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Application of Logistic Regression in Life

Abstract:

Yukai Kong This research employs logistic regression analysis to
discover fundamental determinants of income among
vulnerable groups to help government bodies create
effective social intervention policies. The study processed
a complete dataset of 32,531 records from governmental
sources gathered by the World Health Organization with
systematic data cleaning followed by exploratory data
analysis and feature engineering to develop logistic
regression models and then subject these models to strict
evaluation and refinement. The choice of Python for this
analysis stemmed from its superior data management
features alongside its sophisticated analytical library
support. The study’s analysis revealed that income levels
above $50,000 are significantly linked to higher education
attainment and particular employment categories.
Researchers addressed multicollinearity by conducting
Variance Inflation Factor (VIF) assessments and refined
model variables through iterative evaluation of statistical
significance (p-values). The completed logistic regression
model demonstrated strong predictive power through an
impressive F1 score of 0.89. The findings suggest we
need to expand access to education while establishing
fair pay systems and better working environments as
well as developing specific policies to reduce economic
inequality. Upcoming advancements will likely include
extended demographic data collection and experimentation
with superior machine learning methods along with the
implementation of interpretability tools to enhance policy
understanding.
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Introduction

This comprehensive report outlines a detailed data science
project aimed at leveraging logistic regression to identify
factors influencing income levels among vulnerable pop-
ulations. This initiative directly supports governmental ef-
forts in formulating targeted social policies by accurately
predicting individuals who are most likely to fall within
the low-income bracket. Utilizing a robust dataset pro-
vided by governmental sources, initially gathered by the
World Health Organization (WHO), the project emphasiz-
es the significance of precise data analysis in enhancing
the effectiveness and precision of existing social support
frameworks.

Business Problem Overview and Solu-
tion Approach

Problem Definition

The primary challenge addressed by this project is iden-
tifying key determinants of income among vulnerable
groups. Understanding these determinants is crucial for
the government to develop and implement social policies
that effectively target and allocate resources to those most
in need, consequently improving their economic condi-
tions and overall quality of life.

Solution Approach

Our methodology comprised several critical phases, each
employing Python for rigorous data analysis. Python was
specifically selected due to its demonstrated effectiveness,
flexibility, and extensive analytical libraries, positioning
it as superior to conventional statistical methods for this
particular application. The methodological phases imple-
mented in our approach included: firstly, Data Cleaning,
wherein Python’s Pandas library was utilized for its capa-
bility to efficiently manage large datasets, ensuring data
integrity and quality, which are fundamental to achieving
accurate modeling outcomes. This phase encompassed
systematically removing inconsistencies, addressing
missing values, and verifying the dataset’s reliability.
(McKinney,2010) Secondly, we conducted Explorato-
ry Data Analysis (EDA), leveraging Python’s advanced
visualization libraries, Matplotlib and Seaborn, which
offer extensive graphical functionalities. These tools fa-
cilitated a thorough examination of data distributions and
inter-variable relationships, enabling the identification of
relevant trends, outliers, and underlying patterns essential
for subsequent modeling steps. Thirdly, the Feature Engi-
neering stage capitalized on Python’s flexibility in gener-
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ating intricate and meaningful derived variables. Informed
directly by insights obtained from the EDA phase, this
step effectively captured complex nonlinear relationships
within the data, significantly enhancing the predictive ca-
pabilities of our model. Fourthly, the Model Development
phase involved implementing logistic regression, selected
specifically for its suitability in addressing binary classifi-
cation tasks. Logistic regression provides clear probabilis-
tic predictions and easily interpretable results, granting it
distinct advantages over more complex machine learning
techniques such as neural networks. Finally, the Model
Evaluation and Refinement phase employed Python’s
robust statistical metrics, including the Variance Inflation
Factor (VIF) and the F1 score, to systematically evaluate
and enhance the logistic regression model. This process
addressed critical modeling issues such as multicollineari-
ty among predictors and potential model overfitting, there-
by ensuring reliability and generalizability of the final
analytical results.

Data Overview

The dataset analyzed comprises 32,531 records, each with
14 attributes, including demographic and socioeconom-
ic factors such as age, education level, capital gain, and
working hours per week. Crucially, the dataset exhibited
no missing or duplicate values, ensuring high-quality data
suitable for thorough analysis.

Exploratory Data Analysis Results

Univariate Analysis

Work Hours: The majority of individuals indicated an av-
erage workweek of approximately 40 hours, representing
a standard workweek.

Work Class: Analysis revealed approximately 70% of the
population were employed in the private sector.

Native Country: A substantial majority (94%) were North
American natives, with a minor proportion (2.1%) identi-
fying as Asian natives.

Bivariate Analysis

In this section, we will compare and analyze the rela-
tionship between salary and variables such as Education,
Work Class, Work Hour, and Age

Salary Relationships: Strong positive correlations were
identified between higher education levels and elevated
income levels. Approximately 70% of individuals pos-
sessing doctoral degrees earned above $50K annually.
Similar income trends appeared among self-employed and
federal government employees, highlighting educational
attainment and job class as significant factors.
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Data Preprocessing

Data preprocessing was crucial to ensure meaningful re-
sults. Notable steps included:

Capital Gain and Loss: These variables were removed due
to their high proportion of zero values, not contributing
meaningful variance to the analysis.

Outlier Treatment: Extreme values in variables such as
age, “fnlwgt” (final weight), education years, and weekly
working hours were systematically adjusted using box
plot methodologies to maintain data consistency and reli-
ability.

Statistical Measures in Logistic Regression
Analysis

The analysis emphasized several critical statistical mea-
sures vital for interpreting logistic regression results:
Standard Deviation (SD): This measure indicated variabil-
ity in data, providing insights into the sensitivity of the
model to changes in predictors.

Z-value: Representing the coefficient divided by its stan-
dard error, the Z-value tested the null hypothesis, with
higher absolute values indicating more significant predic-
tors.

P-value: Low values (<0.05) indicated statistical signifi-
cance, affirming predictors’ contributions to the model.
Coefficient: Quantified changes in log odds for the depen-
dent variable per unit change in predictors, directly indi-
cating predictor influence.(Hosmer et al.,2013)

Model Building and Performance

Logistic Regression Model

The logistic regression model categorized income levels,
with outcomes coded as “less than $50K” (1) or “$50K
or more” (0). Critical attention was given to minimizing
false negatives and positives, strategically optimizing the
F1 score, which encapsulates a balance between precision
and recall.

Addressing Multicollinearity and Model Re-
finement

Utilizing the Variance Inflation Factor (VIF), we system-
atically identified and corrected multicollinearity among
predictor variables. Iterative removal and assessment of
problematic variables ensured reliability and interpret-
ability of the logistic regression coefficients.(DeLange et
al.,2018)

In the previous analysis, the data for the variables of
working class and occupation were unknown wherever
they were located. The VIF value also emphasizes the
high correlation between these variables. When obtaining
the same information from occupation and working class,

they will be removed in this calculation. At the same time,
Education-no_of years and race_ White has high VIF
values We will be dropping and one at a time, building
separate models, and checking their performances to see
which variable has a significant impact on the model’s
performance. After testing, discarding education no_of
years and race_ White will not have a significant impact
on the model’s performance.

After filtering the data, we will still remove and evaluate
variables with issues. We will build a model, check the
p-values of the variables, and drop the column with the
highest p-value.

Then, creating a new model without the dropped feature,
check the p-values of the variables, and drop the column
with the highest p-value.

Finally repeating the above two steps till there are no
columns with p-value > 0.05, to ensure the reliability and
interpretability of logistic regression coefficients.

Model Performance Summary

Our logistic regression model achieved an impressive
F1 score of 0.89, indicating strong predictive accuracy.
Precision-recall curves and Receiver Operating Character-
istic (ROC) analyses identified the optimal classification
threshold. We selected three thresholds of 0.5, 0.58, and
0.76 respectively. After comparing, the default threshold
(0.5) provided a superior balance, maximizing the F1
score and ensuring robust classification performance.
(Humphrey et al.,2022)

Conclusion and Recommendations

This study has been able to build a predictive model that
can be used by the government to find the citizens having
less than 50K salary with an f1_score of 0.89 on the train-
ing set and formulate policies accordingly.

Coefficient of some levels of education, workclass, and
native country are positive an increase in these will lead
to increase in chances of a person having <=50K salary.
Coefficient of age, fnlwgt, marital status, working_hours
per_week,some levels of education, workclass, and native
country are negative increase in these will lead to decrease
in chances of a person having <=50K salary.

The government should promote education among citi-
zens, they should make policies to make education acces-
sible to all, as we say in our analysis that people who have
higher education are more likely to have a salary above
50,000 Dollars.

Working hours is one of the significant predictors of sal-
ary, The government should implement laws to ensure
that people are paid fairly for their work and are not over-
worked for the increase in salaries. This would improve



work-life balance.

Reforms should be made for private-sector employees so
that they are paid fairly for their work.

Policy formulated by the government should be consid-
erate of equal pay and counter the pay gap that exists in
society.

Reflections and Improvements

Lessons Learned

This project underscored the importance of structured
data analysis pipelines and logistic regression’s robust
applicability to social science classification challenges.
Comprehensive EDA and thoughtful feature engineering
substantially influence predictive model performance.
Areas for Improvement

Future improvements identified include:

Data Collection: Expanding dataset demographics to in-
clude broader and diversified social-economic variables,
enabling more nuanced insights.

Model Complexity: Experimenting with ensemble tech-
niques or more sophisticated machine learning models
could potentially enhance accuracy and sensitivity to so-
cial-economic nuances.(Pedregosa et al. ,2011)
Post-Model Analysis: Advanced interpretability tools (e.g.,
SHAP, LIME) could significantly improve understand-
ing of feature-specific influences on predictions, offering
deeper insights for policy implications.(Lundberg & Lee,
2017)
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