Does Including Images Improve Multimodal Language Models’ Accuracy on Item

Discrimination Estimation?

Jae Jun Jong' - Miryeong Koo'

"University of Illinois Urbana-Champaign

Abstract

This study measures the effectiveness of
including images to predict discrimination
parameters of reading items. The results
suggest that providing images to language
models is beneficial. By using both image
and text, Lasso regressions (Tibshirani,
1996) could explain data better and random
forests (Breiman, 2001) showed higher
accuracy.

1 Introduction

Large Language Models (LLMs) have been
extensively used in educational research,
including automatic item generation (e.g., Shin &
Lee, 2023), automatic scoring (e.g., Xue et al.,
2025), and item parameter estimation (e.g., Han et
al., 2025). Accurately predicting item parameters
is important for efficient test administration and
increases the amount of information that a test can
provide (Yen & Fitzpatrick, 2006). In other
words, educators need to accurately estimate item
parameters to provide high-quality tests to test
takers (Stépanek et al, 2023). Traditionally,
gathering human responses has been used to
estimate item parameters (Peters et al., 2025),
which is expensive (Liu et al., 2025).

Recently, many researchers (e.g., Kapoor et
al., 2026; Li et al., 2026; Raina & Gales, 2024)
have used LLMs to predict parameters of reading
comprehension items (Peters et al., 2025).
However, very few researchers consider image-
related features of the reading items. While some
researchers used images, their focus was not to
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predict parameters of reading comprehension
items (e.g., Hoyl, 2026; Khan, 2026). Therefore,
prior literature suggests that LLM-based item
parameter prediction for reading comprehension
items rarely use images for prediction.

However, including images can positively
affect  students’ reading  comprehension
performance (Guo et al., 2020). Therefore, it
would also be possible for LLMs to create a richer
representation of items when they use image-
related features in addition to text-related features
even for reading comprehension items.
Furthermore, even though discrimination
parameters are also important characteristics of
items (Columbia University Mailman School of
Public Health, n.d.), previous research (e.g., Jain
et al., 2025; Kapoor et al., 2026; Raina & Gales,
2024) mainly focused on difficulty of reading
comprehension items while relatively few
researchers (e.g., Chen et al., 2026) predicted
discrimination parameters. Therefore, this study
aims to answer the following research question:

RQ: Does using image-related features in
addition to text-related features significantly
improve the accuracy of estimating reading
comprehension items’ discrimination parameters
using LLMs?

Since images within reading comprehension
items can positively affect test takers’ reading
comprehension performance (Guo et al., 2020),
we hypothesize that LLMs can provide more
informative embeddings when we provide images
in addition to texts, which can subsequently
improve the accuracy of prediction.
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This study can significantly enhance our
understanding of using LLMs to predict item
parameter estimation, specifically focusing on
effects of including images. By expanding the
knowledge related to automatic item parameter
estimation, this research can significantly
contribute to the educational technology field by
reducing the time and cost required to estimate
item parameters. In sum, this research can not
only improve our understanding of technology
itself but also benefit students by reducing the cost
required to create assessments.

2 Literature Review

2.1 Large Language Models

LLMs are machines that can understand and
generate texts (Lietal., 2025; Verma et al., 2024).
LLMs use embeddings, which are vectors, to
understand input texts to predict likely next words
(Boykis, 2024; Verma et al., 2024). Transformer
architecture (Vaswani et al., 2017) enables LLMs
to focus on important parts of the input and to
understand long-term relationships (Verma et al.,
2024). LLMs continuously change embeddings as
the layer gets deeper, and these embeddings
within LLMs are used for text generation, which
are called hidden states (Hassani et al., 2025).
Therefore, hidden states include information
about how LLMs perceive input (Duan et al.,
2024). These hidden states can be directly
extracted and used as inputs of classification or
prediction models, which can be used to predict
item parameters (e.g., Kapoor et al., 2026).

2.2 Item Parameters

To understand item parameters, it is crucial to
understand Item Response Theory (IRT), a
mathematical framework that explains how test
takers’ abilities and their test performances are
related (Columbia University Mailman School of
Public Health, n.d.). Under the IRT framework,
items have different parameters, including but not
limited to difficulty and discrimination
parameters (Columbia University Mailman
School of Public Health, n.d.). Difficulty
parameters indicate how difficult an item is and
discrimination parameters indicate how well an
item distinguishes between students with similar
ability (Columbia University Mailman School of
Public Health, n.d.). Accurately estimating item
parameters is crucial for the overall quality of the

test (Stépanek et al, 2023). In addition to test
quality, item parameters can also affect the test
administration process. For instance, during
computerized adaptive testing, item parameters
are used to select items to maximize information
gain about students’ abilities (Fink et al., 2025).

Traditionally, gathering human responses has
been used to estimate item parameters, a process
that is expensive (Liu et al., 2025; Peters et al.,
2025). Therefore, many researchers are interested
in automatic item parameter estimation by using
LLMs that can overcome limitations of the
traditional item parameter estimation method
(Peters et al., 2025). In the next section, we
introduce some previous studies related to
automatic item parameter estimation.

2.3 Item Parameter Estimation

Recently, researchers have been using
technologies such as language models to predict
parameters for reading comprehension items
(Peters et al., 2025). For instance, Kapoor et al.
(2026) used embeddings generated by LLMs to
predict the difficulty of reading comprehension
items. The authors used diverse features, such as
test-related features (e.g., whether questions
include bolded text), text-related features (e.g.,
how complex the text is), and context of the test
(e.g., when and where the test was used, for which
age levels). The result suggests that while using
more features yielded better performance, using
only embeddings converted by language models
can predict item difficulty to some extent.

Han et al. (2025) also aimed to predict
difficulty and discrimination parameters of
English items using LLMs. They fine-tuned a
language model using item texts and item features
(e.g., text complexity). To measure the
effectiveness of including item features in fine-
tuning, the authors fine-tuned the same model
without item features. They found that item texts
contain useful information for predicting item
difficulty. In addition, they found that including
item attributes during fine-tuning can improve
performance. On the other hand, Han et al. (2025)
reported that baseline CatBoost (Dorogush et al.,
2018) showed the best performance to predict the
item discrimination parameters.

In addition to converting item texts to vectors,
researchers have wused other methods. For
instance, Raina and Gales (2024) provided text,
questions, and answers to ChatGPT (OpenAl,
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2022) and used the model to directly predict
difficulty of items, which range from 1 to 10. In
addition, the authors provided two items to the
LLM and asked the model to choose a more
difficult item.

Jain et al. (2025) provided questions along
with other data (i.e., answers, options, student
data, and information about IRT methods) to two
LLMs and asked them to directly predict the
difficulty and discrimination parameters of items.
The authors reported that LLMs show modest
performance in item parameter estimation. The
authors also reported that language models
generally do not assign extreme values to item
parameters.

The previous literature provides two pieces of
information related to automatic item parameter
estimation. First, text-based features, such as
embeddings generated by LLMs with item texts,
can be used to predict item parameters, but
providing additional information can improve the
prediction accuracy (Han et al., 2025; Kapoor et
al., 2026). Second, the previous studies (Han et
al., 2025; Kapoor et al., 2026; Jain et al., 2025;
Raina & Gales, 2024) suggest that images were
not often used when predicting parameters of
reading comprehension items. However, since
images can positively affect humans’ reading
comprehension (Guo et al., 2020), it is also
possible that images of items can function as an
additional piece of information that can be used to
improve the performance of item parameter
estimation. In other words, language models can
use more information from both images and item
text. Therefore, to address limitations of previous
studies, we aim to measure the effectiveness of
including images in item parameter estimation,
specifically ~ focusing on  discrimination
parameters.

3 Materials and Methods

We employed three multimodal language models,
Gemma-4-12b-it, Gemma-4-E2B-it, and Gemma-
4-E4B-it, developed by the Gemma Team et al.
(2026)'. We chose these three models for two
reasons. First, the models accept both texts and

! Also refer to Huggingface pages of the models at
https://huggingface.co/google/gemma-4-E2B-it,
https://huggingface.co/google/gemma-4-E4B-it, and
https://huggingface.co/google/gemma-4-12B-it
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images as input which will allow us to compare
the effects of including images in addition to text,
when predicting item parameters (Gemma Team
et al.,, 2026). If separate language and vision
models are used, other factors can potentially
affect prediction accuracy beyond whether images
are additionally included. Another reason is that
we can identify the effectiveness of model sizes
when predicting item parameters by using three
models in the same model family (Gemma Team,
2026).

We used 152 reading assessment items written
in English and their item parameters provided by
the National Assessment of Educational Progress
(n.d. -a, n.d. -b, n.d. -¢, n.d. -d, n.d. -e, n.d. -f, n.d.
-g,n.d. -h, n.d. -i, n.d. -j, n.d. -k). To convert items
(i.e., texts or texts and images) to vectors, we used
the hidden state of the last token at the last hidden
state, motivated by earlier studies (e.g., Kapoor et
al., 2026). Two hidden states were extracted from
the three Gemma models with or without images
(six embeddings in total). For brevity, we use the
term text embeddings or text and image
embeddings for the remainder of the paper. To
extract hidden states, we mainly used and adapted
codes provided by Gemma Team et al. (2026),
Cohen (2025), and Wolf et al. (2020)°.

To examine whether including images in
addition to text improves accuracy on item
parameter estimation, we modeled Lasso
regression (Tibshirani, 1996) and random forest
(Breiman, 2001). We chose Lasso regression
because sizes of hidden states of Gemma models
were bigger than the number of items (Gemma
team et al., 2026), therefore, it is recommended to
use the regression model which can select subset
of inputs (Hassan et al., 2013). We chose random
forest because while Lasso regression assumes
linearity, random forests accommodate nonlinear
relationships (Hassan et al., 2013; Raymaekers et
al., 2025). The processes of model selection and
model evaluation are summarized as follows:
First, we divide data into training and test data
with a ratio of 8:3. While it is not required to split
data for random forests (Siroky, 2009), we
included this process in both models for
comparison purposes. Next, we fit the models

2 Also refer to
https://huggingface.co/docs/transformers/main_classe
s/output
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using training data. Since cross validation can
prevent overfitting (Arlot & Celisse, 2010), we
used 5-fold cross-validation when selecting the
optimal models. Particularly, the size of penalty
and the number of predictors randomly selected at
each split were tuned for Lasso and random forest,
respectively.

We evaluated and compared the two models’
explainability and predictive accuracy using test
data. Specifically, root mean squared error
(RMSE) were compared across the two methods
(Lasso and random forest) and the three Gemma
models. The RMSE measures differences
between predicted and actual discrimination
parameters (Miller et al., 2024), therefore lower
RMSE indicates more accurate prediction. In
addition, to compare multiple Lasso regressions,
we used Akaike Information Criterion (AIC;
Akaike, 1973 as cited in Akaike, 1974) and
Bayesian Information Criterion (BIC; Schwarz,
1978). AIC shows the extent that model explains
data without being too complicated (Cavanaugh
& Neath, 2019). BIC is similar to AIC, but it
prefers simpler model than AIC (Schwarz, 1978).
While we do not discuss AIC and BIC in detail in
this paper, it is important to note that lower AIC
and BIC are preferred (Murari et al., 2023). See
Cavanaugh and Neath (2019) and Chakrabarti and
Ghosh (2011) for detailed explanations for AIC
and BIC.

We replicated the model selection and
evaluation processes 100 times to improve the
robustness of our analyses. We used the mean of
100 values that we attained from 100 replications.

4 Results

The results suggest that including image(s) in
addition to texts resulted in more informative
embeddings regardless of model size for reading
comprehension items (see Table 1). When
Gemma-4-E2B-it was used, using image and text
embeddings to build Lasso regressions and
random forests resulted in more accurate
predictions (i.e., lower RMSE; Miller et al.,
2024). Furthermore, the Lasso regression based
on image and text embeddings showed lower AIC
and BIC (i.e., explains data well without being too
complicated; Cavanaugh & Neath, 2019;
Schwarz, 1978).

When embeddings generated by Gemma-4-
E4B-it were used, AIC of Lasso regression was
lower when image and text embeddings were used.

However, RMSE did not decrease when compared
to Lasso models built based on text embeddings.
Furthermore, BIC was lower when image(s) was
not used. When random forest was used, using
image(s) led to more accurate predictions.

When embeddings generated by Gemma-4-
12B-it were used, Lasso regression showed lower
RMSE when image and text embeddings were
used. In addition, both AIC and BIC of Lasso
regression were lower when image and text
embeddings were used. When random forest was
used, using image and text embeddings led to
more accurate predictions.

The results also suggest that increase in model
size did not always lead to better performance. For
instance, Lasso regression based on image and
text embeddings generated by Gemma4-E4B-it
had lower RMSE compared to that based on
Gemma4-12B-it. Similarly, the AIC of the Lasso
model based on image and text based embeddings
generated by Gemmad4-E4B-it was lower than that
generated by Gemma-12B-it. However, when
comparing Gemma4-E2B-it and Gemma4-E4B-
it, all metrics improved for all models regardless
of whether the image was used or not.

Overall, the results suggest that language
models can generally generate more informative
hidden states that can improve accuracy of
predicting discrimination indexes, even if the
items are mainly focused on text (i.e., reading
comprehension items). However, increasing the
size of language models did not always lead to
better performance.

5 Discussion

Overall, the results suggest that including images
can generally, but not always, allow language
models to create more informative hidden states,
which supports the hypothesis. This study also
suggests that providing images is beneficial even
for relatively smaller language models, such as
Gemma-4-E2B-it which only has 2.3 billion
effective parameters (Gemma team et al., 2026).
In other words, even relatively smaller language
models have the ability to use information from
images to create more informative hidden states.
Since many researchers in educational field have
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E2B E4B 12B
Image + Text Text Image + Text Text Image + Text Text
Lasso RMSE 0.41 0.43 0.38 0.38 0.39 0.40
Lasso_AIC -246.13 -226.22 -257.43 -248.82 -246.93 -240.62
Lasso BIC -144.59 -125.74 -147.95 -150.91 -186.12 -160.35
random 0.39 0.40 0.36 0.37 0.37 0.38
forest RMSE
Table 1: Evaluation results of six models
have information that are more directly related to
) ) their specific context. Items that have more direct
relatively smaller computational resources

(Ormerod & Kwako, 2024), this method can be
practically useful to those who are interested in
estimating item parameters with relatively smaller
models. Furthermore, the results (i.e., RMSE of
Lasso regression models and random forests)
suggest that reducing the dimensionality of
hidden states to train prediction models can
negatively affect the performance. This indicates
reducing dimensions of hidden states results in
losing information that can be used to predict item
discrimination parameters. It is possible that
overall hidden states include important
information that cannot be used when dimensions
are reduced. The results suggest that it is
recommended to use models that can use entire
hidden states as input, such as random forest
(Salman et al., 2024) to obtain high accuracy in
predicting item parameters.

In addition, the overall results suggest that
there is some improvement when we use Gemma-
4-E4b-it compared to Gemma-4-E2B-it. All 12
metrics were better when the model size
increased. However, when comparing Gemma-4-
E4B-it and Gemma-4-12B-it, not all metrics
improved. It is possible that when only using
embeddings generated from images and texts of
items, relatively small language models are
sufficient.

However, there are several limitations in this
study. First, we conducted experiments with only
one model family and reading items provided by
National Assessment of Educational Progress.
Therefore, the results may change if different
models or datasets are used. For instance, items
developed by individual states or schools may
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contexts may show different results compared to
the study. Similarly, the items that exclusively
target students whose native language is not
English can also show different results from this
study. Second, we mainly focused on the language
models that could use both text and images as
inputs (Gemma Team et al., 2026), rather than
using separate vision and language models. While
we assumed that using a language model that can
use both images and texts would be better to
identify the impact of including images, it is
possible that using separate models can lead to
higher accuracy.

This study introduces further possible research
topics. First, as previously mentioned, it is
possible to replicate the method used in this study
with other datasets to investigate generalizability.
Different types of datasets may have different
properties, which can show different results from
this study. Second, it is possible use separate
models to process text and images.
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