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ABSTRACT

Income level classification is an important problem in socio-economic data analysis because it can support
decision-making in social policy, marketing, and human resource management. This research aims to apply the
Decision Tree algorithm to classify an individual's income level into two categories, less than or equal to 50,000
US dollars per year and more than 50,000 US dollars per year, based on demographic and occupational
attributes such as age, education level, marital status, occupation, and hours worked per week. The research
methodology consists of data collection, data cleaning, categorical attribute encoding, train-test splitting,
Decision Tree model construction, and hyperparameter optimization using GridSearchCV with 5-fold cross-
validation. The results show that the model with initial parameters achieved an accuracy of 78.92%, while after
hyperparameter tuning the accuracy increased to 80.54%, with the optimal parameters being criterion=entropy,
max_depth=8, and min_samples_leaf=5. Precision also increased from 56.76% to 64.29%. Feature importance
analysis revealed that relationship, age, and education-num are the most influential attributes in predicting
income level. This study demonstrates that hyperparameter tuning can significantly improve the performance of
a Decision Tree model in an income-level classification task.
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1. INTRODUCTION

Income level is one of the most fundamental indicators used to describe an individual's socio-
economic condition. Governments, financial institutions, and marketing organizations frequently need
to estimate whether a person's income falls above or below a certain threshold in order to design social
assistance programs, credit scoring policies, or targeted marketing campaigns. Because directly
surveying income for an entire population is costly and time-consuming, machine learning approaches
that predict income category from readily available demographic and occupational attributes have
received considerable attention in the data mining literature [1][2][16].

Among the various classification algorithms available in data mining, the Decision Tree algorithm
remains one of the most widely used due to its simplicity, interpretability, and ability to handle both
categorical and numerical attributes without requiring extensive data transformation [1][7][13][14]. A
Decision Tree recursively partitions the feature space into homogeneous subsets by selecting, at each
internal node, the attribute that best separates the classes according to a splitting criterion such as the
Gini index or information entropy [4][7][15]. Its tree-like structure allows the resulting model to be
visualized and interpreted directly, which is particularly valuable in socio-economic studies where
stakeholders need to understand which factors drive the prediction, not merely obtain an accurate score.
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Despite its interpretability, the predictive performance of a Decision Tree is highly sensitive to its
hyperparameter configuration, including the splitting criterion, the maximum depth of the tree, and the
minimum number of samples required at a leaf node [3][5][9]. A model trained with default or arbitrarily
chosen hyperparameters may underfit or overfit the training data, leading to suboptimal generalization
on unseen data. Hyperparameter tuning techniques, such as Grid Search Cross-Validation
(GridSearchCV), systematically explore a predefined search space of hyperparameter combinations and
select the configuration that yields the best cross-validated performance [2][6][8][18]. Several recent
studies have shown that GridSearchCV-based tuning can meaningfully improve Decision Tree accuracy
across diverse application domains, ranging from music genre classification [2] to cardiovascular disease
diagnosis [3] and text sentiment analysis, although the magnitude of improvement varies depending on
the dataset characteristics and class balance.

This study focuses on the classification of income level ("<=50K" vs. ">50K" per year) using a
Decision Tree algorithm applied to a dataset containing demographic and employment-related attributes,
similar in structure to the widely studied UCI Adult / Census Income dataset [10]. The specific objectives
of this research are: (1) to build a baseline Decision Tree classification model using manually selected
hyperparameters, (2) to optimize the model's hyperparameters using GridSearchCV with 5-fold cross-
validation, (3) to compare the performance of the model before and after tuning using accuracy,
precision, recall, and F1-score, and (4) to identify the most influential attributes in predicting income
level through feature importance analysis. The contribution of this paper lies in providing an empirical,
step-by-step comparison of Decision Tree performance before and after hyperparameter optimization on
an income-classification task, together with a transparent discussion of the resulting confusion matrices
and feature importance rankings.

Several prior studies have applied Decision Tree and related tree-based algorithms to income and
demographic classification problems. Fiagbe [10] applied a Decision Tree classifier to the UCI Adult
Income dataset and reported that hyperparameter tuning simplified the resulting tree while maintaining
competitive predictive performance, and further identified marital status, capital gain, education, and
hours-per-week as influential predictors. Mantovani et al. [9] conducted a large-scale empirical study
across 94 classification datasets and found that tuning the hyperparameters of CART, C4.5, and CTree
induction algorithms provided statistically significant, though dataset-dependent, gains in predictive
accuracy. In a different application domain, Maitsa and Winarsih [2] compared Decision Tree and
Random Forest performance before and after GridSearchCV tuning for song-genre classification and
observed an accuracy improvement for Decision Tree from 76% to 79%, which is consistent in direction
with the improvement observed in the present study. Pathak et al. [3] proposed a hybrid randomized-grid
search strategy for tuning Decision Tree hyperparameters in a cardiovascular-disease classification task
and demonstrated that systematic tuning improved both accuracy and generalization compared to default
settings. Islam et al. [20] compared eleven machine learning models, including Decision Tree and
Random Forest, on a modified UCI Adult dataset and emphasized the importance of appropriate
categorical-data handling and hyperparameter optimization for income prediction tasks. These studies
collectively motivate the present research, which applies the same tuning methodology to an income-
classification context using demographic and occupational attributes. Table 1 summarizes these studies
alongside the present research to make the resulting research gap explicit.

Table 1. Summary of related work and positioning of the present study

Position of the

Study Method Domain / Dataset Key Finding Present Study
Tuning simplified the tree while This study adds a
Fiagbe [10]  Decision Tree UCI Adult Income maintaining competitive accuracy; full before/after

dataset identified marital status, capital gain,  tuning
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Mantovani
etal. [9]

Maitsa &
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(2]

Pathak et al.

(3]

Islam et al.
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Present
study

CART, C4.5, CTree

Decision Tree,
Random Forest +
GridSearchCV

Decision Tree +
randomized-grid
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94 general benchmark
datasets

Song genre
classification

Cardiovascular
disease classification

Modified UCI Adult
dataset

Income / demographic
dataset (Adult-like)

education, and hours-per-week as
influential.

Tuning yielded statistically
significant, dataset-dependent
accuracy gains across a broad
benchmark set.

Decision Tree accuracy improved
from 76% to 79% after tuning.

Systematic tuning improved accuracy

and generalization compared to
default settings.

Emphasized the importance of
categorical-data handling and
hyperparameter optimization for
income prediction.

Accuracy improved 78.92% to
80.54%); precision +7.53 pp; recall -
6.82 pp; relationship, age, and
education-num identified as top
predictors.

comparison with
confusion-
matrix-level
detail, which
[10] does not
report.

This study
narrows the
analysisto a
single income-
classification
dataset, enabling
deeper feature-
level
interpretation.

This study
confirms a
similar tuning-
driven
improvement in
a different
domain (socio-
economic
income
prediction).

This study uses
exhaustive
GridSearchCV
rather than a
randomized
hybrid strategy,
applied to a
socio-economic
rather than
medical context.

This study
isolates the effect
of tuning on a
single,
interpretable
algorithm
(Decision Tree)
rather than
comparing many
models at once.

Provides a step-
by-step
before/after
comparison with
confusion
matrix, feature
importance, and
tree visualization
to make the
tuning effect and
its trade-offs
transparent.
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2. METHOD

This research follows a standard data mining workflow consisting of data collection, data
preprocessing, feature encoding, model construction, hyperparameter tuning, and model evaluation.
Each stage is described in detail in the following subsections.

A. Research Stages

The overall research procedure is carried out through eight sequential stages, as illustrated in Figure
1. Each stage produces an output that becomes the input of the subsequent stage, ensuring a systematic
and reproducible workflow from raw data acquisition to the interpretation of the final results.

-

1. Data Collection
(1,000 records, 15 attributes)

5. Baseline Model
Construction
(Gini, depth=6, leaf=20)
2. Data Preprocessing 6. Hyperparameter Tuning

(handle "?" missing values, (GridSearchCV,
listwise deletion)

5-fold Cross-Validation)

3. Feature Encoding 7. Model Evaluation
{Label Encoding of (Accuracy, Precision,
categorical attributes) Recall, F1-Score)
J L

8. Result Interpretation
(Feature Importance,
Tree Visualization)

!

Figure 1. Research stages of the proposed methodology, presented as a structured flowchart

4. Train-Test Split
(80:20 stratified split)

As shown in Figure 1, the workflow begins with data collection and proceeds through preprocessing
and feature encoding before the dataset is split into training and testing subsets. A baseline Decision Tree
is then constructed and refined through the hyperparameter tuning sub-process (shown with a double
border to indicate an internal 5-fold cross-validation loop), after which the tuned model is evaluated and
its results interpreted to conclude the study.

1. Data Collection - collecting a dataset of 1,000 records containing demographic and occupational
attributes together with the target income class.

2. Data Preprocessing - inspecting and handling missing values represented by the placeholder "?"
and removing incomplete records through listwise deletion.

3. Feature Encoding - transforming all categorical predictor attributes and the target attribute into
numerical codes using Label Encoding so that they can be processed by the Decision Tree
algorithm.

4. Train-Test Split - dividing the cleaned and encoded dataset into training and testing subsets using
an 80:20 stratified split to preserve the original class proportions.

5. Baseline Model Construction - building an initial Decision Tree Classifier using manually
specified hyperparameters as a point of comparison for the tuning stage.

6. Hyperparameter Tuning - applying GridSearchCV with 5-fold cross-validation to systematically
search for the optimal combination of criterion, max_depth, and min_samples_leaf.
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7. Model Evaluation - measuring the performance of both the baseline and the tuned models on the
held-out test set using accuracy, precision, recall, F1-score, and the confusion matrix.

8. Result Interpretation - analyzing feature importance and the resulting tree structure to identify
the attributes that most influence income-level classification, and discussing the practical
implications of the findings.

B. Dataset

The dataset used in this study consists of 1,000 records with 15 attributes, comprising 14 predictor
attributes (age, workclass, fnlwgt, education, education-num, marital-status, occupation, relationship,
race, sex, capital-gain, capital-loss, hours-per-week, and native-country) and one binary target attribute,
salary, which categorizes each individual's annual income as "<=50K" or ">50K". The structure of the
dataset is comparable to the well-known UCI Adult / Census Income dataset that has been used
extensively in income-prediction research [10][12][20].

C. Data Preprocessing

Data preprocessing began with an inspection of missing values. Although no attribute contained
explicit null values, three categorical attributes used the placeholder character "?" to denote missing
entries: workclass (62 records), occupation (62 records), and native-country (18 records). These
placeholder values were converted to missing values and the corresponding rows were removed using
listwise deletion, reducing the dataset from 1,000 to 922 valid records. This cleaning step ensures that
the subsequent model is trained only on complete and reliable observations.

D. Feature Encoding

Because Decision Tree implementations in scikit-learn require numerical input, all categorical
predictor attributes (workclass, education, marital-status, occupation, relationship, race, sex, and native-
country) were transformed into numerical codes using Label Encoding [19]. The target attribute, salary,
was similarly encoded into two numerical classes, 0 for "<=50K" and 1 for ">50K".

E. Train-Test Split

The cleaned and encoded dataset was divided into a training set and a testing set using an 80:20 ratio
with stratified sampling on the target class to preserve the original class proportions. This resulted in 737
records for training and 185 records for testing.

F. Decision Tree Model Construction

A baseline Decision Tree Classifier was first constructed using manually specified hyperparameters,
namely the Gini impurity criterion, a maximum depth of 6, and a minimum of 20 samples per leaf node.
This baseline model represents a typical configuration that a practitioner might select without systematic
optimization, and serves as the point of comparison for the subsequent tuning stage.

At each internal node, the Decision Tree selects the attribute that best separates the classes according
to a splitting criterion. For the entropy-based (information gain) criterion, the impurity of a node
containing a set of samples S with ¢ classes is measured using Equation (1), where p; denotes the
proportion of samples in S belonging to class i.

Entropy(S) = — Xi-1pi logz(p:) (1)
For the Gini-index criterion, the impurity of node S is instead computed using Equation (2).
Gini(S) = 1 - X pi? )

The quality of a candidate split on attribute A is then quantified by the information gain, defined in
Equation (3), where Values(A) is the set of possible values of A and S, is the subset of S for which
attribute A has value v. The Decision Tree algorithm selects, at each node, the attribute that maximizes
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the information gain (or, equivalently, minimizes the weighted Gini index of the resulting child nodes)

[41[71[15].

IG(S; A) = EntrOPY(S) - ZveValues(A) |%|| X EntrOPY(S v) (3)

G. Hyperparameter Tuning with GridSearchCV

To optimize the Decision Tree's performance, GridSearchCV was applied with 5-fold cross-
validation over a search space consisting of the splitting criterion (Gini or entropy), the maximum tree
depth (4, 6, 8, 10, or unlimited), and the minimum number of samples per leaf (5, 10, 20, or 30).
GridSearchCV exhaustively evaluates every combination in the specified grid and selects the
configuration that maximizes the mean cross-validated accuracy, following the general tuning
methodology described in [2], [3], [9], and [17].

This selection process is formally expressed in Equation (4), where 6 denotes a candidate
hyperparameter configuration, @ is the predefined search space, k is the number of cross-validation folds
(k =5 in this study), and Acc(M6, Dval(i)) denotes the validation accuracy achieved by the model trained
with configuration 6 on the i-th validation fold.

* 1 '
0* = argmaxgeg EZ;{=1 Acc (Me'Dégz) @

H. Evaluation Metrics

The performance of both the baseline model (before tuning) and the optimized model (after tuning)
was evaluated on the held-out test set using four standard classification metrics: accuracy, precision,
recall, and F1-score, in addition to the confusion matrix. Given the number of true positives (TP), true
negatives (TN), false positives (FP), and false negatives (FN) obtained from the confusion matrix, the
four metrics are computed using Equations (4)-(7).

TP+TN
Accuracy = ——————— 5)
TP+TN+FP+FN
.. TP
Precision = (6)
TP+FP
TP
Recall = @)
TP+FN
PrecisionxXRecall
F1—Score =2 X ———— (8)

Precision+Recall

These metrics were computed identically for both models to allow a direct, like-for-like comparison
of the effect of hyperparameter tuning.

3. RESULTS AND DISCUSSION

A. Dataset Overview

Before examining the target class distribution, it is useful to first inspect the overall shape of the
numerical predictor attributes, since skewness or extreme outliers in these attributes can affect how the
Decision Tree partitions the feature space. Figure 2 presents the distribution of the six numerical
attributes used in this study.
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Figure 2. Distribution of key numerical attributes (age, fnlwgt, education-num, capital-gain, capital-loss, and
hours-per-week)

As shown in Figure 2, age is right-skewed and concentrated between 20 and 50 years, while fnlwgt,
capital-gain, and capital-loss are heavily right-skewed with most values close to zero and a small number
of large outliers. education-num and hours-per-week are more concentrated, with visible peaks around
9-10 years of education and 40 hours per week, respectively, reflecting common levels of educational
attainment and full-time work schedules in the dataset. These distributional characteristics are consistent
with the general skewness typically reported for the UCI Adult / Census Income dataset [10][12], and
motivate the use of a Decision Tree, which does not require normally distributed features.

Before presenting the modeling results, it is important to examine the composition of the target
attribute, since an imbalanced class distribution can influence how the evaluation metrics reported later
should be interpreted. After removing 78 records containing missing values marked with "?", the final
dataset used for modeling consisted of 922 records. Figure 3 presents the resulting class distribution of
the target attribute.

Class Distribution of Salary

<=50K >50K
Income Category

Figure 3. Class distribution of the salary attribute
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As shown in Figure 3, the target class distribution is imbalanced, with 768 records (76.8%) belonging
to the "<=50K" category and 232 records (23.2%) belonging to the ">50K" category prior to cleaning, a
pattern that is consistent with the class imbalance typically reported for the UCI Adult / Census Income
dataset [10][12]. This imbalance is an important contextual factor when interpreting the precision and
recall results reported below, since a classifier can achieve relatively high accuracy simply by favoring
the majority class.

B. Baseline Model Performance (Before Hyperparameter Tuning)

The baseline Decision Tree, trained with the Gini criterion, a maximum depth of 6, and a minimum
of 20 samples per leaf, achieved an accuracy of 78.92% on the test set, with a precision of 56.76%, a
recall of 47.73%, and an F1-score of 51.85% for the minority ">50K" class. These results indicate that
while the baseline model is reasonably accurate overall, it struggles to correctly identify individuals in
the higher-income category, which is the more difficult and less frequent class to predict.

C. Hyperparameter Tuning Results

Having established the baseline model in the previous subsection, this subsection reports the
outcome of the hyperparameter tuning process. GridSearchCV was applied over the search space defined
in Section 2.G, evaluating 40 hyperparameter combinations with 5-fold cross-validation. Table 2
presents the search space together with the optimal hyperparameter values identified.

Table 2. GridSearchCV search space and optimal hyperparameters

Hyperparameter Search Space Best Value
criterion gini, entropy entropy
max_depth 4,6, 8, 10, None 8
min_samples_leaf 5, 10, 20, 30 5

As shown in Table 2, the best configuration identified was criterion = entropy, max_depth = 8, and
min_samples_leaf = 5, which achieved a mean cross-validated accuracy of 82.91% on the training folds.
Compared to the manually chosen baseline configuration, the tuned model uses a deeper tree (depth 8
instead of 6) and a smaller minimum leaf size (5 instead of 20), allowing it to capture more fine-grained
decision boundaries while still being regularized through cross-validation to avoid overfitting.

D. Model Performance After Hyperparameter Tuning

On the same held-out test set, the tuned Decision Tree achieved an accuracy of 80.54%, a precision of 64.29%,
a recall of 40.91%, and an Fl-score of 50.00%. Table 3 summarizes the performance comparison between the
baseline and tuned models across all four evaluation metrics computed using Equations (5)-(8), while Figure 4
visualizes this comparison as a grouped bar chart.

Table 3. Comparison of Decision Tree performance before and after hyperparameter tuning

Metric Before Tuning After Tuning Difference
Accuracy 0.7892 0.8054 +0.0162
Precision 0.5676 0.6429 +0.0753

Recall 0.4773 0.4091 —0.0682
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Figure 4. Model performance comparison before and after hyperparameter tuning

The results show that hyperparameter tuning improved both accuracy (+1.62 percentage points) and
precision (+7.53 percentage points) for the minority ">50K" class. However, recall and F1-score slightly
decreased after tuning. This trade-off can be explained by the deeper, more entropy-sensitive tree
becoming more conservative in predicting the minority class: it makes fewer positive predictions overall,
but a larger proportion of those predictions are correct, which raises precision while lowering recall. This
precision-recall trade-off is a well-documented phenomenon in imbalanced classification tasks and is
consistent with findings reported by Maitsa and Winarsih [2], who also observed that GridSearchCV
tuning improved some metrics while slightly reducing others depending on class distribution. Addressing
this imbalance more directly, for instance through resampling techniques such as SMOTE [17], is
discussed further in Section 3.H.

To assess whether the observed accuracy improvement reflects a statistically meaningful effect
rather than sampling variation on the 185-instance test set, 95% confidence intervals were computed for
the accuracy of both models using the normal approximation to the binomial proportion. The baseline
model’s accuracy of 78.92% corresponds to a 95% CI of [73.0%, 84.8%], while the tuned model’s
accuracy of 80.54% corresponds to a 95% CI of [74.8%, 86.2%)]. Because these intervals overlap
substantially, the accuracy gain, while consistent in direction with the improvements reported by Maitsa
and Winarsih [2] and Mantovani et al. [9], cannot be regarded as statistically significant based on this
single test split alone. A paired McNemar’s test comparing the baseline and tuned Decision Tree’s
predictions on the same 185 test instances (b = 12 instances correct only under the baseline model, ¢ = 15
instances correct only under the tuned model) yielded p =0.7011, confirming that the accuracy
improvement, while consistent in direction with the tuning gains reported by Maitsa and Winarsih [2]
and Mantovani et al. [9], is not statistically significant at the 5% level for a test set of this size. Section
3.H extends this statistical comparison to Random Forest and Gradient Boosting classifiers.

E. Confusion Matrix Analysis

To further examine the classification behavior of both models beyond the aggregate metrics reported
above, a detailed confusion matrix analysis was conducted for the baseline and the tuned Decision Tree
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models. This analysis makes it possible to inspect the number of correctly and incorrectly classified
instances in each income category directly, rather than relying solely on the summary statistics presented
earlier. Figure 5 presents the confusion matrices of the baseline and tuned models side by side.

Before Tuning After Tuning

<=50K .. 16 <=50K .. 10

True label
True label

>50K 23 21 >50K 26 18

<=50K >50K <=50K >50K
Predicted label Predicted label

Figure 5. Confusion matrices before tuning (left) and after tuning (right)

As shown in Figure 5, the baseline model correctly classified 125 of 141 "<=50K" instances and 21
of 44 ">50K" instances. The tuned model correctly classified 131 of 141 "<=50K" instances and 18 of
44 ">50K" instances. This confirms the precision-recall trade-off discussed above: the tuned model
reduces false positives for the minority class (improving precision) at the cost of a small increase in false
negatives (reducing recall).

F. Feature Importance Analysis

Beyond evaluating predictive performance, it is equally important to understand which attributes
most strongly drive the Decision Tree's classification decisions, since this provides interpretable insight
that can support socio-economic decision-making. To this end, feature importance scores were extracted
from the tuned Decision Tree model, quantifying the relative contribution of each predictor attribute to

the overall splitting process. Figure 6 shows the feature importance scores extracted from the tuned
Decision Tree model.

Feature Importance (Tuned Decision Tree)
relationship [
oy
education-num |
capital-gain |
hours-per-week _
miwot I
workclass _
occupation [N
race .

education I

None

marital-status
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capital-loss
native-country

0.00 0.05 0.10 0.15 0.20 0.25
Importance
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Figure 6. Feature importance scores of the tuned Decision Tree model

As shown in Figure 6, the three most influential attributes are relationship (importance = 0.262), age
(importance = 0.206), and education-num (importance = 0.180), followed by capital-gain (0.093) and
hours-per-week (0.082). Attributes such as marital-status, sex, capital-loss, and native-country
contributed no measurable importance to the tuned tree, indicating that the model relies primarily on
relationship status within the household, age, and education level to distinguish between income
categories. This finding is broadly consistent with previous income-classification studies, which have
also identified marital/relationship status, education, and age among the most predictive attributes for
income level [10][12][20].

G. Decision Tree Visualization

To complement the feature importance analysis, the internal structure of the tuned Decision Tree
was also examined in order to observe how the most influential attributes are actually used during the
splitting process. Visualizing the tree structure directly allows the decision logic to be traced from the
root node down through successive splits, offering an additional layer of interpretability beyond the
numerical importance scores. Figure 7 illustrates the first three levels of the tuned Decision Tree.

age <= 335

llwgl - 661015 nhnomnlp< 45

entropy = 0.85 m: ikl

o value = {180, X value = (24, 0)
lue = [118, 45 | 1] D 53 0] <=50K V‘ll‘ li’ )1

Ve o sox ‘ J =SB0k it Lo

SN N N

Figure 7. Visualization of the tuned Decision Tree (first three levels)

As shown in Figure 7, the root node splits on the relationship attribute, confirming its dominant role
identified in the feature importance analysis, followed by subsequent splits on age and education-num.
This visualization highlights one of the key advantages of the Decision Tree algorithm over black-box
models: the decision-making logic can be traced and explained directly from the tree structure, which is
valuable for stakeholders who require interpretable socio-economic predictions [13][14].

H. Comparison with Ensemble-Based Classifiers

To further strengthen the contribution of this study beyond a single algorithm, the tuned Decision
Tree was compared against two widely used ensemble classifiers, Random Forest and Gradient Boosting,
both tuned using the same GridSearchCV / 5-fold cross-validation protocol described in Section 2.G and
evaluated on the identical 80:20 train-test split. For Random Forest, the search space covered
n_estimators (100, 200), max_depth (6, 8, 10, None), and min_samples_leaf (1, 5, 10); the best
configuration was n_estimators = 100, max_depth = None, and min_samples_leaf =1, with a mean
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cross-validated accuracy of 84.26%. For Gradient Boosting, the search space covered n_estimators (100,
200), max_depth (2, 3, 4), and learning_rate (0.05, 0.1); the best configuration was n_estimators = 200,
max_depth = 3, and learning_rate = 0.05, with a mean cross-validated accuracy of 84.12%. Table 4
summarizes the resulting test-set performance of all three tuned classifiers.

Table 4. Performance comparison of the tuned Decision Tree with Random Forest and Gradient Boosting on the
same test set

Classifier Accuracy Precision Recall F1-Score
Tuned Decision Tree 0.8054 0.6429 0.4091 0.5000
Random Forest
(GridSearchCV) 0.8270 0.7000 0.4773 0.5676
Gradient Boosting 0.8216 0.6897 0.4545 0.5479

(GridSearchCV)

As shown in Table 4, both ensemble methods outperformed the tuned Decision Tree on every metric:
Random Forest achieved the highest accuracy (82.70%), precision (70.00%), recall (47.73%), and F1-
score (56.76%), followed closely by Gradient Boosting (82.16% accuracy, 68.97% precision, 45.45%
recall, 54.79% F1-score). Notably, unlike the Decision Tree tuning process reported in Section 3.D,
which improved precision at the cost of recall, both ensemble methods improved precision, recall, and
F1-score simultaneously relative to the tuned Decision Tree, suggesting that aggregating multiple trees
mitigates some of the minority-class detection difficulty inherent in a single-tree model on this
imbalanced dataset. To determine whether these differences are statistically meaningful, paired
McNemar’s tests were conducted between the tuned Decision Tree and each ensemble model on the
same 185 test instances. The comparison with Random Forest yielded b = 10, ¢ = 14, p = 0.5413, and
the comparison with Gradient Boosting yielded b = 12, ¢ = 15, p = 0.7011, neither of which is significant
at the 5% level. This indicates that, despite the numerically higher performance of the ensemble methods,
the test-set size is not large enough to confirm their superiority over the Decision Tree with statistical
confidence. Considering that both ensembles also sacrifice the direct interpretability that is a central
advantage of the Decision Tree (Section 3.G), the choice between a single tuned Decision Tree and an
ensemble method should be guided by whether the application prioritizes transparency or a modest, not
yet statistically confirmed, gain in predictive performance.

I. Discussion of Findings and Practical Implications

Taken together, the results indicate that hyperparameter tuning shifted the Decision Tree toward a
more conservative decision boundary for the minority ">50K" class: it makes fewer positive predictions
overall, but a larger share of those predictions are correct. In a practical deployment setting, such as a
preliminary screening tool that flags individuals for further review of eligibility, benefits, or credit
assessment, this behavior would reduce the number of false alarms at the cost of missing a slightly larger
share of genuinely higher-income individuals. Whether this trade-off is acceptable depends on the
relative cost of false positives versus false negatives in the specific application, and highlights that
accuracy alone is an insufficient criterion for selecting a production-ready model in imbalanced socio-
economic classification tasks.

The feature importance results also carry practical implications beyond model performance. The
dominance of relationship, age, and education-num suggests that household role, career stage, and
educational attainment are the strongest observable signals of income level in this dataset, which is
broadly intuitive and aligns with established socio-economic research. At the same time, this finding
warrants caution: relationship status and age are demographic attributes that can correlate with protected
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characteristics such as marital status or gender, so any operational use of this model for decision-making
should be accompanied by a fairness audit to ensure that reliance on these attributes does not produce
discriminatory outcomes for particular subgroups, even when the attributes are statistically predictive.

Several limitations should also be acknowledged when interpreting these results. The final modeling
dataset consisted of only 922 records after removing incomplete entries, which is modest relative to the
scale of the original UCI Adult / Census Income dataset and may limit the stability of both the reported
metrics and the feature importance rankings. In addition, performance was assessed using a single train-
test split combined with 5-fold cross-validation for tuning, rather than repeated or nested cross-validation
on the full modeling pipeline; while sufficient for the comparative purpose of this study, repeated
evaluation across multiple random splits would provide a more robust estimate of generalization
performance and reduce the risk that the reported gains are specific to one particular partition of the data.

Finally, the trade-off between interpretability and predictive power observed throughout this study
is worth emphasizing. The tuned Decision Tree remains fully transparent, as illustrated by the traceable
splits in Figure 7, which is valuable in socio-economic contexts where stakeholders may need to justify
or explain individual predictions. However, the modest recall achieved for the minority class suggests
that if maximizing predictive performance is the primary goal rather than interpretability, ensemble
methods such as Random Forest or Gradient Boosting, combined with class-balancing techniques, would
likely outperform a single tuned Decision Tree. The choice between these approaches should therefore
be guided by the specific priorities of the intended application, balancing the need for accuracy against
the need for explainability.

4. CONCLUSION

This study applied the Decision Tree algorithm to classify income level based on demographic and
occupational attributes, and systematically compared model performance before and after
hyperparameter tuning using GridSearchCV with 5-fold cross-validation. The baseline Decision Tree
model, using manually selected hyperparameters (Gini criterion, max_depth = 6, min_samples_leaf =
20), achieved an accuracy of 78.92% on the test set. Following hyperparameter tuning with
GridSearchCV, the optimal configuration was identified as criterion = entropy, max_depth = 8, and
min_samples_leaf = 5, which increased test accuracy to 80.54% and improved precision from 56.76%
to 64.29%. However, recall and F1-score decreased slightly, reflecting the precision-recall trade-off that
is typical in imbalanced classification tasks. In addition, feature importance analysis identified
relationship, age, and education-num as the three most influential attributes in predicting income level,
offering interpretable insights that can support socio-economic decision-making. Overall, these findings
indicate that hyperparameter tuning is a worthwhile step in Decision Tree-based classification pipelines,
although its benefits remain constrained by dataset size and class imbalance. A supplementary
comparison with Random Forest and Gradient Boosting, tuned under the same GridSearchCV protocol,
showed that both ensemble methods achieved numerically higher accuracy, precision, recall, and F1-
score than the Decision Tree (82.70% and 82.16% accuracy, respectively, versus 80.54%); however,
paired McNemar’s tests indicated that these differences were not statistically significant at this sample
size, so the practical choice between a single interpretable Decision Tree and a higher-capacity ensemble
should be guided by the application’s relative priorities of transparency versus predictive performance.
Future research should therefore explore combining hyperparameter tuning with class-balancing
techniques and ensemble methods, evaluated on a larger sample, to further improve recall for minority
income classes.
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