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Abstract—The scalability of predictive models has become a
critical factor in modern machine learning, as data volumes grow
and computational resources diversify. This study presents an
empirical benchmark of three widely used regression paradigms:
Elastic Net, XGBoost, and Multi-Layer Perceptrons (MLPs). The
Obesity Estimation dataset is used to evaluate both predictive
performance and computational scalability across multi-core
CPUs and GPUs. Unlike prior studies that primarily emphasize
accuracy, we explicitly examine the trade-offs between accuracy,
training time, and hardware efficiency. Models are evaluated
under staged training loads (10–100% of data) with grid-searched
hyperparameters (for Elastic Net and XGBoost) and regularized
deep architectures (for MLP). Results demonstrate that while
XGBoost achieves the highest predictive accuracy (R2 = 0.91),
it incurs significant computational overhead on CPUs, whereas
GPU acceleration substantially improves its scalability. MLPs
provide competitive accuracy (R2 = 0.87) with an order-of-
magnitude lower training time on GPUs, making them attractive
for rapid or repeated retraining. Elastic Net offers interpretability
and linear scalability on CPUs, but lags in predictive power.
These findings provide practitioners with a decision framework:
XGBoost for maximum accuracy, MLPs for efficient retraining, and
Elastic Net for interpretability and small-scale tasks. More broadly,
this work highlights that hardware selection is as important as
algorithm choice, with GPUs serving as enablers of state-of-the-
art performance on structured data.
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I. INTRODUCTION

The rapid expansion of data in the 21st century has firmly
established machine learning as a cornerstone of innovation in
science, industry, and society. The ability to extract predictive
insights from large-scale datasets has enabled transformative
applications ranging from medical diagnostics to financial
modeling. However, this data-centric revolution also introduces
a significant challenge: the scalability of computation. As
datasets grow from megabytes to gigabytes and beyond, the
computational time and resources required to develop increas-
ingly complex predictive models become a critical research
and development bottleneck [1], [2].

Selecting an appropriate machine learning model is, there-
fore, a multidimensional decision problem. While traditional
approaches have primarily emphasized predictive accuracy
as the benchmark of success, modern data science practice
demands a broader evaluation framework. Factors such as
training time, computational cost, interpretability, and ease
of deployment are now equally important [3]. Consequently,
researchers and practitioners are scrutinizing how different

model architectures perform under diverse computational and
hardware constraints.

The computational landscape itself has undergone dramatic
change. Historically, machine learning tasks were executed pri-
marily on multi-core Central Processing Units (CPUs), which
are optimized for sequential task execution. The emergence of
General-Purpose Graphics Processing Units (GPGPUs), how-
ever, has redefined the paradigm. With thousands of parallel
cores, GPUs are capable of delivering orders of magnitude
improvements in speed, particularly for algorithms dominated
by large-scale matrix and vector operations [4], [5]. This shift
has sparked growing interest in systematically examining the
interplay between algorithmic complexity, hardware efficiency,
and scalability.

In this context, the study presents an empirical investigation
of these trade-offs, focusing on three widely adopted model
families that represent distinct paradigms of predictive model-
ing:

• Regularized Linear Models (Elastic Net): A strong
and interpretable baseline that combines L1 and L2
regularization to address multicollinearity and feature
selection. Its convex optimization formulation makes
it computationally efficient on CPUs [6].

• Gradient Boosted Trees (XGBoost): A state-of-the-art
ensemble method highly effective for structured and
tabular data [7]. Despite its sequential tree-building
nature, modern implementations exploit parallelization
on both CPUs and GPUs for improved efficiency.

• Neural Networks (Multi-Layer Perceptrons): Founda-
tional deep learning architectures capable of learning
complex non-linear relationships [4]. Their reliance on
matrix multiplications makes them particularly well-
suited for GPU acceleration during training.

The purpose of this study is to provide a transparent and
practical benchmark for data scientists and engineers using
the publicly available Obesity Dataset [8]. We evaluate these
three model families under identical preprocessing pipelines,
comparing their predictive accuracy, computational cost, and
scalability across CPU and GPU environments. Unlike prior
studies that focus predominantly on accuracy or single-
hardware evaluations, this work provides empirical evidence
of the performance–scalability trade-offs and highlights the
decisive role of hardware in model selection. In doing so,
the study delivers actionable insights into how practitioners
can balance accuracy, efficiency, and interpretability when
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selecting the appropriate model–hardware configuration for
real-world applications.

II. RELATED WORK

Comparative analysis of machine learning models has long
been a cornerstone of the discipline. However, contemporary
research is increasingly extending beyond accuracy-focused
evaluations toward computational trade-offs, scalability, and
interpretability. This section reviews key literature about the
model families and hardware configurations that underpin the
present study.

A. Foundations of Gradient Boosting

Gradient Boosting, first proposed by Friedman [9], revo-
lutionized predictive modeling by demonstrating that a strong
learner could be constructed through the sequential training
of weak learners—typically decision trees—to correct pre-
decessor errors. The introduction of XGBoost by Chen and
Guestrin [7] marked a pivotal engineering advance, offer-
ing novel solutions to scalability challenges through efficient
sparse-aware algorithms and block-based cache optimization
for out-of-core computing. Their implementation further lever-
aged multi-core CPU parallelization to achieve significant
performance gains.

Subsequent adaptations extended gradient boosting to GPU
architectures, with Mitchell and Frank [10] demonstrating that
the computational bottleneck in feature histogram construction
could be massively parallelized via GPU processing. The result
was the gpu_hist algorithm, which dramatically accelerated
training times. Later, Chen et al. [11] conducted compre-
hensive comparisons between GPU-accelerated XGBoost and
competing frameworks such as LightGBM [12] and CatBoost,
concluding that GPU acceleration yields substantial benefits
for large-scale datasets—particularly when the CPU–GPU
communication overhead becomes negligible relative to com-
putation.

B. Neural Networks for Tabular Data

Although deep learning, particularly Convolutional Neu-
ral Networks (CNNs) and Recurrent Neural Networks
(RNNs) [13], dominates unstructured data domains such as
image and text analysis, its superiority over tree-based methods
for structured tabular data remains a subject of debate. For
years, ensemble tree methods like XGBoost were considered
the de facto standard for such data types. However, recent
work by Kadra et al. [14] challenges this assumption, demon-
strating that even relatively simple Multi-Layer Perceptrons
(MLPs) can rival or outperform gradient-boosted trees when
properly tuned and regularized using techniques such as Batch
Normalization and Dropout.

The scalability of neural networks is inherently linked to
hardware acceleration. The matrix operations central to for-
ward and backward propagation are highly parallelizable, mak-
ing GPUs particularly well-suited for these workloads [15].
In their foundational work, Abadi et al. [16] detailed how
frameworks such as TensorFlow were explicitly designed for
heterogeneous, distributed GPU environments, allowing neural
network training to scale across thousands of cores. Conse-
quently, the performance disparity between CPU and GPU

implementations in neural network training remains among the
largest in machine learning.

C. Linear Models and the Timelessness of Linear Modeling

Despite advances in complex architectures, regularized
linear models continue to serve as a fundamental reference
point in predictive modeling. Zou and Hastie [6] introduced
the Elastic Net, which blends Lasso (L1) and Ridge (L2)
penalties to manage correlated predictors while maintaining
sparsity through feature selection. These models offer consis-
tent interpretability and computational efficiency due to their
convex optimization landscape, which ensures a unique global
minimum and efficient convergence [17]. Implementations in
widely used libraries such as scikit-learn have solidified
their role as benchmark baselines. Nonetheless, as noted by
Lu et al. [5], such models are not inherently optimized for
GPU parallelization, limiting their scalability compared to deep
learning counterparts.

D. Hardware Benchmarking Investigations

A growing body of research explicitly investigates the
hardware-level benchmarking of machine learning algorithms.
The RAPIDS cuML library, for example, provides GPU-
accelerated analogs to many scikit-learn functions,
demonstrating speedups ranging from 10× to 100× on large
datasets [18]. Li et al. [19] and Reuther et al. [20] have com-
pared various deep learning systems, reinforcing the dominant
role of GPUs in accelerating model training and inference.
Similarly, Reuther et al. [20] presented a comprehensive map-
ping of hardware acceleration strategies, highlighting that the
optimal hardware configuration is model-dependent and sensi-
tive to dataset size, model complexity, and memory overhead.

Building on these studies, our work contributes a focused,
task-specific benchmarking analysis across three widely used
and computationally distinct model paradigms—linear models,
tree-based ensembles, and neural networks—under both CPU
and GPU configurations. This approach provides a practical
framework for understanding the trade-offs between compu-
tational efficiency, scalability, and predictive performance in
tabular data applications.

E. Literature Summary

The literature demonstrates strong empirical evidence for
XGBoost’s scalability across different architectures. Mitchell
et al. [21] implemented a multi-GPU gradient boosting algo-
rithm that processed 115 million training instances in under
three minutes using end-to-end GPU parallelism with data
compression techniques to optimize memory usage. Chen and
Guestrin [7] established XGBoost as a scalable tree boosting
system that scales beyond billions of examples using fewer
resources than existing systems through novel sparsity-aware
algorithms and cache optimization.

Somoye et al. [22] reported that distributed XGBoost
achieved approximately a 3.5× speedup, demonstrating
practical scalability in distributed contexts. Edwards and
Vishkin [23] showed potential for a 3.3× speedup over
NVIDIA’s most powerful GPU using hybrid memory archi-
tectures.
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Research on neural network scalability reveals more com-
plex performance patterns. Ma et al. [24] conducted com-
prehensive experiments showing GPUs outperformed parallel
CPUs for synchronous SGD by only 2–5× for simple models
and below 7× for fully connected deep networks. Notably,
for asynchronous SGD, CPUs were the optimal solution,
outperforming GPUs even when GPUs had 10× or more
speedup potential. Barrachina et al. [25] analyzed CNN train-
ing scalability on GPU clusters, identifying crucial bottlenecks
at both GPU and cluster levels. Farias et al. [26] achieved
training speedups from one to four orders of magnitude for
parallel MLP training by exploiting locality principles and
parallelization capabilities. Yin et al. [27] addressed CPU scal-
ability limitations through ParaX, which improved throughput
by 1.73× to 2.93× on many-core CPUs by assigning instances
to individual cores rather than entire CPUs.

Zhou et al. [28] provided significant evidence for Elastic
Net scalability through algorithmic reduction to Support Vector
Machines, creating a parallel solver that naturally utilizes
GPUs and multi-core CPUs. Their implementation achieved
identical results to the optimized glmnet but was up to two
orders of magnitude faster across twelve real-world datasets.

Overall, the literature reveals that scalability performance
is highly dependent on specific use cases, data characteristics,
and computational approaches. While GPUs generally provide
superior raw performance, CPUs remain competitive for cer-
tain scenarios, particularly asynchronous processing and when
considering power efficiency. The choice between architectures
should consider task-specific requirements, data sparsity, and
synchronization needs rather than assuming GPU superiority
across all contexts.

III. MAINTAINING THE INTEGRITY OF THE
SPECIFICATIONS

A. Dataset Description

This study utilizes the Estimation of Obesity Levels Based
on Eating Habits and Physical Condition dataset [8], publicly
available through the UCI Machine Learning Repository. The
dataset contains 2,111 individual records and 17 attributes,
collected to characterize obesity levels among citizens of
Mexico, Peru, and Colombia.

For this regression-based investigation, the objective vari-
able is Weight, modeled as a continuous outcome predicted
from the remaining 16 features. The original categorical class
label, NObeyesdad, was excluded to avoid data leakage, since
it is directly correlated with both Weight and Height.

The predictor variables consist of a combination of numer-
ical and categorical features:

1) Numerical (6): Age, Height, FCVC (frequency of veg-
etable consumption), NCP (number of main meals per day),
CH2O (daily water intake), and FAF (frequency of physical
activity).

2) Categorical (10): Gender, family history with over-
weight, FAVC (frequent consumption of high-caloric food),
CAEC (consumption between meals), SMOKE, SCC (calorie
monitoring), CALC (alcohol consumption), MTRANS (trans-
port mode), and two other minor lifestyle indicators.

B. Exploratory Data Analysis (EDA)

An exploratory assessment was performed to examine the
structure, distribution, and integrity of the dataset prior to
modeling.

1) Numerical feature summary: The numeric variables
displayed realistic and consistent ranges. The mean participant
age was 24.3 years (SD = 6.3). Heights ranged between 1.45 m
and 1.98 m, while the target variable (Weight) spanned 39 kg
to 173 kg. No missing or anomalous entries were detected,
simplifying preprocessing. A correlation matrix revealed a
strong positive correlation between Height and Weight, as
expected, confirming Height as a dominant predictor.

2) Categorical feature distribution: The categorical vari-
ables provide valuable lifestyle context. For instance, 81.9% of
respondents reported a family history of overweight, indicating
a significant genetic or environmental predisposition. Likewise,
74.9% reported using public transportation, suggesting an ur-
ban or suburban sample profile. Recognizing such imbalances
is critical, as they may influence how models learn latent
patterns.

Overall, the EDA confirmed that the dataset was suitable
for regression analysis and rich in both continuous and discrete
predictors, warranting specialized preprocessing techniques.

3) Preprocessing pipeline: To ensure data consistency,
prevent leakage, and tailor transformations to model re-
quirements, a comprehensive preprocessing pipeline was
implemented using the Scikit-learn Pipeline and
ColumnTransformer objects [17]. This approach encapsu-
lated all transformations while ensuring that training-set statis-
tics (e.g., means, standard deviations) were applied consistently
to the test data.

The pipeline workflow is summarized as follows:

• Train–Test Split: The dataset was divided into 80%
training (n = 1, 688) and 20% testing (n = 423)
subsets using a fixed random state (random_state
= 42) for reproducibility. Stratification was applied to
maintain proportional class distributions, and the held-
out test set was used exclusively for final evaluation.

• Feature Transformation: The ColumnTransformer
applied data-type-specific transformations:

◦ Numerical Features: Standardization was per-
formed using StandardScaler, which cen-
ters features to zero mean and unit variance
according to:

z =
x− µ

σ

For Elastic Net regression, scaling ensures that
the regularization penalty is applied uniformly
across coefficients, regardless of magnitude.
For MLP neural networks, scaling improves
gradient-descent efficiency and stabilizes
convergence.

◦ Categorical Features: OneHotEncoder was
used to encode the ten categorical features into
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binary indicator variables. This prevents the
model from assuming any false ordinal rela-
tionship among categories (e.g., “Automobile”
< “Motorbike” < “Walking”). The parame-
ter handle_unknown = "ignore" safe-
guarded against unseen categories during in-
ference.

• Model-Specific Augmentation: For Elastic Net regres-
sion, a PolynomialFeatures transformer (degree
= 2) was appended to generate interaction (e.g., Age
× Height) and quadratic (e.g., Age2) terms. This
manual feature engineering step enriches the model’s
expressiveness by allowing it to capture non-linear
relationships within an otherwise linear framework.

This structured pipeline ensures that every model receives
clean, standardized, and consistently formatted input, thereby
maintaining a fair comparison across algorithmic families
while upholding data integrity and reproducibility.

IV. METHODOLOGY

To evaluate performance and scalability, three distinct mod-
els were compared under identical preprocessing conditions.
The experiments were conducted in a Google Colab environ-
ment, utilizing both its standard multi-core CPU and NVIDIA
T4 GPU configurations to evaluate performance differentials.

The methodology encompasses comparative evaluation
across:

• Regularized Linear Model: Elastic Net Regression [6],
providing an interpretable baseline with controlled
feature shrinkage.

• Gradient Boosted Trees: XGBoost [7], representing
state-of-the-art ensemble learning for tabular datasets.

• Neural Network: Multi-Layer Perceptron (MLP) [14],
trained using backpropagation and stochastic gradient
descent, designed to assess non-linear representation
learning efficiency.

All models were evaluated for predictive performance,
computational cost, and scalability across CPU and GPU
hardware environments, establishing a rigorous foundation for
subsequent analysis.

A. Models

We compared three different paradigms of machine learn-
ing models, presenting three distinct approaches.

The first model is a regularized linear regression model,
known as the Elastic Net. It is an extension of standard
Ordinary Least Squares (OLS) regression with the addition
of a penalty term to the cost function that limits the size of
the learned coefficients. The purpose of this regularization is
to prevent overfitting and improve the model’s performance
on unseen data. The Elastic Net combines the two most com-
mon types of regularization—Lasso (L1) and Ridge (L2)—to
balance sparsity and stability. The Elastic Net model aims to
minimize the following cost function:

β̂ = argmin
β

(
1

2n

n∑
i=1

(yi −Xiβ)
2 + λ

[
α∥β∥1 +

1− α

2
∥β∥22

])

where, λ controls the overall strength of regularization, and
α controls the trade-off between L1 and L2 penalties.

The second model is XGBoost, a highly efficient and
scalable decision tree-based gradient-boosted implementation.
Gradient boosting is an ensemble technique that builds models
sequentially—each new tree is trained to correct the residual
errors made by the previous ensemble. The objective function
at boosting iteration t is defined as:

Obj(t) =

n∑
i=1

l(yi, ŷ
(t−1)
i + ft(xi)) + Ω(ft)

where, l represents the loss function that measures the
difference between predicted and true values, ft is the new
tree added at iteration t, and Ω(ft) is the regularization term
that penalizes model complexity to prevent overfitting.

The last model used in the analysis was a Multi-Layer
Perceptron (MLP), which is an archetypal feedforward neural
network. Each neuron in a layer receives a weighted input from
the previous layer and adds a bias term. The resulting value
is passed through a non-linear activation function to introduce
learning flexibility. The forward propagation step for a neuron
in layer (l) is expressed as:

a(l) = f
(
W (l)a(l−1) + b(l)

)
where, W (l) represents the weight matrix, b(l) is the bias

vector, a(l−1) is the input from the previous layer, and f(·)
denotes the activation function (e.g., ReLU or sigmoid).

In this study, we implemented a regression-oriented MLP
architecture with one input layer, two hidden layers, and a
single output neuron. The two hidden layers consisted of 128
and 64 neurons, respectively, while the output neuron was
configured to perform continuous-value prediction.

B. Experimental Protocol

Our experimental protocol was designed to evaluate both
the computational scalability and predictive performance of
each model in a rigorous and reproducible manner. To obtain
scalability measurements, each model was trained on progres-
sively larger random subsets of the training data—specifically
at fractions of 10%, 25%, 50%, 75%, and 100%. This staged
approach enabled the construction of an empirical scaling
curve that clearly demonstrates how the computational time
requirements evolve for each algorithm as the data volume
increases.

For each training run, the wall-clock time was recorded to
quantify efficiency. All experiments used fixed random seeds
to ensure that the results for deterministic models (Elastic Net
and XGBoost) were fully reproducible.

After scalability testing, the final optimized versions of all
models were trained on 100% of the training data to assess
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their maximum predictive potential. These fully trained models
were then evaluated on the held-out test data, which were never
used during the training or model selection process. The final
evaluation employed three standard regression metrics that
together provide a comprehensive performance assessment:

• Root Mean Squared Error (RMSE): Sensitive to large
errors, RMSE quantifies the standard deviation of the
residuals, providing insight into prediction deviation
magnitude.

• Mean Absolute Error (MAE): A robust measure of
average prediction error magnitude, less sensitive to
outliers and easy to interpret.

• Coefficient of Determination (R2): Measures the pro-
portion of variance in the target variable explained by
the model, providing an indicator of goodness-of-fit.

C. Hyperparameter Configuration

A systematic hyperparameter optimization was conducted
using GridSearchCV combined with 5-fold cross-validation
to determine the optimal configuration for each model. This
ensured a fair and exhaustive evaluation across different sub-
sets of the data, balancing bias and variance in performance.

1) Elastic Net: The Elastic Net regressor was tuned over
the following parameter grid:

• alpha: [0.01, 0.05, 0.1, 0.5] (Controls overall strength
of regularization)

• l1 ratio: [0.7, 0.9, 0.95, 1.0] (Controls the trade-off
between L1 and L2 penalties)

2) XGBoost: The XGBoost model underwent hyperparam-
eter tuning with the following configuration space:

• n estimators: [500, 700] (Number of boosting trees)

• learning rate: [0.03, 0.05] (Step size shrinkage to
prevent overfitting)

• max depth: [7, 9] (Maximum depth of individual
trees)

• subsample: [0.7, 0.8] (Fraction of samples used to
grow each tree)

• colsample bytree: [0.7, 0.8] (Fraction of features
used per tree)

To enable GPU acceleration, the tree_method parame-
ter was set to gpu_hist.

3) Multi-Layer Perceptron (MLP): The MLP model was
not tuned through exhaustive grid search but was configured
following widely accepted deep learning best practices, em-
phasizing regularization and convergence stability.

Architecture:

• Input Layer

• Dense (256, activation=‘relu’) + BatchNormalization
+ Dropout(0.4)

• Dense (128, activation=‘relu’) + BatchNormalization
+ Dropout(0.4)

• Dense (64, activation=‘relu’) + BatchNormalization

• Dense (1, activation=‘linear’)

Training Configuration:

• Optimizer: Adam (initial learning rate = 0.001)

• Epochs: 300 (with EarlyStopping patience = 20)

• Callbacks: EarlyStopping,
ReduceLROnPlateau

This configuration was selected to ensure stable conver-
gence, reduce overfitting, and maintain balanced generalization
performance across different computational environments.

V. RESULTS AND EVALUATION

This section presents the quantitative analysis of the con-
ducted experiments, summarizing the results, interpretability
insights, and detailed scalability observations derived from the
comparative evaluation of the models.

A. Evaluation Metrics

The performance of each model was evaluated on the
held-out test dataset using three standard regression metrics
that collectively provide a comprehensive view of predictive
accuracy and reliability:

• Coefficient of Determination (R2): Measures the pro-
portion of variance in the dependent variable explained
by the independent variables. Values closer to 1.0
indicate a better model fit.

• Mean Absolute Error (MAE): Represents the aver-
age absolute difference between predicted and actual
values, providing an interpretable measure of average
prediction error in the same units as the target variable
(kg).

• Root Mean Squared Error (RMSE): The square root
of the mean of squared errors, which penalizes large
deviations more heavily than MAE, emphasizing the
model’s sensitivity to large errors.

B. Compared Performance

Following hyperparameter optimization, the final tuned ver-
sions of all models were evaluated on the held-out test dataset.
As summarized in Table I, each algorithm demonstrates dis-
tinct strengths when balancing predictive accuracy, computa-
tional efficiency, and scalability. The performance metrics and
total training times, measured on the complete training data
after model tuning, highlight these trade-offs—showing that
while some models achieve superior accuracy, others offer
faster convergence and better scalability under GPU or CPU
configurations.

The findings indicate a clear performance hierarchy among
the evaluated models. As illustrated in Fig. 1, XGBoost
achieved the highest predictive accuracy with an impressive
R2 value of 0.9097, demonstrating its strong capability to
capture complex non-linear relationships within the data. The
MLP model followed closely, attaining an R2 of 0.8672,
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TABLE I. COMPARATIVE MODEL PERFORMANCE ON THE TEST SET

Model RMSE MAE R2 Time (s)
XGBoost (GPU) 7.9811 5.0612 0.9097 361.43
MLP (GPU) 9.6749 6.9852 0.8672 24.11
Elastic Net (CPU) 12.2405 9.4815 0.7875 36.29

which validates its effectiveness as a non-linear function ap-
proximator. In contrast, the Elastic Net model, despite the
inclusion of polynomial features, produced the lowest R2 value
of 0.7875. This outcome suggests that the relationships within
the dataset were too intricate to be accurately represented using
a regularized linear approach.

In terms of computational efficiency, Fig. 2 provides a
comparative visualization of the models across all performance
metrics—R2, RMSE, and MAE. The MLP demonstrated
the fastest training time, completing in only 24.1 seconds.
This superior speed can be attributed to its GPU-accelerated
implementation and the use of the EarlyStopping call-
back, which effectively reduced unnecessary training epochs.
Conversely, XGBoost, while achieving the highest accuracy,
required a longer training duration due to its extensive hyperpa-
rameter search space and more complex ensemble architecture,
resulting in a higher computational cost.

Fig. 1. Model performance comparison R2.

Fig. 2. Comprehensive model metrics comparison.

C. Analysis of Error and Interpretability

To gain a deeper understanding beyond aggregate metrics,
an additional diagnostic analysis was conducted to examine
model residuals and interpretability.

1) Residual analysis: Residual plots serve as essential
diagnostic tools in regression analysis, visualizing the dis-
crepancy between actual and predicted values. The residuals,
defined as (yi− ŷi), are plotted against the predicted values to
reveal systematic model behavior. In a well-calibrated model,
residuals are expected to be randomly distributed around the
horizontal line at zero—forming a cloud-like pattern with no
discernible structure. Such a distribution indicates that the
model has effectively captured the underlying data signal and
that remaining deviations are primarily due to random noise
rather than systematic bias.

The random scatter of points around the y = 0 line
indicates a well-fitted model with no systematic error patterns.
When examining the residual plot of our XGBoost model with
the best performance Fig. 3, an ideal behavior is observed. The
residuals are well distributed both above and below the y = 0
line across the entire range of predicted weights. No visible
curvature is present, suggesting the absence of non-linear re-
lationships that the model failed to capture, and no funnel-like
pattern (heteroscedasticity) appears, implying that the model’s
error variance remains consistent across different magnitudes
of prediction. The random scatter provides strong evidence that
the model is unbiased, the residuals are homoscedastic, and
thus the predictive validity of the model can be considered
reliable.

Fig. 3. Residual plot for the XGBoost model on the test set.

2) Feature importance: To further interpret the strong per-
formance of XGBoost, its internal feature importance scores
were examined. These scores quantify the contribution of each
feature to the boosted trees.The most influential features are
presented in Fig. 4, where the top fifteen attributes exhibit the
greatest impact on model performance.
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Fig. 4. Scores of feature importance of the most tuned XGBoost model.

The scores are used to show the relative contribution of
each feature to the model. Height is, as expected, the most
predictive of all features of being overweight. This finding is
consistent with established biological principles. There is also
a high rank of gender and family history with overweight,
which endorses the fact that the demographic and genetic
factors are the driving forces. Such lifestyle factors as FAVC
(consumption of high-caloric food many times) and FCVC
(consumption of vegetables many times) are also reported to be
significant predictors. This provides assurance that the model
has learned meaningful relationships within the data.

D. Scalability Analysis

The core objective of this study is the analysis of scala-
bility, which quantifies the dependency of the time spent in
training models on the size of a data set to be considered
with each model and hardware setup. The number of training
samples exhibits a near-linear increase in training time. Fig. 5
given below shows that the Elastic Net model exhibits linear
and predictable scalability on the CPU. The training time
grows smoothly with the amount of data added to it, so it
should be a choice when dealing with smaller to medium
datasets on typical hardware.

Fig. 5. Elastic Net model is scalable on a multi-core processor.

The logarithmic scale illustrates the widening performance
gap between CPU and GPU computations as data volume

increases. While GPU training times remain nearly constant,
CPU times exhibit exponential growth. The strongest evidence
for the influence of hardware acceleration is depicted in Fig. 6
and Fig. 7.

1) CPU performance: For both XGBoost and the
MLP, training time exhibits super-linear—nearly exponen-
tial—growth when executed on the CPU. This demonstrates
that as data volume increases, these sophisticated algorithms
quickly become computationally infeasible on a purely CPU-
based system.

2) GPU performance: In contrast, both models exhibit
remarkable scalability when trained on a GPU. The parallel
architecture of GPUs allows massive data batches (as in
MLP) and feature histogram construction (as in XGBoost)
to be processed with impressive efficiency. The scaling curve
of the MLP, in particular, remains nearly flat, as the entire
dataset can be processed within seconds. For XGBoost, GPU
benefits increase further with larger datasets, since the initial
overhead of data transfer becomes negligible compared to the
computational gain.

Fig. 6. XGBoost model on CPU vs. GPU. First y-axis is a logarithmic scale.

Fig. 7. Scalability of the MLP model between CPU and GPU.

VI. DISCUSSION

The experimental results present a multifaceted view of the
trade-offs among accuracy, computation, and interpretability in
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contemporary machine learning. This section synthesizes the
key findings to derive practical insights and recommendations.

A. Accuracy–Compute Trade-off

The results reveal a classical trade-off between accuracy
and computational cost. XGBoost achieved the highest ac-
curacy with an R2 of 0.91 but was also the most compu-
tationally expensive to train. Its exhaustive hyperparameter
search—despite parallelization—demanded substantial time re-
sources. The MLP achieved slightly lower accuracy (R2 =
0.87) but was an order of magnitude faster in training.

This presents a strategic dilemma for practitioners: whether
a 4–5% improvement in R2 justifies a fourteenfold increase in
training time. In static, one-time prediction tasks where model
accuracy is paramount, XGBoost’s performance merits its
computational cost. However, in dynamic environments with
frequent retraining (e.g., streaming or production systems), the
rapid training time of the MLP makes it a more practical and
cost-efficient choice. The Elastic Net, though least accurate,
serves as a valuable baseline due to its simplicity, speed,
and interpretability, making it ideal for initial experimentation
before committing to complex models.

B. The Hardware Acceleration Imperative

Fig. 6 and Fig. 7 (Scalability plots) represent one of the
most significant contributions of this study. They empirically
confirm that GPU acceleration is not merely advantageous
but essential for scalable machine learning involving modern
algorithms. The performance difference between CPU and
GPU training is not incremental—it is transformative.

Without GPU acceleration, training times for MLP and
XGBoost increase almost exponentially, severely restricting
feasible dataset sizes and hyperparameter search depth. In
contrast, GPUs enable researchers to train on larger datasets,
execute more exhaustive tuning, and achieve optimal per-
formance within seconds rather than minutes. Consequently,
hardware acceleration emerges as a cornerstone for state-of-
the-art machine learning research and practice.

C. Interpretability vs. Performance

The findings also reaffirm the long-standing trade-off be-
tween interpretability and predictive power. The Elastic Net
functions as a white-box model—its coefficients are directly
interpretable, allowing explicit inference on how each feature
contributes to the prediction outcome. This makes it ideal for
use cases requiring transparency and causal interpretation.

XGBoost occupies a middle ground. Although individual
trees are complex, the model offers robust feature importance
scores (see Fig. 4), which provide insight into the relative
influence of predictors—a level of interpretability sufficient
for most applied contexts.

The MLP, however, is a classical black-box model. Its
deep, nested non-linear transformations make it extremely
difficult to map inputs to outputs directly. While explainability
methods such as SHAP (SHapley Additive exPlanations) can
approximate local feature contributions, the model itself lacks
intrinsic interpretability. In this study, moving from the most
interpretable model (Elastic Net) to the most accurate model

(XGBoost) resulted in a 12% improvement in R2. This sug-
gests that, in this context, the gain in performance outweighs
the loss in interpretability—a trade-off often encountered in
applied machine learning.

D. Limitations and Ethical Considerations

This study acknowledges several limitations. First, it relies
on a single dataset; thus, generalization to datasets with differ-
ent structures, dimensionalities, or feature distributions remains
to be validated. Second, the hyperparameter optimization relied
on grid search; more advanced techniques such as Bayesian
optimization could yield superior configurations.

From an ethical standpoint, predictive models involving
personal attributes (such as weight or family history) may
inadvertently learn and propagate social biases. In applications
like healthcare or insurance, such biases could lead to unfair
outcomes for individuals based on immutable characteristics.
Therefore, any deployment of such models should be accom-
panied by a rigorous bias and fairness audit to ensure equitable
performance across demographic groups.

VII. CONCLUSION AND FUTURE WORK

This empirical study explored the relationship between pre-
dictive accuracy, computational scalability, and hardware selec-
tion across three distinct machine learning paradigms—Elastic
Net, XGBoost, and Multi-Layer Perceptron—using the Obe-
sity dataset. Our results clearly establish that for structured,
tabular data, XGBoost remains the state-of-the-art in predictive
strength due to its ability to capture complex feature interac-
tions. However, a well-optimized MLP, combined with GPU
acceleration, can achieve competitive accuracy while offering
dramatically faster training throughput—making it ideal for
iterative or time-sensitive applications.

Most importantly, the findings highlight the transformative
impact of hardware acceleration. As data volumes and model
complexities continue to rise, GPU-enabled computation tran-
sitions from an optional enhancement to a fundamental require-
ment. The scalability analysis shows that, while CPU-based
training becomes prohibitively slow with large data, GPU-
based models maintain efficiency even under full dataset loads.
Ultimately, model selection emerges as a multi-objective opti-
mization problem—balancing accuracy, interpretability, train-
ing time, and computational resources. Future research should
expand this benchmark to include other ensemble frameworks
such as LightGBM and CatBoost, and extend interpretability
analysis using model-agnostic explainers like SHAP for both
global and local feature insights. Moreover, testing on higher-
dimensional datasets will further clarify the boundaries of
scalability and the evolving role of hardware in machine
learning.
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