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Presidential elections are heavily influenced by a combination of demographic, socioeconomic, and political factors. Recent de-
velopments in machine learning provide new opportunities to study whether or not demographic factors can be used to effectively
classify individual voting behaviors that go beyond traditional approaches. This study compares Logistic Regression and Neural
Network classifiers, using data from the 2020 American National Election Studies (ANES), to classify respondents’ reported
2020 U.S. presidential vote choices. Six demographic characteristics, state of residence, age, education level, race/ethnicity,
gender, and family income, were used as predictors, whereas party identification and other political variables were excluded to
isolate the predictive power of purely demographic information. Following preprocessing, the data sample consisted of 6,277 re-
spondents who were classified as Biden, Trump, or Third-party/Other voters. Then, models were evaluated using an independent
stratified holdout test set, five-fold cross-validation, class-specific performance metrics, and balanced measures of classification
performance. The Neural Network achieved the highest overall holdout accuracy of 65.4% and weighted F1-score of 0.641,
compared with a 49.1% accuracy and a 0.541 weighted F1-score for the Logistic Regression. However, Logistic Regression was
able to achieve a higher balanced accuracy of 47.6% versus 43.5% from the Neural Network, reflecting a more even performance
across vote-choice categories. Both models, however, performed significantly worse for the Third-party/Other class, suggesting
that nonlinear models can capture predictive patterns in demographic data that are not fully captured by Logistic Regression,

while demonstrating the importance of class-sensitive analysis when data are imbalanced.

Introduction

Voting behavior is shaped by a combination of demographic,
socioeconomic, and political factors. Early research on Amer-
ican elections has established the importance of party identifi-
cation and individual characteristics when shaping electoral
behavior!. Fiorina later emphasized the role of retrospec-
tive evaluations in voting decisions, while Lewis-Beck and
Stegmaier examined the relationship between the conditions
of the economy and election outcomes??3. Together, this re-
search demonstrates how vote choice cannot be credited to a
singular characteristic but instead reflects multiple influences
on individual political behavior.

More recent research has also examined how demographic
and social divisions show up in presidential elections. Ma-
son found that the alignment of social and party identities can
intensify political polarization“. Research based on the 2016
election further showed that differences in presidential vote
choice were associated with factors including racial and gen-
der views and socioeconomic status. For example, Schaffner
et al. examined the roles of racial and gender views from
the 2016 presidential election, while Mutz investigated the
relationship between perceived social status and changes in
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candidate preference™®. Cassese and Knuckey further stud-
ied the relationship between gender views and individual vote
choice’-®. Similarly, research examining social class demon-
strated the importance of how socioeconomic divisions are
defined when studying presidential elections®!?. This demo-
graphic division in vote choice has since been extended specif-
ically to the 2020 election cycle. For instance, Kim and Junn
found that treating women voters as a single group obscures
significant variation by race/ethnicity, showing that racial re-
sentment and hostile sexism predicted support for Trump dif-
ferently among Black, Asian American, Latina, and white
women '!. Related work by Nelson examined how racial re-
sentment and both hostile and modern sexism shaped Demo-
cratic voters’ evaluations of candidates ahead of the 2020 elec-
tion, finding that these attitudes tended to favor a white male
candidate over a Black woman candidate'?. Other research
focused on groups absent from earlier demographic models
of vote choice. One study identified the distinct role that
racialized attention to the COVID-19 pandemic and Asian
American descent played in shaping Asian American turnout
and candidate preference in 2020'3. Additional research has
shown that changes in racial attitudes over time are associ-
ated with presidential vote switching, suggesting that racial
attitudes are constantly changing rather than a fixed demo-
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graphic trait 4. These studies illustrate how demographic pat-

terns in election outcomes often coincide with differences in
views and identities, making individual voting behavior fairly
difficult to characterize using demographic factors alone.

Machine learning, however, offers another way to study
these relationships, which is by focusing on how accurately
combinations of characteristics can predict how new data
will behave. Unlike more restrictive models, flexible ma-
chine learning approaches can represent both nonlinear rela-
tionships and interactions between predictors '>. Montgomery
and Olivella demonstrated the usefulness of machine learn-
ing methods for modeling complex relationships in political-
science data !®. However, too much model flexibility can also
increase the risk of overfitting, prompting Neunhoeffer and
Sternberg to emphasize the importance of properly includ-
ing cross-validation when evaluating and selecting predictive
models!”. All of these considerations are extremely crucial
when comparing models with different levels of complexity.

Machine learning methods have also been specifically ap-
plied to individual electoral behavior. Hare and Kutsuris, for
example, used a supervised machine learning unit to estimate
swing-voter tendencies from the 2012, 2016, and 2020 U.S.
presidential elections !8. Their study demonstrates how ma-
chine learning can be utilized to identify patterns in individual
voting behaviors rather than just predicting election outcomes.
This is important because predicting the winner of a future
election is fundamentally different from determining whether
or not a model is capable of correctly classifying held-out in-
dividuals from observed survey data.

Even more related to the present study, Kim and Zilin-
sky studied how accurately demographic characteristics could
predict presidential vote choice and party identification using
U.S. election surveys from 1952 to 2020 '°. From their study,
they found that demographic factors such as age, gender, race,
education, and income all contained predictive information
but were limited in their ability to separate individual vot-
ers. Furthermore, their analysis demonstrated how incorpo-
rating additional political information, specifically party iden-
tification, significantly increased the predictability of presi-
dential vote choice!®. This finding highlights an important
difference between predicting voting behavior using political
attitudes and determining how much predictive power demo-
graphic characteristics alone have.

The performance of demographic classification models
must also be interpreted with the distribution of electoral out-
comes in mind. U.S. presidential votes are heavily concen-
trated among two major parties, leaving substantially fewer
observations for third-party or other parties. With that be-
ing said, the overall accuracy can overshadow the poor per-
formance on a smaller party. Hence, a model that performs
well on larger categories may achieve a relatively high overall
accuracy despite rarely identifying members of a smaller cat-

egory. Similarly, previous research on imbalanced classifica-
tion emphasized that reliance on overall accuracy can provide
a biased judgement of model performance when class distribu-
tions are unequal 2°. Therefore, examining balanced accuracy,
class-specific precision and recall, and Fl-scores in addition
to overall accuracy provides a more complete evaluation of
performance.

The choice between Logistic Regression and a Neural Net-
work is one way to examine whether nonlinear predictive
structure exists within demographic information. Logistic
Regression determines outcome probabilities through linear
combinations of predictors, whereas Neural Networks can
represent more complex nonlinear relationships and interac-
tions . Therefore, a Neural Network may capture patterns
among demographic characteristics that are not fully captured
by a linear model. Greater complexity, however, does not al-
ways guarantee better performance outside of the sample data,
making preprocessing, model selection, and validation neces-
sary for a meaningful comparison'”.

The present study examines this question using data from
the 2020 American National Election Studies (ANES)Z!.
Rather than predicting a future election, this study focuses on
retrospectively classifying respondents’ reported vote choice
during the 2020 election cycle. Six demographic and socioe-
conomic characteristics, such as state of residence, age, ed-
ucation level, race and ethnicity, gender, and family income,
are used to distinguish among respondents who reported vot-
ing for Biden, Trump, or a Third-party/Other candidate. Party
identification, ideology, and other clear political attitudes are
intentionally left out so that the analysis assesses the pre-
dictive information contained in demographic characteristics
alone. Logistic Regression and a Neural Network are com-
pared using consistent preprocessing, training, validation, and
evaluation procedures. By examining both overall and class-
sensitive performance, this study evaluates whether the greater
flexibility of a Neural Network captures predictive power in
demographic characteristics that is not represented by Logis-
tic Regression.

Methodology

Data Source

This study uses data from the 2020 American National Elec-
tion Studies (ANES) Time Series Study?!, a national election
survey designed to study political attitudes, voting behavior,
and demographic characteristics in the United States. Con-
ducted during the 2020 presidential election cycle, the ANES
provides a publicly available dataset for political behavior re-
search containing demographic, socioeconomic, and electoral
variables.

The complete ANES Time Series Study includes both pre-
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election and post-election interviews, but because the objec-
tive of this study was to classify respondents’ reported vote
choice in the 2020 U.S. presidential election, respondents with
valid responses to the presidential vote-choice variable were
the ones included in the analysis. Observations containing
missing, refused, or invalid responses for the outcome variable
were excluded. After this process, the final sample consisted
of 6,277 respondents.

The ANES sample provides substantial demographic and
geographic variation, allowing the models to examine predic-
tive relationships between respondent characteristics and re-
ported presidential vote choice.

Outcome Variable

The dependent variable in this study was respondents’ re-
ported vote choice in the 2020 U.S. presidential election, rep-
resented by ANES variable V202110x. The variable summa-
rizes respondents’ reported presidential vote choice and was
used to construct the multiclass classification outcome.

To simplify multiclass classification while maintaining suf-
ficient observations within each category, vote choices were
grouped into three exclusive classes: Biden, Trump, and
Third-party/Other.

The Third-party/Other category included respondents who
reported voting for Jo Jorgensen, Howie Hawkins, or any other
presidential candidate. Combining these candidates into a sin-
gle category increased the number of observations available
for model training while still preserving the distinction be-
tween the major parties and the non-major parties.

Predictor Variables

Six demographic variables were selected as predictors: state
of residence, age, education level, race and ethnicity, gender,
and family income.

These variables were selected to examine whether demo-
graphic and socioeconomic characteristics alone had enough
information to classify reported presidential vote choice. An
important feature of the analysis was the intentional exclusion
of party identification and other explicitly political attitudes
from the predictor variables. These variables were left out be-
cause the objective of the present study was to evaluate classi-
fication using demographic characteristics alone. The present
analysis therefore provides a restricted test of classification
based on demographic characteristics rather than an attempt to
maximize predictive accuracy using all the information avail-
able in ANES.

Data Preprocessing

Prior to model development, the dataset underwent several
preprocessing steps to prepare the data for supervised machine

learning. The ANES dataset uses negative numeric codes to
represent missing responses, refusals, and "Don’t Know” re-
sponses. These values were, therefore, converted to missing
values before model training.

Categorical variables, including state, education level, race
and ethnicity, gender, and family income, were assigned using
the most frequently observed category. After, these variables
were transformed using one-hot encoding, allowing each cat-
egorical level to be represented as a binary feature that is more
suitable for machine learning algorithms.

However, age was treated as a continuous numerical vari-
able. Missing age values were assigned using the median
value that was calculated from the training data. Then, the
variable was standardized using StandardScaler, producing a
mean of zero and unit variance. Standardization improves
numerical stability during optimization, especially for neural
networks, while still allowing coefficients within Logistic Re-
gression to be estimated with efficiency.

All preprocessing operations were carried out within a uni-
fied machine learning process. Consequently, preprocessing
factors, like imputation values, scaling factors, and one-hot
encoding mappings, were estimated from the training dataset
and applied to the testing dataset. Performing preprocessing
within the model prevents information from the testing data
from influencing model development and minimizes data leak-
age.

Model Development

Two supervised machine learning algorithms were utilized to
compare linear and nonlinear approaches to multiclass classi-
fication. Logistic Regression: Logistic Regression served
as the baseline classification model due to its common use in
political science and its high degree of understandability. Lo-
gistic Regression estimates the probability that an observation
belongs to each outcome category using linear combinations
of the predictor variables. Although the model assumes linear
relationships between predictors and the outcome, it provides
an appropriate standard when compared against more flexible
machine learning methods. The Logistic Regression classifier
was implemented using the scikit-learn library with a maxi-
mum of 3,000 iterations. To account for differences in class
frequency, inverse-frequency class weighting (class_weight =
“balanced”) was used during model training, assigning greater
weight to observations from less frequent outcome categories.

Neural Network: A Neural Network classifier was devel-
oped to evaluate whether or not nonlinear relationships im-
proved classification performance among demographic vari-
ables relative to Logistic Regression. Neural Networks offer
several advantages over traditional models by automatically
learning nonlinear interactions and complex decisions with-
out needing these relationships to be specified®. Because
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voting behavior may result from interactions among demo-
graphic characteristics that are not fully represented through
linear models, Neural Networks provide a more flexible al-
ternative for classification. Hyperparameter optimization was
performed using grid search on the training data. Candidate
hidden-layer architectures included (32), (64, 32), and (128,
64, 32) neurons, with regularization parameter (alpha) values
of 0.0001 and 0.001. All candidate models used ReLU acti-
vation and the Adam optimizer, with an initial learning rate of
0.001. Model selection was performed using five-fold strati-
fied cross-validation with the balanced accuracy as the scoring
criterion. The model used three hidden layers containing 128,
64, and 32 neurons, respectively, with alpha = 0.0001. Early
stopping was added to reduce overfitting.

Training and Validation

The dataset was randomly divided into training (80%) and
testing (20%) using stratified sampling. Stratification was able
to preserve the relative frequency of each vote-choice category
in both divisions, making sure that the testing dataset accu-
rately reflected the class distribution of the original sample. A
fixed random seed (random_state = 42) was also used through-
out to ensure reproducibility.

Hyperparameter optimization for the Neural Network was
exclusively performed on the training dataset using five-fold
stratified cross-validation, and during each fold, the training
data were split into separate training and validation sets while
preserving class proportions. The testing dataset remained iso-
lated throughout the model development and used only for
the final model evaluation and post hoc performance analy-
ses. Maintaining an independent testing dataset reduces bias
in performance and provides a more reliable test of how each
classifier generalizes to new data!”.

In addition to the training-only cross-validation used for the
Neural Network model, both final classifiers were evaluated
using five-fold stratified cross-validation across the full sam-
ple to assess the stability of model performance across alter-
native data divisions.

Performance Evaluation

Model performance was evaluated using several metrics to
provide a comprehensive test of classification performance.
The overall predictive accuracy measured the proportion of
correctly classified observations across all vote-choice cate-
gories, but because the dataset contained significantly less
Third-party/Other voters than Biden or Trump voters, bal-
anced accuracy was also reported to evaluate model perfor-
mance across classes while reducing the influence of class im-
balance. Reporting multiple performance measures is essen-
tial for imbalanced classification problems, which overall ac-

curacy alone may provide an incomplete representation of 2.

Additional metrics included macro-averaged precision,
macro-averaged recall, macro-averaged Fl-score, and
weighted Fl-score. Macro-averaged metrics assign equal
weight to each class regardless of sample size, while weighted
F1-score accounts for the observed class distribution.

Confusion matrices were also generated for both classifiers
to examine patterns of correct classifications and classification
errors across individual vote-choice categories. To calculate
uncertainty in model performance, 95% bootstrap confidence
intervals for the overall classification accuracy were estimated
using 2,000 bootstrap resamples of the testing dataset. Fur-
thermore, the predictive performance of Logistic Regression
and the Neural Network was compared using an exact McNe-
mar test, which evaluates whether differences in paired classi-
fication outcomes between two classifiers are significant when
evaluated on the same testing observations.

Finally, permutation feature importance was calculated for
each model. This technique estimates the relative importance
of each predictor by measuring the decrease in model perfor-
mance after randomly permuting the values of an individual
feature while leaving all other variables unchanged. Variables
producing larger decreases in predictive performance were in-
terpreted as contributing more to the classification task.

Software Environment

All analyses were conducted using Python. Data manipu-
lation was performed using pandas and NumPy, while pre-
processing, Logistic Regression, the Neural Network classi-
fier (MLPClassifier), cross-validation, and evaluation metrics
were implemented using scikit-learn?2. Graphical outputs, in-
cluding confusion matrices and feature-importance visualiza-
tions, were generated using Matplotlib, and a fixed random
seed (random_state = 42) was applied throughout model de-
velopment to support reproducibility.

Results

Descriptive Statistics

Following preprocessing and the removal of respondents with
missing or invalid responses for the outcome variable, the fi-
nal analytic sample consisted of 6,277 respondents. Among
these respondents, 3,537 (56.35%) reported voting for Joseph
R. Biden Jr., 2,582 (41.13%) reported voting for Donald J.
Trump, and 158 (2.52%) reported voting for a third-party or
other presidential candidate.

To preserve the distribution of vote-choice categories during
model development, the dataset was divided using an 80:20
train-test split. The training dataset contained 2,829 Biden
voters, 2,065 Trump voters, and 127 Third-party/Other voters,
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while the independent testing dataset contained 708 Biden vot-
ers, 517 Trump voters, and 31 Third-party/Other voters. The
relatively small proportion of Third-party/Other voters indi-
cates a substantial class imbalance within the dataset. Con-
sequently, balanced accuracy and macro-averaged evaluation
metrics were reported alongside the overall accuracy to pro-
vide a more complete assessment of classifier performance.

Classification Performance

The performance of the Logistic Regression classifier and
Neural Network classifier was evaluated on the indepen-
dent testing dataset and compared with two baseline classi-
fiers: a majority-class baseline and a random baseline. Per-
formance was assessed using an overall accuracy, balanced
accuracy, macro-averaged precision, macro-averaged recall,
macro-averaged F1-score, and weighted F1-score.

Among all the evaluated models, the Neural Network
achieved the highest overall classification accuracy of 65.4%,
significantly outperforming both the Logistic Regression clas-
sifier, which had a 49.1% accuracy, and the baseline mod-
els. The Neural Network also achieved the highest weighted
F1-score of 0.641, indicating a superior overall performance
across the observed class distribution. In contrast, the Logistic
Regression classifier produced the highest balanced accuracy
of 47.6%, macro precision of 0.441, and macro recall of 0.476,
suggesting a more constant performance across the three vote-
choice categories despite a lower overall accuracy.

Additionally, bootstrap analysis estimated a 95% confi-
dence interval of 62.7%—67.9% for the Neural Network’s
overall accuracy and 46.3%—-51.8% for Logistic Regression.

Cross-Validation Results

The cross-validation results matched closely to the perfor-
mance observed on the independent testing dataset, indicating
that both of the classifiers demonstrated a consistent perfor-
mance across multiple training and validation divisions. The
Neural Network consistently achieved a higher overall accu-
racy than Logistic Regression did, while Logistic Regression
maintained a slightly higher balanced accuracy.

Class-Level Performance

Classification reports and confusion matrices were also exam-
ined to evaluate model performance for each vote-choice cat-
egory.

For the Neural Network, the precision, recall, and F1-score
for the Biden class were 0.678, 0.766, and 0.719, respectively,
and for the Trump class, the precision, recall, and F1-score
were 0.612, 0.540, and 0.573. The classifier did not, however,

Logistic_regression_confusion_matrix

Biden  Trump Other candidate
Biden 307 217 184
Trump 116 297 104
Other candidate 8 10 13

Figure. 1 Confusion matrix for Logistic Regression predictions
on the holdout test set. Rows represent observed vote choice and
columns represent predicted vote choice.

Neural_network_confusion_matrix

Biden Trump Other candidate
Biden 542 166 0
Trump 238 279 0
Other candidate 20 11 0

Figure. 2 Confusion matrix for Neural Network predictions on the
holdout test set. Rows represent observed vote choice and columns
represent predicted vote choice.

correctly identify any Third-party/Other observations, result-
ing in the precision, recall, and F1-score values of 0.000 for
that class.

The Logistic Regression classifier produced a lower perfor-
mance for the Biden class (precision = 0.712, recall = 0.434,
F1 = 0.539) and a comparable performance for the Trump
class (precision = 0.567, recall = 0.574, F1 = 0.571). Unlike
the Neural Network, Logistic Regression correctly identified
13 of the 31 Third-party/Other observations, corresponding to
a recall of 41.9%, although precision for this class remained
low (4.3%).

The confusion matrices demonstrated how both classifiers
performed substantially better for respondents who voted for
the two major-party candidates than for respondents who se-
lected a Third-party/Other candidate. The Neural Network
correctly classified 542 Biden voters and 279 Trump voters,
whereas Logistic Regression correctly classified 307 Biden
voters, 297 Trump voters, and 13 Third-party/Other voters.

Feature Importance

Permutation feature importance was calculated to estimate
the relative contribution of each demographic characteristic to
model performance.

For the Logistic Regression classifier, age produced the
largest decrease in predictive performance when permuted,
followed by race/ethnicity, family income, education level,
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Table 1 Performance of baseline, Logistic Regression, and Neural Network classifiers on the independent holdout test set

Model Accuracy Balanced Accuracy Macro Precision Macro Recall Macro F1 Weighted F1
Majority Baseline 56.4% 33.3% 0.188 0.333 0.240 0.406
Stratified Random Baseline 49.0% 32.9% 0.328 0.329 0.329 0.491
Logistic Regression 49.1% 47.6% 0.441 0.476 0.396 0.541
Neural Network 65.4% 43.5% 0.430 0.435 0.431 0.641
Table 2 Mean performance and standard deviation across five-fold stratified cross-validation
Model Mean (SD), Mean (SD), Balanced Macro F1, Mean Weighted F1, Mean
Accuracy Accuracy (SD) (SD)

Logistic Regression 0.498 (0.013) 0.472 (0.021) 0.399 (0.008) 0.546 (0.014)
Neural Network 0.649 (0.010) 0.438 (0.008) 0.433 (0.007) 0.641 (0.010)

Table 3 Class-specific precision, recall, F1-score, and support for Logistic Regression and Neural Network predictions on the holdout test set

Model Vote Choice Precision Recall F1-Score Support
Logistic Regression Biden 0.712 0.434 0.539 708
Logistic Regression Trump 0.567 0.574 0.571 517
Logistic Regression Third-Party/Other 0.043 0.419 0.078 31
Neural Network Biden 0.678 0.766 0.719 708
Neural Network Trump 0.612 0.540 0.573 517
Neural Network Third-Party/Other 0.000 0.000 0.000 31

gender, and state of residence.

For the Neural Network classifier, race/ethnicity produced
the largest permutation importance value, followed by educa-
tion level, state of residence, age, family income, and gen-
der. These findings indicate that the relative importance of de-
mographic variables differed between the linear and nonlinear
classification models.

An exact McNemar test was also conducted to compare
the paired classification performance of Logistic Regression
and the Neural Network on the independent holdout test set.
The Neural Network correctly classified 288 observations that
were incorrectly classified by Logistic Regression, whereas
Logistic Regression correctly classified 84 observations that
were incorrectly classified by the Neural Network. The differ-
ence in classification performance was significant (p < .001),
indicating that the two classifiers differed substantially in their
rates of correct classification on the same test observations.

Discussion

In conclusion, the findings show how demographic character-
istics do contain meaningful information for classifying pres-
idential vote choice, while also revealing the differences be-
tween linear and nonlinear machine learning models. The

Neural Network Permutation Feature Importance

Race/Ethnicity q

Education 4 0.0387

State 1 0.0335

0.0074

Age

Predictor

Income - 0.0054

Gender

Iv0016

0.

o

0 0.01 0.02 0.03 0.04
Mean Decrease in Balanced Accuracy

Figure. 3 Permutation feature importance for the Neural Network.
Importance represents the mean decrease in balanced accuracy fol-
lowing permutation of each predictor. Larger positive values indicate
greater contribution to predictive performance.

Neural Network was able to achieve a considerably higher
overall accuracy than Logistic Regression, which suggests that
the relationships among demographic characteristics and vot-
ing behavior may involve nonlinear patterns and interactions
that are not fully captured by a linear classification model. Be-
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cause Neural Networks are able to model more complex non-
linear relationships among predictors without needing spec-
ifications prior, the model may have captured combinations
of demographic characteristics that Logistic Regression could
not do as effectively . However, these findings only reflect
predictive associations and should not be taken as true evi-
dence that any demographic characteristic directly causes an
individual to support or vote for a particular candidate or party.

Although the Neural Network achieved the highest overall
accuracy, its performance was not technically superior based
on every evaluation metric. For example, Logistic Regression
achieved a higher balanced accuracy and macro recall, indi-
cating it reflected a more even performance across the three
vote-choice categories. This distinction is particularly impor-
tant because the dataset was highly imbalanced. Biden and
Trump voters accounted for the overwhelming majority, while
Third-party/Other voters represented only 2.52% of the sam-
ple. Consequently, the overall accuracy was primarily influ-
enced by the performance of the two major-party classes.

The confusion matrices further demonstrate this tradeoff.
The Neural Network, for example, performed relatively well
when distinguishing Biden and Trump voters but failed to cor-
rectly classify any Third-party/Other voters.

While Logistic Regression identified some Third-
party/Other voters, its very low precision for this class
indicates that many respondents predicted to belong to this
category might have actually voted for one of the major-party
candidates. Therefore, neither model performed well for
Third-party/Other voters. The Neural Network’s higher
overall accuracy should therefore be interpreted along with
its lower balanced accuracy and poor performance for the
smaller class rather than as proof of a universally superior
form of classification.

The difficulty of classifying Third-party/Other voters likely
reflects the severe imbalance in the available training data.
Considering only 158 respondents in the sample belonged to
this category, fewer observations were given to either model,
making it difficult to learn distinguishing patterns. Further-
more, combining several smaller party candidates under a sin-
gle category creates a diverse group whose voters may not
share a consistent demographic profile. Ultimately, these re-
sults illustrate why the overall accuracy alone can be mislead-
ing when evaluating models on imbalanced data and empha-
size the importance of reporting class-specific and balanced
performance measures.

Additionally, the permutation feature importance also re-
vealed differences in how the models relied on demographic
information. For the Neural Network classifier, race/ethnicity
produced the largest permutation importance value, followed
by education level, state of residence, age, family income,
and gender. The difference in feature rankings reflects the
different ways in which the two algorithms represent rela-

tionships among predictors. Nevertheless, permutation impor-
tance should not be taken as a measure of influence. Demo-
graphic characteristics can intersect with social identities and
political views associated with electoral behavior. Mason and
Wronski, for example, found that overlapping social-group
attachments can strengthen party identity, while Algara and
Hale examined the relationship between racial attitudes and
political cross pressures within the Republican Party during
the Trump era?>?*. These findings reinforce the importance of
interpreting the demographic predictors in the present models
as sources of predictive information rather than independent
factors of vote choice.

The present results can also be considered alongside previ-
ous research that examines the predictability of individual vot-
ing behavior. Kim and Zilinsky found that demographic char-
acteristics including age, gender, race, education, and income
contained information about presidential vote choice but re-
mained limited in their ability to separate individual voters '°.

The present results are roughly consistent with this con-
clusion. Although the Neural Network achieved 65.4% over-
all accuracy using demographic characteristics alone, its bal-
anced accuracy was considerably lower at 43.5%, and it failed
to correctly identify any Third-party/Other voters. There-
fore, the difference between overall and class-sensitive perfor-
mance illustrates an important limitation in the extent to which
demographic characteristics alone can distinguish among indi-
vidual voters.

An important feature of the present analysis was how party
identification and other political attitudes were excluded from
the predictor variables. Kim and Zilinsky found that incor-
porating clear political information, specifically party identi-
fication, significantly increased the predictability of presiden-
tial vote choice relative to demographic information alone '°.
These variables were left out from the present study primar-
ily because the objective was specifically to evaluate the pre-
dictive information contained solely in demographic charac-
teristics. The present analysis therefore represents a restricted
classification task rather than an attempt to maximize accuracy
using all the data provided by ANES.

However, the use of demographic information for electoral
classification may raise both practical and ethical consider-
ations. Although the present study evaluates model perfor-
mance for research purposes, similar predictive methods can
be used for political profiling and microtargeting of individu-
als. Previous research has identified potential concerns sur-
rounding political microtargeting, including the use of per-
sonal data for profiling, privacy, and broader implications of
targeted political communication for democratic processes>>.
The limitations observed in the present models are relevant in
this context as classification errors were not distributed evenly
across vote-choice groups, and demographic predictors rep-
resented statistical associations rather than direct explanations
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of political preferences. Using such predictions to characterize
individuals could therefore reinforce assumptions about polit-
ical behavior based on demographic characteristics. Conse-
quently, electoral classification models should be interpreted
with caution and attention to both predictive uncertainty and
the potential implications of demographic profiling.

Several limitations should be considered when interpreting
these findings. Most importantly, the class imbalance limited
the models’ ability to classify Third-party/Other voters. The
analysis was also restricted to six demographic predictors, ex-
cluding factors such as ideology, issue preferences, candidate
evaluations, economic perceptions, and political engagement
that may contribute to voting decisions. Research on the 2020
presidential election further demonstrates that political con-
siderations beyond demographic characteristics can be associ-
ated with individual vote choice. Broockman and Kalla, for
example, examined the relationship between candidate ideol-
ogy and vote choice in the 2020 election®®. Accordingly, the
performance of the present models should not be interpreted
as representing the full range of information associated with
individual voting behavior.

Additional limitations arise from the data and study de-
sign. First, the ANES responses are self-reported, and respon-
dents without a valid presidential vote-choice response were
excluded from the analytic sample. The classification analy-
sis also did not incorporate ANES survey weights; therefore,
model performance describes the analytic sample and should
not be interpreted as a population-weighted estimate of clas-
sification performance. State of residence also required one-
hot encoding across numerous geographic categories, increas-
ing the dimensionality of the predictor space. Although reg-
ularization, cross-validation, and independent holdout evalu-
ation were used to reduce the risk of overfitting, some state-
level patterns may reflect geographically specific relationships
within the 2020 sample rather than relationships that would
generalize across election cycles. Since the analysis was lim-
ited to a single election cycle, the performance within the
2020 sample does not establish that the same models or de-
mographic relationships would generalize to other presiden-
tial elections. This limitation is important because previ-
ous machine-learning research has examined voting behav-
ior across multiple election cycles, demonstrating the value
of evaluating predictive models across elections rather than
within a single electoral context'®. Finally, the models iden-
tify statistical associations rather than causal relationships,
meaning that permutation importance alone cannot establish
that a demographic characteristic directly influenced an indi-
vidual’s vote.

However, future research could address these limitations by
evaluating models across multiple election cycles and compar-
ing progressively richer sets of predictors. A demographic-
only model could serve as a baseline against models incorpo-

rating party identification, ideology, issue preferences, candi-
date evaluations, and other political attitudes. Given previous
evidence that additional political information can substantially
increase the predictability of vote choice beyond demographic
characteristics alone 2, such comparisons could measure how
much predictive information is provided specifically by de-
mographic characteristics and how much is added by political
variables. Future studies could also evaluate additional algo-
rithms and methods designed for highly imbalanced multiclass
data. These would provide a more complete understanding of
both the potential and limitations of machine learning for an-
alyzing individual electoral behavior.

Overall, the findings suggest that the Neural Network cap-
tured predictive structure in the demographic data that pro-
duced higher overall classification accuracy than Logistic Re-
gression. However, the Neural Network’s failure to iden-
tify Third-party/Other voters and its lower balanced accuracy
demonstrate that higher overall accuracy does not necessarily
translate into better performance across all electoral groups.
More broadly, the results support previous research suggesting
that demographic characteristics contain information about in-
dividual vote choice but provide an incomplete basis for distin-
guishing among voters !°. Evaluating machine-learning mod-
els using multiple performance measures and interpreting de-
mographic predictors within the broader political context are
therefore essential for producing a more complete and trans-
parent assessment of electoral classification.
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