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Abstract

This study predicts IRT item difficulty and dis-
crimination for passage-based reading compre-
hension items using lexical, syntactic, and se-
mantic NLP features. Modeling interactions
among passages, stems, and options, Light-
GBM with semantic embeddings best predicts
difficulty (r 0.594), while discrimination
remains harder to recover from text alone.

1 Introduction

Item Response Theory (IRT) supports item cali-
bration, test construction, equating, and score in-
terpretation in large-scale educational assessment
(Embretson and Reise, 2000; Lord, 1980). In oper-
ational practice, however, item parameters are not
available until an item has been administered to a
sufficiently large sample. During early stages of
item development, item writers, reviewers, and psy-
chometricians therefore make important decisions
without direct evidence about how a new item is
likely to function. This creates strong interest in
methods that can approximate likely item behavior
before field data become available.

Passage-based reading comprehension items are
a particularly important case. Such items depend
on more than a short question and several answer
options. Examinees must read an extended passage,
understand the task defined by the stem, and distin-
guish the correct answer from distractors that may
be partially plausible. Difficulty may arise from vo-
cabulary burden, syntactic complexity, discourse in-
tegration, or fine-grained semantic contrasts among
options. Discrimination may depend even more
strongly on how well distractors compete with the
correct answer for students at different ability lev-
els. These conditions make passage-based reading
items both practically valuable and methodologi-
cally demanding for text-based prediction.

Recent work has shown that textual features
can be informative for difficulty prediction. Stud-
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ies in reading and educational NLP have used
text-complexity measures, machine learning, and
embedding-based representations to model item
difficulty from content (Sheehan et al., 2010;
AlKhuzaey et al., 2024; §tépe’1nek et al., 2023). The
area has accelerated further with the BEA shared
task on automated prediction of difficulty and re-
sponse time for multiple-choice questions and with
LLM-based pipelines for educational assessments
(Yaneva et al., 2024; Veeramani et al., 2024). Yet
much of this work focuses on short items or do-
mains where extended contextual reading is not
central.

The present study addresses that gap by focusing
on long-passage reading items and by explicitly
modeling interactions among passage, stem, and
answer options. The paper makes a practical as
well as methodological contribution. Practically,
it is motivated by real operational work and is in-
tended to support future item development work-
flows. Methodologically, it compares lexical, syn-
tactic, and semantic feature families under form-
level cross-validation and examines variable impor-
tance for the strongest text-only model. The main
finding is that item difficulty is moderately recov-
erable from text alone, especially when semantic
interaction is represented well, whereas item dis-
crimination remains substantially harder to predict.

2 Related Work

The present study is related to two research tradi-
tions. The first is work on explanatory item features
and text complexity. In reading assessment, auto-
mated measures such as SourceRater showed that
lexical frequency, syntactic burden, and discourse-
related signals can be aligned with human judg-
ments of text complexity (Sheehan et al., 2010).
This work did not directly target calibrated IRT
parameters for full passage-based multiple-choice
items, but it established the broader premise that
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linguistic properties of text are relevant to assess-
ment difficulty.

The second tradition is direct prediction of ques-
tion or item difficulty from text. AlKhuzaey et al.
(2024) reviewed automatic text-based approaches
and showed that machine-learning methods now
dominate this area. More directly relevant to the
present paper, Stépanek et al. (2023) compared
multiple algorithms for predicting difficulty from
English reading-comprehension item wording and
showed that textual features can compete with
domain-expert judgments. The BEA 2024 shared
task further demonstrated broad interest in auto-
mated difficulty prediction, while Veeramani et al.
(2024) illustrated how newer LLM-based pipelines
can be combined with linguistic features for im-
proved estimation.

What remains less studied is the case of passage-
based reading assessment, where the item is not a
single short prompt but a coordinated textual sys-
tem. Work on scenario-based reading assessment
emphasizes that modern reading tasks require inte-
gration across extended context, task instructions,
and answer choices (Sabatini et al., 2014, 2020).
This perspective matters for item-parameter pre-
diction because a model that only inspects surface
wording in the stem or isolated option text may
miss the deeper interaction structure that gives the
item its difficulty. The present study therefore treats
passage, stem, and options as distinct but interde-
pendent sources of signal.

3 Data and Study Design

The analysis begins with an operational data
pipeline that parses assessment XML files, extracts
passage and item text, and merges those textual
fields with psychometric records containing cali-
brated item parameters. For each item, the resulting
dataset includes an extended passage, a stem, four
answer options, a correct key, and operational esti-
mates for item difficulty and item discrimination.
Items are grouped by form, and the present anal-
ysis uses eight reading forms after cleaning and
alignment checks. The current phase is deliberately
restricted to text-derived inputs so that the contri-
bution of linguistic information can be evaluated in
isolation from metadata or behavior logs.

Two targets are modeled separately. The first
is item difficulty, represented by the operational b
parameter. The second is item discrimination, rep-
resented by the operational a parameter. Separate
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models are trained for the two targets because they
reflect different psychometric functions. Difficulty
is more closely related to the overall processing bur-
den of the item, whereas discrimination depends
on how strongly the item differentiates among ex-
aminees across the ability scale.

The evaluation design follows the operational
use case. Each form is held out in turn as a test fold,
while the remaining forms are used for training.
This form-level cross-validation prevents leakage
across items from the same form and gives a more
realistic picture of how the models would behave
on a truly new form. Performance is reported with
root mean squared error (RMSE), R?, and Pearson
correlation, which together capture absolute error,
explained variance, and rank-order agreement.

4 Feature Engineering and Modeling

4.1 Lexical Features

Lexical features describe surface properties of lan-
guage in the passage, stem, and answer options.
The feature set includes token counts, mean and
median ZIPF word frequency based on SUBTLEX
norms (van Heuven et al., 2014), part-of-speech-
specific frequency summaries, and normalized ra-
tios that distinguish absolute from relative lexical
difficulty. The features are computed separately for
the major text components because the source of
lexical burden may differ across them. A passage
may be difficult because it contains rare academic
vocabulary, while an option may be difficult be-
cause it uses unusually precise wording that com-
petes strongly with the correct answer.

To make answer-option information more infor-
mative, raw option features are transformed into
contrastive variables. For each lexical measure,
the value for the correct answer is retained and the
three distractor values are ranked and stored sepa-
rately. This design preserves the full distribution of
distractor properties rather than reducing them to a
single mean. The same logic is important later for
discrimination modeling, because what matters is
often not the absolute wording of one option, but
the contrast between the correct answer and the
most competitive distractor.

4.2 Syntactic Features

Syntactic features capture structural complexity.
They include sentence-count and sentence-length
summaries, dependency-tree depth, average branch-
ing factor, independent and dependent clause



counts, subordinate-clause ratios, phrase-density
measures, dependency-relation frequencies, part-
of-speech trigram diversity, and heuristic indicators
of ambiguity. These features are motivated by well-
established reading theory: readers must hold more
information in working memory when sentences
are longer, more deeply embedded, or structurally
ambiguous. The same principle can apply to an-
swer options, where syntactic structure influences
perceived naturalness and plausibility.

As with lexical features, syntactic information
is represented both at the component level and at
the contrastive choice level. This makes it possible
to capture cases in which the correct answer is
structurally simpler than all distractors, or in which
one distractor is made especially persuasive by a
complete clause structure. Because passage-based
reading items often combine long contextual text
with short options, separating passage-level and
option-level structure is especially useful.

4.3 Semantic Interaction Features

Semantic features form the core of the present
study. We use transformer-based sentence em-
beddings, principally all-mpnet-base-v2 and all-
MiniLM-L6-v2, to place passage sentences, stems,
and options in a shared semantic space (Reimers
and Gurevych, 2019). From those representations
we derive several families of features. Passage-
sentence embeddings are pooled with mean, me-
dian, minimum, maximum, and standard-deviation
summaries. Stem-option cosine similarities mea-
sure how directly an option aligns with the task
stated in the stem. Correct-versus-distractor mar-
gins measure how much the correct option sepa-
rates from the strongest competitor. Option-option
clustering features summarize how tightly distrac-
tors group together. Passage-option distances and
projections along the stem-passage axis model
whether an option is better understood as a passage-
supported inference, a stem-level paraphrase, or a
semantically misleading distractor.

These semantic features are important because
long-passage items are not solved through local
matching alone. A student may need to connect
information from several sentences, interpret the
discourse goal of the question, and reject distractors
that are partially supported by isolated fragments
of the text. Lexical and syntactic features can re-
flect processing burden, but semantic interaction
features are more directly tied to the construct of
reading comprehension. They therefore provide a
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principled way to represent passage—stem—option
interaction, which is the main conceptual emphasis
of this paper.

4.4 Models and Evaluation

We compare a constant baseline, Elastic Net re-
gression (Zou and Hastie, 2005), and LightGBM
(Ke et al., 2017). The baseline predicts the mean
parameter value from the training forms and serves
as a minimum reference. Elastic Net provides
a linear model with regularization and feature
selection, which is useful in high-dimensional
spaces. LightGBM provides a non-linear model
that can exploit thresholds and feature interac-
tions. We evaluate lexical-only, syntactic-only,
semantic-only, syntactic-plus-semantic, and full
lexical-plus-syntactic-plus-semantic configurations
in order to understand which kinds of information
matter most.

5 Results

5.1 Item Difficulty

Table 1 summarizes the main form-level results.
For item difficulty, the baseline yields mean RMSE
= 0.964. A semantic-only LightGBM model al-
ready reduces RMSE to 0.794 and reaches mean
R? = 0.300 and mean correlation = 0.581. Adding
syntactic features produces the best overall text-
only result, with mean RMSE = 0.788, mean R2
= 0.313, and mean correlation = 0.594. Adding
lexical features on top of that produces no further
gain, which suggests that once strong semantic in-
formation is available, lexical signal contributes
relatively little incremental value for this target.
The difficulty results also show meaningful vari-
ability across forms. For the best text-only model,
fold-wise RMSE ranges from 0.621 to 1.007, while
fold-wise correlation ranges from 0.410 to 0.816.
The median correlation is 0.552, with an interquar-
tile range from 0.488 to 0.707. Thus, although
predictive performance differs across forms, the
consistently positive correlations indicate that the
model captures signal that transfers to held-out
forms. At the same time, the observed variation
suggests that some forms are more difficult to pre-
dict than others, motivating further investigation
of form-level differences and sources of prediction
error. The stronger performance of LightGBM rel-
ative to Elastic Net further indicates that non-linear
interactions matter for difficulty prediction.



Model RMSE R? Corr. Feature group Share of gain
Difficulty baseline 0.964 0.000 — Option embeddings 44.1%
Difficulty 0.794  0.300 0.581 Pooled passage sentence 41.5%
LightGBM, embeddings

semantic only Stem embeddings 13.4%
Difficulty 0.788  0.313 0.594 Syntactic features 0.9%
LightGBM, Explicit semantic interaction 0.1%
syntactic + semantic summaries

Discrimination 0.266 0.000 —

baseline Table 2: Gain-based importance by feature group for
Discrimination 0247 0066 0501 e bestdifficulty model

Elastic Net,

semantic only beddings. The model contains 8,169 candidate
Discrimination 0.247 0.082 0.500 predictors. Of these, 7,727 are semantic features
Elastic Net, full and 438 are syntactic features. Gain is concentrated
features

Table 1: Selected form-level cross-validation results for
the main baseline and best text-only models.

5.2 Item Discrimination

Item discrimination is markedly harder to pre-
dict. The baseline yields mean RMSE = 0.266.
The best text-only models are all Elastic Net vari-
ants based on all-mpnet-base-v2 semantic infor-
mation. The semantic-only model yields mean
RMSE = 0.247, mean R? = 0.066, and mean corre-
lation = 0.501. The full lexical-plus-syntactic-plus-
semantic model is nearly identical in RMSE and
correlation, with a small improvement in mean R2
to 0.082. In contrast to difficulty, LightGBM does
not help here; the best non-linear discrimination
models remain near baseline in RMSE and produce
unstable R? values.

The instability of discrimination prediction is
visible at the fold level. For the best semantic-
only Elastic Net model, fold-wise R? ranges from
-0.838 to 0.355, and fold-wise correlation ranges
from 0.193 to 0.677. The median correlation is
0.586, but some forms are clearly much harder
than others. This pattern is substantively plausible.
Discrimination depends not only on text quality but
also on how different groups of students respond
to the distractors, and those interaction effects are
only partly observable from text alone.

5.3 Variable Importance

To understand why the best difficulty model works,
we analyzed gain-based variable importance from
the LightGBM model trained on the syntactic-plus-
semantic feature set with all-mpnet-base-v2 em-
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overwhelmingly in the semantic part of the repre-
sentation. Option embedding dimensions account
for 44.1% of total gain, pooled passage sentence
embeddings account for 41.5%, and stem embed-
dings account for 13.4%. All syntactic features
together account for only 0.9%, while explicitly
coded semantic interaction summaries contribute
roughly 0.1%.

The top individual predictors are also revealing.
The single highest-gain feature is a pooled passage-
sentence mean embedding dimension, followed by
a pooled passage-sentence median dimension and
two option-embedding dimensions. This pattern in-
dicates that the model relies most on global passage
meaning and the semantic positioning of answer
options, with stem meaning playing a secondary
role. The low gain assigned to hand-engineered
interaction summaries does not mean that interac-
tion is unimportant. Rather, it suggests that the tree
ensemble can recover interaction structure directly
from raw passage and option embeddings when
those representations are sufficiently rich.

6 Discussion and Operational
Implications

Several conclusions follow from these results. First,
difficulty is more recoverable from text than dis-
crimination. This makes psychometric sense. Diffi-
culty is closely tied to overall linguistic burden and
integration demand, which are visible in passages,
stems, and options. Discrimination, by contrast, de-
pends on the fine structure of distractor competition
within a population of examinees. Text contributes
to that process, but it does not fully determine it.
Second, semantic signal is far more important than
lexical signal for passage-based reading items. Lex-



ical features alone are too shallow for long passages
in which the main challenge may be inference, in-
tegration, or subtle semantic contrast rather than
rare words alone.

These findings have direct operational value. A
text-based model of difficulty is not a replacement
for field testing, but it can still support early stages
of item development. It can help flag items that
are likely to be unusually hard, identify passages
whose semantic structure may create excessive bur-
den, and provide one additional input to pretest-
ing and form assembly decisions. The present re-
sults are particularly encouraging because they are
obtained without response-process variables, tim-
ing information, or hand-coded metadata. In other
words, the models already recover meaningful sig-
nal from text alone.

At the same time, the paper is appropriately
framed as work in progress. The current system
is intentionally text-only, and several important
steps remain before operational use. We are extend-
ing the feature space with newer embedding mod-
els and LL.M-based representations, investigating
whether discourse-aware and reasoning-aware fea-
tures improve performance, and testing hybrid mod-
els that combine text with metadata or response-
based variables. We are also working on inter-
pretability, because operational users need more
than accurate predictions; they need explanations
that can inform item revision. Finally, validation
beyond the current reading data is necessary before
stronger claims about generality can be made.

7 Conclusion

This paper examined whether IRT item parameters
for passage-based reading comprehension items
can be predicted from text alone. Using items
from eight operational reading forms, we found
that text-only models provide meaningful predic-
tion for item difficulty, with the strongest model
reaching mean RMSE = 0.788, mean R?=0.313,
and mean correlation = 0.594 under form-level
cross-validation. Item discrimination proved sub-
stantially harder to model, although semantic Elas-
tic Net models still improved modestly over base-
line. Variable-importance analysis showed that the
most useful signal is concentrated in passage and
option embeddings, which supports the view that
long-passage item difficulty is driven mainly by
semantic integration across item components. The
results suggest a realistic role for Al-assisted item
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analysis in operational assessment while also defin-
ing clear boundaries for what text-only prediction
can currently achieve.
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