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Abstract: Methodological experts suggest that psychological and educational researchers should
employ appropriate methods for data-driven model exploration, such as Bayesian Model Averaging
and regularized regression, instead of conventional hypothesis-driven testing, if they want to explore
the best prediction model. I intend to discuss practical considerations regarding data-driven methods
for end-user researchers without sufficient expertise in quantitative methods. I tested three data-
driven methods, i.e., Bayesian Model Averaging, LASSO as a form of regularized regression, and
stepwise regression, with datasets in psychology and education. I compared their performance
in terms of cross-validity indicating robustness against overfitting across different conditions. I
employed functionalities widely available via R with default settings to provide information relevant
to end users without advanced statistical knowledge. The results demonstrated that LASSO showed
the best performance and Bayesian Model Averaging outperformed stepwise regression when there
were many candidate predictors to explore. Based on these findings, I discussed appropriately using
the data-driven model exploration methods across different situations from laypeople’s perspectives.

Keywords: data-driven analysis; model exploration; variable selection; Bayesian Model Averaging;
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1. Introduction

Researchers in psychology and educational research who use quantitative methods
are often interested in exploring the best prediction or regression models with data-driven
analysis methods [1]. Previously, many of them tended to test a priori hypotheses based
on existing theories and literature via hypothesis-driven analysis [2,3]. However, recent
advances in computer and data science allow researchers to gather large-scale datasets
relevant to their research topics in a feasible manner. The open science movement enables
them to access various large-size open datasets for secondary analysis [4]. In such a
situation, the data-driven model exploration that researchers could not easily perform in
the past has become a powerful research method to develop the most plausible explanation
model based on data and to generate research questions and hypotheses for subsequent
research projects [1,5,6].

Despite the potential benefit of the data-driven approach in quantitative research,
researchers need help implementing such an approach in their research projects. One of
the most fundamental challenges is that conventional hypothesis-driven analysis, such
as testing one model based on statistical indicators, e.g., p-values, that most quantitative
researchers are familiar with, is unsuitable for achieving the goal [7-9]. As mentioned,
the intended use of conventional hypothesis testing is testing on a specific model rather
than comparing the aptitude of multiple candidate models for model exploration [2,3]. Let
us imagine an illustrative situation when one mistakenly employs the hypothesis-driven
analysis method to identify the best regression model from a collected dataset. One may
eventually test one specific model, the full model with all candidate predictors in the dataset.
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Then, one may identify which predictor should be in the resultant model by examining
whether the responsive p-value is lower than 0.05. In such a case, the resultant model
is likely erroneous primarily due to inflated false positives and overestimating model
parameters, e.g., coefficients [10,11]. Overfitting is another significant issue [5,8,12,13].
When researchers employ a full model, the model may include unnecessary candidate
predictors not fundamentally associated with the dependent variable. In such a case, an
apparent R? value might become higher. However, the full model may be overfitted to the
data used for regression. Thus, it cannot accurately predict the dependent variable outside
the used dataset. That results in suboptimal cross-validity. More specifically, in such a
case, the estimated regression model might be statistically valid in the interval defined
by the values and data in the employed dataset. However, outside the intervals, it may
perform an extrapolation without statistically significant guarantee of the estimates. The
abovementioned illustrative example suggests researchers should use analysis methods
developed for data-driven model exploration rather than conventional hypothesis testing
in such a case.

Furthermore, we should also consider the examination of the relative importance of
predictors as a purpose for regression-based analysis in psychological and educational
studies [14]. Researchers in psychology and education are frequently interested in the
extent to which each predictor contributes to predicting the outcome variable of inter-
est [14]. Although conventional indicators, such as p-values and R?, have been employed
to examine the relative importance of variables, they do not demonstrate the importance
accurately [15]. I already explained previously the reason why p-values cannot be used
for variable selection or evaluation [10,11]. In the case of RZ, due to the intercorrelation
between predictors and multicollinearity, it is practically difficult to calculate the pure
contribution of each predictor for evaluating its relative importance [14,16,17]. Hence,
methods providing accurate information about the true relative importance of each variable
after considering the intercorrelation and multicollinearity, such as dominance analysis
and relative weight calculation [16,18], might be beneficial for quantitative studies in psy-
chology and education [14]. Although their primary goal is not exploring best candidate
models and predictors unlike data-driven exploration methods, their outcomes, relative
importance, can offer some insights into which predictors should be seriously considered
in explaining the association between predictors and the outcome variable in regression
models of interest.

Hence, it would be informative to briefly overview and discuss methods to examine
relative importance within the context of the current paper focusing on data-driven model
exploration. Although data-driven model exploration methods pursue a different goal—
identifying the best model and predictors—the data-driven methods can provide better
information regarding the relative importance of variables compared with conventional
hypothesis testing methods, particularly testing p-values [14,15]. For instance, it would be
possible to determine that predictors which survived data-driven exploration may be more
important in predicting an outcome variable than others [19]. I will discuss implications of
data-driven methods within the context of examining relative importance in the discussion
section after overviewing exploration methods and testing results.

In the following subsection, I will briefly overview several data-driven methods widely
used in the field for background information.

1.1. Background

According to recent studies in psychology and education performing model explo-
ration with data-driven analysis methods, the most accessible methods available in widely-
used statistical software, such as R, are stepwise regression, Bayesian Model Averaging
(BMA), and regularized regression [5,20-24]. Let us begin with overviewing the first
method, stepwise regression. R implements the stepwise regression as a native statistical
function, i.e., step. When a researcher conducts stepwise regression, there are different
modes of model selection [25,26]. First, forward stepwise regression starts with a null
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model and adds candidate predictors step-wisely until the process fulfills a criterion. Sec-
ond, when one performs backward stepwise regression, one begins with a full model and
removes one predictor per step until a criterion is satisfied. In the case of step in R [27], the
default option employs both stepwise methods while examining the Akaike Information
Criterion (AIC) as an indicator for each step.

Compared with the conventional approach, testing a full model and selecting predic-
tors using p-values [25], stepwise regression is a better model exploration method as it
employs a data-driven approach in its rationale. Furthermore, it is straightforward to use
even without knowledge of advanced statistics, e.g., Bayesian statistics. Because stepwise
regression suggests only one model at the end [27], from a psychological or educational
researcher, who is often interested in clearly identifying factors contributing to predicting
their dependent variable of interest, it is easy to understand and interpret the result. How-
ever, there are also limitations warranting our caution. Depending on which method (e.g.,
forward vs. backward vs. both) or criterion (e.g., AIC, p-values, etc.) is employed, stepwise
regression may recommend different models across trials [28,29]. Given it selects only
one model among all possible candidate models, model uncertainty becomes a significant
concern. Because researchers can only collect sample data from a part of the reality—the
population, in most cases, depending on which subset is chosen during the sampling and
data collection processes—the model suggested by stepwise regression can significantly
vary. Although it is possible to alleviate overfitting, as the final model does not include all
predictors, some methodology researchers still criticize stepwise regression on the grounds
that it can overestimate model parameters [30,31].

Second, BMA employs Bayesian statistics to average multiple candidate models with
high posterior probabilities (see the Supplementary Materials for theoretical details) [9,32].
In R, the BMA package implements the functionality [33]. BMA utilizes Bayesian statistics to
calculate the posterior probabilities indicating the likelihood of the inclusions of candidate
predictors and models. It starts with assigning prior probabilities, the probabilities of
the abovementioned predictor or model inclusions, before observing the data [2,3,34]. By
default, each predictor and model has an equal chance of inclusion before data observation.
The BMA procedure updates the prior distributions into the posterior distributions while
observing collected data following the Bayes Theorem [34]. If the examined data suggests
the inclusion of a specific predictor or model is more likely than the prior probability before
observation, then the posterior probability becomes higher. The opposite can also occur
if data does not support the prior probability. Once the procedure is completed, BMA
calculates the mean coefficient of each predictor based on the posterior probabilities and the
estimated coefficients in candidate models [33,35]. The posterior probability of a specific
model works as a weight during the calculation process. If one model demonstrates a high
posterior probability, the coefficients of predictors included in that model highly contribute
to the averaged coefficients, as the model weight is high. Likewise, coefficients in a model
with a low posterior probability contribute relatively less to the mean coefficients in the
final result.

Compared with the previously introduced methods, BMA has several benefits. First,
given it considers multiple candidate models, not one single model, with posterior prob-
abilities, BMA is robust against model uncertainty [9,29,36]. It is less susceptible to un-
certainty and overfitting because it does not choose one specific model. The previous
studies reporting the superior cross-validity of BMA compared with conventional model
exploration methods support such a point [20,22]. Moreover, since it implements Bayesian
statistics, BMA can suggest which model is more plausible than others via posterior prob-
abilities [2,3,34]. However, there are issues that researchers need to consider regarding
this method. Unlike the conventional methods, BMA does not suggest one single model
without clear indicators for inference, such as p-values of coefficients [9,20]. Although such
a feature can provide methodological benefits as mentioned above, from the perspectives of
researchers in psychology and education whose primary interest is not about methodologi-
cal advances, the results from BMA might be difficult to interpret. This can be particularly
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problematic if the researchers want to identify one specific model for explanation rather
than prediction [37]. If they do not have background knowledge in Bayesian statistics,
interpreting BMA results can be challenging.

Third, the regularized regression applies regularization processes to penalize unneces-
sary candidate predictor coefficients so that they shrink toward zero and minimize possible
overfitting (see the Supplementary Materials for theoretical details) [38]. An R package, glm-
net, is one of the most widely used packages implementing regularized regression [39,40].
Regularized regression attempts to penalize unnecessary coefficients by unfavoring models
with higher coefficients. At the same time, it also considers the log-likelihood to prefer a
model maintaining predictability [5,6,38]. Consequently, regularized regression suggests
a model with reasonable predictability with its unnecessary coefficients approximated to
zero [8,41]. Among various forms of regularized regression, the most frequently used form
is the least absolute shrinkage and selection operator (LASSO), which considers the sum
of the absolute values of coefficients [42]. LASSO attempts to minimize the sum value to
penalize unnecessary coefficients [8].

The most distinctive benefit of LASSO and regularized regression is its robustness
against overfitting, like the case of BMA [5]. Previous studies in psychology using LASSO
(and similar regularized regression) have demonstrated that models selected via LASSO
were more robust against overfitting in terms of better cross-validity compared with full
models and models suggested by conventional methods [5,8,43]. The recommended mod-
els were more stringent accordingly. Despite these methodological advantages in model
exploration, LASSO has several practical issues that should be considered by researchers
in psychology and education. Like BMA, its result is more complicated to understand
and interpret than the result of conventional regression when inference, not prediction,
becomes a primary interest [7,8,37]. Regularized regression generates a model with regu-
larized coefficients without other indicators for statistical inference, such as p-values. Even
compared with BMA, which provides posterior probabilities [9,20], it might be less suitable
for inference and explanation. Hence, psychological and educational researchers interested
in an explanation model rather than prediction may experience practical difficulties while
employing this method.

As overviewed, data-driven model exploration methods, including BMA and LASSO
(and other forms of regularized regression), provide significant methodological benefits
when researchers are interested in exploring the best model with data instead of testing a
priori hypotheses [1,7]. I especially note that they are relatively robust against overfitting
compared with conventional full-model testing [20,30,43]. Hence, when researchers can
only collect sample, not population, data from a part of the whole group of interest, the
data-driven methods should be standard approaches [9,44]. The methodological benefit
becomes maximized when the ratio of observations to the number of candidate predictors
in the data is small [9]. When researchers are interested in exploring data with multiple
competing candidate predictors, particularly when the sample size is small, the data-driven
methods would be the only valid means to achieve their goal.

1.2. Current Study

Despite the abovementioned methodological benefits of data-driven methods, several
issues warrant further examination that I intend to conduct in this paper. First, most
methodological papers (e.g., simulation papers) reporting the superior performance of
the methods are authored by methodology experts (e.g., Wang et al. (2004) [45]). From
the perspective of end-user researchers with insufficient statistical knowledge, it may be
difficult to understand and test such benefits within the context of their research projects.
Second, the previous papers have focused on introducing specific methodologies and
reporting their performance from the methodological experts’ perspectives. Hence, they
could not provide sufficient concrete information about how their methods can improve
end users’ research outcomes. Also, the lack of practical guidelines about choosing a
specific method given the purpose of a research project and the nature of collected data is
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concerning. End-user researchers may be interested in such points explained and discussed
from a practical point of view.

To address the abovementioned issues in applying data-driven methods, especially
the insufficiency of practical information and guidelines for end-user researchers, I will
examine the performance of the data-driven model exploration methods with data col-
lected from studies in psychology and education, not simulated data. I will test stepwise
regression, BMA, and LASSO as regularized regression with three datasets. I will employ
representative R functionalities, i.e., step, BMA, and glmnet, with default settings for the
tests to provide more practical insights to researchers who start with default functionalities
without advanced statistical expertise. The performance of each method will be evaluated
by cross-validation accuracy to examine the proneness towards overfitting. Moreover, I
will compare the performance of the three methods while the ratio of observations to candi-
date predictors varies. Although previous research suggested that the novel data-driven
exploration methods (e.g., BMA and LASSO) might perform better than conventional or
stepwise regression when the abovementioned ratio is low, more concrete information
about the point is still warranted. Hence, I will test the three methods while changing the
ratio by altering the subsample size with one dataset with many candidate predictors.

With the evidence from the performance tests mentioned above, I will provide practical
guidelines and considerations for employing data-driven model exploration methods,
i.e., stepwise regression, BMA, and LASSO, to end-user researchers in psychology and
education. I will discuss their strengths and limitations with evidence collected from tests
with datasets in the fields. This paper will offer practical insights about utilizing the tools
for psychological and educational researchers who want to perform model exploration
instead of a priori hypothesis testing.

2. Materials and Methods
2.1. Test Datasets

I employed three datasets collected by studies in psychology to examine the perfor-
mance of the three data-driven model exploration methods, i.e., stepwise regression, BMA,
and LASSO. I acquired the datasets from open data repositories. I determined which
datasets to employ based on the ratio of observations to the number of candidate predictors.
Given that the previous literature recommends a minimum ratio ranging from 10 to 50 [46],
I'selected the three datasets with a ratio approximating those recommended numbers (90.42,
22.92, and 7.86, respectively).

The first dataset is from the field of positive psychology to examine which psychologi-
cal factors predict one’s sense of purpose contributing to flourishing (see Han (2024) [47] for
the full information about this study). The original dataset and source codes for analyses in
the study are available at https://doi.org/10.17605/OSEIO/6VUKS3 (accessed on 11 July
2024). The study employed six candidate predictors, i.e., empathic concern, perspective
taking (see Davis (1983) [48] for further details about the Interpersonal Reactivity Index,
the measure for these factors), moral identity internalization, moral identity symboliza-
tion (see Aquino and Reed (2002) [49] for further details about the Moral Identity Scale),
post-conventional moral reasoning (see Choi et al. (2019) [50] for further details about the
behavioral Defining Issues Test), and moral growth mindset (see Han et al. (2020) [51]
for further details about the Moral Growth Mindset Measure), to predict purpose among
adolescents (see Bronk et al. (2018) [52] for the Claremont Purpose Scale to assess the sense
of purpose).

I employed the second dataset in moral and personality psychology exploring which
character strengths significantly predict developed moral reasoning in post-conventional
reasoning (see Han et al. (2022) [20] for the full information about this study). The original
data and analysis source code files are openly available at https://doi.org/10.17605/OSE.
10/GCROIE (accessed on 11 July 2024). In this study, the Global Assessment of Character
Strengths with 72 items was employed (see McGrath (2023) [53] for the details about this
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assessment). In this case, the ratio of observations to the number of candidate predictors
was 22.92 (1100 responses x 50%/24 candidate predictors).

Finally, the last dataset is from public health psychology (see Blackburn et al. (2022) [54]
for details about the original study and Han (2022) [55] for the full descriptions about
the dataset, including procedures for data collection and pre-processing). The original
study’s data and source code files are available at https:/ /doi.org/10.17605/OSE.1I0 /Y4
KGH. The study employed the COVID-19 vaccine intent measure (see Han (2022) [56] for
the measurement).

For the full descriptions for the three datasets, refer to the Supplementary Materials.

2.2. Test Procedures

I used cross-validation to test the performance of the three exploration methods with
the three datasets [57]. During the cross-validation process, I randomly separated the
whole dataset into two subsets, one for training (model exploration; 50%) and one for
cross-validation (50%) [58]. Once the subsets were created, I performed model exploration
with the three methods. Because I intended to provide practical insights for end-user
researchers with insufficient methodological expertise, I employed the default settings and
functionalities without setting any special parameter during the exploration process. I
conducted stepwise regression (default R function step), BMA (bicreg in BMA package), and
LASSO (cv.glmnet in glmnet package) with the training dataset [27,35,39,40]. I extracted the
estimated coefficients of candidate predictors from the regression results. All estimated
coefficients from each method were stored in matrices for cross-validation.

Then, I performed cross-validation with the stored estimated coefficients from the
training process [57]. I calculated the root mean squared error (RMSE) by comparing the
estimated and actual dependent variable values [59]. I deemed an exploration method
demonstrating the smallest RMSE value as one with the best cross-validation perfor-
mance [57,60], which is the least susceptible to overfitting, and thus, the best exploration
method in the present study. The estimated dependent variable values were calculated with
the stored coefficients and predictor values from the cross-validation dataset. I repeated this
cross-validation procedure 1000 times. For each time, randomly separating the training vs.
cross-validation datasets was performed for repeated performance measures. The whole
training and cross-validation test processes were performed for three datasets.

I conducted the statistical analysis of the performance data collected from the repeated
cross-validation tests. I examined whether one method demonstrated a significantly smaller
RMSE than another via the Bayesian t-test implemented in the BayesFactor package [61].
Consequently, three sets of Bayesian t-tests, i.e., BMA vs. LASSO, BMA vs. stepwise regres-
sion, and LASSO vs. stepwise regression, were performed for each dataset. I intentionally
employed the Bayesian t-test instead of its conventional frequentist counterpart because
Bayesian analysis is robust against inflated false positives when multiple comparisons
are performed even without any correction [34,62]. I used Bayes Factors (BFs) indicating
the extent to which the alternative hypothesis was more strongly supported by evidence
than the null hypothesis for inference [63,64]. When 2log(BF) was 3 or higher [34,63,65], 1
concluded that there was a significant difference that was positively supported by data.

I also conducted additional cross-validation tests with the first dataset (including
the purpose and moral psychology indicators) to examine how changes in the ratio of
observations to the number of candidate predictors affect the performance of the methods
more closely. For this, I analyzed the first dataset with four different sizes of subsets, i.e.,
n = 100, 200, 400, and 800. For these four conditions, the ratio values were 8.33 (100 re-
sponses X 50%/6 candidate predictors; only 50% of the subset was used for training), 16.67
(200 responses x 50%/6 candidate predictors), 33.33 (400 responses x 50%/6 candidate
predictors), and 66.67 (800 responses x 50%/6 candidate predictors), respectively. The
four different subset sizes were determined to make the ratio values range from below
10 to above 50 [46]. I applied the same procedures for the training and cross-validity
check used for the whole dataset tests with this randomly selected subset. For example,
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in the case of the condition of # = 100, 100 out of 1085 responses were randomly selected
for each trial. Then, 50 were used for training and 50 were reserved for cross-validation.
Finally, I calculated RMSE values with the cross-validation subset based on the coefficients
estimated with the training subset. I repeated the abovementioned process 1000 times for
each condition. Once all RMSEs were calculated, I performed Bayesian t-tests to compare
RMSEs between the three model exploration methods for each n. I examined how the
performance trend changes across different subset sizes, from 100 to 800, resulting in varied
ratios of observations to the number of candidate predictors, from 8.33 to 66.67.

3. Results
3.1. First Dataset: Purpose and Moral Psychological Indicators

I reported the overall performance outcomes when the first dataset was examined in
Table 1 (see CPS [full]) and Figure S1. For additional information, I also reported the effect
sizes for this and subsequent tests in Cohen’s d. LASSO demonstrated the best performance
(the smallest RMSE) compared to all other methods. Interestingly, BMA was not superior
to stepwise regression in this condition.

Table 1. Results from data exploration method performance analyses.

BMA vs. LASSO BMA vs. Stepwise LASSO vs. Stepwise

2log(BF) Cohen’sd 2log(BF) Cohen’sd 2log(BF) Cohen’s d
CPS (full) 1032.83 1.35 566.63 0.88 229.50 —0.52
GACS 16.67 0.15 380.59 —0.69 460.33 —0.77
Trust 29.76 0.19 94.39 —0.33 130.69 —0.38
CPS (n = 100) 37.96 —0.21 332.11 —0.64 46.07 —0.23
CPS (n = 200) 473.10 0.79 38.38 0.21 245.62 —0.54
CPS (n = 400) 721.52 1.04 61.59 0.27 426.50 —0.74
CPS (n = 800) 713.33 1.03 239.52 0.53 278.34 —0.58

3.2. Second Dataset: Character Strengths and Moral Reasoning

The results from the tests of the second dataset are presented in Table 1 (see GACS)
and Figure S2. LASSO performed significantly better than BMA and stepwise regression.
BMA also reported a significantly smaller RMSE than stepwise regression.

3.3. Third Dataset: Trust and COVID-19 Vaccine Intent

I demonstrated the results from the statistical analysis of the data exploration perfor-
mance done with the third dataset in Table 1 (see Trust) and Figure S3. LASSO showed the
best performance, BMA the second, and stepwise regression the third.

3.4. Performance Trends across Different Sample Sizes

I examined how the performance varied as the ratio of observation to the number
of candidate predictors changed with the first dataset. The results from the performance
analyses when n = 100, 200, 400, and 800 are presented in the four last rows in Table 1 and
Figure S4. When n > 200, the ratio was 16.67 or larger; as when the whole dataset was
analyzed, LASSO demonstrated the best performance, while the performance of BMA was
inferior to that of stepwise regression. However, when the sample size and the ratio were
smallest (n = 100), BMA outperformed stepwise regression. The superiority of BMA to
stepwise regression was only observed when n = 100.

4. Discussion

In this study, I examined the performance of data-driven model exploration methods,
i.e., stepwise regression, BMA, and LASSO, with cross-validation. I also investigated how
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the ratio of observations to the number of predictors influenced the performance of each
method. When the three datasets with different ratio values were tested, LASSO based on
regularized regression demonstrated the best performance in all cases. BMIA outperformed
stepwise regression when the ratio values were low (the first dataset with n = 100, the
second and third datasets). When the first dataset with the relatively high ratio value
(90.42) was analyzed, BMA demonstrated a worse performance than stepwise regression
except for when n = 100 (ratio = 8.33). Generally, these findings support my prediction that
novel approaches for data-driven model exploration, i.e., BMA and regularized regression
(LASSQ in this study), would perform better than stepwise regression in terms of better
cross-validity and robustness against overfitting. Among them, I found that LASSO
performed best in all cases even when there were many observations (the first dataset).
Interestingly, BMA did not perform better than stepwise regression when the ratio of
observations to the number of candidate predictors was large.

The first noteworthy point is that LASSO, a form of regularized regression, demon-
strated the best performance in all cases. This might be due to the nature and mechanism of
cv.glmnet that I used in the present study for LASSO [6,66]. When one performs cv.glmnet,
this function in glmnet package searches for the regression parameters that maximize
cross-validation accuracy when the default options are used [39,40,67]. Consequently, the
resultant coefficients become shrunken while unnecessarily large coefficients are penalized
due to this behavioral tendency [5,6]. It might result in better cross-validation performance
and robustness against overfitting compared with other methods that do not directly target
optimizing cross-validity. BMA and stepwise regression are not interested in minimiz-
ing cross-validation RMSE. Such a difference in the primary purpose of the functionality
might contribute to the superior performance of LASSO to others when cross-validity
and overfitting become the main concerns. Hence, if a researcher’s primary purpose is
finding a prediction model that is most robust against overfitting and best explains and
predicts phenomena outside of the collected data, LASSO may be the first candidate to be
considered [37].

Despite the methodological benefit of regularized regression, as mentioned in the
introduction, there is a significant practical limitation that end-users may need to consider.
The method was most robust against overfitting, so it seems the most appropriate method
for model exploration and predictor selection from the methodological perspective. How-
ever, it does not present any additional useful information for inference, such as p-values,
that many psychological and educational researchers might be interested in [20,37]. Hence,
it would be difficult to interpret the findings particularly when researchers are interested in
their statistical implications (e.g., which predictor is statistically significant, etc.). One pos-
sible solution might be that researchers provide in-depth interpretations based on domain
knowledge during discussion instead of merely relying on quantitative interpretations, par-
ticularly binary decision-making (e.g., p < 0.05) [68,69]. This might require additional labor
during studies. However, given that many statisticians raised concerns about using simple
thresholds for statistical inference, this will be a more fundamental solution to deal with
overfitting and the quality of result interpretation during data-driven analysis [2,70-72].

BMA demonstrated good performance generally when the ratio of observations to
the number of candidate predictors was low, particularly when it did not satisfy the most
lenient cutoff, 10 [9,46,73]. In other cases, particularly when the number of candidate
predictors was small (6, the first dataset), it did not demonstrate performance superior
to stepwise regression. Interestingly, when the number of candidate predictors was high
(24, the second dataset), BMIA performed better than stepwise regression even if the ratio
value, 22.92, was higher than the lenient cutoff. Given these results, BMA performs well
when the collected data size is smaller than the number of candidate predictors. This
effect increases as the number of candidate predictors increases. It is consistent with what
the BMA developers argued: BMA is good at addressing model uncertainty when the
abovementioned ratio is small [9,23].
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Because BMA does not directly aim to optimize cross-validity like regularized regres-
sion, it might be plausible to see that its performance is better than regularized regression.
Even if that is the case, BMA has a unique benefit compared with regularized regression
for applied, not methodology, researchers. Because its results provide more information
for inference, such as the posterior probabilities of candidate models and predictors, re-
searchers interested in inference and explanation will find it useful [9,20]. Unlike LASSO
and regularized regression, which do not usually provide such information, BMA suggests
the selection of inclusion of which model or predictor is more likely to occur. Compared
with conventional frequentist indicators, such as p-values, Bayesian indicators calculated by
BMA are epistemologically superior because they directly indicate whether an alternative
hypothesis, not a null hypothesis, is more strongly supported by evidence. Of course, the
results from BMA are less straightforward to interpret than those from stepwise regression
because it averages multiple models [20]. However, if researchers can understand and
explain the Bayesian output indicators appropriately, BMA might be a good alternative
when many candidate predictors are in a small dataset (e.g., when the ratio is low, <10; or
when the number of candidate predictors is large, such as 24 in the second dataset).

Stepwise regression demonstrated acceptable performance only under limited circum-
stances when there were plenty of observations in the analyzed dataset. Its performance
was superior to BMA only when the number of the candidate predictor was small. It never
outperformed regularized regression. This result suggests that stepwise regression, which
has been regarded as a traditional approach for model and variable selection, might not
be optimal in many cases. If researchers intend to explore the best models and predic-
tors with unspecific candidate predictors, either regularized regression or BMA should
be considered. Selecting a single model from many candidates might seem attractive
because the result is straightforward to understand. However, due to model uncertainty
and the possibility of inflated false positives as discussed in the introduction, the model
suggested by stepwise regression can be misleading [9,23,29,73]. Hence, instead of relying
on this conventional method, perhaps including stepwise regression that has been widely
used so far, researchers may start with the abovementioned methods appropriate for data
exploration at the beginning. Then, once a potential model is identified, they can employ
hypothesis-focused analysis to acquire more information for inference [74].

I will also consider how data-driven methods are related to efforts to examine the
relative importance of candidate predictors. As I mentioned in the introduction, data-driven
analysis and analysis of relative importance (e.g., dominance analysis and relative weight
analysis) pursue different goals [19]. However, I assumed that results from data-driven
analysis may inform psychological and educational researchers who are interested in
investigating the extent to which predictors of interest contribute to predicting the outcome
variable of interest. At the least, the outcomes of data-driven exploration, the suggested
best model and candidate predictors, can indirectly inform such researchers. We can expect
that variables that survived the exploration process are deemed to be more important than
those that did not.

There are some caveats regarding the potential usefulness of data-driven methods in
relative importance examination. Obviously, stepwise regression is likely to be least infor-
mative. It only suggests one candidate model and is susceptible to model uncertainty [9,29].
Also, it does not provide any additional information other than the suggested model. That
said, researchers cannot get more direct information about the relative importance of each
survived predictor. The same issue regarding the lack of direct importance indicators can
be applied to regularized regression [75]. BMA might be the best method among three
candidates for this purpose. In fact, Shou and Smithson [19] suggested that BMA can pro-
vide useful information about relative importance when it was compared with dominance
analysis. Perhaps the posterior probabilities of candidate predictors, which are about the
extent to which the predictors are supposed to be included in prediction models, can be
used as more direct indicators for the relative importance of the predictors.
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However, there are several issues that we need to consider while utilizing BMA for a
method for relative importance analysis. Although BMA and dominance analysis behave
similarly in most cases, as mentioned previously, they pursue two different goals at the
first place, model averaging (or exploration) and testing relative importance [19], at the
beginning. Thus, BMA’s relative superiority in examining relative importance should
be considered a collateral benefit. Also, the consistency between BMA and dominance
analysis becomes lower as multicollinearity increases [19]. If multicollinearity becomes
a serious concern, then researchers may need to test the multicollinearity issue before
conducting BMA when relative importance is also of their interest. Despite the issue when
multicollinearity is severe, I would like to note that one positive aspect of BMA related
to multicollinearity is that it can potentially (and perhaps partially) provide one way to
address the issue [76]. Future studies should be done to investigate the benefits of BMA in
relative importance analysis more accurately.

Although I could test the performance of different model exploration methods and
discuss practical implications based on evidence in this study, several limitations warrant
additional research. First, I did not test analysis methods addressing between-group
differences, such as multilevel modeling, to examine data collected from different groups.
Given the employed R functionalities widely available to end users only allowed testing
within-group population-level predictors, I could not address data-driven methods for
multilevel modeling (e.g., explore.models [7]). Researchers interested in examining cross-
cultural or multi-group differences with advanced statistical knowledge may need to
test data-driven methods considering between-group effects in future studies. Second,
because I was primarily interested in practical considerations for end users likely to use the
functionalities with default settings, I did not examine the performance when customized
settings were applied. How data-driven functions behave when different settings are
employed was out of the scope of this study. Since fine-tuning settings and parameters for
optimization can significantly influence analysis outcomes, such a possibility needs to be
tested and discussed in future research.

5. Concluding Remarks

In this paper, I tried to suggest several practical guidelines about how to employ data-
driven model exploration methods by examining the widely available methods of stepwise
regression, BMA, and LASSO. Researchers in psychology and education may refer to the
suggestions to conduct more accurate data-driven analysis depending on the nature of their
data to be examined. For additional information for practice, I suggest that future works
should be done in the field. Perhaps, as I mentioned while discussing limitations, data
collected from different groups may need to be further tested with data-driven methods to
inform cross-cultural researchers. Furthermore, researchers may consider adjusting options
for the R functionalities, and test and compare outcomes to examine how to maximize
the performance of each method. With the findings from the proposed future studies,
practical researchers will obtain more useful insights into how to utilize the data-driven
model exploration methods in an optimal way based on their research purposes and
situational factors.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/stats7030044 /s1, Additional Information about Datasets; Additional
Information about Data-driven Methods; Figure S1: Performance (RMSE) test with the first dataset;
Figure S2: Performance (RMSE) test with the second dataset; Figure S3. Performance (RMSE) test
with the third dataset; Figure S4: Performance (RMSE) trends when the ratio of observations to the
number of candidate predictors varied. Reference [77] is cited in the Supplementary Materials.
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