
p1 P2 p

where 0? and o3 are the variances of the potential yields for the two varieties, 7 is the
correlation between their potential yields on the same plot, and p is the number of plots.
The corresponding standard error (SE) is given by

SE = {/Var(Y; — Y3), (21.10)

and the t-statistic for testing the difference in means is

‘ Estlmategé)lﬁerence . (21.11)

Since r is unobservable, setting r = 1 maximizes the covariance term 2roj0y/n, which
in turn reduces the subtracted portion in the variance formula and thus yields a larger
estimated variance. A larger variance increases the standard error, producing a more
conservative t-statistic. This ensures that the comparison does not overstate significance:
if the observed difference is non-significant, one can be reasonably confident that the
lack of effect is genuine, minimizing the risk of false-positive conclusions. Conversely,
any significant finding should still be interpreted with caution, acknowledging that the
true correlation may differ from the assumed upper bound.

This idea of “potential yield” was Neyman’s original way of formalizing the fact that
outcomes depend on the treatment assigned. Decades later, Donald Rubin (1972 [154],
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1974, 1978 [155], 2004 [157], 2005 [158], 2006 [159]) reformulated and generalized this
concept under the name PO, which has since become the foundation of modern causal
inference. Rubin’s contribution transformed Neyman’s idea into a general statistical
methodology for causal reasoning, applicable well beyond randomized trials.

21.5 Basic Principles

Rubin elegantly reframes this causal inference issue as a systematic attempt to recover or
approximate these missing counterfactuals through careful design, appropriate modeling,
or both.

In Rubin’s formalization, each unit ¢ in a study is associated with a pair of potential
outcomes: (Y;(1),Y;(0)), where Y;(1) represents the outcome if the unit receives the
treatment, and Y;(0) represents the outcome if the unit does not. The observed outcome
is given by:

Y, = TYi(1) + (1 - T)Yi(0), (21.12)
where T; € {0,1} is the treatment assignment indicator.

This representation makes explicit the fact that only one of the two outcomes can
ever be observed for each unit. The causal effect at the individual level is thus defined
as the Individual Treatment Effect:

7 = Y;(1) - Y;(0), (21.13)

while population-level effects, such as the Average Treatment Effect (ATE), are defined
as:

r=E[Y(1) - Y(0)]. (21.14)
Since individual effects are generally unidentifiable, most analyses focus on population-

level averages such as the ATE, or subgroup-level effects like the Conditional Average
Treatment Effect (CATE).

21.6 Methodology

Within the PO framework, the estimation of causal effects proceeds from the fundamen-
tal problem of missing counterfactuals—only one of Y;(1) or Y;(0) is observable for each
unit ¢. Therefore, the methodological focus lies in constructing valid comparisons that
approximate the distribution of the missing PO.

The methodology [155, 160, 154] for estimating causal effects can be broadly divided
into two settings: randomized experiments and observational studies.

21.6.1 Randomized Experiments

In a randomized experiment, treatment assignment T; is independent of potential out-
comes (Y;(1),Y;(0)). This design guarantees the condition of ignorability by construc-
tion:

(Y(1),Y(0)) 1L T. (21.15)
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Under this setting, unbiased estimation of the average treatment effect (ATE) can be
achieved directly through sample means:

Fare = Yr—1 — Yr—o, (21.16)

where Yr_; and Yy_g are the sample averages of observed outcomes in the treated
and control groups, respectively. The randomization ensures that differences in sample
means consistently estimate E[Y (1) — Y (0)] without further adjustment. The sampling
variance can be estimated using standard methods for independent samples, allowing for
inference through confidence intervals and hypothesis testing.

21.6.2 Observational Studies

When randomization is not possible, treatment assignment may depend on pre-treatment
covariates X. In this setting, unbiased estimation requires conditioning on X to recover
the independence between treatment and potential outcomes:

(Y(1),Y(0)) L. T | X. (21.17)

The estimation then proceeds by comparing treated and control units with identical or
similar covariate values.
Several classical estimation strategies fall under this approach:

(a) Covariate Adjustment (Regression Estimation)

A parametric model is specified for the conditional expectation of Y given T and X:
EY |T,X]=a+ 1T+ f(X), (21.18)

where f(X) captures the effect of covariates. The coefficient 7 provides an estimate of
the causal effect, assuming the model is correctly specified and ignorability holds.

(b) Matching Estimation

Units in the treatment and control groups are paired based on similarity in X, thereby
approximating the counterfactual outcomes. The causal effect is estimated by averaging
outcome differences across matched pairs:

. 1
Tmatch = Ni Z (Y; - 1/}(@)), (2119)
i€T=1

where j(i) denotes the matched control unit for treated unit i. Matching directly im-
plements the principle of comparing “statistical twins” under equivalent covariate con-
ditions.
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(c) Propensity Score Methods

Rubin and Rosenbaum [151] introduced the propensity score—the probability of receiving
treatment given covariates:

e(X)=P(T=1]X). (21.20)

Conditioning on e(X) rather than X itself preserves the ignorability property:
(Y(1),Y(0) L T|e(X). (21.21)
This allows estimation through several equivalent procedures:

o Stratification or subclassification: dividing the sample into strata based on esti-
mated propensity scores and computing within-stratum mean differences;

o Weighting: using inverse probability weighting (IPW) to balance covariate distri-
butions between groups;

e Matching: pairing treated and control units based on the estimated propensity
score.

Each approach produces an unbiased estimate of E[Y (1) — Y'(0)] under correct specifi-
cation of e(X).

21.6.3 Inference and Uncertainty Estimation

Uncertainty in estimated causal effects arises from both sampling variability and the esti-
mation of counterfactuals. Standard errors are computed under the assumption of inde-
pendent units, and Rubin proposed using repeated sampling logic [156] or the Bayesian
posterior variance [155, 158] to quantify uncertainty. In Bayesian implementations, the
PO and parameters are treated as random variables, and the posterior distribution of
the causal effect provides direct probabilistic statements about uncertainty.

21.6.4 Censoring and Principal Stratification

In many empirical studies, especially in biomedical, social, and economic research, causal
inference is complicated by the fact that some post-treatment outcomes may be undefined
for certain units. This situation, often referred to as censoring or truncation, occurs
whenever the measurement of the outcome of interest is not possible for all units due to
intermediate events, which may include death, dropout, non-response, or other absorbing
events [159]. Such censoring violates the standard potential outcome assumption that
both potential outcomes, Y;(1) and Y;(0), are well-defined for every unit i.

To address this problem, Rubin [159] introduced the framework of principal stratifica-
tion, which defines causal effects within subpopulations (principal strata) characterized
by the joint potential outcomes of the intermediate post-treatment variable. Let S;(1)
and S;(0) denote the potential outcome of an intermediate variable under treatment
and control, respectively. The pair (S;(1),S5;(0)) defines principal strata that classify
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units according to how the intermediate event would manifest under both treatment
conditions.
For example, if the intermediate variable is survival, the strata are:

Always-survivors:  S;(1) =1, S;(0) =1,
Protected: Si(1) =1, S;(0) =0,
rotecte (1) (0) (21.22)
Harmed: Si(1) =0, S;(0) =1,
Never-survivors:  S;(1) =0, S;(0) = 0.

In general, causal effects on the post-treatment outcome Y are only well-defined for
units in strata where Y;(1) and Y;(0) are both defined. For the survival example, this
corresponds to the always-survivors stratum, and the stratum-specific causal effect is:

ras = E[Yi(1) = Y;(0) | 5i(1) = Si(0) = 1. (21.23)

Since stratum membership (S;(1), S;(0)) is never fully observed (each unit experiences

only one treatment level), estimation requires assumptions or auxiliary information.

Covariates predictive of stratum membership can be used in modeling approaches to infer

causal effects probabilistically, for example via Bayesian or likelihood-based methods.
Key considerations in this framework include:

o Stratum-specific estimands: When post-treatment outcomes are undefined for part
of the population, the overall average treatment effect (ATE) may not be well-
defined. Researchers should specify the principal stratum of interest.

o Separating effects: Treatments may affect both the intermediate variable (e.g., sur-
vival or censoring event) and the post-treatment outcome. Principal stratification
conceptually disentangles these effects, though identification often requires strong
assumptions.

In practice, inference often involves joint modeling of the intermediate variable and
the outcome, or sensitivity analyses to assess the robustness of conclusions under alter-
native specifications of unobserved strata.

In summary, censoring due to any intermediate post-treatment event poses chal-
lenges for causal inference under the PO framework. Principal stratification provides a
coherent approach to define and estimate causal effects within well-defined subpopula-
tions, preserving the logic of PO while acknowledging the limits of identifiability in the
presence of post-treatment truncation.

21.6.5 Summary

In summary, the PO methodology defines causal effects as contrasts between well-defined
potential outcomes and provides a coherent framework for estimating these effects un-
der both randomized and non-randomized designs. Through conditioning, matching, or
weighting, it reconstructs the missing counterfactuals under explicit assumptions, yield-
ing interpretable and statistically principled estimates of causal effects. Its strength
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lies in its conceptual clarity: it separates the definition of causality from the estima-
tion procedure, ensuring that all empirical analyses remain grounded in a transparent
counterfactual logic.

By framing causal inference as a missing data problem governed by clear assumptions,
the PO framework provides a unifying statistical paradigm. RCTs naturally satisfy the
ignorability assumption by design, while observational studies require careful adjustment
strategies—such as matching, regression, propensity scores, or instrumental variables,
which are discussed in Chapter 22—to approximate randomization. This versatility
explains why the PO framework has become the dominant language of modern causal
inference, offering both clarity in conceptual reasoning and rigor in statistical estimation.

21.7 Example: Infer the Effect of the Apple Origins on the
Purchasing Prices

This example reformulates the apple purchasing price problem under the PO framework
originally proposed by Neyman (1923) and Rubin (1974). The goal is to estimate the
causal effect of apple origin (PL) on the purchasing price (APP) of apples, both directly
and indirectly through key mediating characteristics: sweetness (SW), size (AS), and
shelf life (SL).

Units, Treatment, and Potential Outcomes

Each apple batch or shipment represents a distinct unit i« € {1,2,...,N}. The
treatment variable PL; denotes the origin status of apples, representing whether
they come from a favorable cultivation region (e.g., advantageous climate or soil).
For simplicity, we assume two treatment levels:

PL; € {0,1}, 0 = less favorable origin, 1 = favorable origin.
For each unit 4, the PO for purchasing price is defined as:
Yi(PL;) = Purchasing price that would be observed if treatment = PL;.
However, only one of these potential outcomes is observed:
YO = Y(PL),

while the counterfactual outcome Y;(1 — PL$*) remains unobserved.
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Mediators and Outcome

To capture the mechanisms through which the apple origin influences the purchasing
price outcome, we define a vector of mediating variables for each unit:

M; = (SW;, AS;, SL;),

corresponding to sweetness, size, and shelf life.
Each mediator is itself affected by the treatment, and thus has its own potential
outcomes:

SWi(PL;), AS;(PL;), SL;(PL;).
The PO for purchasing price can therefore be represented as:
Y;(PL;, M;(PL;)),

indicating that the apple origins may influence purchasing price both directly (via
PL;) and indirectly (via M;).

Causal Estimands

Within the PO framework, the Average Treatment Effect (ATE) of the apple origin
on the purchasing price is defined as:

ATE = E[Y;(1) — Y;(0)],

which represents the expected causal effect on the purchasing price when switching
from a less favorable to a favorable origin.

To decompose this total effect into direct and indirect components, we define the
Natural Direct Effect (NDE) and Natural Indirect Effect (NIE) as:

NDE = E[Y;(1, M;(0)) — Yi(0, M;(0))],

NIE = E[Y;(1, Mi(1)) — Yi(1, M;(0))].

- The NDE measures how the price would change if the treatment changed, but
mediators were fixed at their counterfactual values under the less favorable origin. -
The NIE measures how the price changes solely due to treatment-induced changes
in mediators, holding the treatment level fixed.
By definition:

ATE =NDFE+ NIFE.
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Covariates and Assignment Mechanism

We denote X; as a vector of pre-treatment covariates (e.g., production scale, harvest
period, market conditions) that may confound the treatment—outcome relationship.
The assignment mechanism P(PL; = 1 | X;) governs how treatment is assigned
given these covariates. Proper adjustment for X; ensures that the causal estimands
are identifiable under standard assumptions.

Assumptions for Identification

Identification of ATE, NDE, and NIFE requires the following PO assumptions:

o Stable Unit Treatment Value Assumption (SUTVA): Each unit’s PO depends
only on its own treatment and mediators, implying no interference between
units and no multiple treatment versions:

Y;(PL;, M;(PL;)) and M;(PL;) are well-defined for all 1.

o Ignorability (Unconfoundedness): Conditional on covariates X;, treatment as-
signment is independent of PO and mediators:

(Yi(1), Y;(0), M; (1), M;(0)} 1L PL; | X;.

e Positivity: Fach treatment level occurs with positive probability given the
covariates:
0<PPL,=1]X;) <1

Numerical Illustration

Assume a binary treatment scenario with hypothetical means calibrated from agri-
cultural data:

E[Y;(1)] = 6.8 ¥/kg, E[Y;(0)] =6.1 ¥/kg.

Then:
ATE =6.8—-6.1 =0.7 ¥/kg.

Further decomposition yields:
NDE =0.25 ¥/kg, NIE =0.45 ¥ /kg.

Thus, about 64% of the total effect is mediated through improvements in sweetness,
size, and shelf life, while 36% reflects the direct effect attributable to origin-specific
market advantages.
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Interpretation

The PO framework explicitly distinguishes potential outcomes from observed out-
comes, enabling formal reasoning about counterfactuals—for example, the purchas-
ing price an apple batch would have had if grown in a different origin.

This causal decomposition clarifies that:

e The direct effect captures regional or brand-related advantages associated with
favorable origins;

o The indirect effect captures quality improvements—greater sweetness, larger
size, and longer shelf life—induced by better cultivation conditions.

Overall, even under identical market conditions, transitioning to a favorable origin
raises average apple prices by approximately 0.7 ¥ /kg, primarily through mediator-
driven quality effects.

21.8 Limitations

The PO framework provides a rigorous foundation for defining and estimating causal
effects. However, several limitations should be acknowledged.

First, the framework relies on key identification assumptions, such as ignorability (no
unmeasured confounding), positivity, and the Stable Unit Treatment Value Assumption
(SUTVA), which are often untestable in practice. Violations of these assumptions, for
instance, due to hidden confounders or interference between units, can lead to biased
causal estimates.

Second, PO-based analyses are typically data-intensive: reliable estimation of coun-
terfactual quantities requires large and well-balanced samples, particularly when the
treatment or mediator is continuous or high-dimensional.

Third, while the framework conceptually separates treatment, outcome, and covari-
ates, it cannot on its own determine the correct causal structure; misspecifying covariates
or mediators may distort the estimated causal effects. Furthermore, estimation of indi-
rect (mediated) effects introduces additional assumptions, such as sequential ignorability,
that are even harder to verify empirically.

Finally, although the PO framework offers a precise language for causal reasoning, it
does not itself provide causal identification without strong assumptions or experimental
control. Therefore, causal interpretations under the PO framework should always be
supported by substantive theory, domain knowledge, and sensitivity analyses.

21.9 Summary

The Potential Outcome framework is a fundamental approach for defining and estimat-
ing causal effects. It formalizes causal questions by comparing outcomes that would
be observed under different treatment conditions, thereby reframing causal inference as
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a missing-data problem. The Potential Outcome approach is especially powerful be-
cause it connects causal reasoning to explicit assumptions, such as consistency, SUTVA,
and ignorability, that are required to recover unobserved counterfactuals from available
data. When applied carefully, it enables researchers to quantify causal effects, evaluate
treatment strategies, and understand heterogeneity across populations. Nevertheless,
rigorous causal inference within this framework depends critically on study design, as-
sumption validity, and the quality of observed covariates. Violations such as unmeasured
confounding, interference, or selection bias can compromise the interpretation of esti-
mated causal effects. Thus, while the Potential Outcome framework provides a robust
theoretical foundation for causal analysis, its practical success requires disciplined im-
plementation and careful attention to methodological detail.
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Chapter 22

Instrumental Variables

This chapter ! presents the basic concepts, problem statement, assumptions, princi-
ples, methodology, and case study of the instrumental variables (in short, IV).

22.1 Basic Concepts

An Outcome Variable (Y ) is the dependent variable whose causal relationship with the
endogenous variable X under investigation [217].

An Endogenous Variable (X ) is the independent variable presumed to have a causal
impact on an outcome variable Y [217].

Ordinary Regression is a statistical method that fits a linear relationship between
the explanatory variable and the outcome variable by minimizing the sum of squared
differences between observed and predicted values of the outcome variable [53]. Ordinary
regression is typically estimated using ordinary least squares. In IV, the endogenous
variable X is the explanatory variable, and Y is the outcome variable.

Endogeneity refers to the situation where an explanatory variable in a statistical
model is correlated with the error term [217]. For instance, endogenous explanatory
variable X may be correlated with unobserved confounders, causing endogeneity [141].

An IV (Z) serves to isolate the component of variation in the endogenous variable
X that is exogenous to the outcome variable Y, and the IV must also be independent
of any unobserved confounders [141].

22.2 Problem Statement

IV is a statistical method commonly used in econometrics and data analysis to esti-
mate causal relationships, particularly when conducting controlled experiments is not
feasible [217, 149, 166, 141].

The IV problem could be stated as “how to address the endogeneity in estimating
the causal influence of variable X on variable Y, formally expressed as Y = a+ X +¢€.”

!The primary contributor is Dr. Lei Wang.
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Endogeneity arises when X is correlated with the error term ¢, leading to biased and
inconsistent estimates of 3.

The input to the IV problem consists of observed data on the endogenous variable
X, the outcome Y, and a proposed IV Z. A valid solution critically depends on whether
Z satisfies three key constraints, detailed in Section 22.3. When these constraints are
met, the output of the IV procedure is a consistent estimate of the causal parameter 3.

22.3 Basic Assumptions

Assumption 22.1 (Relevance). An IV Z must be correlated with the endogenous vari-
able X. That is, the IV must have a non-zero impact on X (the IV must shift X
significantly).

Assumption 22.2 (Exogeneity). An IVZ must be uncorrelated with the error term.
This ensures that the variation in X induced by Z is exogenous and does not suffer from
the same bias as the endogenous variable X .

Assumption 22.3 (Exclusion Restriction). An IV Z must only influence the outcome
Y through its influence on X and should have no direct influence on Y. If Z directly
affects Y, then the estimate of the causal influence will be biased.

22.4 Basic Principles

IV provides a powerful solution to the problem of endogeneity in causal inference. En-
dogeneity arises when an explanatory variable X is correlated with the error term in a
regression model, leading to biased estimates of its causal effect on an outcome Y. A
primary source of endogeneity is confounding—when unobserved variables U influence
both X and Y, creating a spurious association. The IV method addresses this by in-
troducing an instrument Z that serves as an exogenous source of variation. As shown
in Figure 22.1, the core idea is to use a IV Z that is correlated with the endogenous
variable X but independent of the confounders U, and that affects the outcome Y only
through X.
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. a

4 X 4

Figure 22.1: The IV framework: An IV Z addresses endogeneity by providing exogenous
variation in X. Z is independent of confounders U [141].

The most common implementation of IV is two-stage least squares. This procedure
involves two stages:

o Flirst stage: The endogenous variable X is regressed on the IV Z (and any other
exogenous controls) to obtain its predicted values, X.

o Second stage: The outcome Y is regressed on the predicted values X. This step
isolates the component of X that is driven by the exogenous IV, thereby purging
the bias caused by confounders U.

While confounding is a major application, IV methods are also essential for address-
ing other forms of endogeneity, including;:

o Measurement error: When X is measured with error, leading to attenuated esti-
mates.

o Simultaneity (reverse causality): When X and Y mutually influence each other.

e Omitted variables: A general case encompassing confounding, when any unobserved
factor affects both X and Y.

Historical applications—from John Snow’s investigation of cholera transmission to
Philip Wright’s analysis of supply curves—demonstrate how well-chosen IV can uncover
causal relationships [141]. In summary, the IV framework provides a rigorous approach
for causal estimation in non-experimental settings. However, its validity critically de-
pends on satisfying the core assumptions of IV relevance, exogeneity, and the exclusion
restriction. Violations of these assumptions can lead to misleading conclusions, necessi-
tating careful design and testing.

22.5 Methodology

The basic model of IV is a regression model. Suppose we have a regression model where
Y is the dependent variable, X is the endogenous explanatory variable, and Z is IV.
The basic model we wish to estimate is:

Y =B+ BiX +e (22.1)
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e Y: The outcome variable.

e X: The endogenous explanatory variable.

e fBo: Intercept term, representing the expected value of Y when X = 0.

e f(1: The coefficient of X, representing the impact of a one-unit change in X on Y.

e ¢: Error term, representing all factors or random errors not explained by X.

However, due to endogeneity (i.e., X is correlated with the error term ¢), we cannot
directly estimate ;. To address this issue, we introduce an IV Z, which is correlated
with X but uncorrelated with e. The standard estimation procedure of IV is two-stage.

Stage 1: Regressing the Endogenous Explanatory Variable In the first stage,
we predict X using Z, i.e., the regression:
X =my+mZ +u. (22.2)
e X: The endogenous explanatory variable.
o« Z: 1V.
e mo: Intercept term, representing the expected value of X when Z = 0.

e 71: The coefficient of IV Z, representing the impact of a one-unit change in Z on
X.

e wu: Error term, representing the part of X not explained by Z.

The goal of this regression is to explain the variation in X through IV Z.

Stage 2: Using the Predicted Values for Regression In the second stage, we
replace X with the predicted value X obtained from the first stage regression (which is
a linear combination of Z), and then estimate the relationship between Y and X:

Y =Bo+ X + v (22.3)
e Y: The outcome variable.

e X: The predicted value of X obtained from the first-stage regression, which is a
linear combination of Z.

e f[o: Intercept term, representing the expected value of Y when X =o.

e f(1: New regression coefficient, representing the impact of the predicted XonYin
the second stage regression.

e v: New error term, representing the random error component in the second-stage
regression, which is uncorrelated with e.

Since X is predicted using Z and Z is not correlated with €, this second stage regression
provides a consistent estimate of (1.
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22.6 Example: Infer the Effect of the Apple Origins on the
Purchasing Prices

This example illustrates the application of the IV method to address endogeneity arising
from an wunobserved confounder. We aim to estimate the causal effect of the apple
origin on the purchase price. The primary source of endogeneity is unobserved consumer
perception (e.g., the belief that local apples are fresher or higher quality). This perception
influences both the likelihood of an apple being marketed as local and the price consumers
are willing to pay. Since we cannot measure this perception directly, we use an IV to
isolate exogenous variation in origin.

o Y: purchase price (per kilogram, in ¥).

e X: Apple origin (binary variable, 0 = other regions, 1 = local origin). This is
the endogenous variable.

e Z: Agricultural policy for subsidized farming (binary variable, 0 = no policy,
1 = policy in place). This is an IV.

e U: Unobserved consumer perception of local produce quality.

Hypothetical Data

We collected data from 1,000 apple shipments.

e Y: Apple purchase price ranges from 5.00 to 15.00 ¥ /kg.
e X: Apple origin is 0 (Other regions) or 1 (Local).
o Z: Agricultural policy is 0 (No policy) or 1 (Policy in place).

Assume the following sample data: - 500 samples from the apples from the other
regions (X = 0) - 500 samples from the locally grown apples (X = 1) - 60% of
the samples (600 shipments) are from the regions subject to the agricultural policy
(Z=1)

Problem Setup: Unobserved Confounding

We wish to estimate the causal model:

Y =0 +/X+e

where the error term e contains the unobserved consumer perception U. This creates
endogeneity because U influences both X (Apple origin) and Y (Purchasing price),
leading to a correlation between X and e. For example, regions with strong positive
perception (U) will have more local apples (X) and higher prices (Y), creating a

199



Chapter 22 Instrumental Variables -200 -

spurious correlation. An ordinary least squares regression of Y on X would yield a
biased estimate of ;.

An IV Solution

We introduce an IV Z, an agricultural subsidy policy (the government program
that reduces the cost of local agricultural production to encourage local farming),
to resolve the endogeneity. The validity of Z rests on two assumptions:

e Relevance: The policy Z directly influences the apple origin X. Subsidies
lower the cost of local production, making it more likely for apples to be
grown and sold locally (X = 1). Hence, Z is correlated with X.

e Ezxclusion Restriction: The policy Z affects the purchasing price Y only
through its effect on the supply of local apples X. The policy itself is un-
related to unobserved consumer perception U, and does not directly affect
market prices other than by shifting the origin composition.

IV provides a source of exogenous variation in X that is independent of the con-
founder U.

Two-Stage Least Squares Implementation

Stage 1: Isolating Exogenous Variation in the Apple Origins
In the first stage, we regress the endogenous variable X on the IV Z. This isolates
the variation in the apple origin that is driven solely by the exogenous policy:

X = mo + mZ; + uy,

where X; indicates the local origin (1) or not (0), and Z; indicates the presence of
the policy (1) or not (0). The regression is estimated using ordinary least squares,
producing the fitted values X;, which represent the component of the apple origin
that is driven by the policy and is therefore exogenous to the unobserved confounders
in €.
Stage 2: Estimating the Causal Effect on Purchasing Price
In the second stage of the two-stage least squares procedure, we regress the pur-
chasing price Y; on the predicted (exogenous) values of the apple origin X; from the
first stage: )

Y = Bo + 51X + v

This stage yields a consistent estimate of the causal parameter 1, as it uses only
the exogenous variation in X induced by the IV Z.

Hllustrative Numerical Results

Assume the first-stage ordinary least squares regression yields:
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This suggests the policy increases the probability of the local apple origin by 65
percentage points.
Substituting X, into the second-stage regression gives the two-stage least squares
estimate:

Y; = 8.50 + 2.10X; + v;.

This implies that the causal effect of an apple being locally grown is to increase its
price by an average of 2.10 ¥ /kg.

Conclusion and Interpretation

The two-stage least squares procedure provides a consistent estimate of the causal
impact of the apple origins on the purchase prices. The first stage isolates exogenous
variation in the apple origin due to the agricultural policy, while the second stage
corrects for endogeneity and yields consistent parameter estimates. Under the as-
sumptions of instrument relevance and exclusion, the coefficient 31 = 2.10 indicates
that locally grown apples are priced approximately 2.10 ¥ higher per kilogram than
non-local apples.

However, it is important to note that this estimate represents the Local Average
Treatment Effect (LATE), which applies specifically to the subset of apples whose
origin is influenced by the agricultural policy. This means that the estimated effect
reflects the price difference between locally grown and non-local apples only in re-
gions where the policy has altered the origin of apples. In other words, this result
is not a general estimate for all local apples but specifically for those whose produc-
tion decisions are affected by the policy. Thus, the estimate Bl = 2.10 reflects the
causal effect of being locally grown on price for apples in areas where the policy has
induced changes in production decisions.

J

The above example demonstrates how IV can be used to address endogeneity issues
and estimate the causal impact of the apple origin on the purchase price, while also
verifying the indirect impact of an agricultural policy on purchasing prices. Through
this method, we can draw more reliable conclusions about the impact of an agricultural
policy on market outcomes, such as apple pricing.

22.7 Limitations

Despite their power, IV methods have important limitations. First, finding a valid IV
is difficult because few variables in practice simultaneously satisfy relevance, exclusion,
and exogeneity. Second, a weak IV, which is only weakly correlated with the variable of
interest (X)), can lead to biased estimates and large standard errors. Third, IV estimates
typically identify a local average treatment effect (LATE) for the subpopulation affected
by IV, limiting the generalizability of the results. Finally, IV estimates are sensitive to
model specification, and incorrect models or inappropriate covariates can compromise
the validity of the estimates.
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22.8 Summary

Instrumental Variables (IV) methods are widely used in econometrics to address endo-
geneity and estimate causal relationships when controlled experiments are not feasible.
By using an instrument—a variable correlated with the endogenous explanatory variable
but not with the error term—IV methods help isolate the causal effect of the explanatory
variable on the outcome. However, IV methods have limitations, including challenges in
finding valid instruments, sensitivity to model specification, and the potential for weak
instruments to lead to biased estimates.
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Chapter 23

Evaluating Science and
Technology Research Institutes

This chapter employs Evaluatology to evaluate scientific and technological research in-
stitutes. I conceived the core concept, which Dr. Fanda Fan and I jointly implemented.

23.1 Introduction

As an independent entity or being affiliated with a university or company, a science
and technology research institute (in short, STRI) plays an essential role as a driv-
ing force behind scientific and technological (S&T) progress. Past evaluation efforts
regarding STRIs have been overly simplistic, primarily reducing their performance to
mere quantification of publications, citations, or other bibliometric indicators. However,
it only captures a narrow slice of the overall influence generated by scientific research
institutions.

Within the discipline of Evaluatology, an STRI is formally treated as an EO. The
essence of evaluation is to uncover the effects of an EO on a set of AOs under a clearly
defined SES. From this perspective, the effects of an STRI should not be limited to
academic influence alone. Instead, they encompass a broader spectrum of outcomes,
including national development, human progress, and industrial advancement.

Moreover, the observable outcomes on these AOs—whether obtained through mea-
surement or testing—are inevitably shaped by both the EOs and the EXOs within the
SES. In practice, an AO such as a country’s strategic alignment, an industry’s innovation
vitality, or humanity’s sustainable development index reflects not only the direct effect
transmitted from the EO, but also the derived or confounding influences introduced
by EXOs, including talent resources, international cooperation, intellectual property
protection, and the technology—capital environment. Evaluatology, therefore, requires
that every measured or tested effect on an AO be decomposed along the EO — AO
and EXO — AO pathways, ensuring that the outcome accurately isolates the effect at-
tributable to the EO itself. Only through such precise attribution can the SES produce
valid and unbiased judgments of an STRI’s true effect on its AOs.
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Finally, it is essential to recognize that the EQO itself is not monolithic. An STRI
consists of multiple internal components—such as talent development, evaluation mech-
anisms, public platforms, academic cooperation, management strategies, and technolog-
ical specialization—each functioning as an essential component that generates its own
effect pathways. These internal components jointly induce heterogeneous effects on the
AOQs, forming layered causal chains within the SES. A rigorous evaluation must there-
fore disentangle the contributions of each component of the EQO, identify the internal
effect mechanisms through which they influence different AOs, and determine how their
interactions amplify or attenuate the overall effect of STRI. An SES for evaluating an
STRI is shown in Figure 23.1.

The remainder of this chapter is organized to progressively deepen this perspective.
Section 23.2 first reviews the academic-centric approaches that historically dominated
the evaluation of an STRI, highlighting their limitations within the SES. Section 23.3
then expands the AO from narrow scholarly outputs to the broader impacts on national
development, human progress, and industrial advancement. Section 23.4 develops the
causal logic for isolating the genuine EO-induced effect from the influences of the EXOs.
Finally, Section 23.5 decomposes the EO into its internal components and examines
how these internal effect mechanisms co-produce the observable outcomes on the AOs.
Together, these sections establish the causal and structural foundations for evaluating
an STRI.

23.2 Traditional Evaluation Methodologies of Academic Achieve-
ments

For a long period, the evaluation of the STRI has been dominated by academic-oriented
evaluation systems. Traditional frameworks equate S&T almost entirely with academic
achievements, relying primarily on bibliometric indicators such as publication counts,
citation impact, journal rankings, highly cited papers, and awards within the scientific
community.

Core Journal Evaluation: The quality and influence of academic journals are com-
monly measured by a series of quantitative indicators, which are defined and published
by various data providers.

o Impact Factor (IF): As the most established and widely recognized metric, the
Impact Factor is published annually by Clarivate in its Journal Citation Reports
(JCR). Its formula is:

Citations in year Y to articles published in (Y-1) and (Y-2)
Total citable items published in (Y-1) and (Y-2)

IFyear vy = (23.1)

The Impact Factor reflects the average number of citations received by a journal’s
articles in the two years following publication. It has long been considered the “gold
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Figure 23.1: An SES for Evaluating an STRI.

standard” for journal quality, yet it faces criticism for its short calculation window,
susceptibility to skew from a few highly cited articles, and lack of comparability
across different scientific fields [66].

e (liteScore: Introduced by Elsevier based on its Scopus database, CiteScore is a
major alternative to the IF. It utilizes a longer four-year window for both citations
and publications and includes a broader range of document types (e.g., reviews,
letters), aiming to provide a more comprehensive, transparent, and robust metric
[199]. The formula is:

Zz/:_yl_ 4 Citations;

S°V54 , Published Documents;

CiteScorey = (23.2)

e SCImago Journal Rank (SJR): Also derived from the Scopus database, the SJR
incorporates an algorithm similar to Google’s PageRank [137]. It measures not
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just the quantity but also the “quality” of citations, assigning a higher weight to
citations from more prestigious journals. This allows SJR to measure the scientific
prestige of a journal rather than just its raw citation traffic [57]. Due to its iterative
nature, it does not have a simple fractional formula.

o Source Normalized Impact per Paper (SNIP): The SNIP metric is designed to
address the challenge of cross-disciplinary comparisons. It normalizes a journal’s
raw citation impact by the “citation potential” of its specific subject field, thus
measuring the relative impact of a paper within its domain. A SNIP value greater
than 1.0 indicates that the journal’s citation impact is higher than the average for
its field [114]. The formula is expressed as:

Raw Impact per Paper (RIP)

SNIP = .
Relative Citation Potential (RCP)

(23.3)

Journal Ranking and Partitioning: Beyond single metrics, journal partitioning
provides a more intuitive hierarchical classification, helping researchers quickly evaluate
a journal’s standing within its discipline.

e JCR Quartiles: Published by Clarivate, this system ranks journals within a subject
category based on their Impact Factor. The list is then divided into four equal
parts: Q1 (top 25%), Q2 (25-50%), Q3 (50-75%), and Q4 (bottom 25%) [38].

o CAS Partition: The Chinese Academy of Sciences (CAS) partition is widely used
in the Chinese academic community. It is based on a journal’s three-year average
IF and employs a “pyramid” distribution model. Within each discipline, the top
5% of journals are assigned to Zone 1, 6%-20% to Zone 2, 21%-50% to Zone 3,
and the remainder to Zone 4. The most elite journals in Zones 1 and 2 are further
designated as “Top Journals” [35].

Conference Ranking and Partitioning: In rapidly evolving fields such as Computer
Science, top-tier academic conferences are often considered more prestigious than many
journals due to their short review cycles and ability to disseminate cutting-edge research
quickly. The evaluation of conferences typically relies on peer-based expert evaluation
rather than a single quantitative formula.

e CCF Recommended International Conference List: Curated by the China Com-
puter Federation (CCF), this list categorizes international conferences in computer
science into three tiers: A, B, and C. Tier A represents the top-tier conferences
with the highest academic impact. The evaluation criteria are multifaceted, con-
sidering a conference’s history, review quality, paper acceptance rate, and overall
influence. For example, the Conference on Neural Information Processing Systems
(NeurIPS) is ranked as a Tier A conference [34].
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e CORFE Ranking: Published by the Computing Research and Education Association
of Australasia, the CORE ranking is another internationally recognized system for
computer science conferences. It classifies venues into four tiers: A* (flagship), A
(excellent), B (good), and C' (standard). NeurIPS is ranked as A* in this system
[40].

In summary, the traditional evaluation of academic achievements heavy relies on a
mature yet limited set of bibliometrics and ranking systems. Under this paradigm, the
EO is implicitly judged through a narrowly defined subset of academic outputs, while the
broader effects on national development, human progress, and industrial advancement
remain largely unexamined. Consequently, these academic-centric methods capture only
superficial manifestations of research activity rather than the full causal contributions
of the research institute to its affected objects.

23.3 Beyond Academic Influence: An SES for STRIs

The SES constitutes the core evaluation model of Evaluatology. It formalizes how an
EO produces observable effects on a set of AOs under specific interrogation conditions,
while accounting for the influence of EXOs. Within this framework, STRI activities are
interpreted through their effect pathways, allowing each measurable or testable outcome
on an AO to be traced back to the EO, the EXOs, or their interactions. The SES
therefore models the causal architecture of STRI by integrating three components—EQ,
EXO, and AO—into a unified structure that links institutional capability, environmental
context, and societal effects with conceptual and methodological coherence.

At the top of the SES resides the EO, representing the entity under investigation that
directly undertakes innovation and knowledge-creation activities. Each EO is composed
of multiple internal components—talent cultivation, research management, evaluation
and incentive structures, public platforms, and technological specialization—which to-
gether form its internal effect mechanisms. These components of EOs jointly shape the
intrinsic capability of the organization to generate, transform, and disseminate scientific
and technological knowledge, and they govern how the EO ultimately induces effects on
its AOs within the SES.

Beyond the EO are the EXOs, which represent the objects that influence, constrain,
or amplify the EQO’s ability to generate effects within the SES. Typical EXOs include
talent resources, funding mechanisms and policies, international cooperation, govern-
ment relations, intellectual property protection, and technology—capital markets. The
EO-EXO interface delineates the dynamic boundary through which policy incentives,
resource flows, and knowledge exchange operate, thereby shaping how the EQ’s internal
capabilities are converted into measurable and testable effects on the AOs.

These effects ultimately materialize in the AQOs, which constitute the domains that
receive and exhibit the consequences of scientific and technological activity. Importantly,
AOs should not be limited to academic outputs such as publications or citations. In the
context of STRI, AOs encompass three higher-level spheres of societal influence:
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e National Development —national competitiveness, strategic security, and policy
alignment;

e Human Progress —knowledge, social welfare, sustainability, equity, and global well-
being;

o Industrial Advancement —technological upgrading, productivity enhancement,
and economic transformation.

Together, these domains reflect the full spectrum of effects that S&T can induce
across civilization. A comprehensive evaluation of S&T must therefore quantify not
only scholarly achievements but also the multi-domain consequences produced through
the EO — AO, EXO — AO causal pathways within the SES.

To operationalize the SES for an STRI within the framework of Evaluatology, the
evaluator relies on two fundamental interrogations: measurement and testing. Together,
they attribute values to the observable effects on the AOs and verify whether propositions
or models about the EO-induced effects conform to test oracles.

Measurement attributes values to the observable effects produced along the EO —
AO and EXO — AO pathways under specified ECs. Each indicator corresponds to a
measurable manifestation of these causal relationships. For example, the rate of scien-
tific research achievement transformation and the rate of technology commercialization
quantify how S&T generated by the EO propagate into industrial and economic AOs.
Indicators such as the intensity of international research collaboration and the proportion
of joint international publications capture cross-border knowledge flows and reflect the
EQ’s contribution to global scientific exchange. Policy-oriented indicators—including
industrial policy sensitivity and alignment with national strategies—measure how EO
activities influence country-level AOs, while the Human Development Index (HDI) ex-
tends measurement to humanitarian AOs by linking scientific and technological progress
to improvements in human well-being. Measurement thus relies on observable data from
administrative records, research output databases, collaboration networks, policy doc-
uments, and socio-economic statistics, and converts them into comparable numerical
quantities.

Testing is a verification process of running test cases to determine whether a propo-
sition or a model about the EQ’s effect on its AOs conforms to a test oracle. In the
context of STRI, a test oracle specifies the mandated or expected outcomes of S&T under
a given SES—for example, a target level of national strategic impact, a benchmark for
global sustainable development performance, or a required threshold of industrial compet-
itiveness. A test case is a predefined interrogation condition, consisting of selected EO
components, EXOs, AQOs, time windows, and data samples, under which the measured
indicators are computed. Testing executes these test cases and compares the actual
measured outcomes with those mandated by the corresponding test oracles, yielding
pass/fail decisions or acceptance/rejection of propositions such as “STRI is aligned with
national strategies” or “STRI significantly promotes global sustainable development.”

Through iterative cycles in which measurement provides quantitative inputs and
testing verifies explicitly defined test oracles, the methodology ensures that evaluation
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outcomes are both numerically grounded and logically consistent.

23.4 Accurate Attribution: Identifying the True Effect of
EO

Within the SES, the causal structure of evaluation is inherently interconnected. Objects
—including STRIs, journals, conferences, public platforms, and temporal environments
—continuously interact and generate overlapping effects across different objects of the
system. In this SES, the EXOs—such as policy incentives, funding programs, collabora-
tion opportunities, and platform visibility—are not static backgrounds but active objects
that induce their own effects on the AOs and modulate the effects originating from the
EO. Consequently, any observable outcome on an AO represents a composite effect that
includes true EO-induced influence, EXO-induced influence, and their interaction-driven
derived effects.

Accurate attribution seeks to isolate the true EO-induced effect by disentangling these
interwoven causal sources. Empirically, only the AO outcomes are directly observable.
Let ?AO denote the measured effect on an AO, which aggregates contributions from
multiple pathways:

Yao = feo(EO = AO) + faxo(EXO — AO) + fin(EO,EXO — AO) +¢,  (23.4)

where fgo represents the true effectof the EO on the AO, fgxo represents the effect
induced by the EXOs, fiy: captures the interface through which EXOs amplify, attenuate,
or reshape the EQ’s effect on the AO, and & represents the noise term. Because the
evaluator can observe only lA’AO, identifying the true EO-induced effect requires a process
of causal reconstruction [162] under explicitly defined interrogation conditions.

To separate the EQ’s contribution from that of the EXOs, the true effect of the EO
can be expressed as:

True Effect of the EO = E }A/Ao | EO =1, EXO = constant} —E [}A’AO | EO = 0, EXO = constant | ,

(23.5)
which conditions on a fixed EXO configuration. Conceptually, this corresponds to a
counterfactual comparison under the same interrogation conditions: How would the AO
outcome appear if the EQ’s effect were absent?

A variety of methodological approaches can be employed to perform this causal re-
construction under fixed interrogation conditions. One class of approaches relies on effect
decomposition [3] methods, which partition the measured AO outcome into components
attributable to the EO, the EXOs, and their interaction-induced derived effects. Another
class of approaches adopts controlled comparison strategies [72], in which EO and non-EO
objects are compared under identical EXO conditions to eliminate contextual variabil-
ity. Additionally, structural reconstruction techniques [163]—such as constraint-based
or score-based reconstruction of effect pathways—can be applied to infer the structure
of the EO — AO relationship from observational data. Finally, testing provides a way
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to verify the inferred effect. These approaches collectively ensure that the inferred effect
of the EO reflects the true effect of the EO rather than the advantages or perturbations
introduced by the surrounding EXOs.

In the framework of Ewvaluatology, accurate attribution elevates evaluation from de-
scriptive comparison to a form of causal accountability. Rather than simply contrasting
observed performances across STRIs, the evaluator examines why such performance
arises by tracing effect pathways and identifying how EXOs modulate, enhance, or con-
found the EO-induced effects. For example, an STRI’s high publication volume or strong
technology-transfer performance may reflect genuine internal capability, or may instead
be driven by favorable EXOs such as abundant funding, advantageous partnerships, or
unique temporal conditions. Without isolating these sources, evaluations risk conflating
contextual advantages with the intrinsic capability of the EO.

Ultimately, accurate attribution reframes S&T progress of STRIs as a context-
adjusted causal effect, revealing the true effect generated by the EO within a shared
evaluation environment. This principle provides the foundation for the next step: trac-
ing the internal components of the EO to determine how its internal effect mechanisms
collectively produce the measurable effects observed on AOs.

23.5 Tracing Internal Mechanisms: Component-Level At-
tribution within EO

After isolating the true effect of the EO from that of the EXOs, a further analytical step
is required to understand how this effect is internally generated within the EO. An EO
is not a monolithic object, but a structured system composed of multiple interdepen-
dent internal components that jointly determine its S&T progress. These components—
such as talent cultivation, evaluation and incentive structures, public service platforms,
management mechanisms and strategies, and technological specialization—function as
internal effect mechanisms. Their coordinated interactions ultimately shape the EQ’s
measurable and testable effects on the AOs within the SES.

Let cgo = {c1,¢2,...,cn} denote the set of internal components of the EO. Each
component ¢; contributes both individually and jointly to the observed AO outcome
Yar0. The overall EO-induced effect can therefore be expressed as:

fEO(CEO —>AO) = Z gi(ci —>AO) + Z Gij (Ci, Cj —>AO) + €EO, (23.6)

1<j

where frpo represents the true effect of the EO on the AO, g; denotes the direct effect of
component ¢;, g;; represents higher-order interaction-induced effects among components,
and egp captures residual internal effects that are not directly observable.

To evaluate the marginal contribution of each component under a given EXO con-
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figuration, we consider the sensitivity of the AO outcome with respect to ¢;:

a?AO 8on 8fint Ooxy,
= g 23.
dc; dc; + Jc; 0Oc; (23.7)
N—— k

direct EO t effect M
tree cormponent etec EXO-mediated modulation

Let ?AO denote the measured effect on an AO. The first term represents the true contri-
bution of the internal component, while the second term captures how EXOs modulate
the component’s effect—such as how funding levels, collaboration opportunities, or pol-
icy incentives amplify or attenuate the contribution of a particular mechanism. This
differential formulation provides a quantitative basis for component-level attribution,
clarifying how each internal mechanism shapes the overall EO-induced effect on the
AOs.

From the perspective of Fvaluatology, this analysis constitutes a form of mechanistic
attribution. It shifts the evaluative question from “How much true effect does this
EO generate?” to “Which internal mechanisms generate the effect, and through what
interactions?” Such insight enables targeted STRI improvement, evidence-based policy
design, and fairer cross-EO comparisons under heterogeneous EXOs.

At last, component-level attribution reveals that the S&T of an EO emerges not from
isolated functions, but from the synergistic coordination of multiple internal mechanisms
—each leaving a measurable causal footprint in the SES and collectively determining the
EQ’s observable impact on the AOs.

23.6 Summary

This chapter presented that evaluating an STRI requires a shift from a bibliometric
approach toward a causally grounded revealing of how an STRI or its components induce
true effects within an STRI.
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Chapter 24

Testbed Principles,
Methodologies and Case Studies

This chapter formalizes what a testbed is and presents principles, methodology, and a
case study of a testbed. I conceived the core concept, which Dr. Wanling Gao and I
jointly implemented.

24.1 What is a Testbed?

Testbeds —whether conceived as experimental platforms, emulated environments, or
full-fledged simulation systems —are indispensable tools for evaluating design choices
and implementation trade-offs across engineering domains.

However, testbeds are not formally defined. I define the testbed as an evaluation
model that is designed and implemented for a class or different classes of cause objects
or EO to simulate a perfect or imperfect, or simple SES, under which the effect of EOs
could be accurately attributed.

24.2 Testbed Principles

The essential purpose of a testbed is to enable controlled, repeatable, and interpretable
experiments through which the causal effects of EOs on their corresponding AOs can be
observed and quantified.

An ideal testbed is to simulate a perfect SES under which we can measure or test
the effects of EO on AOs under different EXOs. According to the discussions in Sec-
tion 14.2.1, a perfect SES has four unique characteristics: it can correctly recognize AOs
and EXOs; it can completely isolate irrelevant objects; under a perfect SES, we can infer
the true effect of the EO; we can freely manipulate the full space of SES.

Unfortunately, due to different limitations, we can only achieve imperfect SES in
most cases. So, above all, a testbed should embody the principle of controlled realism:
the ability to replicate the functional and causal relationships of an SES while providing
researchers with sufficient control and observability to infer EO effects accurately.
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Three guiding principles underlie the design of any testbed:

(1) Representativeness: A testbed must approximate a prefect or imperfect SES
with sufficient fidelity such that results derived from it remain valid and generalizable
to the actual system. Representativeness ensures that the essential relationships among
EO, AO, and EXO are faithfully maintained, even if simplified. For example, a hardware
simulator that preserves timing and dependency characteristics can yield representative
insights even without physical circuitry.

(2) Controllability: A testbed should allow for explicit manipulation of both EO, AO,
and EXO configurations while holding irrelevant variables constant. This capacity for
controlled experimentation is what transforms an imperfect SES into a more analyzable
model. In the ideal scenario (perfect SES), all irrelevant influences can be eliminated,;
in practice, the testbed approximates this condition as closely as feasible.

(3) Transparency and Repeatability: A testbed must support full visibility into
its internal states and permit experiments to be replicated with deterministic or statis-
tically bounded outcomes. Transparency ensures interpretability—researchers can trace
observed results back to underlying causes—while repeatability ensures that results can
be validated independently.

In essence, the testbed operationalizes Evaluatology’s central aim: constructing a
measurable, manipulable, and inferable environment that enables the transition from
observation to causal understanding. Whether for a perfect, imperfect, or simple SES,
every testbed serves as a concrete realization within the constraints of technology, knowl-
edge, and resources.

24.3 Fundamental Testbed Methodologies

Building upon the principles above, testbed methodology defines how evaluators con-
struct, operate, and refine testbeds to achieve reliable causal inference within practical
constraints. The methodological foundation of testbeds rests upon their correspondence
to the three SES types—perfect, imperfect, and simple—each representing a different
trade-off between fidelity and feasibility.

(1) A Testbed Simulating a perfect SES (in short, perfect testbed): A perfect
testbed represents the theoretical ideal scenarios where all irrelevant objects are fully
isolated, and all relevant interactions are explicitly modeled. In such environments,
researchers can infer the true EO effect because the causal structure is entirely transpar-
ent. For instance, in algorithmic benchmarking under a fully deterministic simulation,
every input, random seed, and computational state could be changed and fixed, enabling
perfect reproducibility. However, such testbeds are often unattainable in reality due to
their prohibitive complexity and abstraction cost.
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(2) A Testbed Simulating an imperfect SES (in short, imperfect testbed):
An imperfect testbed approximates the real-world system but inevitably includes cer-
tain external factors that cannot be fully controlled or isolated. In other words, while
the testbed seeks to capture the causal relationship between the EO and the AO, some
influences from the surrounding environment or unobserved variables may remain. Al-
though this lack of complete isolation introduces uncertainty into causal inference, it
enables the evaluation to reflect more realistic and operational conditions.

For example, when evaluating CPUs under different environmental temperatures,
the performance results may vary due to thermal effects. Such incomplete control—
referred to as imperfect isolation—means that the influence of temperature cannot be
entirely excluded. However, this variability also makes the results more representative
of real-world usage. Hence, an imperfect testbed provides a pragmatic balance between
causal rigor and ecological validity.

(3) A Testbed Simulating a simple SES (in short, simple testbed): Recognizing
the infeasibility of exhaustive evaluation, a simple testbed reduces the complexity of the
evaluation environment through both sampling and simplification.

Formally, a simple SES defines a reduced and sampled perfect or imperfect SES
(detailed formalization in Section 14.2.3) that captures representative configurations.
This subspace may be obtained through experimental design principles—such as facto-
rial sampling, stratified selection, or Latin hypercube methods—to ensure diversity and
coverage while controlling evaluation cost.

Beyond sampling, simplification can be achieved by abstracting or aggregating vari-
ables within the SES. For instance, rather than modeling every environmental parameter
in detail, closely related variables (e.g., temperature and humidity) can be combined into
a single composite factor; or, less influential EXOs can be fixed to typical values to fo-
cus on primary sources of variability. Such simplifications maintain the essential causal
structure while reducing computational and experimental burden.

In essence, a simple SES is an FO equipped with a simplified and sampled EC. Tt
trades completeness for tractability—omitting minor or redundant conditions—yet re-
mains grounded in statistical validity and causal interpretability. By doing so, it enables
efficient, scalable, and interpretable evaluation without losing sight of the underlying
causal mechanisms.

(4) Evaluation Procedure: Across all SES types, the general procedure of testbed
design and implementation consists of four canonical phases:

1. Model Construction: Define EO, AO, and EXO, and formalize their relationships
within the testbed architecture.

2. Condition Sampling: Generate a representative EC set of C that spans key vari-
ations in EXO and AO parameters.

217



Chapter 24 Testbed Principles, Methodologies and Case Studies -218-

3. Outcome Measurement: Execute controlled experiments to obtain outcome distri-
butions oe(o|c’)(detailed formalization in Section 12.1.1), accounting for stochastic
variability through repetition.

4. Effect Inference: Apply statistical analysis (e.g., ANOVA, regression, or covariance
decomposition) to estimate the inferred effects of the EO on AOs.

5. Hypothesis Testing: Perform a hypothesis test on the inferred effects of the EO on
AOs.

This structured methodology provides a unifying framework: perfect testbeds guar-
antee theoretical validity; imperfect testbeds offer empirical realism; and simple testbeds
ensure scalability. Together, they form a methodological continuum that adapts Evalu-
atology to both scientific inquiry and engineering application.

24.4 Case Studies

To illustrate the application of testbed principles in practice, we examine representative
cases across distinct evaluation domains, demonstrating how different SES types and
testbed methodologies are instantiated.

Case 1: CPU Performance Evaluation: In hardware performance benchmarking,
the FO is the CPU, the AO is the computing system (including OS, memory, and disk),
and the FXO consists of workloads, datasets, and compilers.

Different testbed exemplifies Ealuatology’s balance between rigor and feasibility.

A perfect testbed provides the means to evaluate a CPU while isolating and exploring
all AO and EXO space—an unattainable ideal in practice.

An imperfect testbed provides the means to evaluate a CPU by executing stan-
dardized benchmarks (e.g., SPEC CPU [181]) under controlled but not fully isolated
conditions on limited AOs.

A simple testbed, such as cloud-based benchmarking platforms, samples representa-
tive workloads across configurations on a fixed AO and applies statistical inference to
estimate CPU-specific performance while accounting for environmental noise.

Case 2: Drug Efficacy Evaluation: In biomedical evaluation, the FO is the drug
compound, the AQ is the human body, and the EXO includes diet, stress, and envi-
ronmental exposure. A perfect testbed corresponds to a theoretical physiological model
with a fully controllable AO and EXO that completely isolates the drug’s biochemical
effects—impossible in reality.

Clinical trials thus represent imperfect testbeds, where randomization and blinding
serve as tools to approximate equivalent evaluation conditions.

A simple SES arises in simulation-based pharmacokinetics, where population-based
sampling models the drug’s effect across synthetic patient cohorts, providing scalable
yet interpretable estimates of efficacy.
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Discussion: Across domains, these case studies reveal a recurring trade-off: the cost
increases with fidelity. Thus, the practical art of testbed design lies in constructing simple
SESs—testbeds that retain essential causal structures while remaining operationally
feasible. Such testbeds operationalize Evaluatology’s fundamental vision: transforming
abstract causal reasoning into reproducible, evidence-based evaluation that bridges the
gap between theory and practice.

24.5 Summary

This chapter establishes a unified theoretical and methodological foundation for testbeds
within the framework of Evaluatology.

219



Chapter 25

Evaluatology-based Artificial
Intelligence

In this chapter, we begin by defining the fundamental concepts, assumptions, and prob-
lem formulations that ground artificial intelligence (AI). Among various Al paradigms,
we focus on the prevailing data-driven deep learning paradigm. Despite its empirical suc-
cess, this paradigm remains a black box: it can judge whether outcomes are good or bad
but provides little understanding of why they occur or how models can be systematically
improved.

I conceived the core concept, which Dr. Guoxin Kang, Dr. Wanling Gao, and I
jointly implemented.

25.1 The Limitations of Existing AI Paradigms

Early AI was dominated by the symbolic paradigm, grounded in the belief that intelli-
gence could be fully captured through symbolic logic and explicit rules [131, 130, 133, 67].
This paradigm laid the conceptual foundation for the Turing Test [205], defining in-
telligence as the capacity for symbolic manipulation. Expert systems represented the
practical culmination of symbolic Al, encoding human knowledge into rule-based en-
gines [27, 46, 117, 42]; however, they suffered from limited scalability and an inability
to learn from data.

These limitations catalyzed the rise of the connectionist paradigm, which is inspired
by biological neural networks [161, 81, 84]. Hebb’s seminal theory linked synaptic adap-
tation to learning, providing a theoretical bridge between neuroscience and machine
learning [79]. Building on multilayer neural architectures and efficient training algo-
rithms, deep learning emerged by enabling models to automatically discover patterns
and statistical regularities from large-scale data [106, 76, 110, 210, 49].

In contrast to the symbolic paradigm and early connectionist advances, modern Al
has been shaped by a data-driven deep learning paradigm, which assumes that intelli-
gence can be approximated by learning statistical regularities from massive datasets [98].
This data-centric principle has reached its most visible success in large language models
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(LLMs) [25], whose performance scales predictably with training data volume, model
size, and compute budget [99]. However, this scaling paradigm is increasingly con-
strained by a looming data bottleneck. As high-quality human-authored data becomes
saturated and expensive to curate, synthetic data generation has emerged as a promising
alternative.

Despite its scalability, synthetic data introduces a new layer of complexity [179, 125,
14]. Crucially, the quality of synthetic data is fundamentally limited by the generative
models that produce it, which are often black-box architectures with little transparency
or interpretability. This lack of visibility makes it difficult to trace the root causes
of errors or biases in downstream models back to specific properties of the synthetic
data. When performance deteriorates, it remains unclear whether the issue lies in data
coverage, semantic consistency, or deeper representational flaws.

In practice, current synthetic data suffers from several well-documented issues: 1)
generative models may fail to match the statistical distribution of real data, introducing
biases that impair generalization. 2) Synthetic samples often contain logical contradic-
tions or distorted features that are difficult to detect but can corrupt pre-training. Low
diversity and mode collapse: generators tend to produce samples with limited variation,
leading to models that overfit narrow modes and underperform on real-world variability.

To improve the quality, reliability, and usefulness of synthetic data, it is imperative to
enhance the interpretability and evaluation of generative models. Without understand-
ing what a generator has learned, and what it systematically omits, scaling synthetic
corpora becomes a blind process, susceptible to spurious correlations and misalignment.

These observations motivate a shift toward an Evaluatology-based Al paradigm,
in which systematic attribution and interpretability are not afterthoughts but central
components of the AI development cycle. Regardless of the data source, all data are
inherently generated under specific conditions. However, prevailing Al training methods
largely ignore these generative conditions and focus exclusively on the data themselves.
Such a deficiency leads to uneven and difficult-to-evaluate data quality, constrains inter-
pretability and the capacity for causal discovery, and renders models fragile in the face
of novel scenarios.

Our research intuition is that explicitly incorporating both data and their gener-
ative conditions into the training process can substantially enhance the effectiveness
and transparency of Al. Even under limited data availability, leveraging the interplay
between data and conditions allows the discovery of deeper causal structures, enabling
models to capture the invariant informational essence beneath data diversity. By ground-
ing learning in condition-aware causal relationships, we move toward more interpretable,
attributable, and genuinely intelligent systems.

25.2 Basic Concepts and Principles of Deep Learning

We introduce the foundational concepts and principles of the data-driven deep learning
paradigm.
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25.2.1 Basic Concepts

Model Architecture. In the data-driven paradigm, the model architecture typically refers
to deep neural networks, which serve as function approximators mapping inputs to out-
puts. These architectures are designed to scale with data volume and computational
resources [111, 210, 71].

Dataset. A dataset comprises a large collection of labeled or unlabeled samples, used
to train the model [106, 77, 197].

Loss Function. A loss function £ quantifies the prediction error between the model
output and the ground truth. Training aims to minimize this error over the dataset, i.e.,
ming £(D;0), enabling the model to learn the input—output mapping [161, 71, 36, 18].

25.2.2 Basic Principle

Given sufficiently large training data D, sufficiently large model capacity (i.e., number
of parameters) 6, and sufficient compute budget C, a deep learning model fp is assumed
to be capable of solving increasingly complex real-world tasks 7 via empirical risk min-
imization [208, 110, 71, 99, 83]:

0= argmin £(D; 0), (25.1)

where £ is a loss function and § denotes the parameters of the optimized model obtained
by minimizing the empirical loss. The model performance is typically evaluated by
aggregate statistical metrics such as accuracy:

Performance = M(f;, T), (25.2)

where M denotes a statistical measurement (i.e., a quantitative performance metric) and
the compute budget C is assumed to scale proportionally with the model parameters and
training data [99]:

Cx8-D. (25.3)

However, these metrics are often treated as black-box indicators and offer limited causal
interpretability [116, 52, 141].

25.3 The New AI Paradigm Based on Evaluatology

The Evaluatology-based Al paradigm constructs an SES, shifting AI research from
merely answering “Is the model good?” to systematically address “Under what ECs
is it good?”, “Why is the model good?”, and “Which key design changes can make the
model better?”. As shown in Figure 25.1, this paradigm moves toward Al systems that
are not only interpretable and causally attributable but also capable of more general in-
telligence. The following sections introduce the core elements of the Evaluatology-based
AT paradigm and its four-step frameworks, which offer a promising path toward genuine
general intelligence.
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Figure 25.1: Evaluatology-based pathway toward strong Al.

25.3.1 Core Components of the SES

Section 12.1.2 formalizes the design problem in Evalutology. The FO is the object to
be designed. For example, it can refer to the model or algorithm itself—such as a video
retrieval network, an encoder-decoder architecture, or a recommendation algorithm. In
this context, its internal design factors, including model architecture and learning strat-
egy, determine the nature and magnitude of its influence. The EO could be a CPU or
a database system.

The EXOs, together with the EO, jointly determine the overall effect on the AO.
These include the training data, experimental configurations, hyperparameters, and en-
vironmental factors that define the context in which the model operates.

Please note that in Section 3, we defined data as “raw interrogation outcomes or
their derived ones in different interrogation conditions.” Every data sample, whether
observational or experimental, must be generated under explicit interrogation conditions
that specify the scene, data collection process, potential biases, and evaluation metrics
used. This ensures causal traceability and reproducibility.

The AO represents the measurable outcome or behavior influenced by both the EO
and EXO. It often corresponds to the computer system’s measurable performance on
downstream tasks, such as accuracy, latency, or robustness in deployment environments.
The overall Effect refers to the impact on the AO caused either by the design of the EO
or by variations in the EXO.
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25.3.2 Structured Frameworks for Advancing to Strong Al

Building upon these established definitions, as shown in Figure 25.1, the Evaluatology-
based paradigm instantiates them within the context of AI to develop intelligence
through a progressive path, each reflecting a distinct relationship among the EO, EXO,
and AO.

Step I: Design and Implement a Perfect EC: At this foundational level, for any
given EO and its associated EXO and AO, a theoretically complete real-world distribu-
tion exists—that is, all possible ECs under which the training data could be generated.
If sufficient resources such as time or computational power were available, this distribu-
tion could be exhaustively traversed, in principle. This step corresponds to conditional
brute-force computation, which establishes the empirical foundation of intelligence by
covering the entire EC space, although at high cost.

Step II: Explore the Design Space of EO Under a Perfect EC: Under a perfect
EC, Al begins to explore the design space of an EO to identify potential design pos-
sibilities that faithfully reflect real-world behavior. The exploration typically proceeds
in three steps: brute-force ensures exhaustive coverage of the design space, heuristic
approaches leverage prior causal understanding and empirical knowledge to focus on
high-potential regions, and pruning removes redundant or unproductive design paths
to improve efficiency and convergence. Together, these steps enable Al to explore the
design space systematically and efficiently at lower cost, preparing the ground for high
complexity exploration under simple ECs.

Step III: Achieve High Complexity of Interrogation: After acquiring the ability
to explore the design space, it advances into the stage of interrogation, engaging in
epistemic inquiry through measurement, testing, reasoning, and evaluation. Guided by
stakeholder requirements and under a fixed EO, Al systematically explores the EC space
defined by the EXO and AO to separate the effect of different objects and enable causal
attribution. Through this process, it decomposes the overall effect on the AO into the
respective effects of the EO and the EXO, while refining the ECs to identify the ECs
that most significantly influence performance.

Step IV: Achieve High Degree of Free Will: At this step, Al advances from causal
understanding to intentional imagination, creation, and autonomous design. Supported
by higher-order cognitive mechanisms such as counterfactual simulation, generative com-
position, and self-evaluation. Guided by the fixed simple ECs derived from the previous
step, it first 4magines alternative possibilities grounded in learned causal principles, then
creates new designs of the EO through generative models, and ultimately performs au-
tomatic design—the deliberate optimization and selection of designs that best fulfill
stakeholders’ evaluation requirements. Through this progression, Al demonstrates free
and intentional decision-making, achieving creative generalization across contexts.
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25.3.3 Summary of the Four Steps

The four steps outline a progressive path for the Evaluatology-based Al paradigm. The
first step establishes the perfect EC. The second step explores the full design space of
the EO under perfect EC. The third step interrogates under simple ECs to separate the
effects of the EO and the EXO. The fourth step enables intentional and autonomous
design within fixed, simple ECs. Together, the four steps articulate a path for advancing
Al toward an interpretable, self-improving, and causally grounded form of intelligence.

25.4 Case Study

To illustrate how the Evaluatology-based Al paradigm can advance database automatic
design, we present the following case study.

In database automatic design [33], Evaluatology begins by defining the perfect EC.
The FO is the database index, the AQO corresponds to a minimally independent running
database system, and the FXO consists of all factors that influence index performance.
The EXO includes, but is not limited to, data distribution and skew patterns, schema
evolution and update frequencies, storage layout, and compression rules. Inspired by
CPU Evaluatology, the EXO is not fixed [213]; instead, workload and access distributions
dynamically adapt to stakeholder requirements, reflecting realistic production variability
rather than relying on a static benchmark.

Under the perfect EC, the full design space of the EO is explored. In a row-store
database, accelerating access generally requires building indexes on selected columns.
For a table with n columns, allowing arbitrary choices of column subsets and orders
leads to a combinatorial design space of

n

> (ni'k)‘ (25.4)

k=1

which grows factorially and becomes computationally intractable. Here, kK = 1,2,...,n
denotes the number of columns included in an index. Al examines this large space
using a combination of brute-force enumeration to approximate completeness, heuristic
exploration to focus on promising index patterns, and pruning to eliminate redundant
or unproductive design paths.

From this exploration, the perfect EC is distilled into simple ECs that more faithfully
simulate realistic deployment scenarios. These simple ECs capture factors such as mixed
read/write ratios, skewed query distributions, and hardware-dependent cost models,
allowing Al to analyze index performance under resource-aware and stakeholder-specific
conditions.

With simple ECs established, Al performs interrogation through the four funda-
mental modes. Measurement quantifies index performance across workload variations;
testing validates behavioral stability under simple ECs; evaluation integrates empirical
evidence and reasoning to infer the true effect of each candidate index; and reasoning
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explains why certain index structures lead to performance gains or regressions. This epis-
temic process produces a scientifically interpretable understanding of how index design
factors shape system performance.

Finally, in the step of free will, the EO gains the capability for intentional redesign.
Guided by the causal principles uncovered during interrogation, AI autonomously imag-
ines alternative index forms, creates new structural variants, and performs automatic
design to generate indexes that best satisfy stakeholder requirements. This moves be-
yond selecting from existing templates, such as B-tree, hash, or bitmap indexes, and
enables the invention of novel index structures, achieving Evaluatology-driven database
intelligence.

25.5 Summary

This chapter presented that the Evaluatology-based Al paradigm provides a new path-
way beyond these constraints by redefining intelligence as a progressive path across a
four-step evolution. This path establishes a dual relationship between evaluation (fixing
EO, varying EC) and automatic design (fixing EC, varying EO), outlining a promising
path for AI to evolve from an opaque data-driven black box toward an interpretable,
causally grounded, and self-improving form of general intelligence.
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