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Abstract

In certain situations, it may be challenging to fully exploit the advantages of modern test
theory, including Rasch modeling and item response theory (IRT), when applied to real
data. Although Rasch modeling tends to be more robust than IRT for small sample sizes, it
still requires that the assumptions of unidimensionality and local independence be satisfied.
In practice, these assumptions are often violated, which can lead to less accurate analyses
and reduced validity of the results. Deep-Rasch, which integrates deep learning with Rasch
modeling, has been proposed as an alternative measurement framework to overcome these
limitations. This study examines the potential of Deep-Rasch as an alternative to Rasch
modeling using student response data from 17 final semester examinations at Universitas
Terbuka (UT), with sample sizes ranging from 33 to 11,504 students. Most examinations
consisted of 30 multiple-choice items. The analyses showed that several datasets violated one
or both assumptions of Rasch modeling. Nevertheless, Deep-Rasch performed comparably to
conventional Rasch modeling in estimating item difficulty and student ability parameters, as
well as in predicting student responses. Remarkably, for the smallest sample size (n = 33),
Deep-Rasch exhibited slightly better performance than Rasch modeling.
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1 Introduction

Classical test theory (CTT) has long been recognized and widely used in educational measurement
practice to determine the extent of students’ knowledge or competence based on the scores they
obtain on a test. Under CTT, the score a student obtains, which is associated with the level
of knowledge or competence, is considered the sum of the student’s true score, reflecting their
actual level of knowledge or competence, and a measurement error that is random and normally
distributed [1], [2], [3], [4], [5]. Although CTT offers a systematic measurement framework based
on relatively weak assumptions, is easy to apply, and produces results that can be directly and
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easily interpreted, it is not without limitations and criticism [3], [5], [6], [7], [8], which has led to
the development of new measurement theories associated with modern test theory. In practice,
modern test theory may consist of Rasch modeling and item response theory (IRT). Although
some literature considers Rasch modeling to be part of IRT [9], primarily due to the mathematical
models underlying both approaches, other sources argue that the two differ in their philosophical
foundations [4].

Modern test theory differs from CTT in several ways. One key distinction lies in CTT’s
focus on the test as a whole, in which students’ knowledge or ability is reflected solely in the
total score obtained on the test, which is the sum of the scores from each individual item. In
contrast, modern test theory emphasizes that students’ knowledge or ability, as measured by a
test, is a function of the relationship between the characteristics of each item that makes up the
test and the competence targeted by the measurement. These item characteristics may include
difficulty, discrimination, pseudo-guessing, and carelessness. Modern test theory has evolved in
both its theoretical foundations and its applications in education, including its use in large-scale
assessments [10], [11] and computer-adaptive testing (CAT) [12], [13], [14]. The application of
modern test theory in measurement practice has extended to a wide range of purposes. These
include calibrating test or questionnaire items to produce high-quality instruments [6], [7], [8],
[15], equating test scores across multiple test forms [16], [17], [18], detecting the presence of
biased items [19], [20], and identifying students’ abilities with greater precision [6], [21].

Measurement practices based on modern test theory, which offer advantages such as indepen-
dence from sample characteristics and the ability to conduct fair measurement or assessment, are
grounded in strict assumptions or requirements for achieving measurement precision. Meeting
these assumptions is essential to ensure that the resulting analyses have a high level of accuracy,
provide sufficient validity evidence, and can even be generalized to a broader scale within the
same context. In modern test theory, represented by Rasch modeling and IRT, the measurement
instrument administered to students is assumed to focus on a single dominant competence or
ability that cannot be directly observed. In other words, the measurement instrument is assumed
to be unidimensional [2], [5], [22], [23], [24], [25], [26].

It has also been noted in the literature that modern test theory assumes that the only factor
influencing a student’s probability of answering a test item correctly or incorrectly is the ability
or competence that the measurement instrument is primarily intended to assess [2], [23], [24],
[25], [26]. In other words, this assumption, known as the local independence assumption, implies
a statistically independent relationship between the probability of a student answering a given
test item correctly or incorrectly and the probability of answering any other item correctly or
incorrectly. Furthermore, modern test theory assumes that the relationship between a student’s
level of competence or ability and the probability of providing a correct response to a given
test item is monotonic, following a sigmoid-shaped curve commonly referred to as the item
characteristic curve (ICC) [2], [24]. It is also worth noting that, although considered a less
critical assumption, the normal distribution of data representing the ability, competence, or
latent construct measured by a given instrument remains an important consideration in the
application of modern test theory, particularly in Rasch modeling [4].

On the one hand, the assumptions underlying modern test theory offer the advantage of
ensuring the accuracy and validity of the analytical results obtained from its application. On
the other hand, these assumptions present certain challenges, as under specific conditions some
assumptions or requirements for achieving measurement precision may be difficult to satisfy
with data collected from the administration of a measurement instrument. For example, in
certain situations, an instrument designed to measure mathematical problem-solving ability and
administered to students in a final semester examination or a national examination may yield
data indicating the presence of more than one dominant construct, such as general mathematical
problem-solving ability, spatial ability, and numerical ability [27]. The local independence
assumption may also be violated for certain pairs of items, given that in test item construction
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there is a possibility that one item is closely related to another.

In addition, in the application of modern test theory, calibrating two or more test forms that
measure the same construct onto a common scale to allow for comparison requires a stage in
which students’ abilities are treated as a random sample from a population that is normally
distributed [28]. In most educational measurement practices, it is challenging to obtain data that
reflect student ability characteristics that are normally distributed. Lastly, the use of modern
test theory, despite its advantages, faces challenges related to the sample size required to reveal
student abilities with a high degree of accuracy. The study conducted by [29] indicated that a
sample size of at least 150 is required to accurately estimate the parameters of items comprising
a 10-item test under the one-parameter logistic (1-PL) model. Meanwhile, the study by [30]
recommended a sample size of more than 1,000 for a 20-item test, at least 700 for a 40-item
test, and more than 1,000 for a 50-item test with the first component variance of less than 10%
to accurately estimate item parameters under IRT models. Although Rasch modeling can be
applied to small sample sizes, such as 30 respondents, similar to other statistical analyses, it may
lead to less precise parameter estimates and less powerful fit analyses [31]. This issue of sample
size presents a challenge in many educational settings where class sizes are relatively small, often
around 30 students. Small sample sizes also pose challenges for achieving high precision and
producing stable item parameter estimates in the process of equating test scores across multiple
test forms [32].

Modern test theory offers numerous advantages for application in measurement practice.
However, its implementation also faces various challenges arising from its underlying assumptions,
the requirements necessary for specific applications, and the adequacy of sample size. One
potential alternative to address these challenges is to integrate modern test theory models with
deep learning. Among the two measurement modeling approaches under modern test theory,
this study focuses on Rasch modeling for dichotomous items. This focus was made in light
of previous studies indicating that Deep-IRT can serve as an alternative to IRT, particularly
the two-parameter logistic (2-PL) model [33], [34], while little is known about its potential
when it comes to the integration of deep learning and Rasch modeling. Moreover, this focus is
motivated by the fact that educational research often involves relatively small sample sizes. On
one hand, there is a need to obtain precise estimates of students’ abilities; on the other hand,
the available data conditions often make the use of IRT impractical, leaving Rasch modeling as a
viable alternative to the limitations of CTT. Nevertheless, achieving accurate results through
Rasch modeling requires that its underlying assumptions are satisfied, although these conditions
are not always met in practice. In the present study, we introduce Deep-Rasch as a potential
alternative to Rasch modeling by examining its performance in estimating test item parameters
and examinee abilities, as well as the accuracy of these estimates based on empirical data.

2 Methods

This section outlines how we demonstrated the potential of the Deep-Rasch approach, beginning
with a description of the dataset and continuing through the analytical procedures applied to it. It
also provides an overview of the fundamental concepts underlying Rasch modeling, deep learning,
and the integration of these two measurement frameworks, along with the operationalization
of that integration in the present study. This overview serves to clarify the conceptual and
methodological distinctions between the Deep-Rasch and the Rasch modeling.

2.1 Datasets

This study used empirical data in the form of student responses from Final Semester Examinations
(Ujian Akhir Semester, UAS) in eight courses from four faculties (i.e., FHISIP, FEB, FST, and
FKIP) at Universitas Terbuka (UT), with examination periods ranging from the odd semester
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of 2019 to the even semester of 2023. Combining the number of courses with their respective
examination periods resulted in a total of 17 examination datasets. The number of examinees
(sample size) in these datasets varied, ranging from 33 to 11,504. Of the 17 examinations, 16
had a test length of 30 multiple-choice items and one had a test length of 40 multiple-choice
items. All items used in these examinations were first analyzed using the CTT approach, and
the results indicated that each item was able to discriminate between test-takers’ abilities, as
evidenced by positive point-biserial correlation coefficients. The characteristics of the datasets
used in this study are presented in Table 1.

Table 1: Characteristics of the datasets used in the present study

Exam Sample

Course code Subject Faculty . . Test length
period size
ADBI4201 Business English FHISIP  2019.1 4,783 30
ESPA4123 Economic Statistics FEB 2019.1 9,211 30
ESPA4224 Economic and Business Statistics FEB 2019.1 1,122 30
ISIP4215 Introduction to Social Statistics FHISIP  2019.1 7,781 30
ADBI4201 Business English FHISIP  2019.2 9,421 30
ESPA4123 Economic Statistics FEB 2019.2 6,586 30
ISIP4215 Introduction to Social Statistics FHISIP  2019.2 8,152 30
SATS4211 Statistical Methods II FST 2019.2 33 30
PEMA4210 Educational Statistics FKIP 2022.2 6,709 30
SATS4111 Computer I FST 2022.2 1,415 30
SATS4111 Computer I FST 2023.1 2,799 30
ADBI4201 Business English FHISIP  2023.1 6,293 30
PEMA4210 Educational Statistics FKIP 2023.1 11,504 30
SATS4211 Statistical Methods II FST 2023.1 265 30
ESPA4424 Economic and Business Statistics FEB 2023.2 769 40
SATS4111 Computer I FST 2023.2 2,840 30
SATS4211 Statistical Methods 11 FST 2023.2 197 30

Note. FHISIP = Fakultas Hukum, Ilmu Sosial, dan Ilmu Politik (Faculty of Law, Social and
Political Sciences), FEB = Fakultas Ekonomi dan Bisnis (Faculty of Economics and Business),
FST = Fakultas Sains dan Teknologi (Faculty of Science and Technology), and FKIP = Fakultas
Keguruan dan Ilmu Pendidikan (Faculty of Teacher Training and Education).

2.2 Rasch Modeling and Deep-Rasch

This study focuses on two analytical frameworks: the Rasch model and the Deep-Rasch
model—the latter being a reformulation of the Rasch model within a deep learning framework.
Although the Rasch model can be viewed as either a model-based or data-based measurement
approach [35], it is more commonly classified as the former to distinguish it from the 1-PL IRT
model. A key implication of adopting a model-based perspective is that if the response patterns
of all examinees on a given item do not conform to the model, the response data for that item
are excluded from the analysis.

The Rasch model defines the probability of an individual ¢ correctly responding to a dichoto-
mous item j (X;; = 1) as a logistic function of the individual’s ability level (6;) and the estimated
difficulty parameter of item j (f;), both located on a common logit scale (Eq. 1) [22], [36], [37].
The item difficulty parameter represents the level of ability required for an examinee to have a
50% chance of responding correctly. Within the Rasch model, all dichotomous items in a test
are assumed to have identical discrimination (fixed at 1). Rasch modeling is built upon several
assumptions, two of which are fundamental: unidimensionality and local independence [22], [38].
The unidimensionality assumption requires that the test measures a single dominant latent trait,
while local independence posits that an individual’s latent ability is the sole determinant of the
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responses to any pair of dichotomous test items.

exp(6; — f;)
Bi(0) = P(Xig = 1105 6) = 700 oo 1)

In this study, we propose a Rasch modeling approach based on deep learning, referred to as
Deep-Rasch. Deep learning, a branch of machine learning, is grounded in multilayer artificial
neural networks. The multiple layers in such architectures are designed to extract features from
the input data, with the term “deep” denoting the presence of multiple network layers.

The network framework employed in Deep-Rasch consists of an examinee layer and an item
layer, modeled independently. The outputs of these two subnetworks are then combined to
compute the probability that an examinee answers a given item correctly. Fig. 1 presents the
network structure of Deep-Rasch, adapted from the Deep-IRT framework proposed by [33]. The
implementation in this study follows the analytical procedure systematically described in [33],

[34].
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Figure 1: Outline of Deep-Rasch, adapted from Deep-IRT [33, p. 4]

In the examinee layer, s; € {0, l}I represents examinee ¢ as a one-hot encoded binary vector,
with a value of 1 in the ¢-th position and 0 elsewhere, where I denotes the total number of
examinees. The examinee layer consists of three node layers as defined in Eqs. 24, where
W) W) W) are the weight matrices, and 71, 7(02) 7(%3) are the corresponding bias
parameters. The final layer output Qz(]f) represents the estimated ability parameter for examinee 3.
The first two layers use the hyperbolic tangent activation function defined in Eq. 5.

61" = tanh (W, + 7)) (2)
6y = tanh (W*)g{? + 7)) (3)
o) — W) | 705 (4)
tanh(z) = e’ (5)

et 4+ e %

A similar architecture applies to the item layer, where q; € {0, 1}‘] represents item j as a
one-hot vector, with J being the total number of items. The item layer also comprises three node
layers (Egs. 6-8), where W) WB2) W) denote the weight matrices, and 7(B1) 7(B2) 7(Bs)
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represent the bias terms. The final layer output ﬁéj ) represents the estimated difficulty parameter
for item j.

B — tanh (W g, + () (6)
BY) = tanh (W(BQ)B?) + 7.(62)) (7)
Bé]) _ W(ﬂa)ﬁgﬂ) + 7—(53) (8)

Under the Deep-Rasch framework, Eq. 9 defines the probability that examinee ¢ answers item
j correctly through the hidden layer h(%J) = (h(()i’j), hgi’j)), where h(4/) = W(y)T(O;(:) — ﬁéj)) +7W),
Here, W®) denotes the weight vector and 7 represents the bias term. Unlike the conventional
Rasch model, Deep-Rasch does not assume that examinee abilities or item difficulty parameters
follow any specific statistical distribution.
exp(hi"”) o)
exp(hg ) + exp(h{")

For parameter estimation, Deep-Rasch employs the backpropagation algorithm to minimize a
cross-entropy-based loss function, which quantifies the classification error. Equation 10 defines
this loss, where u; ; and ¥; ; denote the actual and predicted responses of examinee 7 to item j,

Uij = Softmax(h(i»j)) —

respectively.
L(uij, Yig) = —uijlog(Pij) — (1 — wij)log(l — i j) (10)

2.3 Data Analysis

The data analysis in this study proceeded from examining the fulfillment of the two fundamental
assumptions underlying the Rasch model to evaluating the performance of the Rasch and
Deep-Rasch models in predicting examinees’ responses to test items. The extent to which the
unidimensionality assumption was satisfied was examined using principal component analysis
(PCA), yielding the eigenvalues of the first and second factors. The empirical data were considered
to support unidimensionality when the ratio of the first to the second eigenvalue exceeded 3 [39],
[40].

Meanwhile, the assumption of local independence was assessed using Yen’s Q3 statistic [41],
which reflects the correlation between each pair of items in the test. A pair of items was deemed
to indicate local dependence when the absolute value of Yen’s Q3 statistic exceeded 0.2 [42]. By
examining the extent to which these two assumptions were satisfied, it was anticipated that some
datasets might fail to meet at least one of them, thus strengthening the relevance of exploring
Deep-Rasch as an alternative to conventional Rasch modeling.

After verifying the two fundamental assumptions of Rasch modeling, the analysis proceeded
with the estimation of item difficulty parameters and the evaluation of item fit to the Rasch
model. The assessment of fit between observed item responses and model expectations was based
on two mean square (MNSQ) residual summary statistics—namely, the information-weighted or
inlier-sensitive fit (Infit MNSQ) and the outlier-sensitive fit (Outfit MNSQ) [43], [44]. Acceptable
model fit was indicated when MNSQ values ranged between 0.5 and 1.5 [45]. Although both
indices are typically reported, greater emphasis is generally placed on Infit MNSQ), as it is less
affected by outliers and more sensitive in detecting patterns that indicate inconsistencies between
item difficulty and examinee ability estimates within the Rasch model [43], [46], [47]. After item
fit was evaluated, ability parameters were subsequently estimated.

The potential of Deep-Rasch as an alternative to the Rasch model was demonstrated through
the estimation of item difficulty and ability parameters under two data-splitting scenarios. The
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first scenario involved splitting the data by examinees. In this scenario, each dataset was randomly
divided into two groups containing half (or nearly half) of the total number of examinees, while
the number of test items remained identical to that of the original dataset. The correlation
between the estimated item difficulty parameters across the two groups was then computed to
assess model performance, with higher correlations indicating greater consistency and stability
in parameter estimation for both the Rasch and Deep-Rasch models.

The second data-splitting scenario was based on test items. In this scenario, the data were
randomly divided into two groups, each consisting of half (or nearly half) of the total test items,
while the number of examinees was maintained as in the original dataset. The estimated ability
parameters of examinees obtained from the two resulting datasets were then correlated and used
as indicators of model performance, with higher correlations reflecting better model stability
and generalizability. Each data-splitting scenario was repeated ten times, and the mean of the
obtained correlations was computed.

In addition, the area under the curve (AUC) value was calculated for each data-splitting
scenario to evaluate the predictive performance of the models in classifying the correctness
of examinees’ responses. The AUC, derived from the receiver operating characteristic (ROC)
curve, is commonly employed to evaluate the performance of binary classification methods. The
ROC curve plots the true positive rate (TPR) against the false positive rate (FPR). The AUC
represents the area under the ROC curve, ranging from 0.5 to 1.0, and is generally expected to
exceed 0.8 [48], indicating that the model demonstrates good predictive performance in classifying
response correctness.

All analyses were conducted using the R programming language [49] within the RStudio
environment [50]. Several R packages were employed to support data processing and model
implementation, including openzisz [51], psych [52], EFA.dimensions [53], mirt [54], Metrics [55],
tensorflow [56], and keras [57].

The TensorFlow [56] and Keras [57] frameworks were used within the RStudio environment
to implement the Deep-Rasch model under two modeling configurations: (1) a standard model
using binary cross-entropy loss and (2) a customized model incorporating additional penalty
components derived from the response and item distributions. Each configuration consisted of
two parallel subnetworks representing examinees and items, respectively, each containing two
hidden layers of 50 neurons with tanh activation functions, followed by linear layers that produced
latent estimates of examinee ability and item difficulty parameters. These latent representations
were then combined through a subtraction layer, and the resulting difference was passed to a
final sigmoid output layer representing the probability of a correct response. The models were
trained using the Adam optimizer [58], with a batch size of 1, a validation split of 0.2, and 30 to
50 epochs, depending on the training scenario.

3 Results and Discussion

This section presents the results of the analysis conducted on datasets comprising student
responses from 17 examinations administered at Universitas Terbuka (UT). The analysis aimed
to explore the potential of Deep-Rasch, a measurement framework that integrates deep learning
with Rasch modeling. Initial findings revealed that several datasets violated one or both of the
key assumptions of Rasch modeling—mnamely, unidimensionality and local independence—thereby
underscoring the relevance of applying Deep-Rasch to the data. The subsequent sections compare
the performance of the two measurement frameworks in estimating item parameters (i.e., item
difficulty) and examinee ability parameters, followed by an evaluation of their predictive accuracy
in modeling student responses. Each set of findings is accompanied by a brief discussion to
contextualize the results.
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3.1 Assessment of Unidimensionality and Local Independence

A fundamental prerequisite for estimating both item parameters and student abilities within
modern test theory, including Rasch modeling, is the fulfillment of two core assumptions. The
first is unidimensionality, which stipulates that the administered test measures a single dominant
latent trait or ability. The second is local independence, which asserts that a student’s response to
a given item is determined solely by their underlying ability and is not influenced by responses to
other items. Violation of either assumption undermines the validity and accuracy of the resulting
item and ability parameter estimates within the Rasch framework.

Table 2: Assessment of unidimensionality and local independence assumptions

Course code and

exam period )\1 )\2 )\1/)\2 Min Qg Max Qg
ADBI4201-2019-1 3.964 0.849 4.669 -0.131 0.106
ADBI4201-2019-2 4.622 0496 9.313 -0.101 0.079
ADBI4201-2023-1 4.061 0407  9.980 -0.114 0.075
ESPA4123-2019-1 2.652  0.557  4.766 -0.169 0.186
ESPA4123-2019-2 2.393  0.528 4.530 -0.199 0.107
ESPA4224-2019-1 2433 0.773  3.146 -0.193 0.145
ESPA4424-2023-2 2.247 1.845 1.217 —0.392 0.389
ISIP4215-2019-1 1.690 0.388  4.356 -0.182 0.073
ISIP4215-2019-2 1.630 0.421  3.872 -0.115 0.097
PEMA4210-2022-2 0.848 0.720 1.177 -0.136 0.113

SATS4111-2022-2 3.449 1.676 2.057 —0.370 0.253
SATS4111-2023-1 3.459 1.290 2.681 —0.234 0.387
SATS4111-2023-2 3.087 1.110 2.782 —0.236 0.322
SATS4211-2019-2 2.931 1.984 1.478  —0.447 0.557
PEMA4210-2023-1 1.533 0.731 2.097 -0.264 0.206
SATS4211-2023-1 1.154 0.741 1.557 —0.245 0.197
SATS4211-2023-2 1.098 0.808 1.359 —0.235 0.230

Table 2 summarizes the results of the assessment of the two assumptions. The findings
indicate that data from nine examinations (shown in bold) did not provide sufficient evidence
to support the assumption that the corresponding instruments measured a single dominant
construct or ability. This conclusion is based on the ratio of the first to the second eigenvalue
being less than 3 [39], [40]. Furthermore, several item pairs in eight examinations exhibited local
dependence, as indicated by the absolute value of the minimum or maximum Yen’s ()3 statistic
exceeding 0.2 [42]. Consequently, the empirical data satisfied both assumptions underlying Rasch
modeling in only eight of the seventeen datasets analyzed.

3.2 Comparison of the Consistency of Difficulty Parameter Estimates Between
Rasch Modeling and Deep-Rasch

This section presents the results on the performance of Rasch and Deep-Rasch with respect
to their consistency in estimating item difficulty parameters across 17 examinations (datasets).
Item difficulty parameters were estimated using two measurement frameworks—Rasch and
Deep-Rasch—under a data-splitting design based on the number of examinees. In this design,
each framework produced difficulty estimates for the first and second halves of the data, which
were then correlated. The procedure was repeated ten times, and the mean correlation across
replications was computed. The mean correlations of item difficulty estimates derived from Rasch
modeling and Deep-Rasch are presented in Table 3.
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Table 3: Mean correlation of item difficulty estimates using Rasch and Deep-Rasch under
examinee-based splitting

Course code Subject Sar‘nple Rasch Deep Difference
size Rasch
ADBI4201 Business English 4,783 0.998 0.988 0.011
ESPA4123 Economic Statistics 9,211 0.998 0.982 0.016
ESPA4224 Economic and Business Statistics 1,122 0.981 0.949 0.032
ISIP4215 Introduction to Social Statistics 7,781 0.998 0.984 0.014
ADBI4201 Business English 9,421 0.999 0.985 0.015
ESPA4123 Economic Statistics 6,586 0.995 0.981 0.014
ISIP4215 Introduction to Social Statistics 8,152 0.998 0.982 0.015
SATS4211 Statistical Methods II 33 0.133 0.574 -0.441
PEMA4210 Educational Statistics 6,709 0.997 0.979 0.018
SATS4111 Computer I 1,415 0.992 0.970 0.022
SATS4111 Computer I 2,799 0.997 0.977 0.020
ADBI4201 Business English 6,293 0.998 0.983 0.014
PEMA4210 Educational Statistics 11,504 0.996 0.973 0.023
SATS4211 Statistical Methods 1T 265 0.932 0.883 0.049
ESPA4424 Economic and Business Statistics 769 0.976 0.950 0.026
SATS4111 Computer I 2,840 0.995 0.980 0.015
SATS4211 Statistical Methods 1T 197 0.930 0.896 0.034

The results in Table 3 indicate that item difficulty estimates obtained from the two halves
under the Rasch model yielded higher mean correlations than those estimated under Deep-Rasch
for most datasets. For the Statistical Methods II examination with only 33 examinees, the
mean correlations between halves were relatively low under both approaches; nevertheless, the
correlations from the Rasch model were weak or negligible, whereas those from the Deep-Rasch
model were moderate [59]. In addition, the results suggest that Deep-Rasch yields greater
consistency than Rasch in estimating item difficulty when applied to a very small sample
size. Together with the fact that the Statistical Methods II dataset (n = 33) did not satisfy
unidimensionality and local independence, these findings highlight the potential of Deep-Rasch for
small samples and in contexts where the fundamental Rasch assumptions are violated. Although
the Rasch model is often considered usable with samples of around 30, these results align with
literature advising caution in small-sample applications [31], [60].

3.3 Comparison of the Consistency of Person Ability Parameter Estimates
Between Rasch Modeling and Deep-Rasch

The comparison between Rasch and Deep-Rasch was further extended to their consistency in
estimating examinee ability. Datasets were randomly split into two equal halves based on test
length (number of items). For each half, examinee ability was estimated using both models. The
estimated abilities from the two halves were then correlated. This procedure was repeated ten
times, and the mean correlation was computed. Results are reported in Table 4.

As shown in Table 4, mean correlations of examinee abilities across item-based halves are
generally lower than those for item difficulty parameters. This pattern is expected given non-
homogeneous item difficulty distributions: random item splits often produce halves with different
difficulty compositions, weakening between-half ability correlations. When considered relative
to sample size, the results suggest that Deep-Rasch provides greater consistency than Rasch in
estimating examinee abilities when the number of examinees is relatively small (e.g., fewer than
500). This advantage of Deep-Rasch over Rasch modeling also appears under conditions where
the two fundamental Rasch assumptions are not satisfied.
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Table 4: Mean correlation of examinee ability estimates using Rasch and Deep-Rasch under
item-based splitting

Course code Subject Sar‘nple Rasch Deep Difference
size Rasch
ADBI4201 Business English 4,783 0.629 0.583 0.046
ESPA4123 Economic Statistics 9,211 0.487 0.415 0.071
ESPA4224 Economic and Business Statistics 1,122 0.441 0.410 0.031
ISIP4215 Introduction to Social Statistics 7,781 0.308 0.309 -0.001
ADBI4201 Business English 9,421 0.675 0.625 0.050
ESPA4123 Economic Statistics 6,586 0.457 0.436 0.021
ISIP4215 Introduction to Social Statistics 8,152 0.367 0.341 0.027
SATS4211 Statistical Methods II 33 0.246 0.293 -0.047
PEMA4210 Educational Statistics 6,709 0.180 0.166 0.014
SATS4111 Computer 1 1,415 0.625 0.528 0.097
SATS4111 Computer I 2,799 0.617 0.526 0.091
ADBI4201 Business English 6,293 0.606 0.485 0.121
PEMA4210 Educational Statistics 11,504 0.138 0.088 0.051
SATS4211 Statistical Methods 1T 265 0.152 0.200 -0.048
ESPA4424 Economic and Business Statistics 769 0.440 0.431 0.009
SATS4111 Computer I 2,840 0.554 0.426 0.128
SATS4211 Statistical Methods II 197 0.149 0.181 -0.032

3.4 Evaluation of Examinee Response Predictions

Both the Rasch and Deep-Rasch models allow for predicting examinees’ response status on
test items, that is, the probability of providing a correct response. This section evaluates the
predictive performance of both models. The evaluation was conducted using two data-splitting
designs: (1) splitting by test length (number of items) and (2) splitting by examinees. For each
split, response status was predicted, and the corresponding area under the curve (AUC) value was
computed. Each procedure was repeated ten times, and the mean AUC across replications was
calculated. Table 5 and Table 6 respectively present the mean AUC values under the item-based
and examinee-based data-splitting scenarios.

Table 5: Mean AUC values under the item-based data-splitting design

Course code Subject Sar.nple Rasch Deep Difference
size Rasch
ADBI4201 Business English 4,783 0.834 0.787 0.047
ESPA4123 Economic Statistics 9,211 0.738 0.726 0.012
ESPA4224 Economic and Business Statistics 1,122 0.728 0.703 0.025
ISIP4215 Introduction to Social Statistics 7,781 0.732 0.719 0.013
ADBI4201 Business English 9,421 0.825 0.785 0.041
ESPA4123 Economic Statistics 6,586 0.714 0.707 0.007
ISIP4215 Introduction to Social Statistics 8,152 0.729 0.711 0.017
SATS4211 Statistical Methods IT 33 0.448 0.729 -0.281
PEMA4210 Educational Statistics 6,709 0.689 0.688 0.001
SATS4111 Computer I 1,415 0.780 0.769 0.011
SATS4111 Computer I 2,799 0.798 0.784 0.014
ADBI4201 Business English 6,293 0.781 0.767 0.014
PEMA4210 Educational Statistics 11,504 0.651 0.650 0.002
SATS4211 Statistical Methods IT 265 0.687 0.687 0.000
ESPA4424 Economic and Business Statistics 769 0.712 0.699 0.013
SATS4111 Computer I 2,840 0.769 0.760 0.009
SATS4211 Statistical Methods IT 197 0.694 0.691 0.003
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Table 6: Mean AUC values under the examinee-based data-splitting design

Course code Subject Sar‘nple Rasch Deep Difference
size Rasch
ADBI4201 Business English 4,783 0.839 0.807 0.031
ESPA4123 Economic Statistics 9,211 0.749 0.747 0.001
ESPA4224 Economic and Business Statistics 1,122 0.740 0.729 0.011
ISIP4215 Introduction to Social Statistics 7,781 0.737 0.739 -0.002
ADBI4201 Business English 9,421 0.833 0.808 0.025
ESPA4123 Economic Statistics 6,586 0.726 0.726 0.000
ISTP4215 Introduction to Social Statistics 8,152 0.737 0.734 0.003
SATS4211 Statistical Methods II 33 0.744 0.725 0.020
PEMAA4210 Educational Statistics 6,709 0.696 0.715 -0.020
SATS4111 Computer I 1,415 0.789 0.782 0.007
SATS4111 Computer I 2,799 0.804 0.791 0.013
ADBI4201 Business English 6,293 0.788 0.780 0.008
PEMAA4210 Educational Statistics 11,504 0.660 0.684 -0.024
SATS4211 Statistical Methods 11 265 0.692 0.713 -0.022
ESPA4424 Economic and Business Statistics 769 0.713 0.708 0.005
SATS4111 Computer I 2,840 0.781 0.776 0.005
SATS4211 Statistical Methods IT 197 0.697 0.716 -0.020

Tables 5 and 6 generally show that both Rasch and Deep-Rasch performed well in predicting
examinees’ response status across the two data-splitting scenarios. When AUC values were
derived from the item-based split, Deep-Rasch demonstrated higher accuracy than Rasch for the
smallest sample (n = 33). In contrast, for the examinee-based split, no consistent pattern was
observed across sample size conditions indicating that one model consistently outperformed the
other.

This finding contrasts with that of [33], who reported that Deep-IRT outperformed IRT
in predicting examinee responses across datasets with varying sample sizes and test lengths,
particularly for sample sizes between 26 and 1,139. Although a consistent performance pattern
was not observed between Rasch and Deep-Rasch in the present study, the mean AUC differences
between the two frameworks were minimal in both data-splitting scenarios. Considering that
several datasets did not satisfy the assumptions underlying Rasch modeling, Deep-Rasch again
emerges as a viable alternative for estimating item difficulty and examinee ability parameters as
well as for predicting response status under non-ideal measurement conditions.

4 Conclusion

This study has demonstrated the potential of Deep-Rasch as an alternative to Rasch modeling for
use in measurement practice. To this end, we conducted an analysis of empirical data consisting
of student responses to examinations from eight courses, comprising 17 examinations or datasets.
The analysis of real data revealed that not all data from the test forms used met the assumptions
of unidimensionality and local independence, which are fundamental assumptions of modern
test theory, including Rasch modeling. Failure to meet one or both of these assumptions led
to less accurate estimates of item parameters and test-taker abilities when the data were still
analyzed within the Rasch measurement framework. This issue was further exacerbated in
one examination or dataset with the number of examinees (sample size) of fewer than 50, a
particularly challenging situation for Rasch analysis, even though among modern test theory
models, Rasch is generally more accommodating of small sample sizes compared to IRT. Based
on the empirical data, Deep-Rasch was shown to have potential as an alternative for estimating
examinee’s ability and item difficulty parameters when one or both of the assumptions underlying
Rasch modeling are not met and when the sample size is very small. Nonetheless, this study is
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limited to the use of empirical data, which constrains our ability to gain deeper insights into
the performance of Deep-Rasch under a broader range of conditions. Therefore, simulation
studies involving varied conditions or factors, such as sample size and test length, are deemed
necessary to provide a more comprehensive understanding of Deep-Rasch performance in terms
of its consistency or stability in estimating examinee ability and item difficulty and to determine
the conditions under which it yields more consistent or stable estimates.
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