Public health generates an enormous amount of data every day. From immunization rates and
disease outbreaks to chronic conditions and demographic shifts, the sheer volume can be
overwhelming (CDC, 2025; WHO, 2025). Yet hidden within this data are patterns and insights
that, if properly analyzed, can guide interventions, inform policy, and even save lives. The
challenge lies in turning raw, often messy datasets into meaningful stories (van den Broeck et
al., 2005).

As the founder of Pyxgen, a company focused on data analytics, | find public health data
extraordinarily interesting. | enjoy uncovering simple truths about health issues and exploring
ways to improve outcomes. | have explored methods, patterns, and research resources to
identify where Pyxgen can add the most value. To this end, | have developed a practical
workflow that takes raw data through analysis to generate insights, form correlations, and
hypothesize underlying causes and solutions.



Mining Public Health Data for Insights:
A Practical Approach
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Step 1: Understanding and Cleaning the Data

Public health data comes from many sources: hospital records, federal and state reporting
systems, surveys, and even community monitoring (Kotsiantis et al., 2006). Each source has
quirks — varying formats, different time periods, inconsistent labels, and sometimes gaps in

reporting. My first task is to standardize the data.

For example, | might align geography using Python’s pandas library:

import pandas as pd

# Load datasets

df1 = pd.read_csv("state_data.csv")

df2 = pd.read_csv("hospital_data.csv")

# Standardize geographic identifiers

df1['county'] = df1['county'].str.upper()

df2['county’] = df2['county’].str.upper()

# Merge datasets on standardized columns
merged_df = pd.merge(df1, df2, on=['state’, ‘county’])


http://pd.read/
http://pd.read/

Standardizing demographics — age groups, racial categories, or socioeconomic indicators — is
equally important. Without this foundation, any analysis risks misleading conclusions (van den
Broeck et al., 2005).

Step 2: Exploratory Analysis

Once the data is clean, | explore it descriptively. Calculating averages, medians, and ranges
helps me understand the overall landscape. | also create simple visualizations to spot trends
quickly (Tukey, 1977; Wickham & Grolemund, 2016):

import matplotlib.pyplot as plt

# Histogram of immunization rates
merged_df['immunization_rate'].hist(bins=20)
plt.title("Distribution of Inmunization Rates")
plt.xlabel("Immunization Rate")
plt.ylabel("Number of Counties™")

Maps and line charts can reveal geographic or temporal trends: counties with low vaccination
rates, states seeing rising chronic disease incidence, or shifts in demographic health patterns
(Few, 2012).

Step 3: Detecting Trends and Anomalies

The next step is to detect patterns over time or space. Time-series analysis can uncover
seasonal trends or sudden spikes in disease occurrence (Shumway & Stoffer, 2017). | often use
rolling averages or z-scores in Python to detect anomalies:

# Rolling average of weekly disease cases

merged_df['weekly_cases_avg'] = merged_df['weekly_cases'].rolling(window=4).mean()
# Z-score to detect outliers

merged_df['cases_zscore'] = (merged_df['weekly_cases'] -
merged_df['weekly_cases'].mean()) / merged_df['weekly_cases'].std()

A sudden drop in childhood immunizations in a single county could indicate a reporting problem
— or a genuine public health concern requiring urgent action (Buckeridge et al., 2005).

Step 4: Forming Hypotheses

Data allows me to explore potential relationships. For example, | might ask: Are counties with
lower immunization rates experiencing more outbreaks? Do socioeconomic factors correlate

with higher chronic disease incidence? While correlations do not imply causation, they guide

deeper investigation (Pearl, 2009; Rothman et al., 2020):

# Simple correlation analysis
correlation = merged_df['immunization_rate'].corr(merged_df['disease_incidence’])
print(f"Correlation between immunization rate and disease incidence: {correlation}")



Integrating additional datasets, such as healthcare access, poverty levels, or environmental
factors, strengthens these insights and helps prioritize interventions.

Step 5: Visualization and Communication

Visualization transforms abstract numbers into narratives stakeholders can understand. Maps,
charts, and dashboards highlight disparities and guide policy decisions. | often use libraries like
matplotlib, seaborn, or plotly to create interactive visualizations that tell a story (Krum, 2013).

Conclusion

Extracting insights from public health data requires a systematic, iterative approach: to
understand and clean the data, explore descriptive statistics, detect patterns and anomalies,
form hypotheses, and validate findings against context and external sources. By combining
careful analysis with thoughtful visualization, | can move beyond raw numbers to reveal
actionable insights that ultimately improve health outcomes.

Data alone does not protect communities; insight does. In the complex and ever-evolving
landscape of public health, turning raw data into actionable knowledge is not just an analytical
exercise — it is a responsibility.
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