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ABSTRACT

HIV/AIDS remains a significant public health challenge in the world, despite advancements in treatment and
prevention over the past few decades. Owing to this fact, we study the relationship between HIV mortality trends,
prevalence, and diagnosis rates by employing machine learning methods and optimal design theory. Using ad-
vanced machine learning models such as Multiple Linear Regression (MLR), Random Forest (RF), Gradient
Boosting Machine (GBM), Extreme Gradient Boosting (XGBoost), and Support Vector Regression (SVR), we
predicted HIV-related death rates. The analysis incorporates I-optimal design, a powerful methodology that
minimizes prediction variance to enhance model optimization and reliability. Data preprocessing ensured high-
quality inputs by addressing missing values, standardizing variables, and handling outliers. The findings reveal
that SVR outperformed other models with the lowest mean squared error and the highest RZ. Moreover, inte-
grating [-optimal design improved linear model performance. These results highlight the importance of aligning
data design methodologies with model complexity to inform public health interventions. The study underscores
the value of optimal design and machine learning in guiding evidence-based resource allocation and improving
health outcomes for HIV-affected populations.

Keywords: Human immunodeficiency virus; machine learning; optimal design; regression; random forest;
gradient boosting

1. INTRODUCTION

The human immunodeficiency virus is the cause of HIV infection. If HIV is left untreated, it may cause ac-
quired immunodeficiency syndrome (AIDS), the most advanced stage of HIV infection. It continues to spread
and affect the lives of millions of people across the globe. First recognized in the early 1980s, the HIV/AIDS
epidemic has profoundly impacted communities across the nation, leading to considerable medical, social, and
economic implications. As of recent data, an estimated 1.2 million people in the United States are living with
HIV, with thousands of new infections reported annually. While progress has been made in reducing transmis-
sion rates and improving access to life-saving treatments, disparities persist, particularly among marginalized
populations. Understanding the current landscape of HIV/AIDS in the United States involves examining evolv-
ing prevention strategies, healthcare interventions, and ongoing efforts to achieve broader health equity for all
affected individuals.

Over the time, the Centers for Disease Control and Prevention (CDC) took several initiatives to prevent and
control the HIV prevalence rate in the United States using several measures such as increasing HIV testing [1],
expanding the use of proven behavioral interventions in prevention programs for high risk populations [2], HIV
counseling [3] and etc. According to [3], while numerous interventions have been integrated into prevention
programs nationwide, their effectiveness hinges on significantly expanding their reach to expedite progress.
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Alarmingly, an estimated quarter of individuals living with HIV are unaware of their status. Moreover, within a
recent one-year span, only approximately 15% of men who have sex with men (MSM) engaged in individual-
level interventions, and merely 8% participated in group-level interventions—both recognized as highly effective
behavioral strategies.

There are several studies concentrated on estimation of HIV Incidence in the United States [4], HIV/AIDS
disease burden levels over the globe [5], few studies have reported the global burden and risk factors due to
HIV/AIDS. In this study, we use CDC HIV death, prevalence and diagnosis rate data from 2010-2021 in all 50
states to analyze and understand the impact of HIV Prevalence and Diagnosis rate on mortality rates [1].

Combining machine learning methods and optimal design theory, we investigate the relationship between
HIV mortality trends, prevalence, and diagnosis rates. We predict HIV-related death rates using advanced ma-
chine learning models, including SVR, MLR, RF, GBM, XGBoost, and GBM. I-optimal design, a powerful
method that reduces prediction variance to improve model optimization and reliability, is incorporated into the
analysis. Analyzing these impacts provides a comprehensive view of the HIV epidemic, facilitating evidence-
based decision-making such as improving treatment guidelines to improve health outcomes for affected popula-
tions.

The paper is organized as follows: In Section 2, we describe the methodology and data preparation proce-
dures employed in our study. Section 3 details the machine learning models used to predict HIV-related death
rates, along with the integration of I-optimal design to enhance model accuracy. Section 4 presents the results
of the analysis, highlighting the performance of the model and the improvements achieved by incorporating op-
timal design principles. Finally, Section 5 concludes with a discussion of the implications of these findings for
public health interventions and resource allocation, and offers recommendations for future research and policy
initiatives based on the insights derived from this study.

2. METHODOLOGY

The analysis aims to assess the impact of HIV prevalence and diagnosis rates on mortality rates across various
U.S. states. We used multiple machine learning models, including Multiple Linear Regression (MLR), Random
Forest (RF), Gradient Boosting Machine (GBM), Extreme Gradient Boosting (XGBoost), and Support Vector
Regression (SVR), to predict the rate of HIV-related deaths per 100,000 people. The models were evaluated
based on their mean squared error (MSE) and R-squared (R?) values on a holdout test set.

We incorporated I-optimality in our analysis which enhances the study by focusing on optimizing prediction
accuracy across the design space. Specifically, [-optimality emphasizes selecting a subset of data points that
minimize the average prediction variance for the response variable, in our case, HIV-related death rates. The
I-optimality criterion ensures a more efficient and informative design, across a wide range of the predictor
variables. By integrating [-optimality, the study can provide deeper insights into the relationship between HIV
prevalence, diagnosis rates, and mortality, ultimately leading to more robust and actionable conclusions. We
used this criterion to optimize the selection of data points, ensuring minimal average prediction variance across
the study region.

2.1 I-optimality and its implementation

As one of our main objectives is to have good prediction for the model, the I-optimality will play an important
role in this present work. I-optimality minimizes the average variance of the predicted responses over the design
space (experimental region). Other criteria, such as D-optimality, focus on maximizing the determinant of
the information matrix (which influences parameter estimation), whereas I-optimality focuses on minimizing
prediction uncertainty across the design space. When the objective is to provide predictions that are reliable in
a variety of contexts rather than just fitting a model to actual data, I-optimality is particularly pertinent. Every
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model has some uncertainty. An I-optimal design mathematically calculates the total amount of uncertainty
across the entire design space. It then chooses data points that minimize the average amount of uncertainty. Its
goal is to make the average prediction as reliable as possible, rather than focusing on just the best or worst case.
It prioritizes the quality of the model’s output (the prediction). Thus, the main purpose is to ensure that the
predictions are reliable and accurate across a wide range of the predictors.

Consider the problem of selecting an optimal design to furnish information on models of the type

y~7(ylx,0,0) (1)

where y is the response variable; x = (x{,x2,...,x,) " are design variables, x € X C R™, X is the design space;
0 = (61,6,,...,6,) " are unknown parameters; o is a nuisance parameter, fixed but unknown; and 7(-) is a
probability model. The true value of @ is known to belong to a set ® € R*. For each x € X, an experiment can
be performed whose outcome is a random variable (response) y(x), where var(y(x)) = 2. Further it is assumed
that y(x) has an expected value of the explicit form E(y|v) =v' 0, whereve V.,V ={vcRF:v=n(x),x € X'}
with 17(x) = (M1 (x),M2(x),...,Mk(x)) " Thus, V is the image under a set of regression functions 1) of X, called
the induced design space or design locus. Clearly choosing a vector x from the design space X is equivalent
to choosing a k-vector v from the closed bounded k-dimensional induced design space V. Note that typically
this design space is continuous however we can assume that V is discrete. Suppose that the space V consists of
J distinct vectors vy, v;,...,v;. In order to acquire an observation on the response y, a value for v must first be
selected from the J elements of V to be the point at which to take this observation. An approximate design is
characterized by a probability measure p defined on the design space X and hence on the induced design space
V. In practice we discretize these spaces. For example, in the case of one design variable, we approximate the
design space by a grid of points equally spaced at intervals between the end points of the design space. Let
V ={v1,v2,...,v;}. Then p is characterized by a set of weights p1, p», ..., py satisfying p; >0,j=1,2,...,J and
Y pj = 1. The weight p; is assigned to v;. We wish to optimally choose p = (p1,p2,...,ps)-

If O is the least squares estimator of @, then cov(@) o< M~!(p), where M(p) is the per observation informa-
tion matrix

J J
M(p) =} pjvjv; =VPV' =3 pm(x)n’(x;) o)
Jj=1 j=1

where V is the k x J matrix [viv;...v;], P = diag(p1, p2,..., ps). We wish to choose the proportion p; of obser-
vations taken at x; to ensure good estimation of @ by optimizing the I-optimality criterion, ¢;(p). Our problem
is to maximize ¢;(p) subject to p; >0, =1,2,....J,} p; = 1. Mathematically, we can write the I-optimality
criterion in terms of integrated variance. [-optimality minimizes

o = /X V(9(x)) dx 3)

In practice, we choose a set of design points (or factor levels) that lead to minimize ¢;. So we discretize the
design space X’ over a set of points, say {X|,X2,...,x;}. Then we minimize ¢; = Y., V($(x;)) or equivalently,
we minimize the total variance. In order to find the I-optimal design, we first define optimality conditions in
terms of point to point directional derivatives. Using differential calculus, we exploit the directional derivative
of [6]. The directional derivative Fy, {p,q} of ¢;(-) at p in the direction of g is defined by

¢/((1—¢€)p+eq)— dr(p)
€

F =1 4
oip.q} =lim 4)
The derivative Fy, {p,q} exists even if ¢(-) is not differentiable. If ¢(-) is differentiable, it can be shown that
Fy(p.q) = (q—p)'9¢/dp [7]. Let F; = Fy,(p,e;) where e; is the j unit vector in R’. We call F; the vertex
directional derivative of ¢(-) at p.
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We will use the Federov algorithm and make use of the I-optimality. The Fedorov algorithm for I-optimality
is a powerful tool in experimental design that helps to optimize the precision of parameter estimates in a regres-
sion model. This is an iterative procedure as given in the following:

Initialization: A random subset of design points is selected from the candidate set provided in the data
argument. This is a set of points in the design space X'. For each design point in the current design, calculate
the information matrix M(p) as given in (2). This initial design is evaluated using the I-optimality criterion.

Iterative Improvement: At each iteration of the algorithm, a design point is swapped with a candidate point
from the pool. The swap is accepted if it improves the I-optimality criterion value (reduces the average or total
prediction variance, as described in the above methodology).

Convergence: The process continues until no further improvements can be made, or a specified number of
iterations is reached. The optimal design must satisfy the optimality conditions. As the I-optimality criterion
¢;(-) is differentiable at an optimizing distribution p, then the first-order optimality conditions are

=0 forp;>0
<0 forp;=0.

Fj = F¢1{P,ej}{

where F; are the vertex directional derivatives of ¢;(-) at p (4). If a criterion is not concave or convex, a second
order condition is used [8]. The above optimality condition is known as the general equivalence theorem in
optimal design [9].

Result: The final design is returned, which minimizes the average prediction variance across the design
space.

To identify a subset of training points that maximizes predictive efficiency, we used I-optimal design, which
selects observations that minimize the average prediction variance across the design space [10, 11]. The I-
optimal criterion is well-suited for regression-based prediction because it prioritizes selecting points that im-
prove overall predictive precision rather than only parameter estimation.

I-optimal Design and the Fedorov Exchange Algorithm
The Fedorov exchange algorithm selects an optimal subset of design points from a larger candidate pool. In our
study, it operates in four steps:

* Candidate set. Within each training fold, we sort the training data by the two predictors and select 100
evenly spaced points.

Initial design. A random subset of 40 candidate points is chosen as the starting design.

* Swap-and-improve. Points in the design are iteratively swapped with points outside it, and a swap is
accepted if it reduces the I-optimality criterion (average prediction variance).

* Convergence. Swapping stops when no further improvement is possible, yielding the I-optimal subset.

Role in the Modeling Pipeline
I-optimal selection is performed only within each training fold to prevent data leakage. Models are then trained
on either the full training data or the I-optimal subset, and both are evaluated on the held-out test fold. The full
workflow is shown in Figure 1.

2.2 Data Preparation

The dataset for this study was obtained from the CDC and spans the years 2010 to 2021. The data is available in
public domain (Centers for Disease Control and Prevention) [12]. It encompasses various HIV-related variables
across different states in the U.S., including:
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Figure 1: Workflow for integrating the I-optimal design into the modeling pipeline.

* Geography: The state or region where the data was collected.

* Year: The year in which the data was recorded.

HIV Deaths: The number of deaths due to HIV in each state.

» HIV Diagnoses: The number of new HIV diagnoses reported in each state.

HIV Prevalence: The rate of HIV prevalence in each state.

The data preparation process involved several critical steps to ensure the dataset’s quality and suitability for
analysis:
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1. Handling Missing Values: Missing values in the dataset were identified as strings such as “Data not
available” and “NA.” These entries were addressed to prevent them from affecting the analysis. These
missing values were excluded due to their impact and prevalence.

2. Data Dimensions Check: The dimensions of the dataset were verified to confirm that it loaded correctly
and included all necessary variables. This step ensured that the data structure aligned with expectations.

3. Categorical Variables Conversion: The variables ‘Year’ and ‘Geography’ were converted into factors.
This conversion was crucial for facilitating categorical data analysis and modeling, as it allows the soft-
ware to treat these variables appropriately during statistical analyses.

4. Filtering Relevant Features: The dataset was filtered to retain only the key features: HIV deaths, HIV
diagnoses, and HIV prevalence. This subset of data focused on the variables directly relevant to the study’s
objectives. The CDC HIV surveillance dataset did not include regional or socio-economic variables such
as income, education, or poverty rates. Therefore, the analysis focused on the epidemiological indicators
available across all states and years—HIV deaths, HIV diagnoses, and HIV prevalence. To account for un-
observed differences over time and between states, both Year and Geography were modeled as categorical
factors.

5. Correction of Inconsistencies: Inconsistencies in the ‘Geography’ variable were identified, such as state
names with extraneous characters. These were corrected to ensure consistency and accuracy in the dataset.

6. Data Reshaping: The dataset was reshaped from a long format to a wide format. In the long format, data
were stacked in a single column with multiple rows, while the wide format has separate columns for each
variable. This transformation made it easier to apply machine learning models and perform analysis.

7. Exclusion of Outliers: The ‘District of Columbia’ was excluded from the dataset as it was considered an
outlier. This decision was based on the dataset’s context and the need for consistent regional data.

8. Removal of Unnecessary Columns: Several columns that were deemed irrelevant to the analysis, such as
metadata and identifiers, were removed. This step streamlined the dataset and focused it on the variables
essential for the prediction tasks.

2.3 Missing Data and Sensitivity Analysis

Following data cleaning, additional diagnostic checks were performed to evaluate the extent and mechanism of
missingness and to assess the influence of potential outliers such as the District of Columbia. These sensitivity
analyses ensured that the dataset used for modeling was both statistically sound and representative of national
HIV trends.

To evaluate data quality and ensure the robustness of the analytical dataset, additional diagnostics were con-
ducted to examine patterns of missingness and potential outliers. Little’s MCAR test indicated that missingness
in the original dataset was not completely at random (%2(9) = 3039, p < 0.001). In response, analyses were
restricted to complete indicators—HIV deaths, HIV diagnoses, and HIV prevalence—to minimize potential bias
associated with nonrandom missingness. After applying these filters, the final analytic dataset consisted of 600
complete state—year observations with no missing values.

The District of Columbia (DC) was further assessed for its potential influence due to its disproportionately
high HIV rates compared to other states. To determine its impact, models were refitted with and without DC
observations. The resulting predictions were highly consistent (correlation r > 0.996), with only modest dif-
ferences in fit statistics (AR?> = —0.3% to +14.5%; ARMSE up to —68%) and year-trend estimates (17-46%
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change). Despite this, DC exhibited moderate influence (|DFBETAS| up to 4.2), suggesting that its inclusion
introduced instability in parameter estimates and reduced cross-validation consistency. Therefore, to enhance
model stability and maintain comparability across states, all subsequent analyses were conducted excluding the
District of Columbia.

2.4 Data Split

After preparing the dataset, the final version contained 600 rows, each representing a unique geographical region.
The dataset was structured to include several HIV-related indicators with the following columns:

e HIV Deaths: The count of HIV-related deaths per region.

* HIV Diagnoses: The number of new HIV diagnoses per region.
* HIV Prevalence: The rate of HIV prevalence per region.

Each indicator provided two types of information:

* Cases: The raw count of reported cases.

* Rate per 100,000: The standardized rate of occurrence per 100,000 population.

2.5 Data Split and Validation

To facilitate the development and validation of machine learning models, the dataset was partitioned into training
and testing sets using the following criteria.

Because the analytic dataset was modest in size (approximately 600 state—year observations), we evaluated
all models using nested k-fold cross-validation rather than a single train—test split. Specifically, we used an outer
10-fold cross-validation to estimate out-of-sample performance. In each outer fold, approximately 90% of the
data were used for training and 10% were held out for testing. Within each outer training fold, we performed
an inner 5-fold cross-validation to tune hyperparameters for the non-linear models (Random Forest, Gradient
Boosting, XGBoost, and Support Vector Regression). Model performance was summarized across the 10 outer
folds using the mean and standard deviation of the mean squared error (MSE) and coefficient of determination
(R?).

To evaluate the impact of I-optimal design, we implemented the design selection within each training fold
only, thereby avoiding any information leakage from the test data. For a given outer fold, the training data were
first sorted by HIV diagnosis and HIV prevalence rates, and a candidate set of up to 100 evenly spaced points
was constructed. The Fedorov algorithm with an I-optimality criterion was then applied to this candidate set to
select a subset of 40 design points. Models were trained either on (i) the full training data or (ii) the I-optimal
training subset, and in both cases were evaluated on the same held-out test fold.

2.6 Software and Computational Environment

All analyses were conducted in R using RStudio. The main packages employed included tidyverse for data
wrangling and visualization, caret for model training and cross-validation, randomForest, gbm, and xgboost
for ensemble learning, e/071 for support vector regression, and AlgDesign for implementing I-optimal design.
Additional packages such as performance, broom, naniar, BaylorEdPsych, and mvnmle were used for model
diagnostics, handling missing data, and statistical testing.
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3. MODEL SELECTION AND APPROACHES

There are a diverse array of machine learning algorithms can be employed to model and predict continuous
outcomes such as multiple linear regression, k-nearest neighbors, decision trees, random forest, gradient boost-
ing, extreme gradient boosting and support vector machines. In this study, we have implemented several of
these approaches. These methods fall under the category of supervised machine learning, which utilizes labeled
datasets to train algorithms that either classify data or predict outcomes with high accuracy. Supervised learning
enables organizations to address various real-world challenges on a large scale, such as separating spam emails
from your inbox. In supervised learning, each training example is paired with an output label, and the algo-
rithm learns to map inputs to these outputs. The goal is to build a model that can make accurate predictions or
classifications on new, unseen data based on what it has learned from the training data. In essence, supervised
learning algorithms learn from the training data to make informed predictions or decisions based on new inputs.
Supervised learning can be separated into two types of problems when data mining—classification and regres-
sion. Classification algorithms assign test data to specific categories, recognizing entities and determining their
labels. Regression analyzes the relationship between dependent and independent variables.

Five predictive models were evaluated to capture both linear and nonlinear relationships between HIV mor-
tality and the explanatory indicators (HIV diagnoses and HIV prevalence): Multiple Linear Regression (MLR),
Random Forest (RF), Gradient Boosting Machine (GBM), Extreme Gradient Boosting (XGBoost), and Sup-
port Vector Regression (SVR). This combination balances interpretability with predictive flexibility across
algorithmic families. Methods such as k-Nearest Neighbors and Neural Networks were not applied because
the dataset (600 observations x 9 variables) was relatively small, increasing the risk of overfitting for high-
capacity models. All models were implemented in R using 10-fold cross-validation. Key tuning parameters
were: RF (ntree = 100, mtry = VP GBM (n.trees = 100 — 1000, interaction.depth = 1 — 5, shrinkage = 0.1,
bag. fraction = 0.6); XGBoost (nrounds = 50— 500, eta = 0.05 — 0.3, max_depth =1—35, subsample = 1); and
SVR (radial kernel, cost = 1, epsilon = 0.2). The MLR model was fitted using ordinary least squares without
regularization.

3.1 Linear Regression Model

Linear Regression is a fundamental statistical method used to examine the relationship between a dependent
variable and one or more independent variables. This technique is widely applied to understand how changes
in independent variables affect the dependent variable and to make predictions about future outcomes. When
the analysis involves only one independent variable and one dependent variable, the method is known as simple
linear regression. When two or more independent variables are used to predict a single dependent variable,
the analysis is called multiple linear regression [13, 14]. This extension of simple linear regression accommo-
dates more complex scenarios in which multiple factors influence the dependent variable. The relationship is
represented by a plane or hyperplane in higher dimensions and is described by the equation:

Y=Lo+BiXi+BXo+ - +PXy+e (5)

For multiple linear regression, the coefficients are estimated using the least squares method to minimize the
difference between the observed and predicted values, providing the best-fitting hyperplane to the data.

To explore the relationship between the response variable, the rate of HIV-related deaths per 100,000 popula-
tion, and the two predictors—rate of new HIV diagnoses per 100,000 population, and the rate of HIV prevalence
per 100,000 population—we employed multiple linear regression to build a predictive model. By developing
this model, we can identify which predictors are insignificant and remove those that do not contribute effectively
to predicting the rate of HIV-related deaths per 100,000 population. To ensure the precision of our predictive
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model for the rate of HIV-related deaths per 100,000 population, we checked for collinearity among the predic-
tors. This process helps us refine the model to make it more appropriate for prediction.

3.2 Random Forest

Random forest regression is a supervised learning algorithm that employs an ensemble method by building
multiple decision trees and aggregates their predictions. In this approach, multiple trees are generated using
bootstrap samples from the training data, and efforts are made to reduce the correlation between the trees [15].
By combining the results from several trees, the random forest algorithm improves accuracy and reduces overfit-
ting compared to individual decision trees. It is a special case of bagged tree model that improves upon bagged
trees by introducing a small tweak that decorrelates the trees. In bagging certain features may be very important,
leading to highly correlated decision trees. To mitigate this, random forest randomly selects a subset of features,
decorrelating the trees, and reducing the variance when the trees are averaged.

Similarly to bagging, random forests build multiple decision trees on bootstrapped training samples. How-
ever, when constructing these trees, a random selection of m predictors is chosen as candidates from the full set
of p predictors, and the split is allowed to use only one of those m predictors. A new selection of m predictors is
taken at each split, and typically we choose m = ,/p, meaning that the number of predictors considered at each
split is approximately equal to the square root of the total number of predictors.

3.3 Gradient Boosting Machine

Gradient Boosting Machine, a powerful machine learning technique that builds models sequentially by optimiz-
ing the residual errors of previous models. It belongs to the family of ensemble methods and is commonly used
for both regression and classification tasks. GBM [16] is based on the boosting technique, which combines the
strengths of multiple weak learners (typically decision trees) to create a strong predictive model. Each new tree
is built to correct the errors made by the previous ones. GBM uses gradient descent to minimize the loss function
(the error or difference between the predicted and actual values). The model iteratively adds trees that point in
the direction of the steepest descent, effectively reducing the error with each step. Each tree in the sequence is
trained on the residuals (errors) of the previous tree. The idea is to reduce the residuals at each step, gradually
improving the model’s predictions. GBM includes a learning rate parameter that controls how much each tree
contributes to the final model. A smaller learning rate generally leads to better performance but requires more
trees.

3.4 Extreme Gradient Boosting

Extreme Gradient Boosting (XGBoost) is an advanced implementation of the gradient boosting algorithm de-
signed for high efficiency and performance. It is a scalable and highly optimized machine learning algorithm
based on the gradient boosting framework. Unlike traditional gradient boosting, XGBoost [17] introduces a
number of algorithmic enhancements that make it particularly effective for large-scale and complex predictive
modeling tasks. This method is known for its speed, accuracy, and robustness, making it a popular choice in
both academic research and industry applications. It is a “super charged” version of boosted trees and is one
of the main state-of-the-art methods. While it might not work better than bagging or boosting in all circum-
stances, it has demonstrated impressive performance on very hard ML problems. It’s particularly well-suited
for structured/tabular data and has gained significant popularity due to its success in various machine learning
competitions and practical applications.
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3.5 Support Vector Regression

A support vector machine is a popular supervised learning model developed by Vladimir Vapnik, used for
both data classification and regression. It is a widely used classifier recognized for accuracy, flexibility and
robustness. Support Vector Regression (SVR) is an extension of the Support Vector Machine (SVM) [18, 19]
algorithm, which is primarily used for classification tasks, into the domain of regression. SVR is particularly
useful in scenarios where the goal is to predict a continuous outcome variable. It is built upon the principles of
Support Vector Machines (SVMs), a popular classification algorithm, and adapts these principles to predict con-
tinuous outcomes rather than discrete class labels. The core idea of SVR is to find a function that approximates
the relationship between input variables and the continuous output, while maintaining a margin of tolerance
within which predictions are allowed to deviate from the actual observed values.

4. RESULTS AND DISCUSSION

4.1 Model Performance Using Full Data vs. I-Optimal Subsets

In this study, we applied five different machine learning models to predict HIV death rates per 100,000 people
based on the HIV diagnosis and prevalence rates. The models used were multiple linear regression (MLR),
random forest (RF), gradient boosting machine (GBM), extreme gradient boosting with hyperparameter tuning
(XGB-tuned), and support vector regression (SVR) - using nested 10-fold cross-validation. For each outer fold,
models were trained either on the full training set or on a 40-point I-optimal subset constructed exclusively
from that training fold. Performance was assessed using mean squared error (MSE) and the coefficient of
determination (R?) on the held-out test fold.
Visual Comparison of Model Performance (Full vs I-optimal)

Test MSE acrose models: Full data vs |-optimal subset

Training design
Full

Fopimal (n=40)

Mean test MSE (10-fold CV)

".'l:::del
Figure 2: Comparison of mean test MSE across models trained on the full dataset versus the I-optimal subset.

Figure 2 shows the mean MSE for each model under the full-data and I-optimal training regimes. When
trained on the full dataset, the nonlinear models exhibited the strongest predictive accuracy, with SVR achieving
the lowest MSE (0.74), followed by XGBoost (0.78), RF (0.80), GBM (0.83), and MLR (0.87).
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Training on the I-optimal subset increased prediction error for all models, but especially for the nonlinear
methods. MSE rose to 1.43 for RF, 1.44 for GBM, 1.67 for XGBoost, and 4.31 for SVR, indicating reduced
ability to learn complex patterns when trained on a much smaller design-optimized subset. In contrast, MLR
showed only a modest increase in error (MSE 0.94), consistent with the fact that I-optimality is specifically
designed to improve prediction efficiency for linear models.
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Figure 3: Comparison of mean test R> values across five predictive models trained on the full dataset versus the

I-optimal subset, based on 10-fold cross-validation.
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Figure 3 displays the corresponding R? values. Full-data models achieved high predictive power (R” ranging
0.91-0.93), with SVR and XGBoost performing best. Under I-optimal subsampling, R” values declined for
all models, again most substantially for nonlinear methods (e.g., SVR R? dropped from 0.93 to 0.58). MLR
maintained a relatively high R? (0.90) even with only 40 design points, highlighting the suitability of I-optimality
for linear prediction tasks.

4.2 I-optimal Design and Data Geometry

To illustrate how I-optimality selects training points, Figure 4 overlays the 40-point I-optimal subset on the full
predictor space defined by HIV diagnosis and prevalence rates. The selected points are spread across the domain
and cover regions that contribute most to reducing average prediction variance under a linear model.

Figure 5 plots the prediction standard error (SE) surface from the MLR model, with I-optimal points overlaid.
The I-optimal subset tends to cluster in areas with higher SE, demonstrating that the algorithm preferentially
samples locations where additional information is most valuable. This visual evidence helps explain why linear
modeling performance remains stable even with substantial data reduction, whereas nonlinear models—which
rely on dense sampling to learn complex interactions—show a pronounced decline in accuracy when trained on
the reduced subset. Together, Figures 4 and 5 show how I-optimal design shapes the geometry of the training
data and why its benefits are model-dependent.
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Figure 4: I-optimal design points overlaid on the full predictor space. The scatterplot shows how the I-optimal
subset (red points) spans the range of HIV diagnosis and prevalence rates in the training data, illustrating how
the design selects points that efficiently cover the predictor domain.

4.3 Summary of Performance Patterns

The cross-validated results highlight clear differences in how models respond to I-optimal subsampling. Linear
models such as MLR retain most of their predictive performance because I-optimality directly minimizes lin-
ear prediction variance. In contrast, nonlinear models—including RF, GBM, XGBoost, and SVR—experience
systematic degradation in accuracy, as the 40-point I-optimal subset does not preserve the richer interaction
structure these algorithms rely on to capture complex patterns. SVR, which performs best on the full dataset,
is the most adversely affected, reflecting its sensitivity to the diversity and density of the training data. Overall,
these findings underscore the importance of aligning data design strategy with the modeling approach: while
optimal design can enhance efficiency for linear models, nonlinear machine learning methods generally require
larger and more comprehensive datasets to achieve optimal predictive performance.

4.4 Discussion

The study highlights the trade-offs between dataset design and model performance, particularly when comparing
a full dataset to an I-optimal design subset of 40 design points. Although I-optimality is theoretically designed to
reduce prediction variance for linear models, our cross-validated results showed that Multiple Linear Regression
(MLR) maintained comparable—but slightly lower—predictive accuracy when trained on the I-optimal subset
relative to the full dataset. This indicates that while the I-optimal subset preserves essential linear structure,
it does not empirically improve MLR performance under repeated subsampling. The modeling results further
show that HIV diagnosis rates are inversely associated with mortality, suggesting that expanding early testing
and diagnosis reduces HIV-related deaths through timely treatment initiation and improved retention in care. In
contrast, higher HIV prevalence rates are positively associated with mortality, reflecting the cumulative disease
burden and ongoing care demands within more heavily affected states. Over the period 2010-2021, the models
captured a gradual decline in HIV mortality, consistent with national improvements in antiretroviral therapy
(ART) access and testing coverage, although declines were slower in Southern states where prevalence remains
disproportionately high.

From a modeling standpoint, I-optimal design selection maintained reasonable stability for linear models
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Figure 5: Prediction standard error surface from the multiple linear regression model with I-optimal design
points overlaid. The I-optimal points concentrate in regions with higher prediction uncertainty, demonstrating
how the design minimizes the average prediction variance across the predictor space.

but produced substantial reductions in predictive performance for nonlinear methods such as Random Forest
(RF), Gradient Boosting Machines (GBM), XGBoost, and Support Vector Regression (SVR). These nonlin-
ear algorithms rely on larger, more diverse training samples to capture interaction effects and complex non-
linear relationships that a 40-point I-optimal subset cannot represent. SVR, the strongest-performing model
on the full dataset, experienced the most pronounced degradation under I-optimal subsampling, underscoring
its sensitivity to training sample diversity. These results align with epidemiologic and statistical theory: lin-
ear models effectively summarize broad population-level associations and therefore remain relatively robust to
variance-optimized subsampling, whereas flexible machine learning models require denser and more heteroge-
neous datasets to model nonlinearities accurately. Thus, while I-optimality is a powerful tool for experimental
efficiency in linear modeling, its utility diminishes for nonlinear, interaction-heavy machine learning approaches
that thrive on larger design spaces. These observations are consistent with prior work showing that I-optimal
designs minimize prediction variance for linear models, whereas nonlinear models require richer data coverage
to capture curvature and interaction structures effectively. [20, 21]

4.5 Implications

The findings underscore critical considerations for designing datasets tailored to predictive modeling studies. In
settings where models such as multiple linear regression (MLR) are sufficient, or where computational resources
or data collection capacity are limited, [-optimal design remains a valuable strategy because it preserves essential
linear information while substantially reducing dataset size. Although the I-optimal subset did not improve MLR
performance in our cross-validated analysis, it maintained comparable predictive accuracy to the full dataset,
demonstrating its practical utility in scenarios requiring efficient, cost-conscious data collection without major
loss of interpretability or predictive capability.

In contrast, the results clearly show that advanced nonlinear machine learning models—including Random
Forests (RF), Gradient Boosting Machines (GBM), XGBoost, and Support Vector Regression (SVR)—require
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the richness and diversity of the full dataset to capture complex interactions and nonlinear relationships inherent
in epidemiological processes. As these models exhibited substantial reductions in predictive accuracy when
trained on the I-optimal subset, our findings suggest that researchers and public health practitioners intending to
use flexible learning algorithms should prioritize broad, comprehensive data collection strategies.

Consequently, the implications of this study emphasize the importance of aligning data design methodolo-
gies with analytical objectives. I-optimal designs may be advantageous when linear modeling suffices or when
resources constrain data acquisition, whereas nonlinear machine learning applications benefit from larger, more
heterogeneous datasets that adequately represent underlying complexity. Balancing efficiency with the demands
of the chosen modeling framework is therefore essential for producing reliable and informative predictive anal-
yses in public health settings.

S. CONCLUSION

The comparison between the full dataset and the I-optimal design subset demonstrates the important role of data
design in shaping predictive performance across different modeling approaches. Our results show that while I-
optimality preserves the essential structure needed for linear prediction, it does not improve the performance of
Multiple Linear Regression (MLR) under cross-validation. Instead, it provides a more compact training set that
maintains comparable accuracy, making it a practical option in settings where data collection is costly or sample
sizes are inherently limited. In contrast, nonlinear machine learning methods—including Random Forests (RF),
Gradient Boosting Machines (GBM), XGBoost, and Support Vector Regression (SVR)—exhibited substantial
reductions in predictive accuracy when trained on the I-optimal subset. These models rely on rich and diverse
training data to capture nonlinearities and interactions, and thus benefit far more from the full dataset.

The use of the Fedorov exchange algorithm to construct I-optimal designs highlights how optimal design
theory can strategically reduce dataset size while retaining key predictive information for linear models. This ap-
proach has particular relevance in resource-constrained public health environments, where robust inference must
sometimes be drawn from limited or selectively collected data. However, the diminished performance of non-
linear models under I-optimal subsampling underscores that optimal design is not universally advantageous—its
utility depends critically on both the modeling framework and the complexity of the underlying data-generating
process.

Overall, the findings emphasize the need to align data design methodology with the analytical goals and
model class. While I-optimality offers efficiency and stability for linear modeling, flexible machine learning
models require larger, more heterogeneous datasets to achieve high predictive accuracy. Future research may
explore hybrid strategies that integrate optimal design principles with modern machine learning workflows, en-
abling researchers to balance computational efficiency with the need to preserve the structural richness required
for complex predictive tasks.
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