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Abstract
Based on the UCI Adult Census Income dataset, we are using

different models and factors to make predictions on whether
an individual will earn more than $50K or not. The analysis
compares various factors using Decision Tree, SVM, Logistic
regression, and Random Forest models. Models were evaluated
using accuracy, precision, recall, F1-score, and confusion
matrices. The results show that the selected variables contain
useful predictive information, but model performance varies
across feature groups and evaluation metrics.

1 Introduction
1.1 Project Context

Income is linked to education, employment, household
structure, and demographic background. Machine learning
can identify patterns in income classification and support
data-driven decisions. This report uses the US Adult Census
Income Dataset [1], which includes demographic, education,
employment, and household information.

1.2 Research Aim
This report investigates whether socioeconomic factors can

predict whether an individual earns more than $50K per year.
The task is treated as binary classification: income above
$50K or less than or equal to $50K. Four predictor groups
are compared: education, employment, household and marital-
status, and demographic factors.

2 Background
Income classification is important in socioeconomic research

because income is associated with education, employment,
household structure, and demographic background. These
variables are treated as predictors rather than direct causes.
This project uses the Adult Census Income dataset to predict
whether individuals earn more than $50K per year [1]. It
compares demographic, household, education, employment, and
workclass-related feature groups using different classification
models to identify predictive patterns rather than causal
relationships.

3 Dataset and Methodology

3.1 Dataset
This project uses the Adult Income Dataset obtained from

the UCI Machine Learning Repository. The dataset is based on
demographic and socioeconomic information collected from
the 1994 United States Census. The target variable is income
category, classifying individuals as earning either more than
$50,000 per year or less than or equal to $50,000 per year.

To investigate the relationship between socioeconomic
factors and income, the predictor variables were divided
into four feature groups based on different demographic and
socioeconomic characteristics.

3.2 Data Preprocessing
Before model development, missing or unknown values

were removed, and the income variable was converted into a
binary variable. Additional preprocessing steps were applied
where necessary for individual analyses, including feature
selection, categorical variable encoding, feature scaling, and
class imbalance handling.

3.3 Modelling Framework
Four machine learning models were applied to four separate

feature groups. Workclass, race and native-country variables
were analysed using a Decision Tree classifier. Demographic
and household characteristics were analysed using a Support
Vector Machine (SVM). Education and career-stage variables
were analysed using Logistic Regression. Employment-related
characteristics were analysed using a Random Forest classifier.

3.4 Model Evaluation
Model performance was evaluated using accuracy, precision,

recall, F1-score and confusion matrices, allowing comparisons
across different feature groups and machine learning models.

4 Analysis and Results
4.1 Atharva Mansabdar: Predicting Income
using Race, Native Country and Workclass

Can the race, native country and working class of adult
males determine if their annual income exceeds 50,000 $ per
year?



4.1.1 Subset and feature group
The UCI Adult Census Income dataset, taken from the 1994

US Census, was used. Data was subset to male individuals
only, as a higher proportion of men earn above $50k (Bureau)
and to complement teammates’ work. This also removed sex
as a confounder, as income distributions differ substantially
between sexes (Bureau). The feature group comprises three
categorical predictors (race, native country, and workclass) and
the binary income target. After cleaning, adult.data contained
20,385 records and adult.test contained 10,149 records, reserved
for testing.

4.1.2 Model Selection
A decision tree classifier was selected. Unlike logistic

regression, it naturally accommodated categorical splits without
assuming a linear relationship, and produced an interpretable
structure showing which variables are split on, directly answer-
ing whether these attributes matter. The tree recursively split
the data on whichever feature most reduced the Gini impurity
at each node.

4.1.3 Model Setup
Pre-processing The data was cleaned and unknown values (e.g.
”?”) were removed. The target (income) was binarised, with
$50k set as 1 and ≤ $ 50k set as 0. The categorical predictors
were one-hot encoded, removing one reference category per
variable to produce 50 binary columns. The adult.test file
needed extra cleaning: its first line was a non-data comment,
and its income labels carried a trailing period that was stripped
before binarising. The test set was re-indexed onto the training
columns so that both shared an identical feature space.
Representativity and Class Balance Within the male subgroup,
69% earned ≤ $50k and 31% earned $50k. The adult.test
file showed a near-identical split, confirming that the test set
was representative. The native-country variable expanded into
around 40 categories, several very sparse, which limited the
reliability of splits on rare categories. This imbalance was
addressed in both training and evaluation.
Split-Sample Validation and Balancing The adult.data subset
was split 80/20 into training and validation, using stratified
sampling to preserve the class ratio. The entire adult.test file
served as an independent test set, so the model was fit on
training, tuned on validation, and evaluated once on test. To
correct the training imbalance, the majority class was randomly
undersampled to match the minority class, giving a balanced
training set of 10,234 rows. A standard remedy for class
imbalance (He and Garcia) was applied to the training set
only; validation and test retained natural proportions to reflect
real-world performance.
Hyperparameter Tuning
max_depth was the principal hyperparameter. Although

greater depth captured more structure, it risked overfitting.
Trees were fitted across depths 1–15 with scikit-learn’s De-
cisionTreeClassifier, recording validation accuracy, precision,
and recall (Figure 1).

Fig. 1. Validation accuracy, precision & recall vs tree depth

The curve in Figure 1 exhibited three regimes. At depths
1 and 2 the tree was underfit, predicting almost everyone
in the majority class (0.70 accuracy, 0.09 recall). At depth
3 it was degenerate: recall spiked to 0.95 while accuracy
dropped to 0.37, and the tree flipped to predicting $50k
for nearly all individuals. From depth 5 onward the metrics
stabilised, with accuracy between 0.66 and 0.67 and recall
between 0.23 and 0.25. No single depth was optimal on both
accuracy and recall, and maximising either metric automatically
selected a degenerate model (depth 2 for accuracy, depth 3
for recall). Depth 10 was therefore chosen manually from the
stable plateau; it gave near-identical metrics to deeper trees,
showing the model would plateau rather than improve.
Choice of Evaluation Metric

As the data was imbalanced, accuracy alone was misleading.
This was because a model always predicting ≤ $50k would
score 0.69 while learning nothing. The proportion of true high
earners correctly identified was prioritised because the positive
class was the minority of interest, hence the model’s ability
to capture it best tested whether the predictors carried usable
information.

4.1.4 Results
Decision Tree Structure

Fig. 2. Top three levels of the final decision tree

As shown in figure 2, the root split is identified on
workclass_Self-emp-inc. This indicates incorporated



self-employment most cleanly separating high earners from low
ones. The following splits are native-country_Mexico
and race_Black. The form ”feature ≤ 0.5” is taken as the
predictors are one-hot encoded where lesser than 0.5 means
not in the category and greater than means in it. Top three
levels are shown for readability, the tree reaches depth 10.

As shown in Figure 2, the root split was on
workclass_Self-emp-inc, indicating that incorporated
self-employment separated high earners from low earners.
The following splits were native-country_Mexico and
race_Black. Conditions took the form ”feature ≤ 0.5”
because the predictors are one-hot encoded, where 0.5 means
not in that category. The top three levels are shown for
readability; the tree reaches depth 10, and the full diagram is
in the appendix.

The node Gini values showed which groups the tree classified
confidently. The root (10,234 balanced samples) had a Gini
of 0.500 by construction. Splitting on self-employment had
minimal impact on the not self-employed inc branch
(Gini 0.499 over 9,644 samples), isolating only a small high-
earning minority while leaving the majority almost as mixed.
By contrast, a deeper node isolating incorporated self-employed
individuals reached a Gini of 0.211 over 184 samples. This
pattern explained the modest recall: the tree successfully
identified a small subset of high earners but could not resolve
most individuals’ incomes from these three attributes.

The final depth-10 model was evaluated on the independent
adult.test set (Table I). Training metrics used the balanced
50/50 set, whereas validation and test used the natural 69/31
distribution, so the training column was not directly comparable.
The close validation–test agreement indicates the model was
not overfit.

Final Performance

Metric Training Validation Test
Accuracy 0.562 0.669 0.678
Precision 0.668 0.446 0.463

Recall 0.245 0.231 0.249
TABLE I

PERFORMANCE OF THE FINAL DECISION TREE

Fig. 3. Confusion matrix for final model

Comparison of Candidate Depths

Test Metric Depth 2 Depth 10
Accuracy 0.698 0.678
Precision 0.582 0.463

Recall 0.092 0.249
TABLE II

COMPARISON OF CANDIDATE DEPTHS

Fig. 4. Depth 2 vs depth 10 performance with test set

The depth-2 model exhibited marginally higher accuracy
(0.698 vs 0.678) but a recall of only 0.092. Depth 10 had
roughly three times the recall at a small cost to accuracy and
precision, a worthwhile trade under the recall-focused criterion,
which improves identification of the high-earning class.

Feature Importance



Fig. 5. Top ten most important features by Gini-impurity reduction

Feature importance identified
workclass_Self-emp-inc (0.285),
native-country_Mexico (0.166), and race_Black
(0.094) as the strongest predictors, with other workclass
and country categories contributing at lower levels.

4.1.5 Discussion
The groups most associated with earning more than $50k

were self-employed incorporated males (importance 0.285),
followed at lower strength by specific race and country cate-
gories (Mexico 0.166, Black 0.094). Occupational status was
the strongest determining factor, outranking every demographic
category. However, the attributes identified high earners only
weakly; the tree isolated a few small high-earning pockets but
left the majority unresolved. This pointed to association rather
than causation, which was expected given that income may
depend heavily on absent variables such as education and hours
worked.

Several limitations applied: sparse native-country categories
meant splits on rare countries rested on very few individuals
and were unlikely to generalise, the male-only subgroup cannot
be extrapolated to the wider population, and the 1994 data may
not reflect current patterns. An improvement would be a random
forest, which would yield more stable performance, along with
richer predictors such as education. The analysis demonstrated
a correct application of the technique and answered the
association question clearly, but indicated correlation rather
than causation and was limited to the subgroup studied.

4.2 Hao Qian: Age, Sex, Marital-status and
Relationship as predictors of Income Clas-
sification with SVM
4.2.1 Research Overview

My section will focus on whether demographic and house-
hold factors can help to predict an individual’s income category
using a Support Vector Machine (SVM). The main aim is to
determine whether Age, Sex, Marital-status, and Relationship
are useful to predict if an individual’s annual income exceeds
$50,000.

My study uses the Adult Census Income dataset from the
UCI Machine Learning Repository. In the dataset, Age is
used as one of the predictor since it is related to individual’s
work experience and career progression. In addition, Sex,
Marital-status, and Relationship are variables that can reflect an
individual’s demographic features and household factors. These
four variables are selected because they are highly associated
with employment opportunities, financial responsibilities and
the potential of earning. Previous research has shown that
marriage and household structure are closely linked to labour
market outcomes and income inequality [4].

Since the dependent variable has two possible outcomes
(greater than $50K and less than or equal to $50K), it can
become a binary classification task. A Support Vector Machine
(SVM) was selected as the machine learning model. SVM is
useful for classification problems and different kernel functions
can be used to explore both linear and non-linear decision
boundaries.

4.2.2 Methodology

1 Data Preprocessing

The Adult Income dataset was filtered to obtain only
the variables required for this analysis: age, marital-status,
relationship, sex, and income, and all other variables were
removed from the dataset. Also, rows containing missing values
were removed before the data were analysed. The dependent
variable, income, was converted into a binary variable, where
individuals earning more than $50,000 per year were in one
class and those earning $50,000 or less were in another class.
The categorial variables were converted into numerical format
so that they can be used in the machine learning model. They
were then standardised so that they were measured on the same
scale. Finally, the data were split into training and validation
sets. A separate Adult test dataset was retained and used only
for the final evaluation of the model. It should be noticed that
a larger proportion of individuals earning less than or equal
to $50K than those earning more than $50K which indicates
that the income classes are not balanced. Therefore, the model
was evaluated using several performance measures, including
accuracy, precision, recall, and the confusion matrix, to provide
a more comprehensive assessment.

2 Hyper-Parameter Optimisation

a. Kernel Type Selection

Four SVM kernels were compared: linear, rbf, poly, and
sigmoid. For each kernel, accuracy, precision, and recall were
calculated on both the training set and validation set.



Fig. 6. Accuracy Scores of Training Set & Validation Set by Kernel

Fig. 7. Precision Scores of Training Set & Validation Set by Kernel

Fig. 8. Recall Scores of Training Set & Validation Set by Kernel

It is shown on the figures that the polynomial kernel achieved
a recall score of 1.0 but a relatively lower accuracy and precsion.
Therefore, the recall performance cannot be considered alone
for model selection and other scores should be concerned.
The figures above also show that the result of linear, rbf, and
sigmoid kernels are similar, but the linear kernel was the final
selection since it is simpler, easier to interpret, and faster to
train.

b. C Value Selection
After selecting the linear kernel, different values of the

regularisation parameter C were tested.

0.1, 0.5, 1, 2, 5, 7, 10, 20, 50

For each C value, validation accuracy, precision, and recall
were calculated.

Fig. 9. Accuracy Scores of Training Set & Validation Set, Varying C

The final C value was selected based on the highest validation
accuracy.The best C value was:

C = 0.5

4.2.3 Results
The final SVM model used the linear kernel with C = 0.5.

The final model was evaluated on the test set using accuracy,
precision, recall, and the confusion matrix.

Fig. 10. Final Linear SVM Test Confusion Matrix

The final model achieved a test accuracy of 0.7191, a
precision score of 0.4499, and a recall score of 0.8508. The
similarity between the validation and test results suggests that
the model appeared to generalise reasonably well to unseen
data and showed no strong evidence of overfitting.



4.2.4 Discussion
The final SVM model has achieved a test accuracy of 71.9%,

a precision score of 44.99%, and a recall score of 85.08%. To
better understand the results, the confusion matrix was analysed
to provide further insight into the model’s performance. The
model correctly identified 3,272 individuals earning more than
$50K and it missed only 574 high-income individuals. This
explains the high recall score, indicating that the model was
good at identifying most individuals belonging to the class of
higher-income. However, 4,000 individuals earning less than
or equal to $50K were incorrectly classified as high-income
earners. As a result, the model produced a large number of
false positives, which is the reason why there is a relatively
low precision score.

In the kernel selection, the polynomial kernel achieved a
recall score of 1.0. However, the confusion matrix suggested
that the model classified almost all observations as belonging
to the positive class. As a result, there were very few false
negatives, which led to the very high recall score. However, this
also produced a large number of false positives and reduced
the overall accuracy of the model. These results show that
recall cannot be used on its own when evaluating the model
performance. In this situation, it should be considered together
with other measures such as accuracy, precision, and the
confusion matrix.

Overall, the results suggest that demographic and household
factors, including age, sex, marital status, and relationship
status, can be used as predictors for the classification of
individual’s income. However, these variables alone are not
sufficient to fully explain whether an individual’s annual income
exceeds $50K.

To further improve the predictive performance of the model,
additional variables such as education level, occupation, and
hours worked per week may be considered. These factors are
possible to have a direct relationship with income and may
improve both accuracy and precision.A further limitation is
that the Adult Income dataset is based on demographic and
socioeconomic information collected from the 1994 United
States Census. Consequently, the relationships identified by the
model may not fully reflect current labour market conditions, as
labour market structures and income inequality have changed
substantially over recent decades [5]. Furthermore, because the
dataset is based solely on the United States population, the
conditions may not be similar to other countries. Future studies
could use more recent and geographically diverse datasets to
assess the generalisability of the model.

4.3 Andy Wang: Education and Career
Stage as predictors of Income Classifica-
tion with logistic regression
4.3.1 Research Overview

My section focuses on how education and career stage can
help to predict income class using Logistic Regression.

The main question is whether education level and age are
useful predictors of whether an individual earns more than

50,000$ per year. In the dataset, education-num represents
educational attainment, while age serves as an indicator of
potential work experience because there is no direct feature
for work experience.

astly, hours-per-week are added to test whether working
hours can improve prediction accuracy. Since income is a
binary classification outcome, Logistic Regression is well-
suited for this prediction [6]. It also allows the effect of each
variable to be interpreted through its model coefficient, making
it easier to compare education-num, age, and hours-per-week.
Compared with more complex models, Logistic Regression is
more interpretable while still allowing multiple factors to be
considered together.

4.3.2 Methodology

1 Variable Selection
The selected variables are education-num, age, and hours-

per-week. Education-num was selected because it provides a
numerical representation of education level that can be used
directly as input for Logistic Regression. It was used instead of
the education category to avoid using two variables describing
similar education information.

Working experience may affect the importance of education,
as education level may be more important for recent graduates
than for people with longer industry experience. As the dataset
does not include a direct work experience feature, age was
used as a proxy for potential work experience or career stage.
Lastly, hours-per-week was added to test whether working time
could improve prediction accuracy, as people working longer
hours may have different income patterns.
2 Data Preparation

The dataset was provided in two files: adult.data and
adult.test. The adult.data file was used for training and
validation, while adult.test was kept separate for final testing.
As the dataset did not include column names, the variable
names were assigned according to the dataset description file.

Before training, missing values were removed, and income
was converted into a binary target. Individuals earning less than
or equal to $50K were coded as 0, while individuals earning
more than $50K were coded as 1. Three training-validation
split ratios, 60:40, 70:30, and 80:20, were compared to check
whether the results were affected by the amount of training
data. The validation results were also used to assess potential
overfitting by comparing training and validation performance.
The adult.test dataset remained independent and was only used
for final testing.
3 Model Training and Evaluation

Three Logistic Regression models were trained with increas-
ing feature complexity. Model 1 used education-num only.
Model 2 used education-num and age. Model 3 used education-
num, age, and hours-per-week. The models were compared
using accuracy, precision, recall, F1-score, and the confusion
matrix [7].



4.3.3 Logistic Regression Model develop-
ment

Logistic Regression predicts the probability of an individual
earning above $50K using the selected variables as inputs.

A probability of 0.5 or above was classified as above $50K;
otherwise, it was classified as less than or equal to $50K.

Three models with increasing feature complexity were tested
using 60:40, 70:30, and 80:20 training-validation splits to
assess stability and possible overfitting before final testing
on adult.test.

4.3.4 Results
The results for three different data split ratios across three

different models are shown in Figure 1-3. The figure shows
the accuracy compared to model type(complexity):

Fig. 11. Training and validation accuracy for the Logistic Regression models
under the 60:40 split.

Fig. 12. Training and validation accuracy for the Logistic Regression models
under the 70:30 split.

Fig. 13. Training and validation accuracy for the Logistic Regression models
under the 80:20 split.

The Figure 11 shows that both training and validation
accuracy increased as more variables were added to the
model. Under this split, the validation accuracies of the three
models were 0.772, 0.773, and 0.779, respectively. The training
accuracy was 0.774, 0.780 and 0.786, respectively. Although
the accuracy increased for both lines, the validation accuracy
is consistently lower than the training accuracy, indicating that
a small training set may limit model performance due to this
generalisation gap. But as the difference is less than 1%, there’s
no strong evidence of overfitting.

The Figure 12 shows that both training and validation
accuracy increased as more variables were added. Unlike
the 60:40 split, validation accuracy was higher than training
accuracy for Model 1, while training accuracy was slightly
higher for Models 2 and 3.

The average training-validation difference was 0.0017, lower
than 0.0053 for 60:40 and 0.0036 for 80:20. This suggests
that the 70:30 split produced more stable performance than the
60:40 split.

Lastly, Figure 13 shows that the validation accuracy is higher
than the training accuracy, but the difference is relatively small.
The overall accuracy of the 80/20 split is highest among the
three split ratios. Which is 0.7791 compared to 0.778 for the
70/30 split and 0.7772 for the 60/40 split.

Fig. 14. Summary table of average training and validation accuracy for
different training-validation split ratios.

Therefore, the 80/20 split is used for the final prediction, as
it achieves the highest overall validation accuracy of 0.7809
across three splits. It also allow the use of largest training set
which can help improve the accuracy of the model. Therefore,
for final testing, the 80/20 split will be used.



4.3.5 Final model testing and evaluation
After selecting the 80:20 split, further evaluation of Models

1, 2, and 3 was conducted to obtain accuracy, precision, recall,
F1-score, and confusion matrices for each model. This allows
for a more detailed comparison of the model performance.

The next figure shows the accuracy, precision, recall and
F1-score of three models.

Fig. 15. Accuracy, precision, recall, and F1-score of three models using the
80:20 split.

Figure 15 compares the validation performance of the three
Logistic Regression models. Accuracy increased slightly from
0.779 for Model 1 to 0.784 for Model 3, but accuracy alone
is not sufficient for comparison.

As more variables were added, recall increased from 0.223 in
Model 1 to 0.330 in Model 3, meaning that Model 3 identified
more higher-income individuals. Although Model 3 had slightly
lower precision than Model 1, it achieved the highest F1-score
of 0.431, compared with 0.337 for Model 1 and 0.401 for
Model 2. As the F1-score provides a more balanced measure
of precision and recall, Model 3 was selected for final testing
on the adult dataset.test dataset.
Final Testing Results

The selected Model 3 was retrained using the full adult.data
dataset and then tested using the separate adult.test dataset.
The results are shown below:

Fig. 16. Final testing results of Model 3 using the adult.test dataset.

4.3.6 Discussion of Results
The results show that Model 3, when tested on the adult.test

dataset, achieved an accuracy of 0.7837, a precision of 0.6088, a
recall of 0.3343, and an F1-score of 0.4316. These results were
close to the validation results, suggesting stable performance

Fig. 17. Confusion matrix of Model 3 using the adult.test dataset.

on unseen data. Although the accuracy was relatively high,
the lower F1-score due to the low recall value shows that the
model was less effective at consistently identifying individuals
earning more than $50k

On the other hand, the confusion matrix indicates that the
model successfully identified 1237 higher-income individuals,
but missed 2463 individuals earning more than $50k. This
explains the low recall value. Overall, these results suggest that
while education, age, and hours per week are useful predictors
of income class, they may not be sufficient to accurately predict
it. Furthermore, a lack of work-experience data may limit the
model’s performance. To further improve the model, we can
consider adding more features to achieve optimal performance.

4.4 Nicholas Elton: Predicting employment
characteristics and income

4.4.1 Research Overview
Predicting income from employment characteristics is an im-

portant problem in labour market analysis, workforce planning
and socioeconomic research.

This study uses the Adult Census Income dataset from
the UCI Machine Learning Repository, focusing specifically
on employment-related influences, where only workclass,
occupation, hours worked per week, capital gain and capital
loss were included in the analysis.

The aim of this investigation is to determine whether
employment characteristics alone can predict whether an
individual earns more than $50,000 per year. The research
question is therefore:

Can employment-related characteristics predict whether
an individual earns more than $50,000 per year?

A Random Forest classifier was selected because it can
model complex non-linear relationships, provides measures



of feature importance that enable interpretation of the factors
driving predictions, and reduces the risk of overfitting.

4.4.2 Methodology
The Adult Census Income dataset was used to develop

a Random Forest classifier to predict whether an individual
earned more than $50,000 per year.

Five employment-related predictor variables were selected:
workclass, occupation, hours worked per week, capital gain
and capital loss. Missing observations were removed, and
categorical variables were transformed into numerical features
using one-hot encoding. The target variable was converted into
a binary format suitable for classification.

An 80:20 train-test split was applied using stratified sampling
to preserve class proportions in both datasets. A Random Forest
classifier was trained with balanced class weights to mitigate
class imbalance. Model performance was evaluated using
accuracy, precision, recall, F1-score and confusion matrices.

4.4.3 Data Filtering, Cleaning and Balanc-
ing

Only variables directly related to employment characteristics
were retained for analysis. These included workclass, occu-
pation, hours worked per week, capital gain and capital loss.
Records containing missing values were removed, resulting in
a final dataset containing 46,033 observations.

The income variable was converted into a binary target,
where individuals earning more than $50,000 were assigned a
value of 1 and individuals earning $50,000 or less were assigned
a value of 0. Because Random Forest models require numerical
inputs, the categorical variables workclass and occupation were
transformed using one-hot encoding.

Figure 18 shows the distribution of income classes following
preprocessing. A substantial class imbalance is evident, with
considerably more individuals earning $50,000 or less than
those earning above this. To reduce potential bias towards
the majority class, balanced class weights were applied during
model training. Stratified sampling was subsequently used when
splitting the dataset to ensure both training and testing subsets
maintained similar class distributions.

Fig. 18. Distribution of income classes after data cleaning and preprocessing.

4.4.4 Hyperparameter Optimisation
Hyperparameter optimisation was performed using Grid-

SearchCV with five-fold cross-validation. Several combinations

of the number of trees, maximum tree depth, minimum samples
required for splitting and minimum samples per leaf were
evaluated.

Fig. 19. Effect of maximum tree depth on cross-validation F1 score during
Random Forest hyperparameter optimisation.

Figure 19 shows the relationship between maximum tree
depth and the mean cross-validation F1 score. Increasing tree
depth improved model performance, with the highest score
achieved at a depth of 15. This suggests that deeper trees
were able to capture more complex relationships between
employment characteristics and income without substantial
overfitting. The optimal model used 100 trees, a maximum
depth of 15, a minimum split size of 2 and a minimum leaf
size of 1.

4.4.5 Results

Figure 20 summarises the performance of the initial and
tuned Random Forest models. The initial model achieved an
accuracy of 75.4%, precision of 50.2%, recall of 71.6% and
an F1-score of 59.0%. Following hyperparameter optimisation,
performance improved slightly, achieving an accuracy of 76.6%,
precision of 52.2%, recall of 70.4% and an F1-score of 59.9%.

Fig. 20. Comparison of performance metrics for the initial and tuned Random
Forest models.

The increase in accuracy and F1-score suggests that hyper-
parameter optimisation improved the model’s overall predictive
performance. Although recall decreased marginally, the increase
in precision indicates a reduction in false positive predictions.
Overall, the tuned model provided a better balance between
identifying high-income individuals and minimising incorrect
classifications.

The confusion matrix for the tuned model is shown in Figure
21.



Fig. 21. Confusion matrix for the tuned Random Forest model.

The model correctly classified 5,449 individuals earning
$50,000 or less and 1,607 individuals earning more than
$50,000. However, 1,474 low-income individuals were incor-
rectly classified as high-income, while 677 high-income indi-
viduals were incorrectly classified as low-income. These results
indicate that the model was generally effective but still struggled
to distinguish some individuals near the decision boundary.
Feature importance analysis was conducted to identify the
variables contributing most strongly to model predictions.
Figure 22 shows that occupation was the most influential
feature group (0.302), followed by capital gain (0.277) and
hours worked per week (0.237). Capital loss contributed
moderately (0.125), whereas workclass had relatively little
influence (0.059).

Fig. 22. Grouped employment feature importance for the tuned Random
Forest model.

These findings suggest that occupation and financial indica-
tors are more important predictors of income than the type of
employer.

4.4.6 Discussion
The results demonstrate that employment-related characteris-

tics contain substantial predictive information regarding income
level. The tuned Random Forest model achieved an accuracy of
76.6%, indicating that employment variables alone can predict
whether an individual earns more than $50,000 per year with
reasonable success.

Feature importance analysis identified occupation as the
strongest predictor of income, followed by capital gain and
hours worked per week. This suggests that job role and financial
activity are more influential determinants of income than
employer type. The relatively low importance of workclass

indicates that the nature of an individual’s occupation provides
more predictive information than the sector in which they are
employed.

Despite achieving reasonable predictive performance, the
model exhibited only moderate precision, indicating that some
individuals were incorrectly classified as high-income earners.
This suggests that employment characteristics alone cannot
fully explain income variation. Additional variables such as
education level, age and marital status may improve predictive
performance.

Several limitations should be acknowledged. The Adult
Census Income dataset is based on data collected in 1994 and
may not fully represent modern labour market conditions. In
addition, removing observations with missing values may have
introduced bias. Finally, although Random Forest models pro-
vide strong predictive performance, they are less interpretable
than simpler models such as logistic regression.

Overall, the findings support the hypothesis that employment-
related characteristics can be used to predict income category,
with occupation, capital gain and hours worked per week
identified as the most influential predictors.

5 Conclusion

Across the four analyses, socioeconomic factors provided
useful but limited information for predicting whether an
individual earns more than $50K per year. Employment and
education-related variables showed the strongest predictive
value. The Random Forest model using employment charac-
teristics achieved the best overall balance, with an accuracy
of 0.766 and an F1-score of 0.599. The SVM achieved the
highest recall of 0.851, but its lower precision showed that
many lower-income individuals were predicted as high-income.
The Decision Tree and Logistic Regression achieved more
modest performance but provided clearer interpretation of the
selected variables.

These results show that the feature groups can support
income classification, but no individual group was sufficient to
fully predict income. The 1994 dataset, class imbalance, and
use of sensitive variables such as race and sex are important
limitations. Future work could combine the feature groups, use
more recent and diverse data, and include fairness analysis
before applying these models in practice.

Appendix A
Source Code Screenshots

This appendix contains screenshots of the main code used
for each individual analysis.



A.1 Atharva Mansabdar: Decision Tree
Analysis

A.2 Hao Qian: Support Vector Machine
Analysis





A.3 Andy Wang: Logistic Regression Anal-
ysis







A.4 Nicholas Elton: Random Forest Analy-
sis
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