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Abstract: Reliability quantifies the extent of measurement errors in the observed
feature scores and is an important quality indicator of measurements in educational
research. However, the effect of feature reliability is underexplored in educational
studies that use machine learning techniques. Understanding this effect is critical
because the most of common features in education are contaminated by measurement
errors. Recent research has revealed that the low reliability of features damages the
prediction accuracy of machine learning models. The current study proposes that
feature reliability also influences the generalization of machine learning models. This
paper provides mathematical proof for the notion and further supports it via analyses
on two empirical educational datasets. The results of data analyses also indicated that
the effect of feature reliability on model generalization was moderated by the model
complexity but not related to the model accuracy. Approaches to mitigate the impact of
feature reliability are discussed.

Keywords: Machine learning in education, feature reliability, measurement error,
model generalization

1. Introduction

Feature engineering is a critical step in traditional machine learning (ML), significantly
impacting model performance (Dong & Liu, 2018; Verdonck et al., 2021). Deep learning
models, such as CNN, RNN, and Transformer, can automatically extract and learn complex
features from raw data, reducing the need for feature engineering. However, in cases of limited
data or the need to extract certain theory-driven features, appropriate feature engineering can
still enhance the performance of deep learning models. Feature engineering focuses on the
contribution of features to the models’ predictive and classification performance and selects
features accordingly. Nevertheless, in addition to feature importance, the reliability and validity
of features (or variables) are also crucial quality indicators in educational research. As ML
becomes increasingly popular in educational studies, understanding the roles of reliability and
validity in ML in education is emergent. The current study focuses on feature reliability
because it is relatively underexplored in the field of ML in education.

1.1 Feature Reliability and Its Role in Educational Research

Except for demographics, common variables in education, such as test scores, self-reported
scale scores (e.g, attitudes and motivation), and learning process data (e.g., classroom
dialogues and action logs in digital learning environments), contain measurement errors
(AERA et al., 2014). Reliability is often used to quantify the extent of measure errors in test
scores and self-reported scale scores. Although learning process data are objective records
of events during learning, variables extracted from the data still contain measurement errors
(Gray & Bergner, 2022), which can also be assessed using reliability (Zhang et al., 2024).
Studies have well demonstrated the influence of variable reliability on the credibility of
results in inferential statistical analysis in educational research. Specifically, low reliability or



may obscure the true relationships between variables due to the substantial measurement
errors in the data. For instance, if the reliability of students’ test scores is poor, it is impossible
to accurately infer the relationship between scores and other factors (e.g., teaching methods
and learning environments), leading to biased parameter estimates in statistical models
(Rhemtulla et al., 2020). Low reliability can also decrease the statistical power of variable
correlation tests and increase the false discovery rate (Parsons et al., 2019).

1.2 The Impact of Feature Reliability on the Performance of Machine Learning Models

Several studies have investigated the impact of feature reliability on the prediction
performance of ML models. Jacobucci and Grimm’s (2020) simulation study found that low
feature reliability worsened the prediction performance of linear regression and boosting
regression models, with increasing sample size only slightly mitigating this effect. In
McNamara et al.’s (2022) simulation study, the advantages of random forest and XGBoost
over linear regression disappeared as feature reliability increased, even when the true
relationships between features and outcomes were nonlinear. They concurred with Jacobucci
and Grimm, concluding that measurement errors could prevent complex models (e.g., random
forest and XGBoost) from capturing nonlinear relationships between features and labels,
resulting in underfitting. Additionally, McNamara et al. found that sample size did not mitigate
the effect of feature reliability. An empirical study replicated these findings (Gell et al., 2024).
As such, researchers have suggested focusing on collecting reliable features for predictive
modeling, in addition to employing complex modeling techniques (Jankowsky et al., 2024;
Smith & Murayama, 2023). This is particularly relevant to educational applications of ML
because, as mentioned earlier, most common features in education are contaminated by
measurement errors.

Previous studies have argued that the negative effect of low feature reliability on
prediction performance is due to underfitting caused by measurement errors (Jacobucci &
Grimm, 2020; McNamara et al., 2022). However, it is unclear whether the negative effect is
also related to overfitting. Specifically, whether low feature reliability may enlarge the gap
between training performance and test performance of ML models, thereby damaging model
generalization. This is an important issue in education because we want a predictive model
generalizable to new students. For instance, a dropout prediction model would be useless if it
could not predict the dropout risk for new students. Therefore, this study aims to investigate
the impact of feature reliability on the generalization of ML models in education. We elucidate
this impact through mathematical deduction and empirical data analysis.

2. The Effect of Feature Reliability on the Generalization of Machine Learning
Models

In standardized assessment, reliability refers to the consistency among multiple observations
of a construct and quantifies the extent of measurement error in observations (AERA et al.,
2014). According to classical testing theory (CTT), the relationship between the reliability of a
construct, observed value X, and true value x can be expressed as (Jacobucci & Grimm, 2020):
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where e, is the measurement error and obeys a normal distribution N(0,1-reliability). The
lower the reliability, the greater the variance of e,.

Let f(-) denote the true mapping function between feature X and outcome Y, then Y =
f(X) +e,, where e, is the irreducible error. For simplicity, this study assumes that the
outcome does not contain measurement errors. Given that the observed value of X is %, the
observed value of Y can be represented as
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Let f(-) be a ML model, then the predicted value of Y can be represented as y = f (&), with
the prediction error being
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respectively. The predicted values of Y in both training and test samples are f(%). The model
training process aims to minimize the prediction error of the ML model £(-) in the training data,
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size, the difference in the prediction errors of ML models in the training and test data enlarges
as the reliability of features decreases. That is, the model generalization becomes worse.

3. Empirical examples

This section illustrates the impact of feature reliability on model generalization using two
empirical datasets. Table 1 summarizes the characteristics of the datasets. The first dataset
was from an undergraduate introductory programming course at a Midwestern U.S. university
(Zhang et al., 2023), and the second was from the PISA 2012 Shanghai datal. Due to the
guestionnaire rotation design in PISA 2012, only one-third of the participants responded to the
25 feature scales used in this study. Thus, only these students' data were used. McDonald's
w coefficient was used as the reliability indicator (Flora, 2020).

3.1 Analysis

Previous studies on feature reliability in ML have used both linear and ensemble modeling to
investigate whether the impact of feature reliability depends on model complexity (Jacobucci
& Grimm, 2020; McNamara et al., 2022). This study adopted the same approach, using one
simple linear model (lasso regression) and two complex ensemble methods (random forest
and XGBoost). These ensemble methods were also used in the previous studies. We selected
lasso regression because of its capabilities in preventing overfitting and handling
multicollinearity.

Each model used the high and low reliability features separately (see Table 1). The cut-
off was the median w. In the data from the programming course, a feature lower than the
median was assigned to the high reliability group because its meaning was closer to this group
than the low reliability group. The hyperparameters were the same between models with high
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reliability features and models with low reliability features to ensure that differences in model
generalization were not due to hyperparameters variations. We employed 10-fold cross-
validation, where the data were randomly divided into 10 parts. Each model was trained 10
times, with 9 parts for training and 1 part for testing each time. The root mean squared error
(RMSE), R?, and linear correlation coefficient (r) were used as prediction performance metrics.
After each training, the metrics for training and test data as well as their differences (referred
to as the generalization gap) were computed. The final value of each metric was the mean
over the 10 times of training.

Table 1. Characteristics of the datasets

Source of The number of features and The means
Dataset Students Outcome feature examples and ranges
High reliability Low reliability of w
Introduct 6 features, 6 features, e.g.,
ory Final Program e.g., familiarity = accuraciesin .68 ; .45;
program 607 exam ming with Java debugging b55~ .36~
ming scores traces syntax and syntacticand .83 .56
course semantics semantic errors
Math,
PISA science, Self- 13 features, 12 feat_ures, e.g, g7 . 65
2012 . e.g., math persistence,
1730 reading  reported ; . 8l~ .45~
Shangh anxiety, math  willingness to
) test scales .92 .78
ai self-concept learn math
scores
3.2 Results

Figure 1 shows the generalization gap in each dataset. The bar height in the column RMSE
represents test performance - training performance, while in the columns R2? and r, it
represents training performance - test performance. In most cases, the generalization gap in
the high reliability group was significantly smaller than in the low reliability group. Paired
sample t-tests indicate that this difference is statistically significant for all performance metrics
(p < .01; Cohen’s d = 0.96, 1.26, and 1.38 for RMSE, R?, and r, respectively).

The effect of feature reliability on the generalization gap is moderated by model
complexity. The differences in the generalization gap between high and low reliability groups
were larger in more complex models (random forest and XGBoost) than in simpler models
(lasso regression).

The effect of feature reliability on generalization difference is not related to model
performance. For example, in the case of predicting the final exam scores of programming
course, the RMSE, R?, and r of XGBoost in the training data were almost identical when using
high reliability features versus using low reliability features, but the generalization difference
was distinct.

4. Discussion and next steps
This study demonstrates that in educational contexts, feature reliability may affect the
generalization of ML models: the lower feature reliability is, the weaker model generalization
is. Therefore, when applying ML in education, it is necessary to assess feature reliability and
use high reliability features whenever possible. Using advanced ML techniques does not
eliminate the necessity of collecting high quality data with reliable features. In contrast,
complex models are more prone to the impact of measurement errors, as suggested by the
findings in the current and prior studies (Jacobucci & Grimm, 2020; McNamara et al., 2022).
Smith and Murayama (2023) recommended two solutions to mitigate the impact of
feature reliability and measurement errors in ML. One solution involves using dimension
reduction algorithms (e.g., principal component analysis) to compress multiple low-reliability
features into new component features that suffer less from measurement errors. The
limitations of this solution are that it may not effectively reduce the measurement errors and
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Figure 1. Generalization difference in prediction performance between training and test data
Note. Black dots represent the training performance. The bar height indicates the difference
between training and test performance.

that the new component features may be difficult to interpret. Another solution is combining
ML with structural equation modeling (SEM) to account for measurement errors, such as
regularized SEM (Brandmaier & Jacobucci, 2023). The limitation of this SEM approach is that
SEM may regard some useful information as measurement errors and discard it. In addition,
there are few available options for combining ML and SEM. Alternatively, researchers may
apply reliability-based loss functions in the feature engineering phase to select features that
significantly contribute to model prediction and have high reliability (Grimm & Jacobucci,
2021). However, this approach demands a high level of technical expertise. In summary,
effective approaches to reduce the impact of feature reliability in ML are under development.
Future research may develop more user-friendly tools to automatically conduct the selection
of high reliability features. Alternatively, with the rapid development of generative artificial
intelligence (e.g., GPT4 and Gemini), it may be feasible to develop agents based on these
techniques that assist researchers in feature selection.

This study does not examine the impact of feature reliability on the generalization of
classifiers when the outcome variable is categorical. We also do not systematically investigate
how the effect of feature reliability may change with sample size. It is also unclear that, given
a particular sample size, what is the minimum reliability levels to ensure a reasonable model
generalization. We plan to address these issues in the next step via systematic simulations
and more empirical data analyses.
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