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This dissertation explored the performance of standard and multilevel machine learning
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Through a Monte Carlo simulation and empirical analyses using data from the Maryland
Longitudinal Data System (MLDS), this study evaluated the suitability of standard and mul-
tilevel algorithms. Results revealed that multilevel models offered slight advantages in high
residual level-2 variance settings, effectively capturing cluster-level dependencies and provid-
ing stable predictions. Standard models performed well in low residual level-2 variance contexts,

while standard models incorporating cluster IDs as fixed effects performed comparably to mul-



tilevel models under many conditions, including high residual level-2 variance scenarios. How-
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class imbalance, Logistic Regression and GLMM exhibited the highest sensitivity for identi-
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XGBoost demonstrated better performance in identifying the minority class when training and
testing clusters were distinct. These findings highlighted the complexity of predictive modeling

for hierarchical data and provided insights for prediction tasks in educational research.
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Chapter 1: Introduction

1.1 The Independence Assumption in Statistical Models

Many statistical and machine learning models rely on the assumption that observations are
independent and identically distributed (IID). This assumption means that the outcome of one
observation does not influence or depend on another, and that all observations come from the
same population. The IID assumption ensures that each observation contributes unique and un-
biased information to the analysis, allowing models to accurately estimate relationships between
predictors and the outcome. In linear regression, the independence assumption is particularly
important because it ensures valid statistical inference, leading to unbiased parameter estimates
and accurate standard errors (Casella and Berger, 2002). When data satisfy this assumption, as
shown in Figure 1.1, the observations are scattered randomly and independently, with no dis-
cernible patterns or groupings. In contrast, Figure 1.2 illustrates a dataset which do not satisfy

this assumption.

1.2 Multistage Sampling and Violations of Independence

Educational research frequently uses multistage sampling techniques which are practical

and efficient methods for selecting participants from large and geographically dispersed popula-
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Figure 1.1: Scatter plot illustrating independent and identically distributed (IID) data.
Each observation is randomly scattered with no discernible patterns or groupings.

Visualizing Non-Independent Data
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Figure 1.2: Scatter plot illustrating non-independent data where clustering is appar-
ent. Observations within clusters are more similar to each other than to those in
different clusters, violating the independence assumption.



tions (Rahman et al., 2022). This method involves selecting samples in stages, beginning with
large clusters and progressively narrowing down to smaller units. For instance, in a study as-
sessing the effectiveness of a new teaching method, researchers might begin by selecting school
districts as their primary sampling units. They could then choose schools within each district,
followed by classrooms or individual students within those schools. While this sampling method
may offer logistical and cost advantages, it also introduces specific challenges to statistical mod-
eling such as the violation of the assumption that observations are independent and identically
distributed (Muschelli et al., 2014; Rutkowski et al., 2022). Multistage sampling violates this as-
sumption because observations within the same cluster, such as students in a classroom, are often
more similar to each other than to those in other clusters. Students in the same classroom, for ex-
ample, share common influences like the same teacher, curriculum, and peer environment. These
shared factors create dependencies among observations which means that observations within a

cluster are no longer statistically independent.

1.3 From Multistage Sampling to Hierarchical Data Structures

One of the most significant consequences of multistage sampling is the introduction of
clustering in the data, where lower-level units (e.g., students) are nested within higher-level units
(e.g., classrooms), which creates a hierarchical structure as illustrated in Figure 1.3.

To quantify the extent of clustering, researchers often use the intraclass correlation coeffi-
cient (ICC), which measures the proportion of total variance in the outcome variable attributable
to differences between clusters. The ICC ranges from O to 1 and provides insight into the degree

of similarity among individuals within the same cluster (Chen et al., 2017). When ICC = 0, all
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Figure 1.3: Schematic representation of a hierarchical data structure resulting from
multistage sampling. Lower-level units (e.g., students) are nested within higher-level
units (e.g., classrooms), demonstrating the clustering that characterizes hierarchical
data.

variation is within clusters, meaning clusters are homogeneous, with no systematic differences
between them. When ICC = 1, all the variation is between clusters, meaning the individuals
within clusters are identical, but clusters differ completely from one another. When 0 < ICC < 1,
there is some degree of clustering, where individuals within the same cluster are more similar to
one another than to individuals in different clusters. In educational contexts, ICC values are often
substantially greater than zero (Snijders and Bosker, 2011). For example, if a study measures
student test scores across schools, a high ICC indicates that a lot of the variability in scores arises
from differences between schools, such as disparities in resources, teacher quality, or district
policies, rather than from differences among students within the same school. Students in well-
funded schools, for instance, might consistently outperform those in under-resourced schools,
leading to a significant proportion of the total variance being attributed to the school level. When
ICC > 0, the independence assumption made by many statistical and machine learning models
may not hold. In such cases, alternative modeling approaches, such as multilevel modeling, may

be beneficial to account for the hierarchical structure.



1.4 TImplications for Predictive Modeling

While the consequences of not using multilevel models in the context of hierarchical data
are well-documented in inferential statistics, such as biased parameter estimates and underesti-
mated standard errors (Hox, 1998; Kreft and De Leeuw, 1998; Maas and Hox, 2004), researchers
have yet to fully explore how assuming independence affects prediction tasks for hierarchical
data. Prediction-focused research does not necessarily seek to explain relationships among vari-
ables but rather aims to create models that accurately predict outcomes for new data. When
models are trained on hierarchical data without accounting for clustering, they may fail to gen-
eralize beyond the clusters present in the training set. Meaning, if dependencies among nested
observations are ignored, standard models might perform well in-sample but struggle to general-
ize to other clusters, such as new classrooms or schools. For instance, a model predicting student
achievement that depends heavily on school-level patterns may perform well on schools included
in the training set but poorly on new schools with different characteristics. While multilevel
machine learning algorithms have been developed to extend standard models to accommodate
hierarchical structures, (Fokkema et al., 2018; Fontana et al., 2021; Hajjem et al., 2017; Ngu-
for et al., 2019; Pellagatti et al., 2021; Speiser et al., 2019, 2020), little research has explored
the performance of standard (i.e., single level) classification algorithms compared to their mul-
tilevel counterparts on hierarchical data. As machine learning algorithms increasingly inform
high-stakes decisions in research and policymaking (Arroway et al., 2015; Engler, 2021), it is
important to understand how these methods perform in hierarchical contexts. Therefore, there is
a pressing need for additional research to evaluate the feasibility and utility of both standard and

multilevel algorithms in hierarchical data settings.



1.5 Scope and Insights of the Study

The dissertation examined the performance of different machine learning algorithms, in-
cluding both standard and multilevel variants, when applied to multistage sample datasets. Specif-
ically, this research demonstrated how hierarchical data structures influence the predictive accu-
racy of these algorithms. While the inferential consequences of ignoring the nested structure of
data are well-documented, this dissertation focused on prediction accuracy, providing practical
insights for researchers working with hierarchical data. Hierarchical data are common in edu-
cation (e.g., students within schools), healthcare (e.g., patients within hospitals), social sciences
(e.g., individuals within families), and longitudinal studies (e.g., repeated observations within
individuals). These types of data present unique challenges which can require specialized analyt-
ical approaches. Despite the well-established role of multilevel modeling in inferential statistics,
the potential of multilevel machine learning algorithms in classification settings remains largely
unexplored.

This dissertation used a Monte Carlo simulation to compare the predictive performance of
various standard and multilevel algorithms under several conditions including: the complexity of
the data-generating model, the amount of residual level-2 variance, the number of clusters, num-
ber of individuals per cluster, and the mechanism used to split the data into training and testing
sets. A within condition comparison was also conducted to evaluate the impact of including clus-
ter IDs as fixed effects in standard algorithms when the training and testing data are split within
cluster.

In addition to the simulation study, empirical analyses were conducted using real-world

data from the Maryland Longitudinal Data System (MLDS). These analyses focused on predict-



ing STEM persistence, an important topic in education policy. They also extended the scope of
the study by assessing predictive performance in the context of imbalanced data, where one cat-
egory of an outcome is much more prevalent than the other. Accurate predictions in this context
could help inform strategies to support students and improve retention in STEM fields.

This dissertation contributes to the understanding of prediction in hierarchical data settings

and offers practical guidance for model selection for educational researchers.



Chapter 2: Theoretical Framework and Literature Review

This chapter lays the foundation for the study by addressing both the theoretical framework
and the existing literature. The first section introduces the machine learning algorithms consid-
ered in this research, including standard and multilevel approaches, as well as other methods rel-
evant to the reviewed studies. Evaluation metrics commonly used to assess model performance
are also presented.

The second section reviews the current applications of machine learning in education re-
search, particularly for predictive modeling. It also examines existing comparisons between stan-
dard and multilevel classification algorithms, highlighting gaps in the literature that informed this

dissertation’s research questions and methodology.

2.1  Theoretical Framework - An Overview of Standard and Multilevel Predic-

tion Algorithms

While standard prediction algorithms have proven to be valuable analytical tools (e.g. Chen
et al., 2018; Kemper et al., 2020), they often do not explicitly account for the hierarchical data
structures commonly encountered in fields such as genomics, medical studies, and the social
sciences (Ngufor et al., 2019). This limitation may lead to biased predictions and limit model

performance. To address these challenges, researchers have developed multilevel extensions de-



signed to account for dependencies within the data. While these approaches were initially created
for longitudinal outcomes or high-dimensional data, they also apply to hierarchical datasets (Cap-
itaine et al., 2021; Lin and Luo, 2019; Ngufor et al., 2019; Speiser, 2021; Speiser et al., 2019,
2020).

To provide a theoretical foundation, this section begins by describing the fundamental con-
cepts of machine learning for classification, distinguishing between supervised and unsupervised
learning, before delving into specific algorithms. For each method, a brief theoretical introduc-
tion is provided, followed by its multilevel extension, if applicable. Algorithms without existing
multilevel variants but still relevant to the reviewed studies are also included. Practical consider-

ations for implementing these approaches, including software and packages, are discussed.

2.1.1 Machine Learning for Classification

Machine learning is a branch of artificial intelligence that focuses on developing algorithms
capable of learning existing patterns in the data, often in the context of large complex datasets.
Machine learning techniques are often broadly categorized into two primary approaches: super-
vised and unsupervised learning. In unsupervised learning, algorithms are fit to or trained on
or learn from unlabeled data, where there is no predefined outcome variable Y. These methods
are particularly useful for exploratory data analysis, revealing patterns or groupings among data
points. For example, an unsupervised learning algorithm might identify clusters of students with
similar study habits, enabling educators to tailor instructional strategies or recommend personal-
ized course materials based on each group’s learning preferences (Chen et al., 2009). In contrast,

supervised learning involves training algorithms on labeled data, where an outcome variable Y



is available. These techniques aim to establish relationships between predictor variables X and
outcomes Y, allowing for either explanatory modeling (to understand relationships between an
outcome Y and a set of variables X), or for predictive modeling (to make predictions for future
observations). Supervised learning can be further divided into two types of tasks: classification,
where the outcome is categorical (e.g., pass/fail), and regression, where the outcomes is contin-
uous (e.g., scores on an exam). The remainder of this section focuses on supervised learning
methods for classification tasks, which were central to this research. Table 2.3 displays the stan-

dard algorithms and the corresponding multilevel adaptations, along with implementation details.

2.1.2 Standard Algorithms with Multilevel Extensions

2.1.2.1 Logistic Regression

Logistic Regression is a classic parametric statistical algorithm widely used for binary clas-
sification. Employing a maximum likelihood estimation approach, it models the probability of
an event occurrence (usually O or 1) based on predictor variables using the logistic function.
The logistic function transforms a linear combination of the predictor variables into a probability

estimate, which is expressed as

ebot+B1 X1+ +8pXp
p(X) - 1 _|_ eﬁO+ﬁlX1+-.~+IBpo

2.1)

where X = (Xi, ..., X,,) are p predictors. Parameters 3, fi,..., [, can be estimated using
Maximum Likelihood Estimation (MLE).

While logistic regression is known for its simplicity, interpretability, and ease of imple-
mentation, it relies on assumptions that can be challenging to validate in practice: 1) observations

10



should be independent of each other; 2) the relationship between the log odds of the dependent
variable and the independent variables is linear; 3) the independent variables should not be cor-
related (i.e., no multicollinearity) (Gibson and Ifenthaler, 2017). Additionally, this method may
face convergence issues and reduced performance with high-dimensional sparse data (Allison,
2008). Logistic Regression is a standard method and can be implemented in any statistical soft-

ware package, for example by using the glm() function included in the stat s package in R.

2.1.2.2 Generalized Linear Mixed Model

A generalized linear mixed model (GLMM) extends logistic regression by incorporating
both fixed effects, which represent relationships assumed to be consistent across all clusters in
the data, and random effects, which capture group-specific deviations from these overall relation-
ships, making it suitable for multilevel data. The model for a GLMM with a random intercept

and a random slope, P level-1 and () level-2 predictors, X, and Z, respectively, takes the form

P
. Pij
logit(P(Y;; = 1)) = log (—jp ) = Boj + ) Bpi Xpij
ij

Q
Boj = Yoo + Z VogZgj - Uoj
q=1

(2.2)
Boj = 710 + w1

2
qu 0 0,0 Owuol

~N :
2
Uy 0 Ou0l  Oy1
Model parameters are estimated using maximum likelihood or restricted maximum likeli-

hood (REML) methods in frequentist approaches, or through maximum a posteriori estimation in

Bayesian frameworks. Like Logistic Regression, GLMMs can face practical challenges, includ-

11



ing convergence issues and computational demands in high-dimensional data, as well as difficul-
ties in validating parametric assumptions such as linearity and multicollinearity (Muschelli et al.,
2014). GLMMs are widely supported in standard statistical software. In R, the glmer () func-
tion from the 1me4 package is commonly used for frequentist estimation, while the blmer ()
function from the b 1me package introduces Bayesian regularization with weakly informative pri-
ors. Alternatively, a full Bayesian approach can be implemented using the MCMCglmm package
(Hadfield, 2010), which employs Markov Chain Monte Carlo (MCMC) techniques to estimate

posterior distributions for model parameters.

2.1.2.3 Regularization Techniques: Lasso, Ridge, and Elastic Net

Regularization techniques are used for controlling model complexity, particularly in high-
dimensional data contexts where overfitting is a concern. Lasso, ridge regression, and elastic net
are popular regularization methods, each applying a different penalty function to balance com-
plexity and predictive accuracy. For instance, Ridge regression penalizes large coefficients by
adding an L2 penalty, which is the sum of the squared values of the coefficients. This technique
shrinks coefficients towards zero but does not set them to zero, retaining all predictors in the
model (Hoerl and Kennard, 1970). Ridge regression is particularly effective when dealing with
multicollinearity, as it reduces variance without eliminating variables. Lasso, or Least Absolute
Shrinkage and Selection Operator, adds an L1 penalty to the regression model, which is the sum
of the absolute values of the coefficients (Tibshirani, 1996). Unlike ridge regression, lasso has the
unique ability to set some coefficients exactly to zero, effectively performing variable selection.

This property makes lasso particularly useful for high-dimensional data where interpretability

12



and parsimony are essential. Elastic net combines the L1 and L2 penalties of lasso and ridge re-
gression to balance variable selection and model stability (Zou and Hastie, 2005). This method is
advantageous when the dataset has many correlated predictors, as it can retain grouped variables
and prevent some coefficients from being shrunk to zero too quickly.

The coefficients BO, Bl, el Bp are estimated by minimizing the quantity:

n p 2 P p
> (yi—ﬁo—Zﬁjxij> +A <a2|ﬁjy+<1—a)§jﬁ§> (2.3)
i=1 j=1 j=1 j=1

The mixing parameter, o, balances the contributions of the L1 (lasso) and L2 (ridge) penal-
ties. When a = 1, Equation 2.3 simplifies to the lasso solution. When o = 0, Equation 2.3
simplifies to the ridge solution. For values 0 < o < 1, Equation 2.3 represents the elastic net
solution, combining aspects of both lasso and ridge regression.

The regularization parameter, A\, controls the strength of the penalty. When A = 0, the
model reduces to the ordinary least squares solution as no penalty is applied. As A increases, the
penalty strengthens which results in the shrinkage of coefficients. In extreme cases, this can lead
to a null model where all coefficient estimates are zero, depending on the choice of the penalty
(e.g., L1, L2, or a combination). In practice, the optimal value of \ is often selected through
cross-validation to balance model fit and regularization.

In R, the glmnet package is commonly used for implementing these methods. The func-

tion cv.glmnet () facilitates cross-validated tuning of A, and the resulting model can be used

for making predictions.
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2.1.2.4 Multilevel Lasso

The multilevel lasso algorithm, GLMMLasso, extends the lasso method to multilevel set-
tings (Schelldorfer et al., 2014). It uses a similar L1-penalty as described in equation (2.3);
however, it incorporates additional terms to accommodate the variance components of a multi-
level model, as outlined in equation (2.2). GLMMLasso produces models that include a subset
of the predictor variables while accounting for the nested structure of multilevel data. Although
originally developed as a variable screening method to handle scenarios where the number of
variables exceeds the sample size, GLMMLasso can also be applied for prediction purposes (Li
et al., 2022; Wu et al., 2021). Researchers interested in fitting a multilevel lasso can use the R

package glmmLasso.

2.1.2.5 Decision Trees

Decision trees, also called classification and regression trees (CART), are nonparametric
machine learning methods that offer an intuitive approach to making predictions. Their output
is often easy to interpret, as the tree structure provides a visual representation of the decision-
making process, showing how predictions are made step by step (Hastie et al., 2009). Decision
trees are considered nonparametric models because they don’t make explicit assumptions about
the functional form of the relationship between predictors and the outcome. Unlike parametric
models that assume a predefined structure for the relationship between variables, decision trees
are flexible and can capture nonlinear relationships between variables.

The algorithm classifies observations by creating splits on predictor variables by systemat-

ically searching through each predictor variable to determine which split for each variable would
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Figure 2.1: An example decision tree used to predict if a student will pass or fail an
exam.

yield the most homogeneous subgroups with respect to the outcome variable. The variable lead-
ing to the most homogenous subgroups is selected, and the process iterates with the subgroups
generated from the split. To prevent overfitting, a complexity parameter controls the number of
splits in the tree and is typically selected via cross-validation. The result is a decision tree with
rules that are used to classify an observation. In Figure 2.1, an example decision tree predicts
whether a student will pass or fail an exam based on two predictor variables: whether they studied
and their GPA.

While decision trees are an easily interpretable method, they often exhibit high variance,
meaning that small changes in the training data can result in significantly different final trees.
This sensitivity can impact their generalizability and performance compared to other machine

learning methods (James et al., 2013). Several R packages, such as the rpart package, are
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available for fitting decision trees.

2.1.2.6  Multilevel Decision Trees

Multilevel decision trees extend traditional decision trees to accommodate the hierarchi-
cal structure of multilevel data. Several extensions have been proposed including generalized
mixed-effects regression tree (GMERT) Hajjem et al. (2017), generalized linear mixed-effects
model tree (GLMM tree) Fokkema et al. (2018), multilevel classification and regression trees
(M-CART) Lin and Luo (2019), binary mixed model tree (BiMM tree) Speiser et al. (2020), and
generalized mixed effects tree (GMET) Fontana et al. (2021). These methods share the common
theme of combining decision tree structures with multilevel models to handle multilevel data.
Typically, they estimate fixed effects using a decision tree, and they estimate random effects us-
ing a multilevel model. While the overarching objective is consistent, these methods differ in
estimation techniques (e.g., penalized quasi-likelihood (PQL), adaptive Gauss-Hermite quadra-
ture (AGHQ), or Bayesian GLMM), computational strategies (iterative vs. non-iterative), and the
specific decision tree and multilevel model used. A short summary of each method can be found
in Table 2.1, and each method is detailed below.

Hajjem et al. (2017) first introduced GMERT, an extension of their original mixed effects
regression tree (MERT) algorithm (Hajjem et al., 2011). GMERT replaces the linear modeling
of fixed effects in GLMM with a decision tree, enabling it to capture complex, nonlinear rela-
tionships. The algorithm adapts the penalized quasi-likelihood (PQL) approach for GLMMs esti-
mation, using a first-order Taylor-series expansion to create a weighted pseudo-model. GMERT

iterates between updating the decision tree and the GLMM, incorporating the estimated random
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intercept into the outcome variable at each step. Convergence is achieved when changes in like-
lihood values fall below a predefined threshold. Supplementary materials, including R code, are
available in Hajjem et al. (2017).

The GLMM tree algorithm proposed by Fokkema et al. (2018) builds on model-based re-
cursive partitioning generalized linear model (GLM) trees. Model-based recursive partitioning
GLM trees are a type of decision tree that is constructed in a way that each node corresponds
to a subgroup specific GLM. This means that instead of simply making decisions based on the
predictor variables, each node of the tree also corresponds to a GLM that models the relationship
between the variables and the outcome variable within that specific subgroup. This approach
makes them suitable for complex, nonlinear relationships. GLMM tree algorithm extends the
GLM tree by incorporating random effects into the model. The algorithm alternates between two
steps: (1) assuming random effects are known and estimating fixed effects using a GLM tree,
and (2) assuming the tree structure is fixed and estimating random effects using a GLMM. This
iterative process continues until a convergence, typically when the tree does not change from one
iteration to the next. This method can be implemented in R using the glmertree package.

Lin and Luo (2019) developed Multilevel Classification and Regression Trees (M-CART),
which is very similar to GMERT. However, while GMERT uses the penalized quasi-likelihood
(PQL) method for estimation, M-Cart uses the adaptive Gauss-Hermite approximation for pa-
rameter estimation. The algorithm decomposes the outcome into fixed and random components,
using a standard decision tree to model fixed effects and a GLMM to model random effects.
It iteratively updates these components, with each iteration refining the fixed effects based on
updated random effects. Convergence is achieved when changes in log-likelihood values fall be-

low a preset threshold. While no R package currently exists for M-CART, the authors provide
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implementation details in the supplementary materials.

BiMM tree, introduced by Speiser et al. (2020), combines decision trees with Bayesian
GLMMs for modeling clustered and longitudinal binary outcomes. The algorithm alternates
between constructing classification and regression tree (CART) models and incorporating their
outputs into a Bayesian GLMM framework to adjust for clustering. Supplementary materials,
including R code, are provided in the original paper.

Fontana et al. (2021) introduced the generalized mixed effects tree (GMET) algorithm as
an extension of the random effects expectation-maximization (RE-EM) tree (Sela and Simonoff,
2012), designed to handle a wider range of outcome types in the exponential family, including bi-
nary outcomes. Unlike the GLMM tree, which uses recursive partitioning, GMET uses a standard
decision tree. A key distinction of GMET is that it is non-iterative, fitting the decision tree and
GLMM components only once. This non-iterative approach significantly reduces computational
time while retaining flexibility for modeling multilevel data. Although no dedicated R package

exists for GMET, the authors provide R code in their supplementary materials.

Table 2.1: Summary of multilevel decision trees

Algorithm  Decision Tree Method = Mixed Effects Method Iterative

GMERT Standard Decision Tree GLMM with PQL Yes
GLMM tree GLM tree GLMM with AGHQ Yes
M-CART Standard Decision Tree GLMM with AGHQ Yes
BiMM tree  Standard Decision Tree BGLMM Yes
GMET Standard Decision Tree GLMM with AGHQ No
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2.1.2.7 Ensemble Methods: Boosting, XGBoost, and Random Forests

To address the high variance and overfitting challenge of decision trees discussed above, en-
semble methods such as boosting, XGBoost and random forests may be used. Ensemble methods
combine the predictions of multiple individual models to produce a more robust (i.e., less sensi-
tive to small changes in the training dataset) and accurate overall prediction (Hastie et al., 2009).
The underlying idea is that by aggregating the predictions of multiple models, the strengths of
individual models can be emphasized, and their weaknesses can be mitigated. In the case of
decision trees, ensemble methods build a collection of trees, each trained on different subsets of
the data or with variations in the training process. By combining the predictions of these trees,
ensemble methods provide a more generalizable and reliable prediction, reducing the risk of over-
fitting and enhancing performance on new, unseen data. A generic ensemble method is shown in
Figure 2.2.

Boosting methods iteratively construct a sequence of trees, with each subsequent tree fo-
cused on the minimizing prediction error made by its predecessor. The process begins by fit-
ting an initial tree to the data and calculating its prediction errors. In subsequent iterations, a
new tree is trained to correct the residual errors of the previous model. This iterative process
assigns greater weight to observations that were misclassified or poorly predicted in earlier iter-
ations which focuses the model’s attention on harder-to-predict cases. The final prediction is a
weighted sum of the predictions from all individual trees in the sequence. The weights assigned
to each tree are based on their effectiveness in reducing errors; trees that contribute more to the
model’s accuracy receive higher weights. The gbm package can be used in R for fitting boosted

decision trees. XGBoost, or Extreme Gradient Boosting, is an advanced form of boosting known
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Figure 2.2: A generic ensemble method. Adapted from “A Comparative Perfor-
mance Assessment of Optimized Multilevel Ensemble Learning Model with Exist-
ing Classifier Models,” by Mukesh Kumar, Karan Bajaj, Bhisham Sharma, and Sushil
Narang.A, 2022, Big Data. Copyright 2022 by Mary Ann Liebert, Inc., publishers.

for its computational efficiency and regularization capabilities (Chen and Guestrin, 2016). The
xgboost package in R is widely used for implementing this powerful method.

Unlike boosting, which builds trees sequentially, random forests construct an ensemble
of independent trees trained in parallel. The method relies on two key principles: bootstrap
sampling and random feature selection. Bootstrap sampling involves creating multiple bootstrap
datasets by randomly selecting observations with replacement from the original dataset. Each
bootstrap dataset serves as a unique training set for a different tree in the forest. Additionally,
during tree construction, only a random subset of predictors is considered for splitting at each
node, further introducing diversity among the trees. This randomization enhances the model’s
robustness to minor changes in the training data which improves its prediction accuracy and
increases its ability to generalize to new data. For classification tasks, the final prediction is

determined through a majority vote, where each tree casts its vote, and the class predicted by the
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majority becomes the final prediction. Random forest hyperparameters include the number of
trees in the forest, the number of predictors considered for each split, and the depth of individual

trees. The randomForest package in R is widely used for implementing random forests.

2.1.2.8 Multilevel Ensemble Methods

Several extensions of ensemble methods, particularly random forests and gradient boost-
ing machines, have been proposed to accommodate multilevel data structures. These methods
integrate ensemble approaches with multilevel models to account for the hierarchical nature of
the data while leveraging the predictive power of ensemble techniques. Although they share the
common goal of incorporating fixed and random effects, they differ in their implementation ap-
proaches, such as using Bayesian GLMMs (BiMM Forest) (Speiser, 2021) or frequentist GLMMs
(MErf, MEgbm, and GMERF) (Ngufor et al., 2019; Pellagatti et al., 2021). An overview of these
methods is provided in Table 2.2, with further details below.

BiMM Forest uses a two-step iterative process: (1) it fits a standard random forest model
while treating the cluster effect as a known random effect, and (2) a Bayesian GLMM is fit
assuming the fixed effects are known. Through this process, the algorithm refines it’s predictions
and combines the strengths of random forests and Bayesian GLMMs. An added feature is the
ability to perform variable selection within the BIMM Forest framework, as introduced by Speiser
(2021). Implementation guidance and R code are available in Speiser et al. (2019).

MErf and MEgbm were introduced as part of the mixed-effect machine learning (MEml)
framework by Ngufor et al. (2019). MErf integrates random forests into a multilevel framework

using an iterative algorithm to alternately estimate fixed effects via random forests and random
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effects via GLMMs. MEgbm applies a similar iterative approach to Gradient Boosting Machines,
where each tree corrects residual errors from previous iterations. These algorithms used to be
available via the Vira package Mangino et al. (2022); Mangino and Finch (2021) but it is no
longer available. The MEml GitHub repository is also no longer maintained.

GMERYEF, inspired by the GMET algorithm, replaces decision trees with random forests in
the fixed-effects component of the model. This method separately estimates fixed and random
effects and alternates between them until convergence is achieved. The details of the GMERF

algorithm are provided in Pellagatti et al. (2021), though no R package is currently available.

Table 2.2: Summary of multilevel ensemble methods

Algorithm Ensemble Method Random Effects Estimation
BiMM Forest Random Forest Bayesian GLMM

MErf Random Forest GLMM
MEgbm Gradient Boosting GLMM
GMERF Random Forest GLMM

2.1.2.9 Neural Networks

Neural networks draw inspiration from the basic functioning of the human brain and how
it interprets information. They are advanced models composed of interconnected nodes which
are organized into layers: an input layer, one or more hidden layers, and an output layer (Good-
fellow et al., 2016). These nodes resemble neurons in the brain, and the connections between
them, which are represented by weights, carry information about the input signal, enabling the
network to discern intricate patterns and relationships within the data. The process is as follows:
first, the input layer receives data and connections with weights transmit this information to the

hidden layers. These hidden layers, akin to brain synapses, perform computations using acti-
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Figure 2.3: The learning process of a neural network with two hidden layers, L; and
Lo, with activations A, = hy(X). Here the activations Ay are not directly observed
and the functions h;(X) are not fixed in advance but are learned during the training
of the network. They represent nonlinear transformations of linear combinations of
the input variables X, X, ..., X,. The output layer is a linear model that uses these
activations Ay, as inputs, resulting in a function f(X). Weights are updated through
an iterative process until a loss function is minimized. Adapted from

vation functions that introduce nonlinearity to the model. Then, the output layer generates the
final predictions. During training, the network adjusts its weights based on the errors between
its predictions and the actual outcomes through a process called backpropagation. This iterative
learning process allows neural networks to adapt and improve their ability to recognize patterns
and make accurate predictions. Figure 2.3 provides a visual representation of a neural network
with two hidden layers.

In essence, neural networks function as complex information processors, where each layer

extracts increasingly abstract features from the input data. The iterative adjustments made on the
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weighted connections between nodes enable the network to learn and adapt to the intricacies of
the underlying patterns, making it proficient at capturing complex relationships within the data
and allowing them to handle classification tasks that challenge traditional linear classifiers. How-
ever, their effectiveness comes with some considerations. Training large neural networks can be
computationally intensive and time-consuming, potentially limiting their feasibility in resource-
constrained environments (Thompson et al., 2023). Additionally, their “black box” nature, where
the internal workings are not easily interpretable, has raised concerns about the lack of trans-
parency and interpretability in the decision-making process (Guidotti et al., 2018). In R, neural

networks can be implemented using various packages such as keras and nnet.

2.1.2.10 Panel Neural Networks

Panel Neural Networks (PNNs) were developed to extend neural networks for longitudinal
(panel) data (Crane-Droesch, 2017). PNNs explicitly incorporate random effects into the net-
work’s architecture, capturing both within- and between-group variability. These random effects
are jointly estimated alongside fixed effects, enabling the network to optimize predictions at mul-
tiple levels. During training, backpropagation is used to compute gradients for all parameters,
ensuring that both global patterns and group-specific deviations are learned. pane INNET can be

used to fit Panel Neural Networks.
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2.1.3 Standard Algorithms without Multilevel Extensions

2.1.3.1 Naive Bayes

Naive Bayes is a simple yet effective algorithm for classification that relies on Bayes’
theorem. The “naive” aspect comes from its assumption that predictors are independent of one
another, which is often not the case in real-world data. Despite this, the algorithm frequently
performs well and is easy to implement (Russell and Norvig, 2016). The algorithm calculates the
probability of an observation belonging to a class C);, based on the predictors X, using the Bayes’

Theorem:

X 1 Ck) - P(Cr)
P(X)

P
P(cy | x) = 2 24)

For example, Naive Bayes can be used to predict whether a patient has the flu based on
symptoms such as chills, a runny nose, and fever. Using historical data, conditional probabilities
of these symptoms given each class (e.g., flu or no flu) are computed. The Naive Bayes classifier
then combines these probabilities and assigns the patient to the class with the highest probability.
In this context, if the computed probabilities indicate a higher likelihood of the patient having the
flu given their symptoms, the model predicts “flu.” This method is particularly useful for quick
and interpretable predictions. The naivebayes package in R provides tools for implementing

this algorithm.
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Figure 2.4: An illustration of two possible hyperplanes that separate the two
classes. Reprinted from Support Vector Machines (SVM) Algorithm Explained, by
B. Stecanella, June 22, 2017, https://monkeylearn.com/blog/introduction-to-support-
vector-machines-svm/.

2.1.3.2  Support Vector Machines

Support vector machines (SVM) are versatile prediction algorithms for both linear and
nonlinear classification tasks. SVM aims to find an optimal hyperplane (a multidimensional
surface) that separates the different classes while maximizing the margin (the space between the
hyperplane and the nearest data points of each class). Figure 2.4 displays a simple example with
two hyperplanes, the optimal hyperplane is the one that creates the largest separation between the
two classes.

SVM’s performance depends on its tuning parameters, such as the regularization parame-
ter C. This parameter plays a crucial role in balancing the trade-off between margin width and
minimizing classification errors. The regularization parameter allows practitioners to control the

penalty imposed for misclassification, thereby influencing the model’s sensitivity to individual
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Figure 2.5: Using a nonlinear kernel to separate the two classes. Adapted from
Support Vector Machines (SVM) Algorithm Explained, by B. Stecanella, June 22,
2017, https://monkeylearn.com/blog/introduction-to-support-vector-machines-svm/.

data points. In situations where classes exhibit nonlinear relationships and aren’t easily separable
by a straight line, SVM employs kernel functions to map the predictor variables into a higher-
dimensional space. This transformation enables SVM to discern complex decision boundaries,
accommodating intricate relationships within the data. The concept of kernel functions is akin
to using a lens to view data patterns in a higher-dimensional realm, providing SVM with the
capability to address the subtleties of nonlinear data structures effectively. Figure 2.5 provides a
visual representation of how a kernel function can be used to classify nonlinear data by creating a
new z dimension, where z = x? + y%. The e1071 package in R provides tools for implementing

SVMs.

2.1.3.3 Stacking

Stacking is another powerful ensemble method that combines the predictions of multiple
base models using a meta-learner, a model that learns how to best combine the outputs of the

base models to make the final prediction. Unlike boosting and random forests, which typically
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use decision trees, stacking can leverage a variety of different base models, such as decision
trees, support vector machines, and linear models. Each base model is trained on the training
data, and their predictions are then used as inputs for the meta-learner. This approach takes ad-
vantage of the unique strengths of each base model while mitigating their individual weaknesses,
leading to a more robust and accurate model (Wolpert, 1992). In R, the caretEnsemble and

SuperLearner packages can be used to implement stacking.

2.1.3.4 K-Nearest Neighbors (KNN)

K-nearest neighbors (KNN) is a simple, non-parametric machine learning algorithm that
identifies the k closest training observations in the feature space to a given observation. It then
assigns the most frequent class among these k neighbors as the predicted class for that observa-
tion. The algorithm’s strength lies in its simplicity and adaptability to nonlinear relationships,
making it particularly suitable for datasets where relationships between predictors and outcomes
are not easily captured by linear models. In R, KNN can be implemented using several packages,

with the class package being one of the most commonly used.

2.1.4 Balancing Flexibility and Interpretability in Model Selection

Another consideration when selecting an appropriate method is the balance between flex-
ibility and interpretability. Flexibility allows models to capture complex patterns and nonlinear
relationships, which can enhance predictive performance for complex datasets. However, highly
flexible models often come at the cost of interpretability, earning them the designation of “black

box” models. This lack of transparency can make it challenging for researchers and policymakers
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to derive actionable insights or communicate findings effectively. Figure 2.6 provides a visual
framework to help contextualize this trade-off. It maps the methods discussed in this section
along two critical dimensions: flexibility and interpretability. Models like Logistic Regression
and lasso are positioned in the high-interpretability/low-flexibility quadrant, reflecting their in-
tuitive structures and ease of use, which are particularly valuable in applications where model
transparency is important. On the other hand, algorithms such as Neural Networks and Gradi-
ent Boosting Machines, known for their adaptability and ability to handle complex interactions,
occupy the high-flexibility/low-interpretability space. These models often offer improved predic-
tive performance but may require additional techniques, such as feature importance analysis, to
improve their explainability. This flexibility-interpretability trade-off suggests that the choice of
model should align with the specific objectives and constraints of the research or policy analysis.
For instance, policymakers aiming to identify broad trends and communicate findings to diverse
stakeholders might prioritize more interpretable models. In contrast, researchers conducting ex-
ploratory analyses or predicting outcomes in complex data settings may opt for more flexible

methods, even if interpretability is reduced.

2.1.5 An Overview of Evaluation Metrics for Classification

The evaluation of model performance often involves the division of data into training and
testing sets. The training set is used to fit or train the model, allowing it to learn patterns and
relationships in the data and adjust its parameters to make accurate predictions. The testing set,
withheld during training, is used to evaluate the model’s ability to generalize and make accurate

predictions on new, unseen data. This process ensures that the model doesn’t simply memorize
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Figure 2.6: Illustration of the trade-off between model flexibility and interpretability.
Adapted from An introduction to statistical learning: With Applications in R (2nd
ed.) (p. 25) by Gareth James, Daniela Witten, Trevor Hastie, and Robert Tibshirani,

2021, Springer.
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the training data but instead learns underlying patterns applicable to future observations. By
comparing the model’s predictions on the testing set with the true outcomes, a range of evaluation
metrics can be calculated to assess its performance. This section introduces commonly used
evaluation metrics, including classification accuracy, sensitivity, specificity, AUC-ROC, F1 score,
Brier Score, and Predictive Mean Absolute Deviation (PMAD). These metrics provide insights
into various aspects of model performance, which can guide decision-making in educational
research.

Many of the metrics discussed here are derived from the confusion matrix, which summa-
rizes true positive (TP), true negative (TN), false positive (FP), and false negative (FN) predic-
tions. This matrix allows for the computation of key metrics and provides a clear visual repre-
sentation of the model’s performance across different outcomes. The confusion matrix layout is

shown in Figure 2.7.

2.1.5.1 Classification Accuracy

Classification accuracy is the proportion of correct predictions made by the model. It is
calculated as the sum of true positives and true negatives divided by the total number of cases.
This straightforward measure provides a high-level view of overall model performance but does
not reveal details about the distribution of errors among different classes. In educational research,
this metric may be useful for quick comparisons between models, but it can be misleading if
the dataset is imbalanced (He and Garcia, 2009). For example, when predicting dropout rates
or other rare outcomes, reliance on classification accuracy alone may overestimate a model’s

effectiveness.
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Figure 2.7: Formulation of common classification metrics based on the confusion
matrix.

2.1.5.2 Sensitivity (True Positive Rate or Recall)

Sensitivity, or recall, measures the model’s ability to correctly identify positive cases. It is

defined as the ratio of true positives to the sum of true positives and false negatives:

TP

Sensitivity = m

(2.5)

High sensitivity indicates that the model effectively captures most positive cases. This met-
ric is crucial in educational contexts where failing to identify true positive cases, such as students
at risk of academic failure or needing special intervention, could have significant consequences
(Powers, 2020). Sensitivity ensures that at-risk students are flagged, even if it means some false

positives are also identified.
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2.1.5.3 Specificity (True Negative Rate)

Specificity measures the model’s ability to correctly identify negative cases. It is calculated

as the ratio of true negatives to the sum of true negatives and false positives:

TN

TN + FP 2.6)

Specificity =

Specificity is important when the cost of false positives is high. For example, in educational
screening programs where resources are limited, identifying students who do not need extra sup-
port helps avoid unnecessary allocation of interventions. A high specificity value ensures that

fewer students are incorrectly flagged as needing support.

2.1.5.4 AUC (Area Under the ROC Curve)

The Area Under the Receiver Operating Characteristic Curve (AUC-ROC) evaluates the
model’s ability to distinguish between positive and negative cases across various threshold val-
ues. The ROC curve plots the true positive rate (sensitivity) against the false positive rate (1-
specificity) at different thresholds. The AUC quantifies the area under this curve, ranging from 0
to 1, with higher values indicating better discrimination between classes, where 1.0 corresponds
to perfect classification and 0.5 corresponds to performance equivalent to random guessing. The
AUC-ROC is useful when comparing models because it reflects the trade-off between sensitivity
and specificity (Huang and Ling, 2005). In education research, this metric can be valuable for
evaluating predictive models where both correctly identifying at-risk students and minimizing

false positives are important.
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2.1.5.5 FI1 Score

The F1 score is a balanced metric that combines both precision and recall (sensitivity); both
metrics are detailed in Figure 2.7. It is calculated as the harmonic mean of these two metrics,

providing a single metric that considers both false positives and false negatives:

2 x Precision x Recall
F—-18S = . 2.7
core Precision + Recall 27)

The F1 score is particularly valuable in educational research with imbalanced datasets, such
as when only a small proportion of students are at risk. By weighing precision and recall equally,
the F1 score helps assess models where capturing true positives is as important as minimizing

false positives.

2.1.5.6 Brier Score

The Brier Score measures the mean squared difference between the predicted probabilities

and the actual outcomes:

N
1
rier Score = — ;:1 (pi — yi) (2.8)

where, p; represents the predicted probability for individual ¢, and y; is the actual outcome for
individual ¢ (1 for positive, O for negative). A lower Brier Score indicates better model perfor-
mance, as it implies the predicted probabilities are closer to the true outcomes. This metric is
particularly valuable when predictions need to represent likelihoods rather than definitive clas-
sifications (BRIER, 1950). In educational settings, the Brier Score is useful when probabilistic

predictions are needed, such as assessing the likelihood of students transitioning out of a STEM
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field.

2.1.5.7 Predictive Mean Absolute Deviation (PMAD)

The Predictive Mean Absolute Deviation (PMAD calculates the mean absolute difference

between the predicted probabilities and the actual outcomes:

N
1
N;!p Yil (2.9)

This metric quantifies how close the predicted probabilities are to the actual outcomes on
average. A lower PMAD value indicates better predictive accuracy, with values closer to zero
suggesting a more accurate model. Like the Brier Score, PMAD relies on estimated probabilities,
making it less suitable for methods that primarily generate class predictions, such as Support

Vector Machines.

2.1.5.8 Summary

These evaluation metrics collectively offer insights into different aspects of model perfor-
mance. Sensitivity and specificity are particularly useful when evaluating models in education
research that involve trade-offs between identifying true positives and minimizing false positives.
Metrics like the AUC-ROC, F1 score, Brier Score, and PMAD offer additional layers of insight,

enabling researchers to choose the best model for their specific classification task.
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2.2 Literature Review

The literature review provides context for this dissertation by examining existing appli-
cations of machine learning in education and previous comparisons of standard and multilevel

methods.

2.2.1 Applications of Machine Learning Algorithms in Education Research

Machine learning has emerged as a powerful tool in education research, particularly for
predicting student outcomes such as academic success, dropout risk, and behavioral issues. De-
spite the hierarchical nature of many educational datasets, where students are nested within class-
rooms, schools, or programs, researchers often default to standard (single-level) machine learning
methods. A systematic review of machine learning applications in education highlights decision
trees, logistic regression, neural networks, Naive Bayes, k-nearest neighbors, and support vector
machines as the most frequently used prediction algorithms (Luan and Tsai, 2021; Sandra et al.,
2021; Shahiri et al., 2015), as summarized in Table 2.4. This section reviews applications of
machine learning in education, discusses the utility and limitations of standard approaches, and

highlights the potential of multilevel prediction algorithms.

2.2.1.1 The Current Utility of Standard Machine Learning Methods

Standard machine learning algorithms have demonstrated substantial utility in predicting
various educational outcomes. For example, Hutt et al. (2018) used random forests to predict
whether students would graduate from college within four years, achieving 71.4% accuracy using
a broad range of predictor variables, including sociodemographic data, institutional graduation
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rates, academic achievements, standardized test scores, participation in extracurricular activities,
work experience, and teachers and high-school guidance counselor ratings. Similarly, Gray et al.
(2016) applied k-nearest neighbors to identify students at risk of failing their first year, achieving
a 72% accuracy rate. Further evidence of the effectiveness of standard methods is provided
by Kemper et al. (2020) who achieved 83% accuracy in predicting student dropout after one
semester and 95% accuracy after three semesters using decision trees. These studies underscore
the practical value of standard machine learning algorithms in identifying at-risk students and
their potential for informing targeted interventions.

However, educational datasets often exhibit hierarchical structures, where students are
nested within groups such as majors, institutions, or schools. Despite this, these group-level
structures are frequently not integrated into predictive modeling frameworks. Instead, researchers
often rely on standard machine learning methods that implicitly assume independence between
observations, potentially overlooking contextual dependencies introduced by clustering. For ex-
ample, Chen et al. (2018) predicted STEM major dropout using logistic regression, decision trees,
random forests, and boosting methods. Their analysis revealed significant differences in how pre-
dictor variables influenced dropout rates across nine STEM majors. To address these differences,
the study built nine separate predictive models, one for each major. While this approach captured
group-specific trends, it did not explicitly model the shared or contextual influences of cluster-
ing. An alternative approach could involve including group identifiers as fixed effects in standard
models. This would allow the model to account for group-level variability without requiring the
complexity of a multilevel framework.

In another study, Huynh-Cam et al. (2021) used decision trees, random forests, and neu-

ral networks to predict first-year university performance and identify students who could benefit
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from targeted interventions. The study consistently identified students’ majors as among the
most influential predictors, highlighting the importance of contextual effects. Interestingly, the
researchers noted that the departments included in the study were randomly selected. If their goal
was to generalize findings to a broader range of departments, a multilevel modeling approach
could have been more appropriate. Multilevel models allow for the explicit modeling of ran-
dom effects, enabling predictions that generalize beyond the specific clusters (e.g., departments)
observed in the study.

In summary, standard machine learning algorithms have demonstrated substantial utility in
educational research, providing effective tools for predicting outcomes such as student dropout
and performance. These methods are often straightforward to implement and yield strong perfor-
mance metrics in many applications. However, their reliance on the assumption of independence
between observations may limit their ability to fully capture the hierarchical nature of educational

data, where contextual dependencies introduced by clustering are common.

2.2.1.2  Analyses Incorporating Multilevel Prediction Algorithms

A smaller body of work have explicitly incorporated multilevel machine learning algo-
rithms to address the limitations of standard methods. For example, Cannistra et al. (2020) com-
pared logistic regression, decision trees, random forests, GLMM, GMERT, and GMERF to pre-
dict students at risk of dropping out during their first year of college, where students were nested
in degree programs with an ICC around 0.09. Their results showed that multilevel models like
GMERF and GLMM consistently outperformed standard algorithms, achieving higher AUC and

sensitivity scores by accounting for group-level variation. Similarly, Moller et al. (2022) demon-
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strated the advantages of GLMM over logistic regression and decision trees for predicting school
transition rates with students nested in classes which were nested in schools. All three methods
were provided student-level variables which were also aggregated at the class and school level as
additional predictors. Random intercept models and random intercept random slope models were
considered. GLMM with a random intercept achieved the lowest error rates and Brier scores and
highest AUC. However, both studies did not split their training and testing data at the cluster
level, which may artificially inflate prediction performance. Mangino et al. (2021) also provided
additional evidence of the potential benefits of multilevel approaches by applying mixed-effects
random forests to predict student retention, which revealed slightly improved accuracy over stan-

dard methods like logistic regression and random forests.

2.2.1.3 Summary

Machine learning plays an important role in predicting educational outcomes, offering re-
searchers and practitioners tools to identify at-risk students, optimize resource allocation, and
design targeted interventions. While standard methods remain the default choice for many re-
searchers, they may fall short in datasets with strong group-level dependencies. Multilevel pre-
diction algorithms have demonstrated the potential for more accurate predictions, increased in-
terpretability, and better generalizability when data are hierarchical by design. Additionally, due
to the lack of clear guidance in the current literature, the potential consequences of not using
multilevel algorithms for prediction remain unclear. This review showed that although standard
predictive models have been successfully applied in education research, multilevel prediction

methods are underutilized, presenting an opportunity for further exploration and improvement in
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this field.

2.2.2 Comparisons of Standard and Multilevel Classification Algorithms on Hi-
erarchical Data

While the number of multilevel prediction algorithms continues to grow, a notable gap in
research persists in directly comparing the predictive performance of standard algorithms to their
multilevel counterparts. The limited accessibility of multilevel prediction algorithms contributes
to this gap, limiting studies primarily to the authors proposing these algorithms (e.g. Fokkema
et al., 2018; Fontana et al., 2021; Hajjem et al., 2017; Ngufor et al., 2019; Pellagatti et al., 2021;
Speiser et al., 2019, 2020) . Nevertheless, a growing body of independent research is beginning to
address this gap through Monte Carlo simulations (e.g. Mangino, 2021; Mangino et al., 2022) and
empirical analyses (e.g. Cannistra et al., 2020; Moller et al., 2022; Philipp Kilham et al., 2019).
This section highlights independent comparisons of these methods as well as studies introducing
new approaches. Collectively these studies provide insights into the comparative strengths and

weaknesses of standard and multilevel prediction algorithms in diverse contexts.

2.2.2.1 Comparative Performance of Standard and Multilevel Algorithms: Sim-
ulation Studies

One independent simulation study had a primary focus on comparing the performance of
standard and multilevel algorithms. In this study, Mangino et al. (2022) found minimal differ-

ences in classification accuracy between standard and multilevel algorithms. The study compared
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logistic regression, GLMM, random forests, and MERF using simulated data generated using the
sim.multi() function from the psych R package under several conditions commonly encountered
in hierarchical data, such as sample size (number of clusters: 10, 50, 100; number of individu-
als per group: 10, 50, 100), ICC (0.1, 0.3, 0.8), class imbalance (50:50; 75:25; 90:10), and the
level of predictors included in the data-generating model(3 at level-1; 2 at level-1 and 1 at level-
2; 1 at level-1 and 2 at level-2). They also evaluated each algorithm’s performance using the
Program for International Student Assessment (PISA) dataset to predict which students would
be held back in school based on several student-level predictors and two school-level predictors.
Across the simulation conditions and in their empirical data analysis, they found limited evidence
that the use of fixed versus mixed-effects models significantly affected prediction accuracy with
respect to large-group recovery, small-group recovery, AUC, and binary cross-entropy. These
findings suggest that simpler models like logistic regression or random forests might suffice for
predictive classification. As a result, the authors suggest it may be unnecessary for researchers
to use multilevel classifiers for predictive classification, as the results largely did not differ from
the fixed-effects classifiers. Additionally, they did not find evidence that sample size affected
prediction accuracy. However, they did find that by including both level-1 and level-2 variables,
prediction accuracy could be improved. Therefore, they encouraged researchers to consider the
type of predictors available and the underlying data structure, as these factors held more signifi-
cance than the specific method chosen.

A second simulation study by Mangino and Finch (2021) compared five multilevel classi-
fiers alongside one standard classifier. While the primary focus of their study was on the relative
performance of different multilevel classifiers, with less emphasis on the comparison between

standard and multilevel methods, they did include Naive Bayes in the set of classifiers under

43



examination. While the study demonstrated that the Multilevel Bayesian classifier and Panel
Neural Networks outperformed other multilevel classifiers and Naive Bayes, it also highlighted
Naive Bayes’ notable robustness. Naive Bayes showed comparable performance and consis-
tent accuracy across varying ICCs, sample sizes, and class imbalances, raising questions about
whether the added complexity of more advanced multilevel models provides meaningful bene-
fits. Its computational efficiency and stability suggest it as a viable option for hierarchical data.
However, it is important to highlight that the study’s exclusion of other standard classifiers, such
as random forests or logistic regression, limits its ability to draw broader conclusions about the
relative performance of standard and multilevel methods.

Across both of these simulation studies, the importance of predictor inclusion (both level-1
and level-2) and data structure emerged as critical factors influencing model performance. While
multilevel models occasionally outperformed their standard counterparts, the minimal perfor-
mance increase may not outweigh the additional complexity. Furthermore, both studies utilized
the Vira package to implement multilevel random forests and gradient boosting machines (MERF
and MEgbm, respectively); however, this package is no longer supported, presenting a significant

barrier for researchers seeking to use these methods.

2.2.2.2 Comparative Performance of Standard and Multilevel Algorithms: Em-
pirical Analyses

In addition to these independent simulation studies, three empirical analyses compare the
relative performance of standard and multilevel algorithms. The empirical findings present a more

nuanced view of the standard vs. multilevel debate, with results varying based on the application
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context.

Kilham et al. (2019) examined the prediction of tree-level wood supply nested within
forestry plots, providing a natural hierarchical structure for their analysis. This study compared
random forests with generalized linear mixed models (GLMMs), focusing on eleven tree- and
eleven plot-level predictors and tree-level outcomes, with training and testing sets split at the
plot-level (between-group split). The study highlighted the flexibility of random forests in mod-
eling nonlinear relationships and complex interactions, which achieved predictive accuracy and
explained variance comparable to, or better than, GLMMs. Random forests’ ability to adapt
without requiring predefined interactions underscored its practical advantages, even in contexts
with inherent multilevel structures introduced through multistage sampling. However, the study
did not explicitly report ICC values, and therefore the results are limited in their generalizabil-
ity which raises questions about random forests’ ability to generalize in settings with potentially
different hierarchical effects (such as higher ICC) than dataset.

In contrast, both Cannistra et al. (2020) and Moller et al. (2022) found that multilevel
machine learning algorithms offered improved prediction performance.

Cannistra et al. (2020) investigated student dropout in Italian universities, using a range
of standard models including logistic regression, decision trees, random forests, and multilevel
algorithms such as GLMM, GMERT and GMERF. The study considered hierarchical data where
students nested where within degree programs with an ICC ranging between 0.08 and 0.10. Pre-
dictors included both student-level variables (e.g., grades, demographics) and program-level fac-
tors, capturing interactions across levels. Multilevel methods, particularly GMERF and GLMM,
consistently outperformed standard algorithms in terms of AUC and sensitivity. The study high-

lighted that incorporating both levels of predictors was essential for accurate dropout predictions
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and demonstrated the superiority of multilevel approaches in contexts where hierarchical effects
are pronounced. However, the authors also noted that standard models could perform well when
guided by strong domain knowledge to carefully select predictors and model their relationships
with the outcome variable.

Additionally, Moller et al. (2022) extended the discussion of multilevel methods for edu-
cational data, predicting school transition rates using standard decision trees, logistic regression
and GLMM. The dataset was structured with students nested within schools, but unfortunately
the study did not report specific ICC values. In this study, GLMM outperformed the other stan-
dard models, which indicates the importance of accounting for multilevel structures. However,
they noted that trees had the advantage of handling missing data effectively, which traditional
parametric models could not.

Table 2.5 below provides more details about study design and findings of the independent

comparisons.
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2.2.2.3 Comparative Performance of Standard and Multilevel Algorithms: Stud-
ies Conducted by Proposing Authors

A significant portion of the literature comparing standard and multilevel algorithms origi-
nates from studies proposing new methods. While these studies may reflect potential conflicts of
interest, such as selecting data conditions that emphasize the utility of their methods, they can still
offer insights into the scenarios where multilevel algorithms outperform standard counterparts or,
alternatively, when standard methods suffice. These studies highlight that multilevel algorithms
can improve prediction in the presence of random effects, yield more stable results, and handle
complex datasets effectively.

Multilevel methods are particularly advantageous when data exhibit random effects. For
example, Speiser et al. (2019) found that BiMM Forest consistently achieved prediction accu-
racy equal to or better than standard random forest, GLMM, and BiMM Tree. Notably, BIMM
Forest outperformed standard random forest when predicting new observations in clusters in-
cluded in the training data but performed similarly when predicting observations in new clusters.
These findings were corroborated by Speiser et al. (2020), who demonstrated that methods mul-
tilevel methods, such as BiMM Trees and Bayesian GLMM, yielded higher training set accuracy
than standard decision trees, emphasizing the importance of accounting for hierarchical structures
when data truly are hierarchical. Similarly, Hajjem et al. (2017) found that GMERT outperformed
both standard decision trees and GLMM in the presence of random effects. Their findings sug-
gested that ignoring random effects may lead to significant performance losses. Additionally,
Fontana et al. (2021) showed that decision trees (e.g., GMERT, GLMM Tree, and GMET) out-

performed standard decision trees when random effects were present but interestingly performed
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worse than standard decision trees when random effects were absent.

Multilevel methods often provide more stable predictions across varying conditions. For
instance, Pellagatti et al. (2021) found that GMERF produced stable predictions across different
simulation settings, even when traditional parametric methods like logistic regression marginally
outperformed GMERF in terms of accuracy. Similarly, Fontana et al. (2021) observed that GMET
exhibited less variability and higher sensitivity compared to standard decision trees in real-world
datasets, such as predicting student dropouts in hierarchical data.

Studies also emphasize the utility of multilevel machine learning methods for datasets with
complex covariate structures. Pellagatti et al. (2021) highlighted that while parametric mod-
els like GLMM are effective with linear, uncorrelated covariates, multilevel machine learning
methods like GMERF outperform them when covariates are numerous, nonlinear, or interactive.
Ngufor et al. (2019) similarly demonstrated that the MEml framework effectively handled high
dimensionality and nonlinear relationships, outperforming standard machine learning models for
longitudinal and hierarchical data. Additionally, both BiMM forest and BiMM tree showed im-
proved performance over Bayesian GLMM, standard decision trees, and random forests when
predictors lacked a linear relationship with the outcome and when dealing with large random
effects. Suggesting that not only were they better suited than standard algorithms but also served
as potential alternatives to using parametric multilevel methods for complex datasets.

Although multilevel methods are often advantageous, there are scenarios where standard
methods perform equally well or better. For instance, Fontana et al. (2021) found that standard
decision trees outperformed multilevel classifiers when random effects were absent. Similarly,
Speiser et al. (2019) observed that standard random forest performed as well as multilevel meth-

ods when predicting observations for clusters not represented in the training set. These findings
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suggest that the choice of method should be guided by the presence or absence of hierarchical
structures in the data.

Multilevel models often outperform standard methods when data exhibit hierarchical struc-
tures, large random effects, or nonlinear relationships between covariates and outcomes. How-
ever, standard methods may suffice, or even excel, when random effects are negligible or co-
variates exhibit simpler relationships. These findings underscore the importance of considering
data characteristics, such as intraclass correlation, and fixed effects complexity, when selecting

predictive algorithms.

2.2.3 Summary

In conclusion, the existing literature offers mixed findings regarding the performance of
multilevel prediction algorithms compared to standard algorithms for classification tasks. A
key takeaway from these studies is that selecting the most suitable algorithm is often context-
dependent, influenced by factors such as level of ICC, dataset structure, and available predictor
variable. The complexity of this decision and the lack of standardized guidelines highlight the
need for further investigation to clarify when multilevel methods are necessary and when standard
methods suffice. By comparing the performance of these algorithms across diverse contexts and
datasets, this dissertation provides insights to better inform researchers’ choices for predictive

modeling in hierarchical data settings.
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Chapter 3: Research Design

3.1 Simulation Study

This study used Monte Carlo simulation to compare the performance among several stan-
dard prediction algorithms and multilevel prediction algorithms under various manipulated con-
ditions. All data was generated and analyzed using R 4.3.2 (R Core Team, 2016). The specifics

of the simulation study design are outlined in the following section.

3.1.1 Manipulated Factors

The simulation study included four manipulated factors: the data-generating model, the
amount of residual level-2 variance, sample size, and the way the training: testing datasets are
split. This full factorial simulation design resulted in a total of 216 conditions (6 data-generating
models * 3 residual level-2 variance * 6 sample sizes * 2 training: testing splits). Each set of
conditions was replicated five hundred times. The selection of these conditions was informed
by the current literature and addresses challenges encountered by researchers. The full set of
conditions can be found in Table 3.1.

The first manipulated factor in the simulation study is the data-generating model. This fac-

tor is critical as it allows for the assessment of each algorithm’s performance across diverse real-
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Table 3.1: Manipulated factors and levels in simulation study

Manipulated Factors Levels

Data Generating Model Main Effects Random Intercept;
Quadratic Nonlinear Random Intercept;
Interaction Nonlinear Random Intercept;
Exponential Nonlinear Random Intercept;
Random Intercept and Random Slope;
Random Intercept and Random Slope with Cross-Level Interaction
Residual Level-2 Variance 030 = 0.001;2;4
Sample Size
Number of clusters 30;50; 100
Cluster Size 50, 100,
Training: Testing Split Within Cluster Split;
Cluster-Level Split

world data settings while capturing the linear and nonlinear patterns often present in educational
datasets (Huang et al., 2010; McArdle and Ritschard, 2013). The selected models, including a
random intercept model, three nonlinear random intercept models, a random intercept and ran-
dom slope model, and a random intercept and random slope with a cross-level interaction model,
collectively cover a spectrum of relationships between predictors and outcomes. The simulation
also addressed the challenges associated with increasing dataset complexity. Traditional statisti-
cal methods often struggle to capture underlying patterns in such data, whereas machine learning
methods are known for their ability to identify complex relationships and interactions without
requiring explicit model specifications (Hastie et al., 2009; Janiesch et al., 2021). To evaluate the
performance of standard and multilevel prediction algorithms under a range of realistic scenar-
10s, the study incorporated six distinct two-level data-generating models, referred to as Models
A through F (Table 3.2). These models were designed to reflect varying degrees of complexity
and interactions commonly encountered in hierarchical datasets. Model A (Main Effects Ran-

dom Intercept) represents a straightforward linear relationship between predictors and outcomes,
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with variability captured at the cluster level through random intercepts. Building on this foun-
dation, Model B (Quadratic Nonlinear Random Intercept) introduces nonlinearity by including
quadratic terms for selected predictors to simulate datasets with curved relationships. Model
C (Interaction Nonlinear Random Intercept) adds interaction terms among predictors to capture
how combined effects can influence outcomes. Model D (Exponential Nonlinear Random Inter-
cept) represents even greater complexity by applying exponential transformations to predictors,
simulating nonlinear effects that may be challenging for traditional statistical methods to capture
without strong theoretical beliefs about the underlying relationships between predictors and out-
comes. Model E (Random Intercept and Random Slope) extends the random intercept model by
introducing random slopes, allowing the relationship between a predictor and outcome to vary
across clusters. Finally, Model F (Random Intercept and Random Slope with Cross-Level Interac-
tion) includes cross-level interactions, where the relationship between individual-level predictors
and the outcome is moderated by cluster-level variables. For instance, in Model F, the random
slope (3;; was predicted by a level-2 variable 7 ;, reflecting scenarios where higher-level contexts
influence individual-level outcomes. Each data-generating model shared common structural el-
ements: ji;; = logit ' (1;;) and y;; ~ Bern(y;;), where y;; represents the binary outcome for a
level-1 unit (e.g., a student) ¢ in level-2 unit (e.g., a classroom) j. The table below (Table 3.2)
outlines the model-specific terms, highlighting how predictors, random effects, and interactions

were incorporated in each condition.
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Table 3.2: Data-generating models and corresponding equations

Model Model Description Model-Specific Terms

A Main Effects Random Intercept Nij = Boj + B1Xuij + - .+ BisXisij,
Boj = Yoo + Y0121 + - .- + Y5255 + Uoj,
ug; ~ N(0,0%).
B Quadratic Nonlinear Random Intercept i = Boj + brXvij + - .- + B Xusij + BreXTi; + bre X35,
Boj = Yoo + V01215 + - .. + Y05 255 + Uoj,
Up; ~ N(OUZO)
C Interaction Nonlinear Random Intercept nij = Poj + BiXuj + ...+ BisXusij + BreX1i Xaij +
Br7X1:5 X315,
Boj = Yoo + “/plzlj + .+ V05255 + Uoj,
ug; ~ N(0,02%)).
D Exponential Nonlinear Random Intercept Nij = Poj + P1Xuj + ...+ BisXusi; + Bis exp(Xuij) +
Bz eXp(XQij)-,
Boj = Yoo + Y0121 + - .- + Y5255 + Uoj,
ug; ~ N(0,0%).
E Random Intercept and Random Slope Nij = Boj + B1Xuij + ...+ BisXisij,
Boj = Yoo + Y0121 + - .- + Y05 255 + Uoj,
Bij = Y10 + uij,

Upj ~ N 0 Uﬁo Ou01
ulj 0 ’ Ou01 0'12“ ’
F Random Intercept and Random Slope with Cross-Level Interaction  1;; = fo; + 1 X145 + B2 Xoij + - .. + F15 X545,

Boj = Y00 + V01215 + - .. + Vo5 255 + Uoj,
Brj = Y10 + 111215 + uay,

Upj NN 0 (7,30 T401
Uy 0/ \ouw 021 ’

The data-generating process incorporated both level-1 and level-2 covariates to reflect the
hierarchical nature of the models. At level-1, X,,;; represents a matrix of either 15 covariates
(Models A, E, and F) or 17 convariates (Models B, C, and D), including both continuous and
dichotomous variables. Continuous covariates were sampled from a multivariate normal distribu-
tion with mean zero and a variance-covariance matrix Y., while dichotomous covariates followed
a binomial distribution, B(0.5). To simulate realistic multicollinearity, four continuous covari-
ates were generated jointly using a multivariate normal distribution. The fixed effects for level-1
predictors (f; through f317) were sampled from N(0, 1), resulting in a range of effect sizes from
negligible to significant (Table 3.3).

At level-2, Z,; represents a matrix of 5 continuous predictors of the level-2 intercept,

sampled from N (0, 1). The overall intercept 7oo was set to zero, while Vo1, Y02, Y03, Yo, Vo5 Were
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sampled from N(0, 1). Additionally, ;1 was set to -0.1 in Model F to model the strength of the
cross-level interaction, where the level-2 predictor Z;; influenced the random slope (3 ;.

For Models A-D, the random intercept u;, which captures deviations from the fixed popu-
lation intercept, was modeled as ug; ~ N (0, 02,). For Models E and F, the relationship between

level-1 predictors and the outcome (/3;) varied across Level-2 units. This was represented as:

2
UOJ' O O'uo 0401

~N , 3.1)

2
U1 0 Ouol  Oy1

where 0,9, reflects the covariance between the random intercept (050) and the random
slope (02,). These variance components (02, 02, and 0,0;) were varied systematically across

simulation conditions to evaluate their effects on model performance.
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Table 3.3: The true parameter values for all models, including fixed effects and variance compo-
nents used in data generation.

Level-1 Coefficients Values
Bl -0.7

B2 1

B3 0.8

B -1.1

Bs 0.3

B -0.3

(7 -1.4

B -0.4

Bo -0.2
Bio 0.6

B 1.2

P2 -1.2
B3 0.7

Bia 0.4

Bis 0.7

Bie 0.2
Pz 0.1
Level-2 Coefficients Values
Yoo 0

Yo1 -1.3
Yo2 -01
’)/03 07

’)/04 05

Vo5 0

Y11 -01
Level-2 Variance Components Values
o2, 0.25
w0l 0.001, 0.14, 0.2
o2, 0.0001, 2, 4

The second manipulated factor considered in the simulation study controls the amount of
residual level-2 variance within the generated data. This factor reflects the variability in out-
comes that is not explained by the predictors which is believed to have a significant impact on

the performance of the standard and multilevel algorithms. Additionally, this factor contributes to
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understanding how well the algorithms perform under different degrees of noise and aids in deter-
mining their robustness to variations in data complexity and the influence of the nested structure.
Three distinct levels were selected for the residual Level-2 variance condition, spanning from

nearly zero to a relatively high value for educational research studies. To control the level of

2 2

residual level-2 variance, o;,, 05,

and o,y; were manipulated to introduce varying amounts of
between-cluster variance, creating scenarios that reflect typical research contexts. The first sce-
nario, 050 = (.001, emulates cases where researchers have access to level-2 variables capable
of explaining nearly all the between-cluster variance, resulting in a nearly zero residual ICC.
This scenario aligns with findings from prior research indicating that the inclusion of covari-
ates can account for a substantial portion of between-school variance, often reducing the ICC
significantly (Hedges and Hedberg, 2007). The second scenario, 02, = 2, emulates situations
where researchers have a set of predictors that can account for some of the between-cluster vari-
ance, but there is still some which remains unexplained. Finally, the third scenario, a?w = 4,
represents conditions where researchers lack strong predictors for the between-cluster variance,
leading to a higher residual level-2 variance. These scenarios provide a spectrum of ICC val-
ues that encompass typical conditions encountered in education research (Hedges and Hedberg,
2007). Figure 3.1 shows a boxplot illustrating how increasing o2, affects the distribution of ICCs
in data generated from a multilevel logistic regression without level-1 and level-2 predictors. In
contrast, including level-1 and level-2 predictors in the data generation process moderates the
effects of residual level-2 variance. A pilot study determined the values of ¢ that achieved the
desired levels of between-cluster variability for data-generating models A-F: when ¢, = 0.001,
the average empirical ICC was 0.20; for 0%, = 2, it increased to 0.29; and for 02, = 4, it reached

0.37.
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Figure 3.1: Distribution of Intraclass Correlation Coefficients (ICCs) by levels of
residual level-2 variance (c2)) in data generated from a multilevel logistic regression
without level-1 and level-2 predictors. Each box represents the variability in ICC
estimates across 500 datasets for each condition of 050 (0.001, 2, 4). Higher values
of 02, correspond to greater between-cluster variability, resulting in increased ICCs.

The third manipulated factor is the sample size. Here, the study considers variations in both
the number of clusters and cluster sizes. Prior research has predominantly focused on the impact
of sample size on parameter estimates for statistical inference, consequently, there is a notable
scarcity of guidelines about optimal sample sizes for classification purposes. Mangino (2021)
and Mangino et al. (2022) conducted simulation studies that systematically addressed sample
size as a manipulated factor in classification settings. Mangino and Finch’s 2021 study covered
three cluster size levels: 100, 500, 1000, and five levels of the numbers of clusters: 10, 20, 30,
50, 100. Their 2022 study, in contrast, focused on smaller sample sizes, featuring three cluster
size levels: 10, 50, 100, and three levels of the numbers of clusters: 10, 50, 100. The 2021 study
found that an increase in both the number of clusters and number of cases within each cluster led

to an improvement in all accuracy measures. However, the 2022 study revealed that their results
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largely were not affected by sample size, except that an increase in cluster size slightly decreased
the observed small cluster recovery rate while slightly increasing AUC and binary cross entropy.
While not specific to classification, McNeish and Stapleton (2016) demonstrated that multilevel
models, although potentially underpowered, can provide reliable parameter estimates with as few
as 10 clusters. Guidelines have also been provided for the number of level-2 clusters necessary
for multilevel models to fit the data appropriately ranging from 30 to 50, 40 to 60 and, 60 to 100
(Maas and Hox, 2005; McNeish and Kelley, 2019; Meuleman and Billiet, 2009).

Given the existing literature and previous simulation studies, the present study considered
three levels of the number of clusters: 30, 50 and 100 and two levels of cluster sizes: 50, 100, in
line with Kreft and De Leeuw (1998), Maas and Hox (2005) and McNeish and Stapleton (2016)
methodologies. It should be noted that initially, a condition which considered 500 individuals
per cluster was considered; however, this proved to be too computationally intensive and was
therefore dropped from the current study.

The final manipulated factor in this study is how the training and testing datasets are split.
When working with multilevel models, predicting new outcomes involves two distinct scenarios.
The first scenario involves predicting the outcome for a new subject, denoted as ¢*, where no
prior information about the random effects is available. This situation arises when the subject
1* belongs to a new cluster j*, that was not part of the training dataset. For instance, this could
involve predicting whether a new student in an entirely new classroom- one that was not included
in the training data- will graduate. In this case, predictions rely solely on the fixed effects compo-
nent of the model because there is no information about the cluster-specific random effects. This
type of training-testing split, known as a cluster-level split, tests the model’s ability to generalize
to new, unseen clusters and provides insights into how well a model may perform in real-world
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settings where new clusters are likely to appear, such as new classrooms or schools being added
to an educational system.

In contrast, the second scenario focuses on predicting the outcome for a new subject ¢*
within a cluster j that was part of the training process. For example, this could involve predicting
if a new student in a classroom already represented in the training dataset will graduate. In
this scenario, the estimated random effects for cluster 7 are available, allowing the prediction to
include both the fixed effects and the cluster-specific random effect of cluster j. This type of
split, known as a within-cluster split, simulates a situation where predictions are needed for new
members of existing clusters, such as incoming students in a classroom for which historical data
is available.

The distinction between these scenarios is important when evaluating prediction perfor-
mance. The simulation study considers both scenarios by 1) splitting the data within cluster and
2) splitting the data at the cluster-level. Evaluating models under these different conditions helps
assess their generalizability and effectiveness for real-world applications where predictions may
be needed across or within clusters.

Finally, an additional condition specific to the within-cluster training testing split condi-
tions was considered to further assess model performance. This condition evaluated whether
treating cluster IDs as fixed effects in a standard fixed effects model could sufficiently capture the
underlying hierarchical structure without the need for a multilevel model. For example, this could
involve including classroom IDs as dummy variables to determine whether they adequately ac-
count for variability between clusters. Since the between-cluster training-testing split inherently
involves distinct cluster IDs in the training and testing sets, this condition is only applicable to the
within-cluster split. By exploring this condition, the study examines whether simpler fixed effects
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models can effectively approximate the hierarchical nature of the data or if multilevel models are

necessary for capturing complex structures.

3.1.2 Classification Algorithms

A range of prediction algorithms were compared in this study, including both standard
(single-level) and multilevel algorithms. Specifically, the following algorithms are evaluated: lo-
gistic regression, lasso, decision trees, XGBoost, random forests, support vector machines with
a linear kernel, support vector machines with a polynomial kernel, artificial neural networks,
generalized linear mixed effects model, multilevel lasso, multilevel decision trees, and multi-
level random forests, Table 3.4. These twelve algorithms were applied to data generated across
each simulation condition outlined in Section 3.1.2, using an 80:20 training-to-testing split. Most
methods required the selection of hyperparameters, except for logistic regression and GLMM.
Cross-validation was employed as the primary method for hyperparameter tuning due to its reli-
ability in assessing model generalizability and minimizing overfitting (Kohavi, 1995). The stan-
dard algorithms were chosen because they represent commonly used methods in predictive mod-
eling (Luan and Tsai, 2021). In contrast, the multilevel algorithms were selected to represent the
prediction algorithms that have been extended to incorporate mixed effects. Additionally, only
multilevel algorithms that successfully converged during a pilot study were included. This set of
algorithms expands upon previous studies that have compared standard and multilevel classifica-
tion algorithms (Cannistra et al., 2020; Fontana et al., 2021; Hajjem et al., 2017; Mangino et al.,

2022; Ngufor et al., 2019; Pellagatti et al., 2021).
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Table 3.4: Algorithms considered in the study

Standard Algorithm Multilevel Extensions

Logistic regression Generalized Linear Mixed Model (GLMM)

Lasso Multilevel Lasso (GLMMLasso)

Decision trees Multilevel Classification and Regression Trees (M-CART)
Random forests The Binary Mixed Model (BiMM) Forest

XGBoost

Support Vector Machines - Linear Kernel
Support Vector Machines - Polynomial Kernel
Artificial Neural Networks

3.1.3 Evaluation Metrics

To evaluate the performance of each algorithm across each manipulated condition of the
simulation study and the subsequent empirical analysis, several outcome metrics were reported
including: the overall classification accuracy, sensitivity, specificity, AUC-ROC, and F1 score.
Classification accuracy reflects the percentage of observations correctly classified by the predic-

tion algorithm and is calculated as the sum of true positives and true negatives divided by the total

TN+ TP

TPT TNIEDIFN- The sensitivity, also known as recall or the “true positive rate”,

number of cases:
quantifies an algorithm’s ability to correctly identify positive outcomes from the actual positive

class. It represents the ratio of true positives to the sum of true positives and false negatives:

%. The specificity of an algorithm can be thought of as the “true negative rate” - the percent-
age of negative outcomes the model detects: % . Sensitivity and specificity offer valuable

insights when working with an imbalanced dataset, where one class significantly outweighs the
other. AUC-ROC measures the ability of a classifier to distinguish between classes and is used
as a summary of the ROC curve. A higher AUC-ROC value indicates a better-performing model
with improved discrimination power. The F1 score, also referred to as the F-score or the F-

measure, considers the trade-off between precision p (the number of true positives divided by the
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number of true positives and false negatives) and its recall » (the number of true positives divided

by the number of true positives and false positives). The F1 score represents the harmonic mean

1: 2 X Precision X Recall
: Precision + Recall

of precision and recal

, providing a single metric to assess a classifier’s per-
formance. Notably, the F1 score is particularly useful when dealing with imbalanced datasets.
These metrics collectively provide a comprehensive evaluation of each algorithm’s performance,
offering different perspectives of what it may mean to be effective in each unique research setting.
They highlight each algorithm’s strengths and weaknesses, ultimately aiding in the selection of

the most suitable models for specific prediction tasks encountered in educational research.

3.2 Empirical Illustration

In addition to the simulation study, an illustrative example was conducted to compare the
performance of the algorithms and to demonstrate their practical implementation. The Mary-
land Longitudinal Data System (MLDS) served as the data source for these analyses. MLDS
is a statewide data repository that links data across the Maryland State Department of Educa-
tion, the Maryland Higher Education Commission and the Department of Labor, Licensing and
Registration. These data provide individual-level records based on demographic and academic
information, encompassing data on attendance, assessments, course enrollment, retention, and
degree attainment.

This study utilized the MLDS data to examine how well standard and multilevel algorithms
predicted STEM major persistence. The analysis incorporated a variety of predictors at both the
student and post-secondary institution level to account for individual and contextual influences on

STEM persistence. The outcome variable, STEM persistence, was defined as a binary indicator
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of whether a student earned a STEM degree within six years of initial enrollment (full sample)
and within four years of initial enrollment (imbalanced dataset). STEM programs were identi-
fied using the U.S. Department of Homeland Security’s STEM Designated Degree Program List.
Predictors included program-specific details, such as the STEM major pursued at enrollment, as
well as incoming academic attributes like standardized test scores. Demographic features, such as
race, sex, and Pell Grant status, were included to capture individual-level variation, while institu-
tional factors provided insight into the broader postsecondary environment (e.g., average GPA at
the post-secondary institution level and the size of the post-secondary institution) (Table 3.5). All
continuous variables were scaled to ensure that each predictor contributed equally to the model
and to prevent variables with larger ranges from disproportionately influencing the predictions.
The empirical analysis also investigated the ability of the algorithms to handle class imbalance, a
common challenge in predictive modeling. While the full dataset had a relatively balanced class
distribution (43% dropouts vs. 57% non-dropouts), the secondary analysis focused on a highly
imbalanced subset. This subset included Black students who received Pell Grants, with only
15% obtaining a STEM degree in four years. Such imbalance often results in model bias toward
the majority class, inflating overall accuracy at the expense of correctly classifying the minor-
ity group (Johnson and Khoshgoftaar, 2019). This analysis aimed to evaluate the algorithms’

robustness in both balanced and imbalanced scenarios.
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Table 3.5: Defined variables used in the empirical analysis

Category

Features

Description

Outcome

Variable

STEM Persistence

Dichotomous indicator variable of obtaining a
STEM degree within 6 years of the first year of
enrollment (full dataset) or within 4 years of the
first year of enrollment (imbalanced dataset). A
STEM program is defined by The U.S. Depart-
ment of Homeland Security (DHS) STEM Des-
ignated Degree Program List - a complete list
of fields of study that DHS considers to be sci-
ence, technology, engineering, or mathematics

(STEM) fields of study.

Program

Information

STEM Program

Freshman Year GPA

Freshman Year

Credits Earned

The STEM major a student pursued at the time
of postsecondary enrollment

Student’s GPA after the first year of postsec-
ondary enrollment

The total number of credits a student earned
during their first year of postsecondary enroll-

ment
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Incoming SAT or ACT Score Student’s maximum combined SAT or ACT
Attributes score reported
Demographics Sex Binary sex status indicator for Male/Female
Race A 4-level variable indicating a student’s race
(White, Black, Asian, Other)
Hispanic Binary indicator that a student is Hispanic
Filed a FAFSA Binary indicator variable if a student filed a
FAFSA
Pell Grant Binary indicator variable if a student received a
Pell Grant
Institution College GPA The average GPA for the fall semester at the col-
Characteristics lege level

College credits earned

College size

Public

The average credits earned for the fall semester
at the college level

The number of students enrolled in each college
during the fall semester

Binary indicator variable if the college is public

Vs a private institution
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3.3  Summary

This research was structured in a two-fold approach: a simulation study and two empirical
analyses of datasets from the Maryland Longitudinal Data System. The simulation study manip-
ulated factors such as the data generating model, the amount of residual level-2 variance, sample
size (number of clusters and individuals per cluster), and the training: testing split. Twelve pre-
diction algorithms, including both standard and multilevel algorithms, were evaluated based on
multiple outcome metrics. The empirical analyses used real-world data from MLDS to predict
which students were at risk of dropping out of a STEM major vs those that obtained their STEM
degree and investigated algorithm performance in the context of sparse outcomes. The empirical
analyses serve as a practical illustration of the simulation study’s findings, demonstrating the ap-
plication of these prediction algorithms in the context of educational research. Finding from these
studies provide insights for researchers and practitioners in the field of education by comparing
the performance of standard and multilevel classification algorithms in predicting outcomes from

hierarchical datasets.
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Chapter 4:  Simulation Results

4.1 Simulation Study

The results from this simulation study provide a comprehensive view of how different ma-
chine learning models, both standard and multilevel, perform under varying conditions that re-
flect the complexities of real-world hierarchical data. The chapter begins with a discussion of
overall model convergence, followed by the effect of the training-testing split (within-cluster vs.
between-cluster) on each model, and finally the effects of the manipulated simulation conditions,
including residual level-2 variance (030), number of clusters (J), individuals per cluster (n;), and
data-generating processes (DGP). These results are explored through graphical illustrations of
performance trends to provide an intuitive understanding of the models’ behavior under different
conditions.

To complement these visualizations, additional ANOVA results are summarized in Ta-
ble A.1. This table provides a breakdown of the main effects and interactions of the manipulated
factors, highlighting their statistical and practical significance across both the within-cluster and
between-cluster split conditions.

Given the balanced nature of the simulated datasets, accuracy will primarily be used to vi-
sualize model performance, given its similarity to AUC and F1 scores across conditions, though

sensitivity and specificity are also considered where relevant. AUC and F1 score plots are avail-
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able in the appendix.

4.1.1 Convergence

Convergence is an important aspect of model performance, especially in simulation studies
where certain models may struggle to converge under specific conditions. In this study, the
convergence rates of each algorithm were calculated as the proportion of times an algorithm
successfully converged within a set computational time limit or a specified number of iterations
across 500 replications for each simulation cell. A variety of optimizers were used to facilitate
convergence under these constraints.

Across all models, convergence rates were generally high, with most algorithms achieving
near perfect convergence (> 99%) in the majority of conditions, as shown in Figure 4.1 which
displays convergence rates across all conditions for each model. However, variability in conver-
gence was observed in three models: both SVM models and GLMM. Residual level-2 variance,
02,, had the strongest impact on GLMM’s convergence. GLMM achieved high convergence in
conditions with low to moderate residual level-2 variance (o2, = 0.0001, 95% average conver-
gence; 02, = 2, 96% average convergence across all other conditions). However, convergence
rates declined slightly under high residual variance (02, = 4, 94% average convergence across all
conditions). The decrease was particularly pronounced in certain simulation cells with 02, = 4,
such as when there were 30 clusters with 50 individuals per cluster, a between-cluster split, and
data generated using Model F, where convergence fell to 82%. Although the average decrease

was minimal, it suggests that the computational demands of estimating complex cluster-level

effects under high residual variance can challenge the stability of GLMM.
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In contrast, the SVM models encountered convergence issues primarily related to the time-
to-convergence limit when sample sizes were large. SVMs require significant computational
resources for large datasets because they calculate the relationship between every pair of data
points to find the optimal decision boundary. This process involves solving a complex optimiza-
tion problem, which becomes increasingly time-consuming as the number of samples grows. To
ensure the feasibility of the study within the University of Maryland’s High-Performance Com-
puting (HPC) resource allocation, a two-hour time limit was imposed for model fitting. This
limit balanced the practical constraints of computational resources with the need to evaluate a
wide range of models across all simulation conditions. The two-hour window was determined
based on pilot studies and was sufficient for most scenarios. Models failing to converge within
this window were classified as “nonconvergence”. Despite these challenges, SVMs converged
within two hours in most conditions, with an overall average convergence rate of 99%. How-
ever, for conditions with 100 clusters and 100 individuals per cluster, SVM with a polynomial
kernel converged 98% of the time, while the SVM with a linear kernel converged only 94% of
the time. While convergence variability was minimal overall, these findings highlight the impor-
tance of understanding computational constraints and model-specific requirements in real-world
applications. Researchers should be aware that models like GLMM and SVM may require more
advanced optimization techniques or additional computational resources, particularly in complex

data scenarios involving large samples or high residual variance.
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Figure 4.1: Convergence rates for each model across 500 replications.

represents a simulation cell.
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4.1.2 Effect of Training-Testing Split

Model performance was evaluated under two types of training-testing splits: the within-
cluster split, where individuals from each cluster were represented in both training and testing
datasets, and the between-cluster split, where distinct clusters were assigned exclusively to ei-
ther the training or testing dataset. The distinction between these training-testing split conditions
offers insights into each model’s ability to predict new observations for known clusters (within-
cluster split) as well as their ability to generalize across entirely new clusters (between-cluster
split). Performance metrics for models under within-cluster and between-cluster training-testing
splits were averaged across all other manipulated factors, including residual level-2 variance
(050), the number of clusters (J), the number of individuals per cluster (n;), and the data-
generating processes (DGP). This aggregation allowed for the evaluation of overall trends in
model generalizability across the different training testing split conditions

As shown in Figures 4.2, 4.3, and 4.4, most models exhibited higher performance metrics
(e.g., accuracy, sensitivity, and specificity) in the within-cluster split compared to the between-
cluster split. This result aligns with theoretical expectations, as the within-cluster split provides
training data that more closely resembles the testing data allowing models to learn and leverage
intra-cluster information when making predictions.

Logistic Regression, Lasso, and SVM with a linear kernel demonstrated relatively con-
sistent performance across both split conditions, suggesting that these models may be useful in
scenarios where predictions need to be made for both new observations within known clusters
and for entirely new clusters. While these models did not achieve the highest performance in

the within-cluster split condition compared to multilevel models like GLMM and GLMMLasso,
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their stability across split conditions is notable. For example, in the within-cluster split, Logistic
Regression achieved an average accuracy of 0.82, sensitivity of 0.84, and specificity of 0.79. In
the more challenging between-cluster split, these metrics declined only slightly to an average
accuracy of 0.81, sensitivity of 0.83, and specificity of 0.77. Lasso and SVM with a linear kernel
exhibited similarly stable patterns: Lasso achieved an average accuracy of 0.82 in the within-
cluster split and 0.81 in the between-cluster split, while SVM with a linear kernel also achieved
0.82 average accuracy in the within-cluster split and 0.81 in the between-cluster split. Similarly
small declines were observed in sensitivity and specificity for both models (Figures 4.2, 4.3, and
4.4).

In contrast, models such as Decision Tree, Random Forest, and SVM with a polynomial
kernel showed greater sensitivity to the between-cluster split condition. Random Forest, for in-
stance, experienced a notable decline in performance: average accuracy dropped from 0.81 in
the within-cluster split to 0.76 in the between-cluster split, and specificity declined from 0.74
to 0.67. Similarly, Decision Tree showed a decrease in average accuracy from 0.66 to 0.62 and
specificity from 0.54 to 0.50. XGBoost and Neural Nets exhibited increased variability in their
prediction performances, as indicated by the larger ranges observed in their accuracy, sensitivity,
and specificity boxplots. For example, in the between-cluster split, the range of accuracy for XG-
Boost spanned from 0.72 to 0.85, compared to 0.81 to 0.85 in the within-cluster split. Similarly,
Neural Nets showed an accuracy range of 0.70 to 0.85 in the between-cluster split, whereas in
the within-cluster split, the range was narrower, from 0.79 to 0.85. This increased variability
suggests that while these models can perform well in some scenarios, their predictions may be
less reliable across different data splits. Consequently, while models like XGBoost and Neural

Nets perform well in within-cluster splits, simpler models such as Logistic Regression and Lasso
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may offer more consistent performance when dealing with between-cluster data splits.

In the within-cluster split condition, GLMM and GLMMLasso consistently outperformed
other models across all metrics on average. GLMMLasso achieved the highest average classifi-
cation accuracy (0.85) and sensitivity (0.87), while GLMM had the highest average specificity
(0.88), F1-score (0.84), and AUC (0.85). Additionally, these models also demonstrated the high-
est stability, as evidenced by the narrower ranges observed in their prediction metrics (Figures
4.2, 4.3, and 4.4). For instance, the accuracy range for both GLMM and GLMMLasso in the
within-cluster split was only 0.83 to 0.86, compared to wider ranges seen in the other models.
This stability and higher average performance metrics suggest that GLMM and GLMMLasso
effectively capture cluster-level dependencies, allowing them to make consistent and improved
predictions by accounting for both individual and cluster-level variance components. Even in the
more challenging between-cluster split condition, GLMMLasso and GLMM remained among the
top performers, each achieving an average accuracy of 0.80, as shown in Figure 4.2.

These findings suggest that the choice of model should depend on the nature of the data,
the type of prediction required, and the intended application. For scenarios where clusters remain
consistent across training and testing (e.g., predicting a new student’s performance in a classroom
which was included in model training), multilevel models like GLMM and GLMMLasso are
particularly valuable. Their ability to capture both individual- and cluster-level dependencies
results in higher average performance and more stable predictions. However, for applications
involving new clusters (e.g., predicting outcomes for students in new schools), simpler models
such as Logistic Regression, Lasso, and SVM with a linear kernel may offer more consistent and
robust performance. These models exhibited relatively small declines in performance metrics

between the within-cluster and between-cluster splits.
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Figure 4.2: Classification accuracy across models for the within-cluster split and the
between-cluster split condition. The bars are grouped by split condition, aggregating
performance across all other manipulated simulation factors, including residual level-
2 variance, number of clusters, number of individuals per cluster, and data-generating
process.
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Figure 4.3: Average sensitivity (true positive rate) for each model under the within-
cluster and between-cluster split condition. Bars for each model are grouped by split
condition, with sensitivity values aggregated across all other manipulated simulation
factors, such as residual level-2 variance, number of clusters, number of individuals
per cluster, and data-generating process.
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4.1.3 Effects of Individual Factors within the Training-Testing Split Context

4.1.3.1 Effect of Residual Level-2 Variance: o2

2,» controls the additional variability between clusters beyond

Residual level-2 variance, o
the effects of level-2 predictors in the data-generating model. Three levels were evaluated in this
study: o2, = 0.0001, 6%, = 2, and 02, = 4. Accuracy results are displayed in Figure 4.5,
while sensitivity, specificity, AUC, and F1 score results are provided in the Appendix (Figures
A3, A4, AS, and A.6). These results are aggregated across all other manipulated simulation
factors (number of clusters, number of individuals per cluster, and the data-generating process)
to provide a global summary of how models handle increasing residual cluster-level variability.

In the within-cluster split, models generally maintained stable accuracy as o increased.
Standard models, such as Logistic Regression, Lasso, both SVM models, and Neural Net, showed
slight declines in accuracy as o2 increased. For example, all three of these models’ average
classification accuracy decreased from 0.85 when o2, = 0.0001 to 0.79 when o2, = 4, reflecting
a 6% reduction. These patterns suggest that standard models may struggle to handle the additional
cluster-level variability introduced by higher residual level-2 variance.

In contrast, multilevel models (GLMM, GLMMLasso, Multilevel Random Forest, and
Multilevel Decision Tree) generally improved or maintained their performance as o increased.
For instance, GLMM’s accuracy increased from 0.84 at 02, = 0.0001 to 0.85 at 02, = 4. Sim-
ilarly, Multilevel Random Forest’s accuracy rose from 0.80 to 0.81. These trends highlight their

ability to model and leverage cluster-level variance effectively. Interestingly, ensemble methods

such as Random Forest and XGBoost also showed relatively stable performance across o2 lev-
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els. Random Forest showed a slight increase in accuracy from 0.81 when o2, = 0.0001 to 0.82
when 2, = 4, while XGBoost only saw a 2% decrease in average accuracy (0.85 to 0.83) as
o2, increased. This may suggest that these ensemble methods may be indirectly learning clus-
ter specific information, allowing them to perform well in within-cluster splits without explicitly
modeling cluster-level random effects.

The effect of increasing 0%, was more pronounced in the between-cluster split, where mod-
els lacked access to within-cluster information during testing. Accuracy consistently declined for
all models as 02, increased. Logistic Regression’s accuracy decreased from 0.85 at 02, = 0.0001
t0 0.77 at 030 = 4, a 8% reduction. Lasso and SVM with a linear kernel followed similar patterns,
both also dropping from approximately 0.85 to 0.77.

Multilevel models also experienced notable declines in accuracy. For instance, both GLMM’s
and GLMMLasso’s accuracy decreased from 0.84 at o2, = 0.0001 to 0.77 at 02, = 4. These
declines align with theoretical expectations, as higher o2, amplifies the clustering effect, making
it more challenging to generalize across new clusters.

Ensemble methods such as Random Forest and XGBoost exhibited very steep declines in
accuracy. For Random Forest, accuracy decreased from 0.79 to 0.73, and for XGBoost, from
0.85 to 0.74. This suggests that these methods may be less effective in generalizing to entirely
new clusters when residual level-2 variance is high.

Overall, these results highlight the potential advantage of multilevel models under condi-
tions of high between-cluster variance when training and testing data are split within clusters.
However, as data become more and more cluster-specific and clusters are separated across train-
ing and testing splits, accuracy declines across all models, regardless of their ability to model

cluster-level effects.
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4.1.3.2 Effect of Number of Clusters: J

The number of clusters J was varied across three levels: 30, 50, and 100. This factor
exhibited notable trends in model performance, particularly in the between-cluster split, while
the within-cluster split showed smaller effects. Results for classification accuracy and sensitivity
are presented in Figures 4.6 and 4.7. The results presented in this section are aggregated over
residual level-2 variance (02,), the number of individuals per cluster (n;), and the data-generating
processes (DGP).

In the within-cluster split, classification accuracy showed minimal change as the number of
clusters increased for most models. Logistic Regression, Lasso, and Neural Net maintained stable
accuracy of 0.82 for all levels of the number of clusters. However, standard decision trees and
multilevel decision trees showed a decrease in accuracy as the number of clusters .J increased.
For example, standard decision trees saw a drop in mean accuracy from 0.673 for J = 30 to 0.652
for J = 100, while multilevel decision trees declined from 0.697 to 0.664. This pattern indicates
potential overfitting to cluster-specific structures in the training data, which decision tree-based
methods are often criticized for.

In contrast, the between-cluster split showed a more consistent improvement in accuracy as
the number of clusters increased. This trend was strongest for the standard and multilevel random
forest models. Standard random forests, for instance, increased their mean accuracy from 0.74
for J = 30 to 0.78 for J = 100, while multilevel random forests improved from 0.74 to 0.77.
This may suggest that having a larger number of clusters improves generalizability, even when
clusters in the testing set are distinct from those in the training set. With more clusters available

for training, models are exposed to a broader range of patterns, potentially enabling more accurate
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predictions on unseen clusters.

Sensitivity results largely mirrored the trends observed in accuracy (Figure 4.7). Stan-
dard decision trees (and, to a lesser extent, multilevel decision trees) did not exhibit a decline
in sensitivity with increasing number of clusters in the within-cluster split, which contrasts with
their behavior for accuracy. Standard decision trees’ average sensitivity remained between 0.75
to 0.76 and multilevel decision trees’ average sensitivity remained at 0.74, in the within-cluster
split. This suggests that while decision trees may overfit or struggle with accuracy as J increases,
they still maintain the ability to detect true positives within clusters as the number of clusters
increases.

Overall, these results demonstrate that the effect of the number of clusters on model per-
formance is context dependent. While larger .J values generally enhance generalizability in the
between-cluster split, their impact in the within-cluster split is limited for most models, except
for decision trees which potentially experience overfitting.

Specificity, AUC, and F1 scores followed similar trends as accuracy and sensitivity (Figures

A7, A8, A9).

4.1.3.3 Effect of Individuals per Cluster: n;

The number of individuals per cluster n; was varied between 50 and 100, and the results
demonstrate that this factor had minimal impact on model performance across both the within-
cluster and between-cluster split conditions (Figure 4.8).

In the within-cluster split condition, outcome metrics remained largely consistent or showed

only negligible changes as the number of individuals per cluster increased from 50 to 100 for most
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models. For instance, Logistic Regression’s average classification accuracy remained at 82% as
n; increased from 50 to 100. Some models saw a modest 1% increase in outcome metrics, such
as Random Forest which improved from 81% to 82% and XGBoost which increased from 83%
to 84%.

For the between-cluster split condition, similar patterns were observed. Again, most mod-
els saw negligible changes in performance. GLMM maintained accuracy of 80% across both
cluster size conditions. Neural Net, however, exhibited a slight decline in accuracy, decreasing
from 79% to 78%.

Outcome metrics, including sensitivity, specificity, AUC, and F1 score, closely mirrored
the trends observed for accuracy (Figure A.10, A.11, A.12, A.13). For example, XGBoost
sensitivity improved slightly in the within-cluster split, increasing from 80% to 81%. GLMM
specificity remained consistent in both split conditions, averaging at 83% for both n; = 50 and
n; = 100. These additional metrics further support the conclusion that increasing 7; has minimal
influence on performance across models.

Overall, the results indicate that the number of individuals per cluster does not substantially

affect model performance under these simulation conditions.

4.1.3.4 Effect of Data-Generating Process: (DGP)

The data-generating process (DGP) varied across six conditions, each introducing differ-
ent complexities to the model: Model A (Main Effects Random Intercept), Model B (Quadratic
Nonlinear Random Intercept), Model C (Interaction Nonlinear Random Intercept), Model D (Ex-

ponential Nonlinear Random Intercept), Model E (Random Intercept and Random Slope), and
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Model F (Random Intercept and Random Slope with Cross-Level Interaction). These condi-
tions were designed to evaluate model performance under increasingly complex data structures.
Model performance under these varying complexities of the data-generating processes (DGP)
was aggregated over residual level-2 variance (030), the number of clusters (.J), and the number
of individuals per cluster (n;).

As shown in Figure 4.9, which presents the average classification accuracy across all mod-
els and split conditions, accuracy remained relatively stable across all DGP levels. The figure
highlights that most models were effective in capturing data patterns even as non-linear interac-
tions and cross-level effects were introduced. In the within-cluster split, all models showed only
a slight downward trend in accuracy as model complexity increased (Figure 4.9). For instance,
Logistic Regression achieved an average classification accuracy ranging from 82% for Model
A to 81% for Model F, showing its robustness even as data complexity increased. Similarly,
GLMMLasso maintained high classification accuracy, ranging between 85% to 84% as the data
generating model increased in complexity.

Unlike accuracy, sensitivity and specificity exhibited greater variability with increasing
DGP complexity. Notably, Model D (Exponential Nonlinear Random Intercept) had the strongest
impact on the sensitivity and specificity of standard decision trees and multilevel decision trees
((Figures 4.10, 4.11). The average sensitivity of standard decision trees dropped from 0.76
for Model A (Main Effects Random Intercept) to 0.73 for Model D (Figure 4.10, top row, third
column). Similarly, multilevel decision trees experienced a decline in sensitivity, decreasing
from 0.75 for Model A to 0.73 for Model D. All other models experienced a 1% dip in average
sensitivity when comparing Model A to Model D, apart from XGBoost, which showed a 1%
increase in average sensitivity (Model A: 0.80; Model D: 0.81).
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4.1.4 Effects of Multiple Factors within the Training-Testing Split Context

The joint effects of the manipulated conditions were analyzed to identify any underlying
trends in model performance that might have been obscured when aggregating over other factors.
Overall, no significant interactions between factors were observed; the patterns evident in the
results for individual factors generally persisted when considering the factors two at a time. Con-
sistent with prior findings, residual level-2 variance (02,) remained the most influential driver of
variation in model performance.

Nevertheless, subtle trends emerged in specific contexts. For instance, in the between-
cluster split condition, increasing the number of clusters (.J) slightly mitigated the negative impact
of higher residual level-2 variance on accuracy (Figure 4.12). When o%, = 2, the average
accuracy of Logistic Regression improved from 0.79 (with J = 30) to 0.80 (with J = 50)
and further to 0.81 (with J = 100). Similarly, when 02, = 4, the average accuracy increased
from 0.76 (with J = 30) to 0.77 (with J = 50) to 0.78 (with J = 100). This relationship
between residual level-2 variance and number of clusters was slightly stronger for Neural Net.
For 030 = 2, the mean accuracy increased from 0.77 (with J = 30) to 0.78 (with J = 50) to
0.80 (with J = 100), reflecting a 3% improvement in average accuracy. When o2, = 4, the mean
accuracy increased from 0.71 (with J = 30) to 0.73 (with J = 50) and even further to 0.75 (with
J = 100). These improvements suggest that a higher number of clusters alleviates some of the
challenges posed by increased residual level-2 variance o2, leading to slightly better predictive
performance.

Additionally, evaluating the number of clusters J and individuals per cluster n; together

offers insights into the impact of total sample size on model performance in both within-cluster
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and between-cluster splits. As shown in Figure 4.13, most models display stable or slightly
improved accuracy as either J or n; increases. Standard Random Forest, Multilevel Random
Forest, and SVM with Polynomial kernels appear to benefit the most from larger sample sizes.
For example, SVM with Polynomial kernels demonstrates consistent improvements in accuracy
as total sample size increases. In the within-cluster split condition, when J = 30, classification
accuracy improves from 0.76 (with n;=50) to 0.77 (with n;=100). A slightly stronger trend is
observed for J = 50, where classification accuracy improves from 0.76 (with n;=50) to 0.78
(with n;=100). Even stronger still, when J = 100, classification accuracy improves from 0.77
(with n,;=50) to 0.80 (with n;=100), reflecting a 3% improvement among the .J = 100 conditions
and a 4% improvement when compared to the smallest sample size condition (J = 30 and n;=50).
In the between-cluster split condition, SVM with Polynomial kernels shows a similar pattern, just
with slightly lower overall classification accuracy. At J = 30, classification accuracy increases
from 0.73 (with n; = 50) to 0.74 (with n; = 100). For J = 50, classification accuracy improves
from 0.74 (with n; = 50) to 0.75 (with n; = 100). Finally, at J = 100, classification accuracy
increases from 0.75 (with n; = 50) to 0.77 (with n; = 100).

Finally, when evaluating the effects of the data-generating process (DGP) in the context of
the three other factors (residual level-2 variance, number of clusters, and individuals per cluster),
the complexity of the DGP consistently showed minimal impact on model performance (Figures
A.17, A.18, A.19). This reinforces its negligible effect across conditions, even when considered

alongside these additional factors.
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Figure 4.12: Average classification accuracy by model, split condition, residual level-
2 variance (02;), and the number of clusters (J). Each panel separates results by
split condition (within-cluster vs between-cluster) and displays classification accu-
racy trends across models for varying levels of J and ¢2,. Results are aggregated
across the number of individuals per cluster n; and data generating processes.
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Figure 4.13: Average test set classification accuracy by model, split condition
(within-cluster vs. between-cluster), number of clusters (./), and individuals per clus-
ter (n;). Results are aggregated across all residual level-2 variance levels (¢2) and
data-generating processes to isolate the combined effects of J and n; on model per-
formance. Each panel highlights accuracy trends for varying J and n;, allowing for a
comparison of how total sample size influences classification accuracy across models
and split conditions.
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4.1.5 Effects of Cluster IDs as Fixed Effects in Standard Models

In addition to multilevel models, the effectiveness of including cluster identifiers (e.g.,
school IDs) as fixed effects in standard models was explored to determine if this approach could
sufficiently capture cluster-level structure. The goal was to assess if this approach could substitute
for a full multilevel model, providing insights into the possibility of modeling cluster-level effects
directly in a fixed-effects context. This comparison was conducted within the within-cluster split
condition, where clusters were represented in both the training and testing datasets.

Including cluster IDs as fixed effects had minimal impact on convergence rates for most
models. For instance, Logistic Regression showed a slight decline in convergence, from 100%
without cluster IDs to an average of 98% when cluster IDs were included, with a minimum
convergence rate of 90%. However, this difference is unlikely to have practical implications.
SVM with a Linear Kernel, however, failed to converge within the two-hour time limit under
high sample size conditions (e.g., J = 100, n; = 100), representing 18 of the total simulation
conditions (Figure 4.14).

On average, standard models with cluster IDs as fixed effects outperformed their counter-
parts without cluster IDs and were often comparable to multilevel models across all outcome
metrics (Figures 4.14, 4.15, 4.16, A.21, A.22). Logistic Regression, Lasso, XGBoost, and
Neural Net achieved the highest average classification accuracy (0.85) when cluster IDs were
included, matching the performance of top-performing multilevel models (GLMM and GLMM-
Lasso).

In terms of sensitivity, models such as Logistic Regression, Lasso, SVM linear and Neural

Net demonstrated the most improvement with the inclusion of cluster IDs, each of these mod-
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Figure 4.14: Classification accuracy by model and model type, including standard
model, standard model including cluster IDs as fixed effects, and multilevel mod-
els. Results are for the within-cluster split condition and are aggregated across all
other manipulated simulation factors, including residual level-2 variance, number of
clusters, number of individuals per cluster, and data-generating process.

els improved from an average sensitivity of 0.84 to 0.87. This improvement positioned them
alongside the previous top performer GLMMLasso which also had an average sensitivity of 0.87
(Figure 4.15).

Specificity results showed that GLMM exhibited the highest performance (0.83), followed
closely by XGBoost (0.82) (Figure 4.16). Similar trends were observed for accuracy, AUC, and
F1 score, further supporting the utility of incorporating cluster IDs as fixed effects (Figures 4.14,
A.21,and A.22).

When breaking down the results further to examine the effects of including cluster IDs
within the context of the other manipulated factors, standard models with cluster IDs behaved

very similarly to the multilevel models. For example, as residual level-2 variance () increased,
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Figure 4.15: Test set sensitivity rates by model and model type, including standard
model, standard model including cluster IDs as fixed effects, and multilevel mod-
els. Results are for the within-cluster split condition and are aggregated across all
other manipulated simulation factors, including residual level-2 variance, number of
clusters, number of individuals per cluster, and data-generating process.
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Figure 4.16: Test set specificity rates by model and model type, including standard
model, standard model including cluster IDs as fixed effects, and multilevel mod-
els. Results are for the within-cluster split condition and are aggregated across all
other manipulated simulation factors, including residual level-2 variance, number of
clusters, number of individuals per cluster, and data-generating process.
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standard models with cluster IDs showed improved accuracy, aligning closely with trends ob-
served in multilevel models (Figure 4.17). Specifically, Lasso with cluster IDs as fixed effects
achieved an average classification accuracy of 0.84, 0.85, and 0.86 for o2, = 0.0001, 2, and 4,
respectively. By comparison, GLMMLasso, Lasso’s multilevel counterpart, exhibited an aver-
age classification accuracy of 0.85 across all levels of 02,. While GLMMLasso demonstrated
more stable performance regardless of residual level-2 variance, these results suggest that in-
cluding cluster IDs as fixed effects enables standard models like Lasso to effectively account
for cluster-level variance. Notably, at the highest level of residual level-2 variance (o2, = 4),
Lasso outperformed its multilevel counterpart, achieving a slightly higher average classification
accuracy.

Additional plots exploring the joint effects of other manipulated factors and model type can

be found in the Appendix (Figures A.23, A.24, and A.25).

4.1.5.1 Best-Performing Models and Implications

Among the standard models with cluster IDs, Lasso and XGBoost consistently demon-
strated strong performance across accuracy, sensitivity, and specificity, making them suitable
choices for capturing cluster-level structure in this context. For example, Lasso achieved an
average classification accuracy of 0.86 at 0%, = 4, demonstrating its ability to maintain high
performance even at the highest level of residual level-2 variance. It also recorded the highest
average sensitivity rates, with 0.87 at 02, = 2 (on par with GLMMLasso) and 0.88 at 02, = 4,
slightly surpassing GLMMLasso’s 0.87. XGBoost with cluster IDs as fixed effects, on the other

hand, excelled in specificity, closely following the top performance of GLMM. At %, = 0.0001,
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Figure 4.17: Test set classification accuracy by model, residual level-2 variance, and
model type, including standard model, standard model including cluster IDs as fixed
effects, and multilevel models. Results are for the within-cluster split condition and
are aggregated across all other manipulated simulation factors, including number of
clusters, number of individuals per cluster, and data-generating process.
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XGBoost achieved an average specificity of 0.86, compared to GLMM’s 0.88. For o2, = 2
XGBoost’s average specificity was 0.87, slightly below GLMM’s 0.88. At o2, = 4, XGBoost
reached 0.88, closely matching GLMM’s highest value of 0.89. Additionally, XGBoost main-
tained a strong average accuracy ranging from 0.84 to 0.86 across the levels of residual level-2
variance, underscoring its robust performance.

Along with Logistic Regression and Neural Net, both of which maintained average ac-
curacy ranging from 0.84 to 0.86 across the levels of residual level-2 variance, these models
demonstrate the potential for standard models with cluster IDs to perform on par with or even
surpass multilevel models in many scenarios.

The main takeaway from this within-cluster analysis is that standard models which include
cluster IDs as predictors offer a viable alternative to multilevel models when predictions are
needed for new individuals in clusters represented in the training set. These models seem to
be capable of capturing cluster-level effects, even under conditions of higher residual level-2
variance (02,) that initially challenged standard models, achieving performance closely aligned

with multilevel models.

4.1.6 Summary of Simulation Study Results

This simulation study examined the predictive performance of standard and multilevel ma-
chine learning algorithms under various hierarchical data conditions. The goal was to evaluate
how different factors, including training-testing splits, residual level-2 variance (02,), the num-
ber of clusters (J), the number of individuals per cluster (n;), and the complexity of the data-

generating process, influence model outcomes.
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Multilevel models like GLMM and GLMMLasso generally provided robust and stable pre-

2

dictions, particularly under conditions of high o,

where their ability to model both individual-
and cluster-level dependencies resulted in slightly higher average performance and greater stabil-
ity. In contrast, more complex multilevel algorithms such as BiIMM Forest and M-CART offered
no clear practical advantages over these simpler multilevel approaches.

Standard models, particularly those able to incorporate cluster IDs as fixed effects, per-
formed competitively in many scenarios. In within-cluster splits conditions, where clusters were
consistent across training and testing, standard models which included cluster IDs as fixed ef-
fects often aligned closely with multilevel models. For example, Logistic Regression, Lasso, and
XGBoost achieved comparable levels of accuracy, sensitivity and specificity. Lasso, in particular,
demonstrated strong performance under high 02, achieving an average classification accuracy of
0.86 and sensitivity of 0.88 at 0%, = 4. Additionally, when the effects of hierarchical structure
were less pronounced (e.g., o2, = 0.0001), standard algorithms performed similarly to multilevel
algorithms across both split conditions.

In the between-cluster split condition, model performance declined across the board due to
the absence of cluster-level representation in the training data. As o increased, neither standard
nor multilevel models consistently outperformed the other. Increasing the number of clusters (.J)
appeared to help mitigate the negative impact of higher residual level-2 variance on accuracy
slightly. For instance, Neural Nets and Logistic Regression experienced smaller performance
declines under high (%,) when more clusters were present in the data.

Larger total sample sizes, achieved through increases in J or n;, also tended to improve
model performance slightly across most algorithms. This effect was particularly pronounced for

ensemble methods such as XGBoost and Random Forest. Finally, the complexity of the DGP had
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little impact on model outcomes, suggesting that these models were robust to variations in how

the data were generated.

4.1.7 Recommendations for Education Researchers

This simulation study provided several insights that can guide education researchers in
selecting appropriate predictive models for hierarchical data, depending on their datasets and
research objectives.

Leverage standard models for within-cluster predictions: When predictions are made
within the same clusters represented in the training set (e.g., predicting outcomes for new students
within schools already observed), standard models incorporating cluster IDs as fixed effects (e.g.,
Logistic Regression, Lasso, XGBoost) offer a robust and computationally efficient alternative to
multilevel models. These models performed comparably to multilevel models in this context and
provide flexibility and easy implementation for researchers.

Consider limitations of between-cluster predictions: The between-cluster split condi-
tion, where predictions are made for entirely new clusters (e.g., schools not observed in the
training set), posed challenges for both standard and multilevel models. As residual level-2
variance (02,) increased, neither standard nor multilevel models consistently outperformed the
other. In such cases, researchers should cautiously interpret predictions under these conditions
and consider collecting additional level-2 predictors to better account for cluster-level variability
or increasing the number of clusters in their datasets.

Use model simplicity to your advantage: When high-quality level-2 predictors reduce

residual level-2 variance (e.g., 02, & 0.0001), standard models achieved performance compara-
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ble to multilevel models. These models offer a simpler and computationally less intensive alter-
native for researchers, especially in contexts where interpretability and ease of implementation
are priorities.

Do not overemphasize data complexity: The complexity of the data-generating process
(DGP) had little impact on model performance across conditions, suggesting that researchers can
apply these models for prediction tasks without much concern for variations in underlying DGP

complexity.
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Chapter 5: Empirical Illustration

This chapter presents an empirical illustration conducted to evaluate the performance of
standard and multilevel machine learning algorithms in predicting STEM degree completion us-
ing data from MLDS. These analyses utilized two datasets: a full sample of students and an
imbalanced sample focusing on Black students receiving Pell Grants. The study assessed the im-
pact of train-test splitting strategies (within-cluster and between-cluster splits) and examined the
role of including cluster identifiers as fixed effects in standard models. Additionally, this study
investigated how class imbalance influenced model performance and emphasized specificity and
sensitivity as key evaluation metrics.

The findings of this study have potential implications for educational researchers and pol-
icymakers aiming to improve STEM persistence. By identifying models that effectively pre-
dict STEM degree completion, especially for underrepresented clusters, this study highlights
approaches that can guide targeted interventions. Models like Neural Nets and XGBoost, which
demonstrated strong performance across metrics for imbalanced datasets, can help policymakers

prioritize at-risk students for academic or financial support.
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5.1 Sample Descriptions

5.1.1 Full Sample (N =4,241)

The full sample included 4,241 students who declared STEM degrees in the fall semester
of their freshman year at twelve Maryland Universities. To minimize the impact of external
disruptions such as the COVID-19 pandemic, the dataset included students who were first-time
freshmen in Fall 2014. Among these students, 57.3% (2,432 students) successfully earned a
STEM degree within six years, while 42.7% (1,809 students) did not. The universities included
in the full sample spanned a diverse range of public and private institutions in Maryland. The
University of Maryland College Park accounted for the largest cluster, with 1,592 STEM stu-
dents, followed by the University of Maryland Baltimore County with 1,027 students. Smaller
institutions, such as Frostburg State University and Capitol College, contributed 77 and 31 stu-
dents, respectively, illustrating substantial variation in cluster sizes across the twelve universities
(Table 5.1).

Individual-level characteristics indicated an average SAT/ACT score of 1219 (SD = 193),
a freshman fall cumulative GPA of 3.0 (SD = 0.9), and an average of 13.7 (SD = 3.3) credits
earned in their first semester. The majority of students were Maryland residents (78.7%), and
the racial composition included 53.4% White, 21.6% Black, 17.9% Asian, and 7.1% Other. The
gender breakdown was skewed toward males (59.0%), with females making up only 41.0% of the
sample. Regarding financial aid, 74.9% filed a FAFSA, and 22.3% of the students received Pell
Grants. These descriptive statistics, summarized in Table 5.2, highlight the diversity of the full

sample across demographic and institutional factors. An unconditional random intercept model
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determined the ICC of this dataset as 0.11, reflecting a moderate degree of within-university

variation in STEM persistence.

Table 5.1: Universities and number of STEM students in full and imbalanced samples

University

Full Sample (N = 4,241)

Imbalanced Sample (N = 434)

University of Maryland College Park
University of Maryland Baltimore County
Towson University

Salisbury University

Frostburg State University

Stevenson University

Loyola University Maryland

Bowie State University

Coppin State University

Morgan State University

University of Maryland Eastern Shore
Capitol College

1,592
1,027
499
240
77
130
202
79
32
207
183
31

44
41
55
16
32
31
22
108
79
6

5.1.2 Imbalanced Sample (N = 434)

The imbalanced sample focused on a subset of 434 Black students who received Pell Grants

at 10 Maryland Universities. Among them, only 15.0% (65 students) completed a STEM degree

within four years, while 85.0% (369 students) did not. In this sample, Morgan State Univer-

sity represented the largest cluster with 108 students, while institutions such as Frostburg State

University and Capitol College contributed only 16 and 6 students, respectively (Table 5.1).

Compared to the full sample, this group had lower average SAT/ACT scores (979.2, SD

= 153.2), a lower freshman Fall GPA (2.6, SD = 0.9), and fewer credits earned in their first

semester (11.8, SD = 3.9). The gender distribution was nearly equal, with males comprising

49.5% of the sample and females 50.5%. Most students (83.2%) were Maryland residents, and

nearly all attended public universities (91.2%).
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Institutional characteristics also differed from the full sample, with only 32.0% of students
in the imbalanced sample attending large institutions. A greater proportion attended medium-
sized (35.7%) or small (32.0%) universities. These distinctions, summarized in Table 5.2, under-
score the unique characteristics of the imbalanced sample. An unconditional random intercept

model calculated the ICC of the imbalanced sample dataset as 0.10, which was similar to the full

dataset.
Table 5.2: Descriptive statistics for full and imbalanced samples

Variable ‘ Full Sample (N=4,241) ‘ Imbalanced Sample (N=434)
STEM Degree Completion (Yes) 57.3% 15.0%
STEM Degree Completion (No) 42.7% 85.0%
Maximum SAT/ACT Score (Mean + SD) 1219 + 193 979.2 + 153.2
Freshman Fall Cumulative GPA (Mean + SD) 3.0+0.9 26 +£0.9
Freshman Fall Credits Earned (Mean =+ SD) 13.7+3.3 11.8 3.9
Maryland Resident (Yes) 78.7% 83.2%
Maryland Resident (No) 21.3% 16.8%
Race - White 53.4% 0%
Race - Black 21.6% 100.0%
Race - Asian 17.9% 0%
Race - Other 7.1% 0%
Gender - Male 59.0% 49.5%
Gender - Female 41.0% 50.5%
Filed a FAFSA (Yes) 74.9% 100%
Filed a FAFSA (No) 25.1% 0%
Received Pell Grant (Yes) 22.3% 100.0%
Received Pell Grant (No) 77.7% 0%
College Average Freshman Fall GPA (Mean + SD) 3.0£02 27+£03
College Average Freshman Fall Credits Earned (Mean £ SD) 135+ 1.0 122+ 1.2
Public University (Yes) 92.7% 91.2%
Public University (No) 7.3% 8.8%
College Size - Large 73.5% 32.0%
College Size - Medium 17.6% 35.7%
College Size - Small 8.9% 32.0%
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5.2 Predicting STEM Persistence: Full Sample Analyses

5.2.1 Train-Test Split Within Clusters

When training and testing sets were split within clusters, model performance across evalu-
ation metrics varied (Figure 5.1). Logistic Regression, Lasso, and GLMMLasso achieved com-

parable classification accuracies (0.72-0.73) and high sensitivity (0.84), making them particularly
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effective in identifying students likely to complete their STEM degree.
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Figure 5.1: Performance metrics for standard and multilevel models, evaluated on
their ability to predict STEM persistence using the full sample with a within-cluster
train-test split. Metrics displayed include classification accuracy, F1 score, sensitiv-
ity, and specificity.
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SVM models demonstrated the strongest sensitivity (0.86-0.87), indicating their effective-
ness in identifying STEM degree completers. However, this strength came at the expense of
specificity, which was lower compared to other models. Despite good overall classification ac-
curacy relative to other models (0.72), this trade-off suggests that SVM models may overpredict
completers, which could limit their utility in scenarios where specificity is critical.

XGBoost stood out for its high specificity (0.84), highlighting its strength in identifying
students who did not graduate with a STEM degree. While its classification accuracy (0.73) was
comparable to simpler models like Logistic Regression, its ability to pinpoint at-risk students
underscores its potential utility for designing targeted interventions aimed at improving retention.

GLMM delivered a balanced performance across metrics, with sensitivity of 0.68 and speci-
ficity 0.74, resulting in the highest F1 score (0.69) and one of the highest AUC scores (0.71).
However, since neither its sensitivity nor specificity was the highest, other models might be more
desirable for specific scenarios, such as XGBoost for identifying non-completers or Logistic Re-
gression and SVM model for identifying completers. Multilevel random forests did not show
clear advantages over standard algorithms, while decision trees (both standard and multilevel)
performed poorly, with consistently low metrics across the board. Their poor classification accu-
racy (as low as 0.65) indicate that they are not suitable for this context.

Adding cluster IDs as fixed effects to standard models led to slightly improvements in
performance across multiple metrics under this train-test split condition (Figure 5.2). Including
cluster IDs likely enhanced the models by incorporating additional context about institutional
characteristics influencing STEM degree completion, which helped improve predictions for both
students who completed and those who did not complete their STEM degrees. For example,
Lasso with cluster IDs retained its sensitivity (0.84) while slightly improving its classification
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accuracy (0.73) and specificity (0.58).

Standard Models + Cluster IDs Performance Metrics — (Full Sample)
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Standard Models with Cluster IDs

Figure 5.2: Performance metrics for standard models with cluster IDs as fixed effects,
evaluated on their ability to predict STEM persistence using the full sample with a
within-cluster train-test split. Metrics displayed include classification accuracy, F1
score, sensitivity, and specificity.

Overall, the within-cluster split results suggest that standard models, such as Logistic Re-
gression, SVMs and XGBoost (with or without cluster IDs), can perform as well as or better than
multilevel models. XGBoost’s strength in identifying students who did not persist in STEM fields
could be especially valuable for developing targeted interventions to support at-risk students. By
contrast, models like GLMM may be preferred when a balanced approach is needed. These re-

sults provide a nuanced understanding of how model selection should align with specific goals,
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such as maximizing sensitivity or specificity.

5.2.2 Train-Test Split Between Clusters

In the between-cluster split scenario, model performance declined across most metrics,
reflecting the inherent difficulty of generalizing to unseen clusters (Figure 5.3). Logistic Re-
gression, Lasso, and Neural Nets maintained moderate classification accuracies (0.67), but their
ability to identify students who did not graduate with a STEM degree was limited, as evidenced
by low specificities (0.56-0.57). Neural Nets achieved the highest AUC (0.67) among the stan-
dard models, but its less than ideal F1 score of 0.60 suggested only marginal adaptability to the
more complex task of generalizing across clusters.

Decision trees and XGBoost demonstrated slightly lower classification accuracy (0.64-
0.65), but maintained balanced specificity and sensitivity, offering more consistent performance
across metrics. Multilevel models demonstrated stronger performance than standard models in
some metrics. GLMM stood out with the highest classification accuracy (0.67), specificity (0.75),
AUC (0.67), and F1 score (0.67), highlighting its strengths under these conditions. However,
multilevel models also faced challenges with sensitivity which limited their ability to reliably
identify STEM degree completers. Multilevel random forests performed well in identifying non-
completers (specificity 0.71) but exhibited lower sensitivity (0.60), suggesting limitations in their
overall utility.

Overall, no single model consistently outperformed others across all metrics in the between-
cluster split condition. GLMM offered the best performance across the most evaluation metrics;

however, neural nets closely followed in effectiveness. These results align with findings from the
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Model Performance Metrics — Between Cluster Split (Full Sample)
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Figure 5.3: Performance metrics for standard and multilevel models, evaluated on
their ability to predict STEM persistence using the full sample with a between-cluster
train-test split. Metrics displayed include classification accuracy, F1 score, sensitiv-
ity, and specificity.

simulation study, where performance similarly declined across all models in the between-cluster
split condition, and no model consistently excelled across all metrics. The general decline in per-
formance observed here underscores the challenges of generalizing predictions across clusters in

hierarchical data
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5.3 Predicting STEM Persistence: Imbalanced Sample Analyses

For the imbalanced dataset, the ROC curve was used to establish the optimal threshold
value for each model to ensure that predictions were better tailored to the skewed class distribu-
tion. These analyses demonstrate how models handle the smaller class, which in these analyses
consist of Black students who received a Pell Grant and graduated with a STEM degree in four

years.

5.3.1 Train-Test Split Within Clusters

The within-cluster split analysis highlights the challenges of achieving strong performance
in the context of a highly imbalanced dataset, where only 15% of students represent the minor-
ity class (STEM completers). In this context, metrics like F1-score and sensitivity are critical.
The F1-score provides a balanced measure of precision (the proportion of predicted STEM com-
pleters that are true completers) and recall (the proportion of actual completers correctly iden-
tified), making it particularly valuable for evaluating models on imbalanced data. Sensitivity is
especially important for ensuring that the model correctly identifies students who successfully
completed a STEM degree. While some models performed well on specific metrics, the overall
results suggest that significant improvements are needed to reliably predict outcomes for under-
represented groups (Figure 5.4).

Neural Nets achieved the highest F1 score of 0.65 and the highest specificity (0.91) among
all models. This indicates Neural Nets’ ability to correctly classify non-completers while main-
taining a sensitivity of 0.71. In an educational context, this is particularly relevant for intervention

programs, as high specificity ensures fewer false positives (non-completers mistakenly classified
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Model Performance Metrics — Within Cluster Split (Imbalanced Sample)
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Figure 5.4: Performance metrics for standard and multilevel models, evaluated on
their ability to predict STEM persistence using an imbalanced sample with an 85:15
class distribution with a within-cluster train-test split. Metrics displayed include clas-
sification accuracy, F1 score, sensitivity, and specificity.

as completers), optimizing resource allocation and targeting the right students. However, Lo-
gistic Regression and GLMM achieved the highest sensitivity (0.93), demonstrating their strong
capacity to identify STEM completers, the minority class. This came at the expense of specificity
(0.69), indicating a tendency to misclassify non-completers as completers. Other models also
showed moderate success with sensitivity. SVM with a linear kernel, multilevel decision trees,
and multilevel random forests each achieved sensitivity of 0.86, though their specificity and F1

scores were not as strong. Consistent with the simulation study findings, standard decision trees
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performed poorly, with outcome metrics ranging from as low as 0.20 to only 0.48, further con-
firming their unsuitability for imbalanced hierarchical datasets. The inclusion of cluster IDs as
fixed effects improved model performance for some metrics (Figure 5.5). XGBoost demon-
strated the most significant gains, with sensitivity increasing from 0.78 to 0.86 and classification
accuracy improving to 0.86, while maintaining specificity at 0.86. Random Forests also saw a
notable increase in sensitivity, from 0.79 to 0.86, although their specificity dropped slightly from
0.78 to 0.75. Logistic Regression experienced a decrease in sensitivity to 0.71, but its specificity
improved to 0.82, resulting in a more balanced performance. These results highlight the poten-
tial benefits of leveraging cluster-level information to capture hierarchical structure and improve
predictions in imbalanced datasets. However, even with these improvements, the overall perfor-
mance of the models remained suboptimal, emphasizing the need for innovative strategies, such
as alternative modeling approaches or the inclusion of richer predictors, to better address extreme

class imbalance in educational settings.
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Standard Models + Cluster IDs Performance Metrics — (Imbalanced Sample)
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Standard Models with Cluster IDs

Figure 5.5: Performance metrics for standard models with cluster IDs as fixed effects,
evaluated on their ability to predict STEM persistence using an imbalanced sample
with an 85:15 class distribution and a within-cluster train-test split. Metrics displayed
include classification accuracy, F1 score, sensitivity, and specificity.

5.3.2 Train-Test Split Between Cluster

The between-cluster split condition presented additional challenges, with model perfor-
mance declining across most metrics due to the absence of shared cluster representation in the
training and testing sets. These declines were particularly evident in sensitivity, which suffered
for most models, reflecting the difficulty of identifying the minority class (STEM completers) in

this more complex scenario (Figure 5.6).
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Model Performance Metrics — Between Cluster Split (Imbalanced Sample)
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Figure 5.6: Performance metrics for standard and multilevel models, evaluated on
their ability to predict STEM persistence using an imbalanced sample with an 85:15
class distribution with a between-cluster train-test split. Metrics displayed include
classification accuracy, F1 score, sensitivity, and specificity.

Neural Nets demonstrated the best overall performance in identifying the smaller class,

achieving the highest sensitivity (0.71) among all models. However, its specificity (0.60) re-

vealed limitations in correctly classifying non-completers which was reflected in its F1 score

(0.45). XGBoost followed closely, with a sensitivity of 0.67 and the second highest F1 score

(0.48), but it too struggled with specificity (0.62). Other models, including logistic regression,

Lasso, GLMM, and GLMMLasso, displayed average specificity (0.75) and classification accu-

racy (0.71). However, their sensitivity scores only reached 0.57, underscoring their limited utility
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in predicting the smaller class. Standard decision trees performed slightly better with respect
to specificity (0.84); however, their sensitivity scores (0.33) revealed significant challenges in
identifying STEM degree completers, making them unsuitable for applications where predicting
the smaller class is critical. These findings highlight the important considerations required when
working with imbalanced datasets and unseen clusters. While some models, such as Neural Nets
and XGBoost, show promise in addressing these challenges, the results underscore the need for
careful predictive modeling approaches to achieve consistent performance across both classes.
The findings of this analysis illustrate the challenges of addressing extreme class imbal-
ance in hierarchical educational datasets, where the minority class represents a small but critical
subset of students. While Logistic Regression and Neural Nets demonstrated strengths in sen-
sitivity, and XGBoost showed relatively balanced performance across sensitivity and specificity,
no single model emerged as consistently strong across all metrics. This underscores the inherent
complexity of working with imbalanced data. These trade-offs between sensitivity and speci-
ficity must be carefully evaluated based on the specific objectives of the intervention or policy
initiative. Additionally, the persistent challenges observed in the between-cluster split condition
indicate that traditional modeling approaches may not be sufficient for generalizing to unseen
clusters. This limitation has important implications for applications where models are expected
to predict outcomes for students in new schools or programs. Finally, the generally moderate to
poor performance across models highlights the need for ongoing research and methodological
innovation. Predictive models must not only address class imbalance but also account for the
unique challenges posed by hierarchical data structures. Future research should explore the in-
tegration of equity-focused metrics, such as fairness and bias assessments, to ensure that models

are not only accurate but also equitable in their predictions for underrepresented groups.
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5.4 Summary

The analyses in this chapter provided important insights into the context-specific strengths
and limitations of standard and multilevel machine learning models for predicting STEM degree
completion. Model performance varied significantly depending on the dataset characteristics and
evaluation context. In the full-sample within-cluster analysis, Logistic Regression and both SVM
models demonstrated strong sensitivity, excelling at correctly identifying STEM degree com-
pleters. Meanwhile, XGBoost stood out for its high specificity, making it particularly effective
for identifying non-completers. In contrast, the full-sample between-cluster analysis highlighted
GLMM’s ability to predict STEM degree noncompleters. Similar to the within-cluster analysis,
both SVM models demonstrated their ability to indentify students likely to complete their STEM
degree. The imbalanced data analyses revealed different patterns, with Neural Nets and XGBoost
often performing well relative to other models. These findings underscore the difficulty of ad-
dressing class imbalance and the necessity of carefully selecting models based on the specific
goals of the analysis. Across all contexts, no single model consistently excelled across all met-
rics, reinforcing the importance of tailoring predictive approaches to the unique characteristics of
each dataset.

These empirical analyses also mirrored findings from the simulation study, demonstrating
that incorporating cluster IDs as fixed effects can improve standard model performance, high-
lighting the importance of contextual information in predictive modeling and the potential effec-

tiveness of standard models in hierarchical settings.
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Chapter 6: Discussion

6.1 Overview of Findings

This dissertation explored the performance of standard and multilevel machine learning
algorithms in hierarchical data scenarios, emphasizing predictive modeling. Through simula-
tion studies and empirical analyses, the results revealed that while multilevel models generally
excel under conditions with high clustering effects (e.g., high residual level-2 variance), their
advantages diminished when these effects were less pronounced, aligning with prior studies that
suggested their utility is contingent on the strength of cluster-level dependencies. Standard al-
gorithms, especially those that incorporated fixed effects for cluster IDs, frequently closed the
performance gap, offering practical and computationally efficient alternatives in many scenarios.

The empirical analyses further highlighted the challenges of addressing class imbalance,
especially in predicting STEM persistence. Even with optimized thresholds, most models demon-
strated limited sensitivity and F1 scores for the minority class. Logistic Regression and GLMM
stood out for their strong sensitivity in identifying STEM completers, albeit at the cost of speci-
ficity, while Neural Nets and XGBoost offered more balanced but moderate performance across
metrics. These findings underscore the complexity of predictive tasks in hierarchical and imbal-

anced datasets.
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6.2 Contributions to the Literature

The findings of this dissertation contribute to the existing body of research on predictive
modeling in hierarchical data in several ways. First, by evaluating advanced standard algorithms
alongside multilevel methods, this study provided a broader perspective on the range of tools
available for hierarchical data analysis. While prior studies have primarily focused on tradi-
tional algorithms like logistic regression or random forests, this research also considered more
advanced standard algorithms such as XGBoost, SVM, and Neural Nets, which had not been
extensively explored in hierarchical data contexts. This work also highlighted the potential of
alternative approached to handle the complexities of hierarchical data effectively. In particular,
the results demonstrated that including cluster IDs as fixed effects in standard models enhances
their performance, bridging the gap with multilevel models even in datasets with high clustering
effects.

Second, this dissertation addressed gaps in the literature by exploring model performance
under a wide range of data-generating conditions, including variations in residual level-2 vari-
ance, the complexity of the data generating model, the number of clusters and individuals per
cluster, and training/testing split mechanisms. These analyses offer practical guidance for re-
searchers, particularly in fields like education, where hierarchical data structures are prevalent.
Finally, by highlighting the limitations of both multilevel and standard methods in generaliz-
ing to unseen clusters, this work provides a critical perspective on the challenges of hierarchical

prediction, even with appropriate multilevel modeling techniques.
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6.3 Practical Implications for Educational Researchers

The findings from this dissertation provide several practical insights into the application of
machine learning for educational researchers and policymakers working with hierarchical data.
In contexts where outcomes are strongly influenced by cluster membership, such as datasets with
high ICC values or substantial residual level-2 variance, multilevel models like GLMM remain
essential tools for capturing hierarchical dependencies and ensuring accurate and stable predic-
tions. However, this research also demonstrated that standard models incorporating fixed effects
for cluster IDs, such as XGBoost, Neural Nets, and simpler methods like Logistic Regression,
often perform comparably to multilevel models. These results also extend recommendations
suggesting that cluster IDs as fixed effects are appropriate for datasets with a small number of
clusters, showing instead that this approach remains viable even in datasets with large numbers
of clusters. Consequently, researchers can prioritize computationally efficient standard models
when interpretability and ease of implementation are important considerations.

Addressing the challenges posed by extreme class imbalance requires careful model selec-
tion and evaluation. The empirical analyses showed that Logistic Regression, with its high sensi-
tivity, is effective for identifying underrepresented groups, but this often comes at the expense of
specificity. Conversely, models like Neural Nets and XGBoost offer more balanced performance
across sensitivity and specificity, making them valuable for contexts where identifying at-risk
students while minimizing false positives is critical. These findings emphasize the importance of
selecting models that align with specific research or policy goals, such as maximizing inclusion
in intervention programs or targeting resources efficiently.

The persistent challenges observed in the between-cluster split condition highlight the dif-
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ficulties of generalizing predictions to unseen clusters. Incorporating additional level-2 predic-
tors, such as institutional characteristics or program-level data, may help mitigate these issues
by reducing unexplained variability at the cluster level. To aid researchers and policymakers in
making informed decisions about model selection, a flowchart summarizing recommendations
for predictive tasks is provided in Figure 6.1. This decision tool outlines key considerations,
such as whether predictions are being made for new clusters and the availability of high-quality

level-2 predictors, and highlights model options best suited to different scenarios.

Making a prediction
for a new cluster?

No
Yes
- - - High quality level-2 predictors?
High quality level-2 predictors? (i.e., low residual level-2 variance)
(i.e., low residual level-2 variance)
Yes / No
Yes
Most models will suffice
— - No Consider: Lasso + Cluster IDs
Logistic regression o ) XGBoost +Cluster IDs
Lasso Logistic regression
XGBoost Lasso GLMM
Collect additional level-2 predictors XGB
GLMM ; oost
Increase the number of clustersin GLMM
GLMMLasso traini t
raining set . GLMMLasso
Make predictions cautiously

Figure 6.1: Decision-making flowchart for selecting predictive models for hierarchi-
cal data.
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6.4 Limitations and Future Directions

While this research provides valuable insights into predictive modeling in hierarchical data,
it is important to acknowledge several limitations that could inform future studies. The empiri-
cal analyses relied on two educational datasets with relatively modest ICC values ranging from
0.10to 0.11. Although these datasets reflect realistic conditions in some educational contexts, the
findings may not generalize to settings with stronger clustering effects. Future research should ex-
plore model performance across datasets with a broader range of ICC values to better understand
the interaction between clustering effects and algorithm effectiveness. Additionally, the limited
number of clusters in the datasets may have influenced the observed model performances, high-
lighting the need for future studies to evaluate empirical datasets with larger numbers of clusters
to assess how this factor impacts predictive accuracy.

Another limitation lies in the study’s focus on classification tasks, leaving regression anal-
yses unexplored. Extending this research to include regression tasks could provide a more com-
prehensive understanding of how standard and multilevel methods perform across different pre-
dictive contexts. Similarly, while this dissertation emphasized overall predictive performance, it
did not evaluate the interpretability or usability of the models in real-world decision-making. Fu-
ture studies could incorporate feedback from practitioners and stakeholders to assess the practical
implications of using these models for policy and intervention design.

Both the simulation study and empirical analyses highlighted the difficulty of generaliz-
ing predictions to unseen clusters, a significant limitation for hierarchical modeling. Developing
innovative approaches to enhance generalization represents a promising direction for future re-

search. Additionally, the simulation study did not vary the random slope (02,) or provide certain

126



models with the correct functional form for nonlinear data-generating processes. Similarly, the
study used a multilevel random intercept model but did not include random slope models. The
absence of random slopes may have limited the ability of the multilevel models to fully cap-
ture variability in the relationships between predictors and outcomes across clusters if the true
data-generating model included random slopes. Addressing these limitations could yield more
nuanced insights into model performance and applicability.

Future research could also evaluate the performance of large language models (LLMs) in
hierarchical contexts. Given their increasing prominence in predictive modeling, LLMs may
also perform well on hierarchical datasets. Finally, future work should explore equity-focused
metrics, such as fairness and bias assessments, to ensure that predictive models not only achieve

strong performance but also promote equitable outcomes across diverse populations.
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Appendix A:  Appendix

Table A.1: Classification Accuracy ANOVA Results by Training-Testing Split Condition

Factor Degrees of Freedom F-Statistic P-Value 7?
Training-Testing Split

Overall 1 79844.0 <0.001 0.058
Within-Cluster Split

Model 11 317371.0 <0.001 0.844
DGP 5 69.2 <0.001 0.001
Residual Level-2 Variance 2 3288.0 <0.001 0.010

J 2 117.1 <0.001 <0.001
n; 1 1526.0 <0.001 0.002
DGP*Model 55 16.1 <0.001 <0.001
DGP#*Residual Level-2 Variance 10 0.6 0.775 <0.001
DGP*.J 10 0.8 0.664 <0.001
DGP*n; 5 0.7 0.645 <0.001
Residual Level-2 Variance*Model 22 7670.0 <0.001 0.030
Residual Level-2 Variance*.J 4 201.1 <0.001 0.001
Residual Level-2 Variance*n; 2 60.9 <0.001  <0.001
J*Model 22 1378.0 <0.001 0.007
J*n; 2 23.9 <0.001 <0.001
n;*Model 11 841.3 <0.001 0.002
DGP*Residual Level-2 Variance*Model 110 2.0 <0.001 <0.001
DGP*Residual Level-2 Variance*.J 20 0.2 1.000 <0.001
DGP*Residual Level-2 Variance*n; 10 0.1 1.000 <0.001
Residual Level-2 Variance*.J*Model 44 63.07 <0.001 <0.001
Residual Level-2 Variance*.J*n; 4 0.345 0.847 <0.001
Residual Level-2 Variance*n;*Model 22 73.05 <0.001 <0.001
J*n;*Model 22 45.01 <0.001 <0.001
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Factor Degrees of Freedom F-Statistic P-Value 7>

Between-Cluster Split

Model 11 91971.0 <0.001 0.611
DGP 5 50.85 <0.001 <0.001
Residual Level-2 Variance 2 51500.0 <0.001 0.138
J 2 2571.0 <0.001 0.008
n; 1 39.8 <0.001 <0.001
DGP*Model 55 10.2 <0.001 <0.001
DGP#*Residual Level-2 Variance 10 2.634 0.003 <0.001
DGP*.J 10 1.193 0.290 <0.001
DGP*n; 5 1.19 0.311 <0.001
Residual Level-2 Variance*Model 22 1772.0 <0.001 0.014
Residual Level-2 Variance*.J 4 96.61 <0.001 0.001
Residual Level-2 Variance*n; 2 38.84 <0.001  <0.001
J*Model 22 178.6 <0.001 0.002
J*n; 2 19.31 <0.001 <0.001
n;*Model 11 132.2 <0.001 0.001
Residual Level-2 Variance* JJ*Model 44 34.69 <0.001 0.001
Residual Level-2 Variance*.J*n;; 4 4.278 0.002 <0.001
Residual Level-2 Variance*n;*Model 22 30.68 <0.001  <0.001
J*n;*Model 22 13.36 <0.001 <0.001
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Figure A.1: Test set AUC by model and training-testing split.
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Figure A.2: Test set F1 Score by model and training-testing split.
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