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Abstract. Robust validation of Machine Learning (ML) models is essential, but
traditional data partitioning approaches often ignore the intrinsic quality of
each instance. This study proposes the use of Item Response Theory (IRT) pa-
rameters to characterize and guide the partitioning of datasets in the model val-
idation stage. The impact of IRT-informed partitioning strategies on the perfor-
mance of several ML models in four tabular datasets was evaluated. The results
obtained demonstrate that IRT reveals an inherent heterogeneity of the instances
and highlights the existence of informative subgroups of instances within the
same dataset. Based on IRT, balanced partitions were created that consistently
help to better understand the tradeoff between bias and variance of the models.
In addition, the guessing parameter proved to be a determining factor: training
with high-guessing instances can significantly impair model performance and
resulted in cases with accuracy below 50%, while other partitions reached more
than 70% in the same dataset.

1. Introduction

The growing application of Machine Learning (ML) algorithms in diverse areas, from
finance and marketing to engineering and biotechnology, drives significant advances in
the automation of complex tasks and in the extraction of knowledge from large vol-
umes of data [Jordan and Mitchell 2015]. However, the performance and reliability of
these models are intrinsically dependent on the quality and characteristics of the input
data [Fan and Bifet 2013]. Challenges such as instance heterogeneity, class imbalance
[He and Garcia 2009] and the presence of noise or unpredictability [Aggarwal 2017] are
common in many real-world datasets. Such conditions can compromise the generalization
capacity of models and the confidence in their predictions.



Model validation is a critical step during ML development. Although techniques
such as stratified cross-validation are widely used, they are typically based on random par-
titions. Such approaches, however, do not consider the intrinsic quality of each individual
instance. This gap in assessing the inherent properties of instances in the data partition
was what motivated the present study.

To address this limitation, this study proposes a validation methodology that uses
Item Response Theory (IRT) [Baker 2001] as a tool to characterize the quality of in-
stances. For this, the parameters that describe the IRT item were used: Discrimination,
Difficulty, and Guessing. Based on these characterizations, training and test set partition-
ing strategies that go beyond randomness were developed and evaluated in order to create
more controlled learning and evaluation scenarios to test ML models.

Although IRT originated from psychometrics and is traditionally used to assess
individuals, such as in the ENEM (National High School Exam) [INEP 2012], applied
to students who are finishing high school, several recent studies [Prudêncio et al. 2015,
Martı́nez-Plumed et al. 2019] have already demonstrated that a simple analogy is suffi-
cient to use the assessment potential of IRT applied to ML. By considering the models as
individuals and the instances of the dataset as test items, it is possible to use the robust
assessment tools that IRT has. Such studies have already demonstrated that IRT has an
informative potential that is still little explored in the field of machine learning.

This work investigates the impact of these IRT-guided partitioning strategies on
the performance of several ML models generated from different families of learning algo-
rithms. As a case study, four public and well-established tabular datasets in the literature
(Heart-statlog, Ilpd, Diabetes and Breast-w) were chosen, which present common chal-
lenges of heterogeneity and imbalance. The results obtained demonstrated that the ap-
plication of IRT principles allows a deeper understanding of data heterogeneity. Further-
more, it was observed that “balanced” partition strategies, which distribute the complexity
of the instances in a balanced way, on several occasions generated results that surpassed
random approaches. In addition, it was identified that the guessing parameter, which in-
dicates the level of unpredictability of the instances, can be a significant factor in the drop
in model performance when not managed properly. Although it is not the focus of the
work, there is a proximity to the bias-variance dilemma, since the specific combinations
of instances for training and testing had an impact on the behavior of the models and, at
times, increased or decreased the bias-variance.

The remainder of this paper is organized as follows: Section 2 presents the theo-
retical framework on the use of Item Response Theory in the proposed context. Section 3
details the methodology used to calculate the item parameters and to create the partition
strategies informed by IRT. Section 4 presents and discusses the results obtained in each
dataset analyzed. Finally, Section 5 concludes the work and suggests future research.

2. Background
This section will contextualize how IRT works and how it can be applied in a machine
learning context. Originating in psychometrics, Item Response Theory was developed as a
more robust way to evaluate individuals responding to a test. The difference between IRT
and ML is its instance-centric nature. Unlike the classical batch-based evaluation method,
which is commonly used, IRT focuses on the items and not the entire test. It consists of



several mathematical models that aim to evaluate a respondent’s performance individually
for each item in the test. It commonly considers the dichotomous nature of the item, i.e., it
only evaluates whether the item was answered correctly or not [Baker 2001]. Within ML,
this occurs when considering whether a given instance was classified correctly or not.

In order to evaluate the items individually, IRT uses the parameters that describe
the item, the three main ones being: Discrimination, Difficulty and Guessing. Each pa-
rameter is represented by a numerical value and represents a specific characteristic of the
item [de Andrade et al. 2000]. Discrimination ai characterizes the item in terms of its
ability to discriminate between high-ability and low-ability respondents, i.e., it represents
how well the item serves to discriminate the individuals evaluated based on the result of
their response. So, if the individual answers the item correctly then he probably has high
ability, if not then he probably is a low-ability respondent [de Andrade et al. 2000]. In
ML, this would be an instance that has the ability to identify which model is more suit-
able based on its accuracy, e.g., for a scenario with two models with statistically very
similar performance, the number of correct answers in very discriminative instances can
be used to choose the best model.

The Difficulty bi is the direct measurement of how difficult a given item is to
answer correctly. The higher its value, the greater the skill required to answer it correctly
[de Andrade et al. 2000]. In ML, a high difficulty instance may represent a condition that
was little explored during the training stage and that the model was unable to generalize
well enough. Theoretically, the range of the difficulty and discrimination parameters is
the set of real numbers R (−∞,+∞).

The Guessing parameter ci is a little different, it is not represented by a real num-
ber R, but rather by a probability that can vary from 0.0 to 1.0. Guessing is the chance of
a random hit, i.e., it is the chance of a certain item being answered correctly by chance, it
also happens when a low-skill respondent gets a difficult item right [Baker 2001]. In ML,
the high guessing value can be a representation of randomness, where a model tends to
choose any class for these instances.

The characterization of instances by item parameters can reveal information that
is still little explored on a large scale in the ML universe. Several recent studies have al-
ready explored IRT together with ML to evaluate specific challenges that exist in ML, for
example: [Cardoso et al. 2020, Song and Flach 2021] used IRT to evaluate benchmarks;
[Araujo Santos et al. 2023] used IRT to evaluate and determine which models are suitable
for production; [de Sousa Ribeiro Filho et al. 2024] created a new methodology based on
IRT to generate explanations of model prediction; [Cardoso et al. 2024] combined IRT
with the confusion matrix to create a more refined form of evaluation. The present study,
in turn, proposes to use IRT as a tool to explore the selection of instances for training and
evaluation of models.

3. Methodology
This section aims to explain the methodology used to achieve the objective of evaluating
the impact of different training and testing sets defined from a non-arbitrary choice, i.e.,
from the IRT item parameters. The methodology 1 was divided into two main parts: (1)

1All source code for the methodology can be accessed at:
https://github.com/LucasFerraroCardoso/IRT data partition

https://github.com/LucasFerraroCardoso/IRT_data_partition


Calculation of the item parameters for all instances of the chosen dataset and (2) Creation
of different data partitions based on the value of the item parameters and evaluation of
the models. Figure 1 presents the flowchart of Part 1 of the methodology, while Figure 2
presents Part 2.

Figure 1. Flowchart for calculating item parameters.

(1) Calculation of item parameters for all instances of the dataset.

1. The dataset is divided into 10 stratified folds;
2. 100 random models from 10 different families of algorithms are generated;
3. Using the cross-validation strategy, each random model will be trained and tested

with the 10 folds, thus having 100 responses for each of the 10 folds.
4. The responses of the models are used to calculate the item parameters for each

instance of each fold.
5. The folds are combined into a single set of instances, thus having the item param-

eters calculated for all instances of the dataset.

The generation of models from different families was done using the Scikit-Learn
library [Pedregosa et al. 2011], in total there are models from 10 different algorithms.
Tree-based: Decision Tree (DT) and Random Forest (RF); Ensemble: AdaBoost (ADA),
Gradient Boosting (GB) and Bagging (BAG); Neural Networks: Multilayer Perceptron
(MLP); Based on the distance between neighbors: k-Nearest Neighbors (KNN); Support
Vectors: Support Vector Machine (SVM) and Linear Support Vector Machine (LSVM);
Linear Discrimination: Linear Discriminant Analysis (LDA). For each algorithm, models
with different combinations of hyperparameters (random models) are generated. This is
done to generate a wide diversity of responses for each instance of the dataset.

To generate the item parameters, the Ltm library [Rizopoulos 2006] available for
R was used. To do this, it is enough to have a response matrix of the items of interest.
The response matrix is a binary matrix where the rows are the models and the columns
are the items. The value of each element of the matrix is the dichotomous result of the



Figure 2. Flowchart for creating data partitions and evaluating models.

classification of the models for each item, being 1 in case of a correct response and 0
otherwise.

(2) Creation of different data partitions based on the value of the item parameters and
evaluation of the models.

1. The dataset is divided based on the item parameters, for this the instances are or-
dered in ascending and descending order for each parameter. After each ordering,
the first 70% instances will be part of the training set while the remaining 30%
will form the test set. The ordering is always done separately for each class of the
dataset, thus ensuring correct stratification. A balanced division is also created,
where the 70/30 partitions are composed of instances with low, medium and high
values of the item parameter. In addition, 3 random splits are also created for
comparison.

2. For each data partition, either by item parameter or random, a Random GridSearch
is performed with only the training data to find the best model from each of the
algorithm families. This way, there will be a best model of each family for each
of the partitions created.

3. The best model found for each family is trained and then tested with the training
and testing data of its partition.

4. Finally, the performance of each model is then analyzed with the classic ML met-
rics: Accuracy, F1 score, Precision, Recall and MCC.

By creating multiple partitions based on item parameters, the goal is to create
theoretically extreme conditions to compare the behavior of models when trained and
tested under these conditions.

3.1. Datasets

To carry out the study proposed in this research, 4 well-known binary datasets were se-
lected as use cases. Table 1 lists the main characteristics of each dataset. All the chosen



datasets are from a medical context: ilpd is a liver disease dataset, heart-statlog is a heart
disease dataset, diabetes is self-explanatory and breast-w is a breast cancer dataset. All
datasets can be obtained for free on the OpenML platform [Vanschoren et al. 2014].

Datasets from a medical context are naturally complex. Since they are patient
diagnoses, they commonly have heterogeneity of instances, imbalance and presence of
noise. Furthermore, because it is a sensitive context, the accuracy and reliability of the
ML models generated from them are of utmost importance for clinical decision-making
by a physician. These characteristics make these datasets interesting pieces for evaluating
the proposed methodology.

Table 1. List of datasets.
Datasets Nº Classes Nº Instances Nº Features % Majority % Minority
ilpd 2 583 10 71.35 28.65
heart-statlog 2 270 13 55.56 44.44
diabetes 2 768 8 65.10 34.90
breast-w 2 699 9 65.52 34.48

4. Results and Discussion
This study aims to investigate the impact of different training and testing sets, defined
from IRT estimators, on the performance of different ML models. As a case study, four
medical datasets were used: ilpd, heart-statlog, diabetes and breast-w. The results ob-
tained demonstrate that the intrinsic properties of the instances of a dataset, revealed by
the item parameters, can significantly influence the performance of the models, where
certain partition strategies can outperform classical random approaches, while others can
drastically impair the learning of the models. In this section, the results obtained by the
experiments performed and the discussions held about them will be presented 2.

4.1. Characterization of Datasets via IRT Item Parameters
The analysis of the arrangement of item parameters for each dataset, obtained after ex-
ecuting step 1 of the methodology (Section 3), alone reveals an important piece of in-
formation: all datasets presented intrinsic heterogeneity of their instances. This means
that within a dataset there are natural differences in the quality of the information that
each sample represents during a machine learning task. That is, not all instances of a
dataset can be considered equally complex, difficult or informative for a model, but rather
that there are several subgroups of instances that models can treat in different ways, even
though they belong to the same class.

It can be observed in Figure 3 that even instances of the same class can be grouped
in different ways by item parameters. For example, for the dataset diabetes, which has
average discrimination values equal to 3.82, difficulty equal to −0.69 and guessing equal
to 0.15, it is clear that there are two subgroups of instances of the minority class, one
subgroup that has low values of discrimination, difficulty and guessing, while the other
has high values for all parameters. For the dataset breast-w, which has an average dis-
crimination of 12.75, average difficulty of −0.35 and average guessing of 0.19, it is also

2All executed source code and generated files can be found in the repository available at
https://github.com/LucasFerraroCardoso/IRT data partition

https://github.com/LucasFerraroCardoso/IRT_data_partition


(a) Dataset breast-w. (b) Dataset diabetes.

Figure 3. Three-dimensional arrangement of item parameters.

possible to note the existence of subgroups, e.g. for the minority class it is clear that some
instances have high difficulty and low discrimination value, while other instances present
the opposite condition, low difficulty value and high discrimination.

Thus, depending on the subgroup of instances that persist in the training or testing
set, it is expected that this will influence the final result of the model, increasing the
variance. Furthermore, is there a better subgroup? Or one that better represents the data
that the model is expected to be able to classify? Some instances may be very close to
the decision limit or present ambiguous characteristics that hinder the model’s learning.
Studies such as [Cardoso et al. 2024] have already explored how negative discrimination
can be a thermometer to find these instances. To answer these questions, a possible future
work would be to explore more specifically the impact of these instances on learning and
their informative relevance for the dataset. In this work, the impact of combinations of
instances with different item parameter values is explored globally.

4.2. Impact of Partition Strategies on Model Performance
The evaluation of the overall performance of the partition strategies confirmed the exis-
tence of an impact: data partitions chosen in non-arbitrary ways can improve or harm the
final performance of the models. This is easily observed in Figure 4, where for the ilpd
dataset the best average accuracy scores were obtained by partitions chosen based on the
item parameters, in which the Dif balanced and Gues balanced strategies stand out not
only for the highest average score (approximately 0.71), but also for presenting flattening
of their respective box-plots, lower variance between the models.

It is also noted that the Dif balanced and Gues balanced strategies presented in-
teresting results that are comparable to purely random executions (seeds 0, 1 and 2). Given
this, it can be assumed that this approach, which ensures the proportional representation
of instances of all ranges of item parameters in both training and test sets (along with class
stratification), provides a more robust learning and evaluation environment. By exposing
the model to the full range of complexity of the dataset, it is able to learn more gener-
alizable patterns. Furthermore, the flatness and high mean value of the box-plot reveal a



Figure 4. Accuracy Distribuition of ilpd.

respective decrease in the variance and bias of the models. Another interesting result is
the very low scores obtained with the Gues min max and Gues max min partitions (0.51
and 0.50, respectively), which aim to create extreme cases where the models are delib-
erately trained with the lowest guessing instances and tested with the highest guessing
instances and vice versa.

The Gues max min strategy stands out even more, as the models often obtained
accuracy lower than 50%. High guessing values can be indicators of randomness, mean-
ing that the models are unable to determine a pattern to correctly classify this group of
instances and in the end the model just chooses a class arbitrarily. According to IRT con-
cepts, items with a high randomness rate are complex to be clearly evaluated, for ML a
noise or outlier can be the cause of high guessing. The results of these partitions indicate
that introducing substantial noise or inherently unpredictable instances into the training
set fundamentally compromises the model’s ability to learn meaningful patterns, result-
ing in models that learn the noise and fail to generalize. Both extreme guessing-based
strategies were able to decrease variance (flattening of the box plot), but they increased
bias (low mean).

These observations are reinforced by the individual results of each model with the
MCC metric, which is traditionally used for evaluation in the context of class imbalance,
as is the case with ilpd. Figure 5 shows the MCC score for all models in all partitions
created for the dataset. It can be seen that the highest scores obtained by the models are
mostly in the IRT balanced partitions, while the extreme partitions based on guessing
result in negative values. The MCC is a metric that varies from −1 (very bad) to 1 (ex-
cellent), with negative values indicating that the model is not only making mistakes, but
inverting the classifications.

Another interesting result was obtained for the heart-statlog dataset; Figure 6 (a)
shows the variation of the Recall metric obtained for the dataset. In medical contexts,
metrics such as Recall and Precision are fundamental to measure the model’s ability to
correctly classify True-Positives cases, i.e., cases in which the patient actually has the
disease, as errors in this sense can lead to both practical and ethical consequences.



Figure 5. MCC score obtained by models in ilpd.

(a) Recall variation. (b) Recall x Precision.

Figure 6. Recall and Precision score obtained by models in heart-statlog.

It can be observed that the best results are obtained for data partitions based on
guessing, with emphasis on Gues min max. In this case, training with low guessing and
testing with high guessing resulted in the highest average score obtained; this suggests
that, if the model learns robust patterns from “clean” data, then it is possible to assume
that it is able to deal with some level of noise in the test. As can be seen in Figure 6 (b), the
model with the highest Recall and Precision scores was LDA, with 0.95 for both metrics,
obtained in the Gues min max partition strategy. Although this strategy generated the
models with the highest performance levels, it is possible to notice a variance in the results
due to a large amplitude of the box-plot; in contrast, the Gues balanced strategy shows a
much smaller variance (flattening of the box-plot).

The observations are corroborated by statistical tests, where the Friedman test
performed using the F1 score results of the models indicated statistically significant dif-
ferences between the partition strategies, with p − value below 0.05 in all datasets, and
post-hoc analyses with the Nemenyi test frequently revealed very low p− values in com-
parisons involving strategies based on the guessing parameter (see Figure 7).

The study also allows us to analyze the robustness of the evaluated models by



Figure 7. Heatmap of Nemenyi test p-values for Heart-Statlog.

analyzing the behavior of the models’ performance across different data partitions. Figure
8 illustrates this. It shows that models such as SVM and MLP are able to maintain similar
F1 values, even across different data partitions. At the same time, models that are known
to be weaker, such as LSVM and DT, have more difficulty maintaining their performance
across different partitions. LSVM, in particular, stands out negatively with its erratic and
very low behavior in some partitions of extreme combinations such as Dif min max and
Dis max min. Models with high bias have low generalization capacity. These results
confirm that different algorithms may have greater innate generalization capabilities than
others. Future work would be to deepen this analysis and explore the behavior of each
model individually.

Figure 8. F1 score obtained by models in diabetes.



5. Final Considerations

This study investigates the promising intersection between Item Response Theory (IRT)
and Machine Learning, proposing an innovative methodology for creating data partition-
ing strategies that go beyond randomness. By integrating IRT concepts, it was possible
to characterize the instances of a dataset by their psychometric qualities: discrimination,
difficulty, and guessing. This approach offers a powerful lens to understand the intrinsic
quality of tabular datasets, especially in critical domains such as healthcare, where accu-
racy and reliability are crucial. The results obtained reveal that the presence of different
informative subgroups of instances can directly impact the learning of models. This is
where the bias and variance dilemma in machine learning manifests itself most clearly.
Partitions created without considering the quality of the instances can inadvertently in-
troduce or exacerbate this dilemma. For example, we observed that instances with a
high guessing value represent a significant challenge for the training environment. Over-
inclusion of these instances, which resemble noise or random responses, can lead the
model to learn spurious patterns. This translates into either high bias, where the model
fails to capture the true relationship between the features and the target, or, on the other
hand, high variance, where the model overfits to this noise, losing its ability to generalize
to new data. In other words, traditional cross-validation, blind to instance quality, can
overestimate or underestimate the model’s performance, leading to erroneous decisions
about its robustness.

In contrast, “balanced” partitioning strategies, which ensure subgroups of in-
stances that are balanced in terms of their IRT qualities, reinforce a fundamental les-
son: the representativeness of the training and test sets is a more significant factor in the
generalization of models than the simple amount of data. By controlling for the psycho-
metric characteristics of the instances in each partition, IRT allows us to mitigate the bias-
variance tradeoff more effectively. More balanced partitions tend to reduce the variance
in the generalization error estimate, as each cross-validation fold becomes a more faithful
representation of the data population. At the same time, by ensuring that the model is
not learning from predominantly noisy or low-discrimination data, we can reduce the bias
inherent in the learning process, resulting in more robust models that are better able to
generalize to unseen data.

As next steps, exploring the use of IRT item parameters in preprocessing steps
shows promise. This includes identifying outliers and noise based on their psychometric
characteristics, weighting instances during training (giving more weight to high-quality
instances and less to instances with low guessing or discrimination value), and develop-
ing more sophisticated sampling techniques that focus on the ”quality” of instances. Such
approaches have the potential to further refine the machine learning process, building
models that not only perform well, but also understand and deal with the intrinsic com-
plexity of their data, addressing the bias and variance dilemma in a more granular and
strategic way.
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