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Abstract 

Item difficulty is central to test validity and fair 

assessment, yet it is difficult to estimate without large-

scale pretesting. Machine learning offers a promising 

alternative by enabling prediction of item difficulty 

directly from the text prior to administration. This study 

replicates and extends previous research on predicting 

item difficulty in language comprehension tests using 

machine learning algorithms and linguistic features. 

Specifically, a modelling approach previously developed 

for English maturita exams was applied to German 

language test items. Item difficulty parameters were 

estimated using Item Response Theory, and 696 features 

covering lexical, frequency-based, surface similarity, and 

readability properties were extracted from the texts. 

Regularized linear regression models were trained and 

evaluated using nested cross-validation. Similar to results 

obtained in the English dataset, the best-performing model 

(LASSO) achieved a mean RMSE close to the standard 

deviation of item difficulty and therefore comparable to 

predicting the mean. This lack of predictive power was 

further compounded by marked instability across cross-

validation folds. Directly applying coefficients trained on 

English items resulted in substantially larger prediction 

errors. The results are attributed primarily to the small 

number of items relative to the high-dimensional feature 

space. These findings suggest that feature-based machine 

learning approaches offer limited added value in such 

settings and are better treated as a complement to, rather 

than a replacement for, traditional difficulty estimation 

methods. 

 

1 Introduction1 

 
Accurate estimation of item difficulty is central to 

educational measurement, supporting test validity, score 

interpretation, and comparability across test forms. It is 

also essential in modern applications such as computerized 

adaptive testing, where items must be selected 

dynamically to match examinee ability and reduce test 

 

 

length. Scalable estimation further enables the 

construction of balanced tests, detection of potential 

biases, and more informed decision-making about 

examinees. 

 

1.1 Traditional Difficulty Estimation 
 

Traditionally, difficulty is established via pretesting and 

domain expert judgement. Although pretesting yields 

statistically robust estimates (Fadillah et al., 2023), it is 

costly, time-consuming, and delays item deployment. 

Expert judgement, while useful in early stages, is 

subjective and potentially inconsistent across raters 

(Wonde et al., 2024). 

Yet item difficulty is not arbitrary. It is partly encoded in 

an item’s structural and linguistic properties. Advances in 

machine learning and natural language processing now 

make it possible to infer difficulty directly from the text. 

This shift opens the possibility of predicting item difficulty 

prior to administration in a scalable and systematic 

manner, complementing traditional approaches. 

  
1.2 Evolution of Automated Prediction 

 
Early text-based prediction approaches relied on manually 

engineered surface-level and linguistic features (Loukina 

et al., 2016), such as sentence length, vocabulary rarity, 

and syntactic complexity. These features were then used as 

inputs to classical machine learning models (e.g., linear 

regression, random forests). 

Later developments introduced static word embeddings 

(e.g., Word2Vec, GloVe) to capture semantic similarity 

(Hsu et al., 2018), followed by deep learning architectures 

such as convolutional neural networks and long short-term 

memory networks (He et al., 2021; Huang et al., 2017; Xue 

et al., 2020), which enabled more effective modelling of 

contextual relationships in text. 

 

 



1.3 Recent Approaches 

 
Recent advances have shifted the field decisively toward 

transformer-based architectures and large language 

models (LLMs), giving rise to three principal paradigms. 

First, the most direct approach is to prompt an LLM to 

predict item difficulty from text (Gombert et al., 2024; Li, 

Jiao, et al., 2025). While intuitive, this approach typically 

achieves only moderate accuracy compared to more 

structured methods (Razavi & Powers, 2025). 

Second, LLMs are used as feature extractors, generating 

cognitively and linguistically informed variables (e.g., 

reasoning steps or cognitive load) for downstream models 

(Razavi & Powers, 2025). This approach has been shown 

to outperform both direct LLM predictions and traditional 

text-based features (Mojoyinola et al., 2025). 

Third, LLMs are used to simulate student responses across 

proficiency levels (Maeda, 2025; Scarlatos et al., 2025). 

Item difficulty is subsequently estimated via IRT models 

fitted to the synthetic data. A key limitation is that LLMs 

struggle to reflect human capability constraints, and highly 

capable models tend to overproduce correct responses 

even when conditioned on lower proficiency (Acquaye et 

al., 2026; Li, Chen, et al., 2025; Liu et al., 2025). 

Beyond these paradigms, LLMs are utilized for data 

augmentation to enrich training sets with synthetic items 

and rationales (Feng et al., 2025; Li, Jiao, et al., 2025), as 

well as for uncertainty estimation, where the model's 

internal confidence serves as a proxy for predicting human 

task difficulty (Zotos et al., 2025). A comprehensive 

overview of these developments is provided by Peters et 

al. (2025).  

 

1.4  Limitations and Open Challenges 
 

Despite rapid progress in advanced architectures, several 

important challenges remain unresolved. Among these, 

interpretability and cross-linguistic generalizability are 

particularly relevant to this study. 

Automated item difficulty prediction involves a persistent 

trade-off between predictive accuracy and interpretability. 

Recent LLM-based approaches often achieve superior 

performance but rely on high-dimensional, opaque 

representations, limiting transparency. Although post hoc 

explainable AI methods have been proposed, they offer 

only partial insight into model decision-making (Dunn et 

al., 2026). In high-stakes assessment, where transparency 

is vital for validity and fairness, traditional feature-based 

models may be therefore preferable. Defined linguistic 

features allow these approaches to pinpoint difficulty, 

offering item writers actionable guidance for precise 

calibration. They are also more robust in small-sample 

settings, which are typical in high-stakes testing (Peters et 

al., 2025). 

A second open question concerns the cross-linguistic 

transferability of predictive models. Current evidence in 

this area is predominantly indirect. For example, recent 

research suggests that training models jointly on multiple 

languages can substantially improve cross-lingual 

performance as they learn global difficulty patterns (Das 

et al., 2024; Skidmore et al., 2025). For feature-based 

machine learning models, however, studies explicitly 

examining transferability are very rare.  

 
1.5 Research Objectives 

 
Two prior studies established a framework for predicting 

item difficulty from linguistic features using machine 

learning (Dlouhá, 2025; Štěpánek et al., 2023) but were 

limited to English. This study aims to test the framework’s 

cross-linguistic generalizability by replicating it on 

German maturita reading items and to compare these 

results with the original findings. 

 

2 Methods 
 

2.1 Data 
 

Data were obtained from CERMAT German maturita tests 

and response data (spring terms 2016–2024, autumn terms 

were excluded due to different examinee populations). 

Only reading-comprehension sections (Parts 5 and 7) were 

analysed, yielding 45 items per part. A German frequency 

resource DeReWo-2014-II (Institut für Deutsche Sprache, 

2014) was used for lexical frequency features. 

 

2.2 Procedure 
 

All analyses were conducted in R (R Core Team, 2023). 

The replication part followed a three-stage pipeline:  

 

Item difficulty was first estimated via Rasch models 

(package eRm; Mair & Hatzinger, 2007). Responses were 

analysed per test form without linking. 

Items were then segmented into their components 

(passage, question, key, distractors) from PDFs. A total of 

696 base features (including lexical, frequency-based, 

surface similarity and readability indices) were computed 

across these components using the quanteda (Benoit et al., 

2018) and udpipe (Wijffels, 2023) packages. Feature–

difficulty correlations were modest (|r| ≤ .40), and 

substantial multicollinearity combined with a small sample 

size motivated the use of regularization. 

Separate models were subsequently trained for Parts 5 and 

7 using ridge, LASSO, and elastic net regression. For that 

purpose, packages glmnet (Friedman et al., 2010) and 

caret (Kuhn, 2008) were used. Nested cross-validation (9 



inner and 9 outer folds) served both for unbiased 

performance estimation and hyperparameter tuning. 

Before training the model, within each inner loop, the top 

100 predictors (by correlation with difficulty) were 

selected to reduce dimensionality. Performance was 

assessed via mean RMSE and R² from outer folds.  

 

Key differences from prior work include the use of Rasch 

models (instead of 2PL), a reduced feature set (without 

CEFR or Word2Vec), and frequency-based lexical 

profiling using DeReWo. 

 

3 Results 

 
Given the small number of items (n = 45 per part), all 

results should be interpreted cautiously. In the nested 9×9 

cross-validation, each test fold contained only five items, 

resulting in high variance and limited reliability. 

Accordingly, the findings are best interpreted as indicative 

patterns rather than stable effects. 

 

3.1 Model Performance 
 

Across regularization methods (ridge, LASSO, elastic 

net), differences in predictive performance were marginal, 

however, LASSO was selected as the primary model due 

to its feature selection properties and interpretability. 

Performance metrics are reported in Table 1, which 

presents mean values and standard deviations across nine 

outer folds of nested cross-validation. In both test parts, 

RMSE values were close to the empirical standard 

deviation of item difficulty (SDb = 0.67 for Part 5, SDb = 

0.85 for Part 7). This indicates that the models offer only 

limited improvement over a simple mean-based 

prediction. 

 

Table 1: Performance Metrics for LASSO Models  

 RMSE R2 

 Mean SD Mean SD 

Part 5 0.69 0.20 .24 .32 

Part 7 0.81 0.33 .11 .17 

 

This performance appears slightly weaker than reported by 

Dlouhá (2025) and broadly comparable to Štěpánek et al. 

(2023), although differences in feature sets and difficulty 

characteristics constrain direct comparison. 

 

3.2 Cross-linguistic Transfer 
 

Using the optimal hyperparameters identified in nested 

cross-validation (α = 1, λ = 0.071), a final LASSO model 

was trained to examine selected predictors. There was no 

direct overlap between the predictors retained in this 

model and those reported by Dlouhá (2025). But given the 

high multicollinearity among features and the small 

sample size, this is not unexpected. Under such conditions, 

LASSO tends to select arbitrary representatives from 

correlated predictor clusters, limiting interpretability at the 

level of individual variables. 

To examine cross-linguistic transfer at the level of feature 

space, a model for Part 5 was trained using only the 

predictors reported by Dlouhá (2025), which resulted in 

performance comparable to the full feature set (see Table 2 

for a comparison of models). 

In contrast, transfer at the parameter level was clearly 

unsuccessful, as applying the original English model with 

fixed coefficients led to a substantial drop in performance. 

 

Table 2: Comparison of Cross-Linguistic Transfer Models 

(Part 5) 

 RMSE 

 Mean SD 

Full Feature Set 0.69 0.20 

English Features 0.71 0.20 

English Coefficients 1.70 - 

Baseline 0.67 - 

Note. RMSE values for cross-validated models represent 

mean and standard deviation across 9 folds. The model 

with English coefficients was evaluated on the full dataset. 

Baseline corresponds to the standard deviation of item 

difficulty. 

 

3.3  Feature Selection Stability 
 

Feature selection exhibits limited stability. Approximately 

50 predictors consistently ranked among the 100 most 

highly correlated features in at least 8 of 9 folds, which 

indicates a partially consistent core set. However, the total 

number of unique features that met the selection threshold 

at least once is large (223 for Part 5; 239 for Part 7), 

reflecting substantial variability, which was more 

pronounced for Part 7. Given this instability, interpretation 

of specific predictors within individual models is not 

warranted. 

No single feature shows consistently strong association 

with item difficulty across both parts. This absence of 

robust cross-part predictors is consistent with the low 

correlation between examinee performance in Parts 5 and 

7 (r = .15), suggesting that the two sections might be driven 

by partially distinct cognitive and linguistic demands. If 

this is the case, it would mean that item difficulty in this 

context is not a unitary construct and separate theoretical 

frameworks and feature engineering strategies may be 

needed for each. 

 



4 Discussion 
 

This study aimed to test whether a machine learning 

framework for predicting item difficulty from linguistic 

features, previously validated on English maturita exams 

by Štěpánek et al. (2023) and Dlouhá (2025), generalises 

to German, thereby addressing a gap in cross-linguistic 

evidence within feature-based difficulty prediction. 

The results indicate that linguistic features provide a 

modest but unreliable predictive signal. Although LASSO 

performed best among the regularization methods, it 

showed little improvement over a naïve mean predictor. 

This pattern mirrors findings from Štěpánek et al. (2023) 

on English data and suggests that the observed 

performance ceiling is unlikely to be language-specific. 

Similar results have been reported in other small-scale 

educational datasets, where even more complex models 

fail to outperform simple baselines (Gombert et al., 2024; 

Kapoor et al., 2025). Overall, these findings point to 

limitations in the available data and signal strength rather 

than in the choice of modelling approach. 

In this study, the problem is further amplified by the high 

dimensionality of the feature space relative to the number 

of observations. Even with regularisation, the model is 

prone to overfitting and unstable coefficient estimates, a 

phenomenon commonly referred to as the curse of 

dimensionality (Fulari & Rusert, 2024; Peters et al., 2025). 

Another contributing factor may be the homogeneous 

design of the maturita exam, where the reading items are 

tailored to a specific proficiency threshold, which 

constrains variance in both item difficulty and linguistic 

properties, leaving less signal for models to capture. 

Regarding cross-linguistic transfer, the evidence is mixed. 

At the feature level, a model restricted to predictors 

identified in prior English-based research (Dlouhá, 2025) 

achieved performance comparable to the model trained on 

the full set of available features. However, since both 

models operate close to the baseline defined by the 

variance of item difficulty, it likely reflects limited 

predictive signal rather than successful transfer. In other 

words, two uninformative models will always converge on 

approximately the same RMSE regardless of their feature 

content.  The feature-level transfer question therefore 

remains open rather than confirmed or disconfirmed. At 

the parameter level, directly applying the English-trained 

coefficients to German data produced a substantially 

higher RMSE confirming that parameter estimates are 

language-specific and retraining is necessary. 

Two additional limitations constrain the validity of the 

results. First, not all features from Dlouhá (2025) were 

extracted (e.g., CEFR lists, Dale-Chall index, and 

Word2Vec semantic similarity), which may further reduce 

comparability with prior work. Second, multicollinearity 

complicates the interpretation of selected predictors, as 

several features capture overlapping information (e.g., 

features reflecting item length, such as raw counts). 

To address these limitations, future research should rely on 

substantially larger datasets when applying this 

methodology. In contexts where larger samples are not 

available, the number of predictors should be reduced by 

prioritising theoretically grounded features, or by applying 

more advanced feature engineering and dimensionality 

reduction techniques. Predictive performance may also 

benefit from incorporating more recent interpretable 

approaches, such as features derived from LLMs (e.g., 

indicators of cognitive load or required reasoning 

complexity). Finally, for cross-linguistic comparisons, it 

may be useful to adopt approaches based on explicitly 

formulated and theoretically informed hypotheses, as this 

could lead to more interpretable and convincing insights 

into language-specific patterns. 

 

5 Conclusion 
 

Recent advances in machine learning, particularly in large 

language models, have made automated item difficulty 

prediction a rapidly developing area. This study aimed to 

replicate and extend prior research on English maturita 

items (Dlouhá, 2025; Štěpánek et al., 2023) by evaluating 

the same framework on German data and examining its 

cross-linguistic generalizability. 

The results show that predictive performance remains 

limited across all conditions, and instability in feature 

selection prevents meaningful interpretation of individual 

predictors. These findings are consistent with earlier work 

and suggest that the main constraint lies in small item 

sample size. In such settings, these approaches may offer 

only limited added value and are better viewed as a 

complement to traditional difficulty estimation methods. 
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