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Abstract
Compared with classical test theory (CTT), item response theory (IRT) can
characterize the mechanistic relationship between individual traits and item re-
sponses at the item level, reduce the dependence of item parameter estimation
on specific samples, and evaluate measurement precision at different levels of
latent traits. However, IRT has not replaced CTT practices centered on to-
tal scores and traditional item analysis in general psychological research. This
phenomenon cannot be attributed simply to the technical complexity of IRT
or insufficient training in research methods; rather, it should be understood
by distinguishing among three levels: theoretical gains, practical benefits, and
practical adoption. The additional information provided by IRT can be trans-
formed into practical benefits only when it is relevant to the research question
and scientific inference. Its practical adoption is also constrained by practical
costs such as learning and using the theory, as well as by path dependence in the
disciplinary ecology, including existing training systems and research workflows.
Accordingly, this article proposes a method-adoption framework of “theoreti-
cal gains–problem demands–practical costs–disciplinary ecology”and advocates
a shift from “method substitution”to problem-driven measurement modeling,
that is, selecting a measurement theory according to the measurement resolution
required for scientific inference and the corresponding costs.
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Abstract Item response theory (IRT), compared with classical test theory
(CTT), can characterize at the item level the mechanistic relationship between
individual traits and item responses, reduce the dependence of item-parameter
estimation on a particular sample, and evaluate measurement precision at dif-
ferent levels of the latent trait. However, in general psychological research, IRT
has not replaced CTT practices that are centered on total scores and traditional
item analysis. This phenomenon cannot simply be attributed to the technical
complexity of IRT or to insufficient methodological training; rather, it should
be understood at three levels: theoretical gain, practical benefit, and practi-
cal adoption. The additional information provided by IRT can be translated
into practical benefit only when it is relevant to the research question and to
scientific inference; its practical adoption is also constrained by practical costs
such as learning and using the theory, as well as by path dependence in the
disciplinary ecology, including existing training systems and research workflows.
Accordingly, this article proposes an adoption framework of “theoretical gain–
problem demand–practical cost–disciplinary ecology,”and advocates a shift from
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“method substitution”to problem-driven measurement modeling, that is, select-
ing a measurement theory according to the measurement resolution required by
scientific theory and the corresponding costs.

Keywords: item response theory; classical test theory; psychological measure-
ment; psychometric model

1 Introduction: Why Has Theoretical Progress
Not Brought About Method Substitution?
A basic difficulty in psychological research is that many core research objects
cannot be directly observed. Psychological constructs/traits such as intelligence,
personality, and anxiety can only be inferred from individuals’overt responses to
items, tasks, or situations. In other words, many variables used in psychological
research are not given directly by the data, but are measurement results formed
through measurement theory, scoring rules, and model assumptions. Therefore,
psychological measurement is not merely assigning numbers to psychological
phenomena; more importantly, it specifies under what conditions observed data
can reflect the target psychological construct and support the corresponding
scientific theory.

Classical test theory (CTT) has long constituted the foundational framework for
psychological and educational measurement. By distinguishing observed scores,
true scores, and measurement error, it has provided a concise and widely ap-
plicable theoretical language for evaluating the stability of measurement results
(reliability estimation) and for item analysis. Item response theory (IRT), by
contrast, takes item responses (responses to test items) as the unit of analysis
and uses probabilistic models to describe the relationships among individuals’
latent traits, item characteristics, and item responses. Under the condition that
the model fits the data, IRT can reduce the dependence of item parameters on a
particular sample and evaluate measurement precision at different levels of the
latent trait, thereby supporting applications such as test equating, differential
item functioning analysis, and computerized adaptive testing (Luo Zhaosheng
et al., 2012; Chen et al., 2025; de Ayala, 2022; van der Linden, 2016). Thus,
relative to conventional CTT practice, IRT can provide more detailed item- and
person-level measurement information.

If one follows a linear logic of technological development, a new theory that can
provide more measurement information would seem as though it ought gradually
to replace the old theory. However, no such simple substitution relationship has
formed between IRT and CTT. On the one hand, IRT has been widely applied in
large-scale educational assessment, item-bank construction, and computerized
adaptive testing; on the other hand, in general psychological research, it remains
common to aggregate item scores into a total score and then, through reliability
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After confirming measurement quality through traditional item analysis, directly
entering the total score into subsequent substantive statistical analyses (such as
correlation, regression, or difference tests) remains a common practice. Reviews
across multiple fields have shown that applications of IRT exhibit clear domain
differences, and that its theoretical development and practical application are
not synchronized (Foster et al., 2017; Schroeders & Gnambs, 2025; ten Holt
et al., 2010). This gives rise to the central question addressed in this article:
if IRT can provide richer and more refined information than CTT on certain
important problems in psychological measurement, why have these theoretical
gains not been correspondingly translated into practical advantages in general
psychological research?

One intuitive explanation is that “IRT is too difficult.”Compared with CTT,
IRT indeed requires researchers to further understand concepts such as latent
variables, item response functions, model parameters, and model fit, and it of-
ten imposes more explicit requirements on research design and data conditions.
However, explaining the limited application of IRT solely in terms of technical
complexity is insufficient. In recent years, open-source software, analysis pro-
grams, and methodological tutorials have continuously lowered the operational
threshold for IRT (Tu Dongbo et al., 2023; Zein & Akhtar, 2025), yet its use in
psychological research remains limited. This suggests that whether a measure-
ment theory enters research practice depends not only on whether researchers
“can use it,”but also on whether the additional information it provides is gen-
uinely needed for the research question, and on how much cost must be paid to
obtain such information.

Therefore, this article understands the practical adoption of IRT from four inter-
related levels. The first is theoretical gain—that is, what additional measurement
information and inferential capability one theory can provide relative to an ex-
isting theory; the second is problem demand—that is, whether this newly added
information is relevant to specific research questions and final scientific infer-
ences; the third is practical cost—that is, how much cost in learning, data, and
model use is required to obtain, test, and interpret this information; and the
fourth is disciplinary ecology—that is, the training system, research procedures,
software environment, and publication norms within which theoretical choices
are situated. Together, these four factors determine whether theoretical advan-
tages can be transformed into practical advantages: theoretical gain produces
actual benefit only when it matches research demand; whether actual benefit
can further promote theory adoption also depends on its costs and on the degree
to which the method fits the existing disciplinary ecology.

Based on this line of thought, this article first compares the theoretical prop-
erties and experiential differences between CTT and IRT, and discusses the
conditions and boundaries under which the proposition that“IRT is superior to
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CTT”holds; it then explains the asymmetry between IRT’s theoretical devel-
opment and practical application from four aspects: theoretical gain, problem
demand, practical cost, and disciplinary ecology.

2 Comparison of the Theoretical Properties and Experi-
ences of CTT and IRT
Although CTT and IRT are usually labeled classical psychometric theory and
modern psychometric theory, respectively, they essentially address the same
problem of measurement indirectness: researchers can infer the level of a specific
psychological construct only from individuals’manifest responses to test items,
experimental tasks, or other situations. The main differences between the two
lie in how they use this observed information, how they describe the relationship
between psychological constructs and manifest responses, and how they evaluate
measurement error.

2.1 The Basic Logical Framework of Psychometric Theory

Psychometrics involves many aspects, including test construction, reliability and
validity evaluation, score interpretation, and measurement models, but its core
task can be summarized as follows: how to measure and infer psychological
constructs that cannot be directly observed on the basis of observable behavior.
Therefore, the core of psychometrics can be further summarized as psychological
measurement modeling (Bollen, 2002; Sijtsma, 2012). Here,“modeling”does not
mean that all psychological measurement must use complex statistical models;
rather, it emphasizes that, from observed responses, psychological

the process of obtaining measurement results must always be based on certain
theories, scoring rules, or model assumptions. Psychological measurement can
therefore be summarized as a process of “target construct–manifest behavior–
measurement model–quantitative inference”(Figure 1).

The true-score model in CTT assumes that an observed score consists of a true
score and measurement error. Here, the true score is the expectation of the
observed score obtained from infinitely repeated measurements of an individ-
ual under the same measurement conditions; it is a theoretical quantity in the
statistical sense. CTT mainly develops around test total scores and their error
properties, providing researchers with a simple theoretical framework for eval-
uating the stability of measurement results. IRT further implements this mea-
surement relationship at the item level, using item response models to describe
the probabilistic relationship among individuals’latent traits, item parameters,
and observed responses. In other words, IRT attempts to explain the probability
that an individual will make a certain response when the individual has a certain
level of latent trait and the item has specific measurement characteristics.

It can thus be seen that CTT and IRT are not two mutually separate tech-
nologies. Both attempt to infer individuals’psychological construct levels from
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Figure 1. Basic logical framework of psychometrics based on indirect
measurement

Figure 1: Figure 1. Basic logical framework of psychometrics based on indirect
measurement

manifest behavior; they differ only in the level of modeling and in the way
parameters are specified. The former mainly models true scores and errors,
whereas the latter describes, at the item level, the relationship between individ-
ual traits and item responses. Therefore, the important change represented by
IRT relative to CTT can be understood as the ability to use more fine-grained
information at the item and individual levels, and can also be summarized as
an improvement in the resolution of psychometric modeling.

Figure 1 Basic logical framework of psychometrics based on indirect
measurement

2.2 From test-level measurement modeling to item-level
measurement modeling
The raw data of psychological tests are usually generated at the item level.
For example, ability tests record whether an individual’s response to each
item is correct or incorrect, and Likert scales record an individual’s graded
choice for each item. In conventional CTT practice, these item responses are
usually first summed or averaged to form a total score, and subsequent reliability
evaluation and statistical analyses mainly center on this total score. IRT, by
contrast, directly takes item responses as the unit of analysis and describes
how individuals’latent traits and item characteristics jointly influence response
outcomes.

Aggregating responses to multiple items into a total score is, in essence, a form of
information compression. Information compression is not in itself problematic;
the key is whether the discarded information is relevant to the research purpose.
When items differ in difficulty, discrimination, and other aspects, the same total
score may correspond to different response patterns, and such item differences
have practical significance in certain measurement problems. However, it should
not be assumed simply that “CTT only uses total scores, whereas IRT can
necessarily distinguish different response patterns.”For example, when the Rasch
model satisfies the corresponding conditions, the raw total score can become

sufficient statistic for estimating an individual’s ability parameter; at this point,
individuals with the same total score will receive the same ability estimate. The
real distinctive feature of IRT is that it provides a set of probabilistic models at
the item level, enabling researchers to specify clearly which item differences need
to enter the measurement process and how these differences affect measurement
results.

chinarxiv.org/items/chinaxiv-202608.00130 Machine Translation

https://chinarxiv.org/items/chinaxiv-202608.00130


CTT and IRT also differ in how they describe item characteristics. In tradi-
tional CTT item analysis, item difficulty and item discrimination are usually
empirical statistics calculated from a specific sample, and therefore vary with
sample characteristics. IRT, by contrast, incorporates both individuals’latent
traits and item parameters into the model. For example, in a two-parameter
Logistic model, the difficulty parameter indicates the relative position of an
item on the latent-trait scale, while the discrimination parameter reflects the
item’s ability to differentiate individuals at different levels of the latent trait.
This is also the basis for the relative invariance of item parameters and person
parameters that IRT commonly emphasizes. However, this “invariance”is not
unconditional. Only when the model fits the data well, the scale is properly
determined, and the response mechanisms of different groups are basically con-
sistent can item parameters remain relatively stable across different samples. If
there is model misfit or differential item functioning, item parameters may still
change. Therefore, rather than saying that IRT eliminates sample dependence,
it is better to say that, under the conditions in which the model holds, it reduces
the dependence of item parameters on a particular sample and makes whether
the parameters have cross-group stability a testable question. Item-level cali-
bration also allows different items to be organized onto a common scale, thereby
supporting item-bank construction, equating and linking between different test
versions, and computerized adaptive testing. In these applications, researchers
need to know each item’s position in the entire measurement system and the
information it can provide; relying only on total test scores usually makes it
difficult to meet this requirement.

2.3. From Holistic Evaluation of Test Quality to Condi-
tional and Personalized Evaluation of Measurement Preci-
sion
Another important difference between CTT and IRT lies in how measurement
precision is evaluated. In conventional CTT practice, researchers usually use
reliability or the standard error of measurement to evaluate the measurement
quality of an entire test as a whole. This approach is simple and intuitive, and it
also facilitates comparisons across different studies. However, the measurement
precision of a test may not be the same for individuals at different trait levels.
For example, an ability test composed mainly of medium-difficulty items may
be able to distinguish individuals of medium ability fairly well, but may not
further distinguish individuals with very high or very low ability. Therefore,
“whether this test is reliable overall”and “how accurately this test measures
individuals at a particular level”are not exactly the same question. In fact,
because item difficulty in CTT depends on a particular sample, improving test
reliability by adding medium-difficulty items essentially optimizes measurement
precision only around the center of that sample; this implicitly reveals that
the measurement precision of the same test differs for examinees at different
ability levels. IRT directly describes this difference through the item informa-
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tion function and the test information function. In IRT, different items can
provide different amounts of measurement information at different locations on
the latent-trait scale; correspondingly, the standard error of an individual’s
latent-trait estimate also changes with the person’s latent-trait level. Thus,
researchers can not only evaluate the overall performance of a test, but also fur-
ther determine at which trait levels measurement is more precise and at which
levels measurement error is larger.

This line of thinking also affects item selection and test design. The quality of
an item depends not only on its difficulty and discrimination in the overall sam-
ple, but also on whether it can provide sufficient information within the trait
range that the study truly concerns. For example, if the research focus is identi-
fying high-ability individuals, then more items that can provide information at
relatively high ability levels are needed; if attention is paid to a certain clinical
cutoff, then it is necessary to ensure that the test has sufficient measurement
precision near that cutoff. Computerized adaptive testing is precisely an impor-
tant application of this idea. Based on an individual’s current trait estimate, it
selects subsequent items from an item bank that are most informative for that
individual, so that different individuals can receive different items while at the
same time

obtain comparable measurement results on a common scale.

It should be noted that one cannot therefore simply conclude that “CTT can
only provide an overall reliability, whereas IRT can evaluate the measurement
precision of different individuals.”Conditional standard error of measurement
methods within the CTT framework can also estimate measurement error at
different score levels (Feldt et al., 1985). A more accurate distinction is that
conventional CTT practice usually uses overall indices to summarize the mea-
surement quality of an entire test, whereas IRT directly incorporates the fact
that measurement precision varies with the latent trait level into the model, and
develops corresponding analytic and applied methods around this feature.

Therefore, this advance of IRT relative to conventional CTT practice should not
be simply summarized as a move from“low precision”to“high precision.”Rather,
it should be understood as a further development from primarily evaluating the
overall measurement quality of a test to evaluating measurement precision at
different latent trait levels. Such additional information may have important
value in clinical cutoff judgment, identification of individuals with extreme trait
levels, and individualized measurement; however, if a study mainly focuses on
relatively stable group mean differences or relationships among variables, its
practical gain may be relatively limited. This further shows that whether IRT’
s theoretical advantages can be transformed into practical advantages depends
on whether this additional measurement information is relevant to the final
scientific inference.
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3 Why “IRT Is Superior to CTT”Cannot Be an Uncondi-
tional Proposition?
3.1 Stronger Theoretical Expressiveness Comes at the Cost of a More
Complex Model Structure

The reason IRT can estimate item parameters, individuals’latent traits, and
measurement information at different trait levels is that it makes more specific
assumptions than CTT about the data structure of item responses. For example,
IRT models usually need to specify the dimensional structure of the latent trait,
whether items satisfy local independence, and what form the item response
function takes. Thus, IRT does not obtain more information under conditions
completely identical to those of CTT; rather, it does so by introducing more
model structure.

More model structure brings advantages, but it also increases the requirements
for model use. The more complex the model, the more specific the questions
that researchers can answer, but the greater the possibility of improper model
specification. Even if the model can successfully estimate parameters, it is still
necessary to further evaluate issues such as overall model fit, item fit, local
dependence, differential item functioning, and parameter stability (Sinharay &
Monroe, 2025). In other words, while IRT provides more measurement infor-
mation, it also requires researchers to assume greater responsibility for judging
whether the model assumptions are reasonable.

By comparison, the model structure of CTT is relatively simple. Although it
can directly provide less item- and person-level information, it can also discuss
measurement error and score reliability under fewer assumptions (Sijtsma et
al., 2024a). Therefore, the relationship between IRT and CTT should not be
understood as a contrast between a “precise model”and a “crude model.”
More accurately, the two embody a trade-off between model complexity and
information yield.

3.2 Theoretical Differences Do Not Necessarily Lead to Substantive
Changes in Research Conclusions

Even if IRT can provide more refined measurement information, this does not
mean that research conclusions will necessarily change markedly after IRT is
used. Studies by Fan (1998) and Yu Jiayuan (1989) both show that some item
and person indices obtained from CTT and IRT can have relatively high consis-
tency; when items are relatively homogeneous and the measurement structure is
relatively simple, CTT test total scores and IRT latent-trait estimates may pro-
duce highly consistent individual rankings. This phenomenon does not negate
the theoretical value of IRT, but rather indicates that theoretical differences
between methods do not necessarily always carry through to the final scientific
conclusions. For example, if a study is primarily concerned with a strong overall
correlation between two variables, or with comparing relatively clear mean dif-
ferences between two groups, and the individual rankings and statistical results
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obtained by different scoring methods are almost identical, then the additional
information obtained by adopting a more complex model may

The information may not change the substantive conclusion.

Therefore, when evaluating measurement methods, it is necessary to distin-
guish between two questions: how much information a method can provide,
and how much information the research question actually requires. A measure-
ment method is not better simply because it is more complex or more precise; a
more reasonable criterion is whether the measurement information and precision
it provides are sufficient to support the final scientific inference.

3.3 The Total-Score Debate Has Changed the Simple Opposition Be-
tween IRT and CTT

Recent discussions surrounding total scores have further shown that it is inac-
curate to understand IRT and CTT simply as an opposition between “latent-
variable scores”and“total scores.”The main issue with total scores is not that
they are “simple,”but whether their construction and interpretation have suf-
ficient measurement justification. On the one hand, researchers have pointed
out that even when total scores are highly correlated with estimates of latent
traits, the two may still differ in their psychometric properties; therefore, in the
absence of argumentation, one should not by default simply add all items di-
rectly (McNeish, 2023). On the other hand, under an appropriate measurement
structure, total scores can also become reasonable and valid measurement out-
comes (Widaman & Revelle, 2023). Sijtsma et al. (2024a) further pointed out
that, under a class of commonly used IRT models, total scores can support or-
dinal interpretations of latent traits, while CTT can provide valuable reliability
information under fewer assumptions. McNeish (2024) emphasized that total
scores are mathematically reasonable, but this does not mean that they are the
best choice for all problems such as prediction, multidimensional constructs, or
measurement invariance. Mislevy (2024) likewise pointed out that the key to
evaluating whether a score is reasonable lies in what kind of inference the score
needs to support. Sijtsma et al. (2024b), in their response, also acknowledged
that in applications such as test equating and computerized adaptive testing,
latent-variable models can provide information that total scores themselves can
hardly replace.

Thus, what this debate has truly changed is not whether total scores are ulti-
mately right or wrong, but rather the criteria for evaluating methods. Whether
something is mathematically valid, whether it is statistically more refined, and
whether it is most appropriate in practice are three different questions. Total
scores do not automatically lose value because IRT exists; likewise, the fact
that IRT can provide more fine-grained information does not imply that all
psychological research should use IRT.
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3.4 The Application of IRT Shows Clear Domain Differences

To discuss why IRT has not universally replaced CTT, it is also necessary to
understand with caution the judgment that “IRT is insufficiently applied.”At
present, there is a lack of unified bibliometric evidence covering all fields of
psychology, so it is inappropriate to make a sweeping claim that IRT is used at
a very low rate in“all of psychology.”A more prudent statement is that existing
research consistently shows that the application of IRT has obvious domain
clustering, and that its degree of adoption differs across branches of psychology.

This difference is relatively clear between ability testing and personality measure-
ment. Reise and Henson (2003) pointed out that IRT had already been widely
applied in large-scale ability, achievement, and qualification tests, whereas its
application in personality measurement was relatively limited. Research on psy-
chological scales also shows a similar phenomenon. ten Holt et al. (2010), in
examining 41 empirical scale studies, found that 78% used only factor analysis,
15% used only IRT, and 7% used both methods. This result also reminds us
that, in general psychometric research, IRT faces not only CTT; factor anal-
ysis and structural equation modeling likewise constitute mature traditions of
latent-variable analysis in psychology. IRT is mathematically closely related to
factor analysis for categorical data (Takane & de Leeuw, 1987), but the two have
formed different methodological traditions in teaching, software, and practical
use. The situation in industrial and organizational psychology is also representa-
tive. Foster et al. (2017) reviewed IRT applications in related areas since 2000
and found that, although IRT had received attention from some researchers
and practitioners, there were still clear gaps in its knowledge dissemination and
practical adoption. Until recent years,

Schroeders and Gnambs (2025) still point out that the psychometric advantages
of IRT have not yet been fully utilized in general psychological research.

However, the situation is clearly different in large-scale standardized assessment.
Test-bank calibration, equating and linking across different test versions, differ-
ential item functioning analysis, and computerized adaptive testing all require
item-level information and a common scale; therefore, IRT can directly serve
the core measurement tasks in these areas. In recent years, IRT has also been
used in cognitive ability measurement such as matrix-reasoning item banks, in
order to support item calibration and test-bank construction (Zorowitz et al.,
2024). In these contexts, researchers choose IRT not in pursuit of a “more ad-
vanced”method, but because the information provided by IRT is exactly what
the research task requires.

This domain difference provides an important clue: if technical complexity were
the only reason limiting the application of IRT, then large-scale assessment
should likewise tend to use simpler methods. Reality shows, however, that as
long as the additional information from IRT directly serves the core measure-
ment task, its relatively high methodological cost may be accepted. Thus, differ-
ences in the adoption of IRT across domains themselves indicate that whether
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a method is widely used is not determined solely by its theoretical performance,
but also by the degree of fit between the method and specific research questions.

4 Why Have the Theoretical Gains of IRT Not Been
Translated into Practical Advantages?
The preceding discussion shows that, compared with conventional CTT practice,
IRT can provide more fine-grained information at the item and person levels, but
these theoretical gains have not made it naturally become the default method
in general psychological research. To understand this phenomenon, it is not
enough merely to compare how much information the two theories can provide;
it is also necessary to further examine whether this information is truly needed
by the research question, how much cost must be paid to obtain it, and in what
kind of disciplinary environment methodological choices occur.

Accordingly, this article explains the practical adoption of IRT from four in-
terrelated aspects: theoretical gains, problem demands, practical costs, and
disciplinary ecology. Theoretical gains answer what additional information the
method can provide; problem demands determine whether this information is
relevant to the ultimate scientific inference; practical costs involve the learning,
data, and model-analysis investments required to obtain and interpret this in-
formation; and disciplinary ecology involves external conditions such as method-
ological training, research processes, software tools, and publication norms. The-
oretical gains form actual benefits only when they match problem demands, and
whether actual benefits further promote practical adoption depends on whether
they are sufficient to offset practical costs and whether they can be absorbed by
the existing disciplinary ecology. Therefore, the practical competitiveness of a
method is not determined by theoretical performance alone.

4.1 Theoretical Gains: What Additional Information Can IRT Pro-
vide?

The theoretical gains of IRT are mainly reflected in its ability to make use of
item- and person-level information that is less directly retained in conventional
CTT practice. By simultaneously considering individuals’latent traits and item
characteristics through item response models, IRT can, under the conditions in
which the model holds, reduce the dependence of item parameters on a particu-
lar sample, evaluate measurement precision at different latent-trait levels, and
further support applications such as test equating and linking, differential item
functioning analysis, test-bank construction, and computerized adaptive testing
(Chen et al., 2025; de Ayala, 2022).

However, being able to provide certain information does not mean that a specific
study needs that information. For example, in cross-group comparisons, if it
is necessary to determine whether certain items have different measurement
functions across groups, then differential item functioning analysis may directly
affect whether the conclusion is valid; in clinical assessment, if a study focuses

chinarxiv.org/items/chinaxiv-202608.00130 Machine Translation

https://chinarxiv.org/items/chinaxiv-202608.00130


on individuals near a certain cutoff value, the measurement precision in that
interval may also have direct decision-making significance. Conversely, if a study
mainly uses a composite score with sufficient validity evidence to test a relatively
clear overall effect, further estimating each item’s

⋯parameters may not change the final conclusions.

Therefore, the fact that IRT can retain more information first of all implies a
potential theoretical gain, rather than an actual advantage that exists in every
study. When evaluating a measurement method, it is necessary to distinguish
what information it can provide from what information the current study truly
needs. Only additional information relevant to the research goal can further
generate practical benefits.

4.2 Problem Demand: Does Additional Information Enter
the Final Scientific Inference?
The value of a method depends first on what inferences the research ultimately
hopes to make. Many issues in large-scale assessment, personnel selection, clini-
cal decision-making, and individualized evaluation occur directly at the item or
individual level. For example, score comparability must be maintained across
different test versions; cross-group studies need to examine whether items have
the same measurement function; computerized adaptive testing needs to select
the most informative items on the basis of estimates of an individual’s current
latent trait. In these situations, item parameters, measurement precision at dif-
ferent trait levels, and covariances are not auxiliary information, but part of the
research task itself. Therefore, the model complexity added by IRT is relatively
easy to translate into practical benefits.

By contrast, a large number of general psychological studies mainly focus on
group mean differences or overall relations among variables. If a measurement
instrument can already form a composite score with sufficient reliability and
validity evidence, then more fine-grained estimates of individual latent traits
may not necessarily substantially change group differences, correlational rela-
tionships, or other main conclusions. At this point, although IRT can still
provide more measurement information, the marginal value of this information
for the final scientific inference may be relatively small.

This distinction is related to Cronbach’s (1957) distinction between two
paradigms of psychological research: statistical inference and critical science.
The former, represented by classical experimental research, more often seeks
general laws at the group level through manipulation and control; the latter,
represented by the study of individual differences, attends more directly to
the location of stable differences among persons and to the quality of their
measurement. IRT is more likely to show advantages in the latter type of
question, but it cannot therefore be simply concluded that “experimental
research is suited to CTT, whereas individual-differences research is suited
to IRT.”What truly determines methodological demand is whether the final
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scientific inference depends on measurement information at the item and
individual levels.

Moreover, this demand also changes as questions in psychological research
change. In recent years, cognitive and clinical psychology have increasingly
inferred latent cognitive processes from observed data such as accuracy and
reaction time through computational modeling (Liu Yikang, Hu Chuanpeng,
2024); psychometric research has also begun to jointly use multimodal data
such as response outcomes, response times, behavioral sequences, and eye-
movement information to describe individual and item differences more fully
(Guo Xiaojun et al., 2024; Zhan Weida, 2022; Fu et al., 2024; Myers et al.,
2022; Zhan et al., 2018). When the parameters of these models are further used
to study stable individual differences, their reliability, validity, and stability
across time again become issues of psychological measurement; in recent years,
cognitive and experimental psychological research has also begun to refocus on
measurement calibration and the quality of measurement at the individual level
(Zhu Qianqian et al., 2025; Bach, 2024; Clayson, 2024; Rappaport et al., 2025).

These changes show that“group laws”and“individual differences”are not fixed
methodological camps. As research further shifts from “what happens on aver-
age”to“why different individuals produce different performances,”the demand
for more fine-grained measurement information may also increase. Therefore,
differences in the adoption of IRT across different fields do not indicate that the
methods in some fields are more“advanced”; rather, they reflect differences in
the demand for measurement information across different scientific questions.

4.3 Practical Costs: What Exactly Does “IRT Is Too Dif-
ficult”Mean?
Even if IRT can provide the information that research truly needs, whether it
is actually adopted still depends on how much cost must be paid to obtain that
information.

It is insufficient to explain the underuse of IRT simply as “IRT is too diffi-
cult.”A more accurate understanding is that, compared with simpler scoring
and analytic methods, IRT usually entails higher costs of method use, includ-
ing learning costs, data and research-design costs, model-evaluation costs, and
result-interpretation costs.

First are learning costs. IRT requires researchers to understand concepts such
as latent traits, item response functions, model identification, and local indepen-
dence, and to select appropriate models according to item type and response
process. Different models are not merely different options in software; they
correspond to different assumptions about the item response mechanism (Yang
Xiangdong, 2010). Therefore, being able to run a model does not mean being
able to use the model reasonably.

Second are data and research-design costs. Whether an IRT model can be
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estimated stably depends not only on sample size, but also on the number of
items, model parameters, the distribution of latent traits, and the parameters of
research interest. Therefore, it is difficult to apply a fixed sample-size standard
to all IRT studies. A more reasonable approach is to plan sample size according
to the specific model and research goals (Schroeders & Gnambs, 2025). This
also means that researchers often need to consider the subsequent measurement
model before data collection, rather than deciding what analytic method to use
only after data collection is complete.

Third are model-evaluation costs. Successful estimation of a model does not
mean that it fits the data adequately. Researchers also need to evaluate issues
such as overall model fit, item fit, local dependence, item functioning differ-
ences, and parameter stability (Sinharay & Monroe, 2025). The more complex
the model, the more information it can provide, but the corresponding model
assumptions that must be tested and interpreted also increase.

In addition, there are costs of result interpretation and communication. To-
tal scores usually have relatively intuitive meanings and are easy to use in re-
search reports and practical decision-making; estimates of latent traits in IRT
depend on the specific model and scale settings, and their numerical values usu-
ally need to be interpreted in conjunction with the corresponding measurement
framework. If the results provided by a complex model are almost the same as
simple scores, then the additional analytic and interpretive costs may reduce its
practical appeal.

In recent years, the development of R packages such as mirt and various spe-
cialized software programs has substantially lowered the computational and op-
erational barriers to IRT. However, software can hardly replace the researcher’
s responsibility for model judgment: Why choose this model? Do the model as-
sumptions correspond to the actual response process? Are the data sufficient to
support parameter interpretation? What does poor model fit mean? Therefore,
what is today called “IRT is too difficult”is, more importantly, not compu-
tational difficulty, but the requirement that researchers more actively propose,
test, and interpret measurement models.

It can thus be seen that the meaning of practical costs depends on the needs
of the problem. When the information provided by IRT is directly related
to core scientific inference, higher methodological costs may be worth bearing;
when simple methods can already answer the question sufficiently, the same
costs may become unnecessary complexity. Therefore, not using IRT cannot
simply be understood as insufficient methodological training; it may also be
a reasonable choice made by researchers on the basis of actual benefits and
methodological costs.
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4.4 Disciplinary Ecology: Why Do Default Methods Have
a Huge Path-Dependence Advantage?
Researchers do not choose methods in a completely neutral environment. Which
methods are easy to learn and operate, which results are easy to communicate
and publish, and which analyses require additional explanation are all influ-
enced by existing training systems, research traditions, and publication norms.
Therefore, considering only the cost–benefit relationship of a single study is still
insufficient to explain why IRT has not become the default method in general
psychological research.

Psychology has already developed a relatively mature research workflow of“mea-
surement instrument–scoring–statistical analysis.”Researchers usually select an
existing scale, perform necessary reverse scoring of items and then sum or av-
erage the scores, evaluate the reliability of the scores through indicators such
as internal consistency, and then use the resulting variables for correlation, re-
gression, analysis of variance, or structural equation modeling. McNeish (2022)
summarized similar practices as the “sum-and-alpha approach.”This research
workflow is simple, efficient, and convenient for teaching and communication. Of
course, the problem does not lie in the use of total scores or internal-consistency
indices per se. As noted above, under appropriate conditions, total scores can
be entirely reasonable evidence for psychological measurement. What deserves
more attention is whether convenient scoring methods lead researchers to ask
fewer follow-up questions: Why are these items able to reflect the target con-
struct? Do scores have the same meaning across different groups? Do measure-
ment errors affect the final scientific conclusions? Studies by Flake and Fried
(2020) and Flake et al. (2022) both show that, in psychology, decisions concern-
ing the selection of measurement instruments, construct validity, and scoring
methods often do not receive the same degree of attention as subsequent statis-
tical analyses. Similar problems also appear in psychopathology research, where
the definition and measurement of psychological constructs such as depression,
as well as their validity evidence, are still regarded as important issues that
constrain theoretical interpretation (Fried et al., 2022; Hayden, 2022).

These phenomena have not emerged only recently. Meier (2023) pointed out
that some measurement problems in psychology show obvious persistence, and
that some long-standing issues have not naturally disappeared with the develop-
ment of statistical methods. In this sense, psychology to some extent exhibits a
tendency toward“heavy statistical inference and light measurement modeling.”
This is not to say that psychological researchers do not value measurement;
rather, it means that researchers often invest more effort in answering “how
variables should be analyzed after they have been obtained,”while relatively
less discussion is devoted to “how these variables are formed from observed
behavior.”The measurement-modeling approach represented by IRT precisely
requires researchers to move these questions forward. For example, before form-
ing a total score, one needs to consider why items can reflect the target latent
trait, whether different items have the same measurement function, whether
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the model is consistent with the data, and at which individual or trait levels
the measurement is more precise. These issues often need to be considered as
early as the stages of measurement-instrument selection, item design, and data
collection, and cannot be fully remedied at the data-analysis stage. At the
same time, default methods also have clear advantages in terms of path depen-
dence. Total scores, 𝛼 coefficients, and common statistical models have already
become a shared language familiar to textbooks, software, researchers, and re-
viewers; using these methods usually does not require extensive explanation of
“why they are adopted.”By contrast, when using non-default methods such as
IRT, researchers often need to provide additional explanations of model choice,
parameter meaning, model fit, and scoring methods. This creates a practical
asymmetry: default methods usually do not need to prove their own necessity,
whereas non-default methods often first need to explain why they are worth
using.

This difference is also related to the long-standing relative separation between
psychology and psychometrics in methodological training. Borsboom (2006)
pointed out that the distance between psychology and psychometrics is not
only a technical issue, but is also related to the lack of sufficient integration
among theory, training, and research practice. Wijsen et al. (2022) likewise
noted that the high degree of technicalization of contemporary psychometrics,
together with its distance from substantive psychological research, may make
it difficult for psychometric methods to fully enter the core theoretical issues
of psychology. Sijtsma (2012) also emphasized that the development of psycho-
metrics needs to respond more directly to real scientific questions in psychology.
General methodological training in psychology often places greater emphasis on
how to analyze relationships among variables, while systematic training on how
variables themselves are formed and what measurement properties they have
is relatively limited. Therefore, the practical advantage of CTT-style simple
scoring methods comes not only from technical simplicity, but also from their
high compatibility with existing research workflows, methodological training,
and publication norms. The so-called “heavy statistics, light measurement”is
better understood as a relative allocation of methodological resources, rather
than as a blanket criticism of psychological research practice.

Of course, this disciplinary ecology is not fixed. As psychology pays increasing
attention to individual prediction, latent processes, and complex behavioral
data, as computational modeling and other methods make the idea of“inferring
latent processes from observed behavior”more widespread, or as research norms
place greater emphasis on construct validity and

when measurement transparency is considered, the demands placed on measure-
ment modeling may also increase accordingly. The practical value of IRT and
other psychometric measurement models will likewise be reassessed as research
questions, methodological costs, and disciplinary environments change.

Overall, the fact that IRT has not replaced CTT in general psychological re-
search is not simply a matter of a more advanced method failing to become pop-
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ular. The additional information provided by IRT can yield practical benefits
only when it matches the research question; these benefits must also be weighed
against the costs of method use, and ultimately occur within disciplinary ecolo-
gies that have particular training and research traditions. Therefore, theoretical
gains can be stably transformed into practical advantages only when they meet
the demands of the question, when the practical gains are sufficient to offset
the practical costs, and when they can be absorbed by the disciplinary ecology.
Thus, the question truly worth discussing is no longer“whether IRT should ulti-
mately replace CTT,”but whether researchers can, in light of specific scientific
questions, choose measurement methods that provide sufficient measurement
information without excessively increasing model complexity.

5 Discussion, Conclusion, and Prospects
5.1 From Method Replacement to Problem-Driven Mea-
surement Modeling
The preceding sections show that understanding IRT and CTT as a competition
in which“new methods replace old methods”easily obscures the actual demands
that different research questions place on measurement information. Complex
models are not inherently superior to simple models. A sum score that has
been sufficiently justified by measurement theory and can support the target
scientific inference may be more appropriate than latent trait estimates when
the model is misspecified or poorly fitted; conversely, when research conclusions
directly involve item differences, measurement error at different trait levels,
cross-test comparisons, or individualized decisions, abandoning more refined
measurement models merely because sum scores are convenient may likewise
create a mismatch between method and research question.

Therefore, this article argues for shifting from the logic of “method replace-
ment”to problem-driven measurement modeling. The core is not to require
all psychological research to use IRT, but to determine, according to the final
scientific inference, what kind of measurement information and what degree of
model complexity are needed. Researchers should first clarify: What is the
study attempting to measure? What inferences are intended based on the mea-
surement results? On this basis, they should further judge what information
will be lost if item responses are aggregated into a total score, and whether that
information would affect the research conclusions. If the information abandoned
is only weakly related to the final inference, a simple score may already be suf-
ficient for the research need; if item differences, individual measurement error,
or cross-group comparability are themselves part of the research question, then
a measurement model capable of retaining this information is needed.

This problem-driven approach also means that measurement should not be
treated merely as a scoring step before subsequent statistical analysis. The
credibility of scientific inference depends not only on what statistical model is
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applied after variables are obtained, but also on how observed behavior is trans-
formed into measurement results with psychological meaning (Flake & Fried,
2020; Flake et al., 2022). Therefore, measurement reform cannot only add sta-
tistical and procedural norms; it also needs to pay further attention to the
theoretical issues before data are formed, including construct definition and the
measurement process (Paredes & Carré, 2024). If variables entering correlation,
regression, or structural equation models themselves lack sufficient measurement
basis, then increasing the complexity of subsequent statistical analyses cannot
fully compensate for measurement problems at the front end.

In this sense, the more important implication of IRT for general psychological
research may not be a particular model, but a measurement-modeling mindset:
observed results such as item responses and task performance are not naturally
existing psychological scores; researchers need to explain why these overt behav-
iors can reflect the target psychological construct, and according to what rules
they are transformed into interpretable results.

the measurement results being interpreted. In other words, before using a vari-
able for statistical analysis, one still needs to ask how that variable was formed
and what kind of psychological interpretation it can support.

This line of thinking also helps us understand the relationship between psycho-
logical measurement and computational modeling in recent years. Computa-
tional models such as IRT and drift diffusion models do not have identical re-
search aims: the former is mainly used for psychological measurement, whereas
the latter is more often used to explain the cognitive processes behind behav-
ior. But neither of them directly equates observed indicators such as accuracy,
reaction time, or total item scores with theoretical objects. Instead, by means
of formal models, they infer from externally manifested behavior the latent
traits or psychological processes that cannot be directly observed. When the
parameters of computational models are further used to study stable individual
differences, whether these parameters themselves have sufficient reliability and
validity also becomes a problem of psychological measurement. It can thus be
seen that the concern of psychological measurement—“how observed behavior
supports inference about latent attributes”—is not limited to traditional ability
tests or self-report scales.

The development of artificial intelligence further highlights the distinction be-
tween prediction and measurement. Machine learning can improve predictive
accuracy, but high predictive accuracy does not automatically explain what at-
tribute a score represents, whether it can be compared across different tasks,
or what theoretical interpretation it can support. Zhou et al. (2026) noted
in research on artificial intelligence evaluation that aggregate performance on
common benchmark tests is simultaneously affected by the capability of the
artificial intelligence system and the specific task requirements; therefore, an
average score cannot simply be interpreted as the system’s stable “ability.”
That study further distinguished between task requirements and system capa-
bilities, and established a jointly interpretable scale. Its significance is not that
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it proves IRT can directly solve the problem of artificial intelligence evalua-
tion, but rather that, when researchers attempt to transform complex observed
performance into interpretable and comparable attributes, they once again en-
counter the fundamental questions that psychological measurement has long
faced: what exactly the observed performance reflects, and under what condi-
tions different observed results can be placed on the same scale for comparison.
Therefore, the development of artificial intelligence and computing technology
has not made psychological measurement theory lose its significance. Larger
data scales and more complex algorithms can reduce some analytic costs and
create new research objects; but as long as researchers attempt to infer indi-
rectly observable attributes from observable behavior, they still need to explain
on what theory and model such inference is based. Of course, IRT is not the
only solution to this problem; in the future, measurement models more suitable
for new types of data and research questions may also emerge. What is truly of
general significance is this principle: the formation of measurement results and
the basis for their interpretation must be clearly justified.

From this perspective, the framework proposed in this article—“theoretical gain–
problem demand–practical cost–disciplinary ecology”—is also dynamic. With
the development of software and computing technology, the cost of using com-
plex models may decrease; as psychology pays more attention to individual dif-
ferences, latent processes, and complex behavioral data, the demand for more
refined measurement information may increase; changes in methods training,
software tools, and publication norms may also change the degree of fit between
a method and the disciplinary ecology. Therefore, whether a method becomes
mainstream at present does not mean that it will retain the same practical
position in the future.

Ultimately, problem-driven measurement modeling can be summarized as a sim-
ple principle: one should not first ask whether CTT or IRT ought to be used,
but should first ask what the study is trying to measure, what one hopes to infer
from it, and what degree of measurement information is sufficient to support
that inference. When simple scores can already adequately support the research
purpose, there is no need to add models merely for the sake of methodological
complexity; when scientific conclusions depend on item or person information
that total scores cannot retain, further modeling should not be halted merely
because traditional methods are more familiar.

5.2 Conclusion and Prospects
Starting from the question “why has IRT not replaced CTT,”this article dis-
cussed a more general methodological phenomenon: why can a kind of ⋯

Methods that can provide more measurement information do not necessarily be-
come more universal research practices. This paper argues that IRT and CTT
should not simply be understood as a replacement relation between an “ad-
vanced method”and a “backward method”; rather, they should be regarded
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as psychometric frameworks that can provide different degrees of measurement
information and are applicable to different scientific inferences. The key to
method selection lies not in the era in which a theory emerged or in the com-
plexity of the model itself, but in whether the information it provides can meet
the needs of the specific research question.

Accordingly, this paper proposes a framework for method adoption based on
“theoretical gain–problem demand–practical cost–disciplinary ecology.”Theoret-
ical gain answers what additional information a method can provide; problem
demand determines whether this additional information can be transformed into
actual benefits; practical cost affects whether researchers are willing to invest
more learning, data, and model-analysis resources for these benefits; and disci-
plinary ecology further influences whether a method can enter existing training
systems, research workflows, and publication norms. Thus, the core judgment
of this paper can be summarized as follows: only when theoretical gains meet
problem demands, actual benefits are sufficient to offset practical costs, and the
method can be absorbed by the disciplinary ecology, can those gains be stably
transformed into practical advantages. Therefore, this paper does not advo-
cate replacing CTT with IRT; rather, it advocates problem-driven measurement
modeling that reduces inertia-driven method selection. If total scores already
sufficiently support the target inference, there is no need to adopt IRT solely
because IRT is more complex. However, if total scores obscure item differences,
individual measurement error, or information about cross-group comparability
that is directly relevant to scientific conclusions, more refined measurement mod-
els should not be rejected merely because traditional methods are more famil-
iar. What truly needs to be demonstrated is whether the chosen measurement
method can receive joint support from theory, data, and scientific inference.

This paper still has certain limitations. First, current evidence concerning the
application of IRT mainly comes from different subfields of psychology and is
not yet sufficient to accurately estimate the overall use of IRT across psychologi-
cal research as a whole. Future work may use systematic bibliometric studies to
compare changes in the use of CTT, IRT, and other measurement models across
different psychological domains and time periods, and further examine the rela-
tionships among research aims, data conditions, method training, journal norms,
and method adoption. Second, it is still necessary to test more directly under
what conditions the theoretical gains of IRT affect substantive research conclu-
sions. For example, systematic comparisons can be made between CTT total
scores and IRT latent-trait estimates in terms of group differences, variable re-
lations, individual classification, and judgments of individual change, thereby
distinguishing which methodological differences mainly remain at the model
level and which truly influence scientific inference. Some of the future research
directions in the present manuscript already include these two main lines.

Finally, the most important significance of the debate between IRT and CTT is
not to select a“winner”among psychometric methods, but to prompt psychology
to rethink a more fundamental question: why can observational data become
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measurement results of psychological constructs? More complex statistical anal-
yses can examine already formed variables more fully, and machine learning can
predict certain outcomes more accurately, but these methods themselves cannot
automatically explain what variables represent, whether different measurement
results are comparable, or what psychological theory they can support. As long
as psychology still needs to infer psychological constructs that cannot be di-
rectly observed from observable behavior, measurement modeling remains an
indispensable component of scientific theory.

Therefore, what truly may need to change is not CTT itself, but the research
habit whereby, once several observed indicators are aggregated into a single
number, the measurement work is assumed to be complete. What is more
worthy of pursuit in the future of psychometric methods is not a label-based
upgrade from “classical”to “modern,”but a shift from inertia-driven scoring
and method selection toward measurement modeling that is driven by scientific
questions, has clear theoretical foundations, and can support target inferences.

Why Has IRT Not Replaced CTT?
Zhan, Peida

(School of Psychology, Zhejiang Normal University, Jinhua City,
321004, E-mail: pdzhan@gmail.com)

Abstract
Compared to classical test theory (CTT), item response theory (IRT) models the
relationship between latent traits and item responses at the item level, reduces
the sample dependence of item parameter estimation, and evaluates measure-
ment precision across different levels of the latent trait continuum. Nevertheless,
IRT has not superseded routine CTT-based practices, which primarily rely on
sum scores and traditional item analysis, in general psychological research. This
discrepancy cannot be simply attributed to the technical complexity of IRT or
insufficient methodological training. Instead, it requires distinguishing among
three distinct levels: theoretical gain, practical benefit, and method adoption.
The additional information provided by IRT translates into practical benefits
only when it is directly relevant to the research questions and scientific infer-
ences at hand. Furthermore, its routine adoption is constrained by practical
costs (e.g., learning and application) and the path-dependent constraints of the
broader disciplinary ecology, including established training systems and research
workflows. Accordingly, this article proposes a framework of “theoretical gain–
problem demand–practical cost–disciplinary ecology”to explain method adop-
tion. It advocates shifting the focus from a logic of “method replacement”to
problem-driven measurement modeling, wherein the choice of a measurement
theory is determined by the required measurement resolution for specific scien-
tific inferences and the associated cost-benefit trade-offs.
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