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When measurement meets
machine learning: interpretability
and scalability in modelling item
difficulty for language assessment
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Estimation of item difficulty is essential in language test development, but recent
attention has shifted toward the need also to explain and predict it. This has prac-
tical implications for item development, adaptive testing, and construct validation.
Measurement specialists have traditionally explored factors contributing to item
difficulty through explanatory item response theory (EIRT). In language assess-
ment, explaining difficulty remains challenging due to the complex, context-sen-
sitive nature of linguistic constructs. Advances in artificial intelligence (Al), most
notably in machine learning (ML) and natural language processing (NLP) have
expanded possibilities, offering scalable and flexible solutions, but may com-
promise interpretability, i.e., the capacity to link results to the underlying con-
struct of ability. In sensitive areas, such as immigration and citizenship, generating
validation evidence is critical, giving rise to a pressing need to understand the
implications of using ML models in this context. This conceptual paper explores
the meeting ground between measurement and machine learning, examining
how these traditions converge and diverge in modelling item difficulty. Trade-
offs between model interpretability and scalable application are highlighted, and
implications discussed in the light of the increasingly interdisciplinary nature of
this field, including possibilities offered by hybrid IRT-ML solutions.
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1 Introduction

Estimation of test item difficulty is a foundation of educational measurement, but recent
attention in language testing research has shifted toward the need to also predict and explain
it (Ferrara et al., 2022; Ha et al., 2024; Settles et al., 2020; Skidmore et al., 2025). High stakes
testing systems increasingly require the generation of item difficulty estimates at scale for pur-
poses such as item development, adaptive testing, investigations into bias and construct valida-
tion, among other areas. In second language (L2) assessment, estimation of difficulty is fraught
with challenges due to the highly complex nature of the constructs under examination, as well
as the high level of context sensitivity of the assessment (Sayin and Bulut, 2024). Item difficulty
in this field has traditionally been statistically modelled within a structured measurement
framework which emphasises construct validity, interpretability, and fairness (Aryadoust et al.,
2021; Min and Aryadoust, 2021). This is typically carried out using item response theory (IRT)
or Rasch, which offer robust approaches, but require large amounts of authentic test-taker
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responses. As well as being time-consuming and expensive, in the pre-
testing context this also requires exposure of items before operational
delivery, bringing implications for test security. Therefore, while tra-
ditional IRT-based approaches bestow theoretical soundness and
interpretability, they limit the capacity of developers to publish new
items at scale.

The shift toward digital assessment in recent years has afforded
new opportunities for “‘computational psychometrics,” combining
theoretical psychometric models with approaches from machine
learning (ML) and artificial intelligence (AI) (von Davier et al., 2021).
Indeed, the potential to automate estimation, using ML and pattern
recognition to enable generalisable prediction of item difficulty, is
increasingly a consideration among measurement specialists (Zheng
et al,, 2024). This lessens the requirement to employ (pre-)test data,
thus mitigating exposure risks and reducing the operational burden
and, as such, offers a strong advantage over more traditional Rasch/
IRT approaches in terms of scalability. However, the complexity of
model parameters and input data representations in ML models limit
the interpretability of the findings, thus weakening our ability to link
insights back to the originally defined construct of interest, with impli-
cations for building, evaluating and defending validity arguments in
high-stakes contexts. With respect to language assessment, political
and global sensitivities are a consideration, with many operating as
gate keepers (e.g., for migration and university entry, as well as in
many professional domains), meaning it is critical that validation evi-
dence is generated supporting their implementation (cf. McNamara
and Ryan, 2011). It is therefore a pressing challenge for language
assessment researchers to fully understand the implications of
employing ML models for item difficulty estimation. While some ini-
tial work with a language assessment focus is bringing measurement
and machine learning approaches closer to one another using hybrid
models (Sharpnack et al., 2024a; Yancey et al., 2024) it is not fully clear
to the uninitiated where trade-offs lie with respect to the interpret-
ability brought by established IRT methods and the potential for data-
efficient application at scale offered by ML. It is therefore a timely
moment to provide a review of some approaches to this increasingly
interdisciplinary topic.

This mini review focuses on examples and ideas currently being
applied in language assessment. It provides an opportunity for readers
across disciplines to navigate the space between measurement and
ML, taking as its framework a simple heuristic to indicate where vari-
ous methodologies sit with respect to interpretability and scalability.
The overarching goal is to situate key models used in item difficulty
research and demonstrate how recent advances in both fields can be
applied to support real-world measurement practices.

2 Interpretability and scalability

Two key criteria for evaluating available methods of difficulty esti-
mation are interpretability and scalability. Interpretability relates to the
simplicity and parsimony of the model applied. It can be understood
as the degree to which transparency is built into the measurement
approach. Interpretability is important, because it connects how scores
are linked theoretically and practically to the assessment construct. In
other words, it provides inferential scaffolding by linking the theoreti-
cal latent trait that is the focus of measurement with the actual tasks
test-takers complete. An interpretable approach exhibits an
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understandable relationship between model parameters, item charac-
teristics and observed outcomes. In turn, this supports development
of construct validity arguments, operational trust, and fairness, as it
allows for quantitative examination of potential sources of bias, as well
as broader qualitative scrutiny.

Scalability is the degree to which production of difficulty param-
eters can be automated, namely the amount of item response data and
subsequent data processing steps required to extract information
about the patterning of expected responses. Automation drives effi-
ciency, cost effectiveness and sustainability because once deployed it
is less resource intensive by design. Automation also promotes consis-
tency and can reduce the risk of human error as well as allowing test-
ing programmes to respond with agility to new content needs, and
potentially to deploy innovative delivery methods.

Figure 1 presents a heuristic by which a range of approaches to
modelling task difficulty can be understood with respect to their rela-
tive interpretability and scalability. The term “explanatory” here refers
to models that integrate information about the systematic relationship
between an item and its associated difficulty. The plot captures the
main trade-off between measurement and ML methods put forward
in this paper: traditional measurement approaches rely on explicit
theoretical assumptions about test item difficulty and prioritise inter-
pretable parameter estimation and model fit, which in turn require
large amounts of test data when introducing new items. In contrast,
ML methods allow greater flexibility in model structure, leveraging
complex predictive models for scalable predictive performance with
little or no additional pre-testing of new items once training is com-
plete. It can be seen, however, that the two approaches are increasingly
converging on an explanatory middle-ground, as this paper explores.

3 Measurement approaches
3.1 Rasch and item response theory (IRT)

The Rasch measurement model (Rasch, 1960), along with close
extensions such as the rating scale model (RSM; Andrich, 1978) and
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FIGURE 1

A heuristic framework organising key approaches to item difficulty
estimation in language assessment across applied measurement and ML.
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partial credit model (PCM; Masters, 1982), estimate item and person
parameters within a probabilistic model to explain observed test-taker
responses. A construct representing test-taker ability is defined as a
single underlying dimension, which is formally linked to item diffi-
culty within a strict theoretical and statistical framework. The practi-
cal process of parameterisation means that strong assumptions
regarding the nature of this latent trait must be made, and in a well-
fitting Rasch model, person and item scores contain all the modelled
information about person measures and item calibration (Wright and
Stone, 1979). Despite Rasch model extensions such as many-facet
Rasch models (MFRM; Linacre, 1989) that account for multiple
aspects of the assessment process, e.g., raters, test forms, task types,
the focus is on estimating, rather than explaining, difficulty.

There are two quite distinct philosophical approaches toward
dealing with data that do not meet model assumptions which in
themselves mark the difference between Rasch and IRT. For pro-
ponents of a model-orientated philosophy (i.e., those who focus on
preserving the model, rather than adapting it to the data) the core
issue is that the theoretical conceptualisation of the latent variable
is distorted by expanding or generalising beyond the Rasch model.
On the other hand, a fit-orientated approach is more consistent
with statistical modelling, in that its aim is to more flexibly account
for variation in the data. This is where a range of models which fall
under the broader umbrella of Item Response Theory (IRT) come
into play. The conceptualisation of the relationship between ability
and difficulty is complexified by various statistical and philosophi-
cal extensions. Such models may accommodate a greater range of
parameters (2pl, 3pl [Birnbaum, 1968]; Graded Response Model
[Samejima, 1969]), additional latency (Multidimensional IRT;
Reckase, 2009), or more complex test structures (Rasch Testlet
Model; Wang and Wilson, 2005). Further possibilities are evinced
by reparameterisation of IRT models within a factor analytic struc-
ture (Asparouhov and Muthén, 2020; Raykov and Marcoulides,
2018) or as network models (Marsman et al., 2018). In flexing core
Rasch assumptions, use of such models moves toward framing dis-
tinctions between items and how they function in a more nuanced
fashion. This does not provide explanatory insight per se, but
accounting for variations in response patterning is an important
conceptual leap that leads the way toward incorporating an explan-
atory element in IRT.

3.2 Explanatory IRT (EIRT)

The introduction of an explanatory element in IRT was seen in the
Linear Logistic Test Model (LLTM) (Fischer, 1973). This constrains
item difficulty estimates as linear combinations of item design features
(e.g., position effect, or response format) under the assumption of zero
error in the prediction. Early work in L1 reading comprehension saw
use of the LLTM to explain item difficulty (Latimer, 1982). Interest in
this approach emerged for L2 language assessment in the context of
Computer Adaptive Testing (CAT) for evaluating item generating sys-
tems (Sonnleitner, 2008). Such models have also been used to investi-
gate test administration effects (Kubinger, 2008, 2009), cognitive
diagnostic modelling (Baghaei and Kubinger, 2015) and for test vali-
dation (Isbell and Son, 2021).

The incorporation of an error term in EIRT models in the
LLTM-+e provided a significant step in the way that item difficulty
explanation was conceptualised in IRT (De Boeck et al., 2011; Janssen
etal, 2004). Extending Rasch to incorporate a random effect (latency)

Frontiers in Education

10.3389/feduc.2026.1740237

for items as well as for persons, in the form of the Random Person
Random Item (RPRI) model (De Boeck, 2008), by building the models
within a Generalised Linear Mixed Model (GLMM) framework saw a
straightforward move to hypothesising the role of item features as
fixed effect covariates (Dunn, 2024). In this context, systematic expla-
nation of variation in item difficulty is accompanied by an error term,
or residual, in a statistical model that simultaneously estimates and
explains item difficulty.

EIRT models are less interpretable than standard Rasch or IRT
equivalents, as incorporating item features into the modeling frame-
work adds complexity that requires domain expertise to interpret.
Leveraging these features improves scalability, as these models gener-
ate generalisable insights into difficulty that can be applied in the
development of new items. However, such models require the hypoth-
esising of pre-conceived and specified item features, the identification
and definition of which can be resource intensive and requires exten-
sive pre-testing. This places them lower in scalability than ML
approaches, which typically use automated feature representations.

4 Machine learning approaches

4.1 Text-based models

In recent years, ML approaches have emerged as a new direc-
tion for item difficulty modelling (Ferrara et al., 2022). Much of
this growing interest is a result of huge advancements in natural
language processing (NLP), the branch of ML concerned with
modelling text. Text-based approaches to item difficulty modelling
frame the problem as predicting a difficulty label directly from the
item text (see Benedetto et al., 2023; AlKhuzaey et al., 2024; Peters
et al., 2025 for systematic overviews of the field). Rather than using
person and item response pairs, models are trained on item text
and their associated difficulty labels, typically derived from expert
judgments, crowdsourced annotations, or pre-testing data. Item
features are extracted from text using NLP techniques which can
range from interpretable linguistic features (Pandarova et al.,
2019), similar to those used for EIRT, to highly complex and con-
text-sensitive embeddings (Skidmore et al., 2025). Models using
the latter in conjunction with transformer-based model architec-
tures (Vaswani et al., 2017) generally achieve the highest predictive
accuracy in recent work (Yaneva et al., 2024).

Text-based models afford the highest level of scalability of the four
approaches considered here, as once trained, a model can estimate the
difficulty of a new item directly from its text without pre-testing. The
generalisability of text embeddings used in more recent work further
contributes to this scalability, as the same automatic feature extraction
approach can be used across different test formats. The interpretability
of text-based models can vary widely depending on input features and
model architecture. This reflects a common trade-off seen in NLP
models where the most accurate models tend to have a very high
degree of feature complexity, and therefore limited interpretability
(Yaneva et al., 2023). Explainable AI methods (see Holzinger et al.,
2022), such as feature attribution like SHAP (Lundberg and Lee, 2017)
have been employed to investigate item difficulty predictions ‘post-
hoc¢ (cf. Skidmore et al., 2025), however, in practice, these methods
can only offer a small window of insight into the complex workings of
the model. Given the general shift in the field toward ‘black box’
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approaches to modelling in NLP, further evidenced by the emerging
application of large language models (LLMs) to the item difficulty pre-
diction (Li et al., 2025; Mojoyinola et al., 2025), current text-based
approaches have been assigned the least interpretable of the four
models investigated.

4.2 Explanatory ML-IRT hybrid models

Explanatory ML-IRT hybrid models represent the latest develop-
ment in item difficulty estimation. Such models can be seen as a re-
framing of EIRT in an ML context, with the aim of combining the
generalisability and scalability of text-based ML models with the inter-
pretability and theoretical grounding of traditional measurement
approaches. In such approaches, models are trained to predict the
probability of a correct response for a given test-taker and item pair
using item features as inputs. The explanatory elements of the model
comprise NLP-derived textual features, drawing on the same types of
representations used in text-based models but incorporating them
explicitly as explanatory variables within an IRT framework.

A key challenge in hybridisation is ensuring that the models’
underlying functions are meaningfully related to interpretable param-
eters (Fokkema et al., 2022). In language assessment research, two
strategies for addressing this challenge have been explored. The first
directly defines the ML model’s function in alignment with the
assumptions of explanatory IRT (McCarthy et al., 2021; Yancey et al,,
2024). The second trains fully data-driven and unconstrained models,
the predictions of which are subsequently mapped onto an IRT-based
proxy model to derive the parameters (Sharpnack et al., 2024a, 2024b).

By aligning with the IRT framework, hybrid ML-IRT models
achieve greater interpretability than purely text-based approaches, as
their predictions can be linked to underlying latent parameters.
Nonetheless, because these models include input features derived
from text, the relationship between these representations and item
difficulty remains as challenging to interpret as text-based approaches.
As a result, hybrid ML-IRT models are more interpretable than text-
based approaches but less so than measurement-based models. In
terms of scalability, hybrid models require significantly less pre-testing
data for new items compared to measurement-based approaches
(Yancey et al., 2024). While relatively few studies have explored such
approaches within the language assessment domain, this is an active
area of research with developments underway in high-stakes assess-
ment contexts more generally. Notably, work by Ulitzsch et al. (2025),
which proposes the integration of ML-based item difficulty predic-
tions as priors in a Bayesian IRT model.

5 Discussion

This short review situates some key measurement and machine
learning approaches for item difficulty modelling in relation to two
dimensions critical to language assessment concerns: interpretability
and scalability. This framing provides a clear means of distinguishing
where each approach sits along a spectrum of possibilities for under-
standing and predicting item functioning with respect to these (often
competing) needs. Of course, each approach includes many adapta-
tions and extensions not covered here, and its position along the
assigned dimension may vary depending on factors such as parame-
terisation, feature selection, model complexity, theoretical alignment
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and pre-testing requirements. Notably, however, within both measure-
ment and ML traditions, new methods are emerging that bring these
priorities closer together. In particular, the hybrid ML-IRT models
combine the predictive accuracy and scalability of ML and text-based
methods with aspects of the interpretability and construct alignment
offered by EIRT frameworks. The scope of considerations in the cur-
rent paper addresses only the explanation of item difficulty, however
explanation of other parameters such as discrimination and (pseudo-)
guessing are also relevant dimensions (Benedetto et al., 2020; Byrd and
Srivastava, 2022; Ulitzsch et al., 2025).

Research on hybrid ML-IRT is very promising from a practical
language test development perspective given the rapid shift to digi-
tal delivery and demand. While such approaches may have pre-test
requirements for building initial models, or calibrating new items,
once trained they have a much lighter ongoing data requirement.
They can produce item difficulty estimates accurately and at pace
(see Yancey et al., 2024), reducing the cost and logistical burden of
continuous piloting and pre-testing, and potentially improving the
test-taker experience if the use of seeded items becomes redun-
dant. However, work in this area is still nascent, and despite offer-
ing a stronger psychometric foundation than solely text-based
models, current hybrid ML-IRT approaches do not fully account
for the theoretical framework from an IRT perspective. As
Sharpnack et al. (2024a) note, there is room to extend model cover-
age and dimensionality. In practice, the complexity of such models
often necessitates an indirect approach to interpretation, relying
on post-hoc inspection rather than on a theoretically integrated
estimation of item difficulty (Yancey et al., 2024). This constraint
is confounded by the use of text embeddings as input features,
which cannot easily be linked to construct-specific features of dif-
ficulty. As a result, although these models operate within an
explanatory framework, their explanations remain somewhat
intangible, which may limit their usefulness for communicating
aspects of the validity argument to stakeholders in high-stakes
assessment. However, as such advancements bring new ideas and
techniques to the fore, established definitions and expectations will
need to be re-examined and re-framed. Parallel considerations also
apply in other areas, for instance in the auto-generation of items
(e.g., Circi et al., 2023), the findings from which might have rele-
vance for feeding insights into current concerns.

A key area for future work in item difficulty estimation for lan-
guage assessment therefore lies in finding new methods to incorporate
explanatory item features that are not only predictive but also
grounded in measurement theory. In the absence of a broad evidence
base supporting purely ML approaches, there is a higher burden of
proof to demonstrate construct validity when low interpretability
approaches are employed. Related work on ML applications to educa-
tional process data echoes this sentiment, highlighting the importance
of balancing predictive methods for ML with theoretical consider-
ations and domain expertise (Huang et al., 2025). Furthermore, with
the swift emergence of new methods comes the additional necessity
to reconsider existing validation frameworks. As AI technology
becomes increasingly integrated into educational assessment, mea-
surement researchers are flagging the need to consider the risks as well
as the possibilities (Bulut et al., 2024; Zheng et al., 2024). As expressed
by Zheng et al. (2024), frameworks designed for traditional measure-
ment approaches may not be sufficient for ML-enhanced alternatives.
Co-ordinated development in both areas is essential to ensure success-
ful integration and acceptance in language assessment.
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While there are undoubtedly many more avenues to explore,
this mini review has sought to contextualise recent methodologi-
cal progressions in both ML and measurement with respect to the
mutual goal of explaining and predicting item difficulty in lan-
guage assessment contexts. The application of ML is a valuable
step toward bringing efficiencies and scalability for test develop-
ers. It is hoped that the reader can perceive that it is essential to
evaluate how such offerings align with the specific characteristics
and accountabilities of language assessment, in which interpret-
ability and construct validity remain fundamental to defensible
assessment design.
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