
“Analyzing the association between
Socioeconomic Profiles and Fiscal 
Health of New York State 
Municipalities”



introduction:
After the pandemic, many local governments in China find themselves on the 
brink of a financial crisis that is disturbingly similar to the collapse of Detroit. 
This precarious situation highlights the urgent need for forecasting strategies 

that can preemptively signal financial distress.



Study Area:
Why do I choose town and city instead of 
county?

Local government finance: the government of COUNTY does not control 
specific local affairs. (County data not available)

For city data on government revenues and expenditures: 
19998rows

Government revenue and expenditure data for towns: 
187332rows

After clean:
There are a total of 53 Cities
And total of 848 towns

Research Area

CITY and TOWN can cover most of 
New York State (excluding New York City)



Type of Stress:

• Susceptible Fiscal Stress

• No Designation 

• Moderate Fiscal Stress 

• Significant Fiscal Stress 

That's what I'm trying to predict.



We can see the data 
imbalance in this 
chart, but it will be 
fixed afterward



Socio-economic Data part 1

Socio-economic Data Part 2

My “X” data (data used for forecasting)

There are a total of 40 columns of data, 
including 31 columns of socio-economic 
data and 9 columns of data on government
 expenditures and revenues.



Socio-economic Data Part 2-City



Socio-economic Data Part 2-Town
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• Eigenvalue > 1

• The first nine Cumulative Explained Variances add up to 68.9%

• Therefore, I selected 9 PCA components

Eigenvalue



Which variables play an important role
 in the different PCA components



This graph shows the relationship 
between the variables and the first 
two principal components
 derived from the PCA, 
revealing how demographic and 
socioeconomic factors 
(such as percent race and median 
income) affect the variability of the 
data. The direction and length of the 
arrows indicate the correlation and 
effect of each variable on the 
components: for example, variables 
pointing in similar directions are 
positively correlated. While the 
figure does not show data points, 
often this visualization identifies 
clusters and outliers, 
providing a snapshot of the data 
structure and underlying patterns in 
the dataset. We can also discover 
the contribution of different 
variables from the shades of color.



Why use the Random Forest model?

Random Forest is a popular machine learning algorithm that's often used for classification and regression 
tasks for several reasons:
1. Feature Importance: Random Forest provides insights into feature importance, indicating which 

variables have the most influence on the prediction. This is particularly useful when working with 
PCA components, as it helps to understand which components are most relevant for the 
outcome.

2. Minimal Preprocessing: Unlike some algorithms that require data normalization or scaling, 
Random Forest can perform well without such preprocessing steps. This is advantageous when 
working with PCA scores, which are already scaled.

3. Robustness: Random Forest is less prone to overfitting than decision trees because it builds 
multiple trees and merges their results. This robustness is beneficial when dealing with complex 
datasets.

4. Flexibility: It can handle both numerical and categorical data, so you don't have to transform 
categorical variables into dummy variables.

Random Forest allows for an evaluation of the importance of each principal component (PC1~PC9) in 
classifying the type of financial stress, providing a way to understand which components have the 
strongest relationships with the outcome variable.



• Accuracy: The model achieved perfect accuracy (1.0 or 
100%), which means every prediction made by the model 
matched the actual class labels exactly.

• Kappa Statistic: Also showing a value of 1, which indicates 
perfect agreement between the predictions and the actual 
classifications, far beyond what would be expected by 
chance. This is particularly impressive and suggests that the 
model is exceptionally well-fitted to the data.

• Prevalence: Shows how common each category is in your 
dataset. The prevalence of No Designation is very high at 
approximately 0.9897 (98.97%), which suggests that  data is 
highly imbalanced towards this category.

• Detection Rate: Matches the prevalence, indicating that the 
model captures all actual instances of each category.





Addressing Data Imbalance

• Perfect Performance Metrics: While the displayed metrics suggest that the model 
performs exceptionally well, such perfect statistics often warrant a deeper 
investigation, particularly in real-world scenarios where perfect classification is rare.

• Data Imbalance: The very high prevalence of the No Designation category and 
perfect classification metrics might indicate that the model's performance could be 
skewed by an imbalanced dataset. In such cases, the model might be overfitting to 
the majority class and might not perform as well on a more balanced or unseen 
dataset.

• Generalization Ability: Given the skewed data distribution, there's a risk that the 
model might not generalize well to new, unseen data, especially those from minority 
classes. Testing the model on a separate, ideally more balanced test set would be 
crucial to truly gauge its predictive power.

• Model Validation: Despite the high performance on the training set, it's important to 
validate the model on an independent set or use techniques like cross-validation to 
assess model stability and robustness. This helps in understanding whether the 
model's predictions are reliable and applicable in practical scenarios.



• Oversampling: I first calculated the maximum class size from my dataset using the 
‘max()’ function on the ‘table()’ of class counts. and then created a function, 
‘oversample_class()’, which oversamples the data for each class to match this 
maximum class size. This was done by replicating the rows of each class 
proportionally until the target size was reached. The oversampled data for each 
class was then combined into a single balanced dataset.

• Custom Proportions: In a subsequent section, I defined a total number of samples 
and specific proportions for each class. Using these proportions, I recalculated the 
target sizes for each class and applied the oversampling process again to achieve 
these specified distributions. The data was then shuffled to ensure randomness 
using ‘sample()’ function with a set seed for reproducibility.

• Random Forest Model: After balancing the dataset, I applied a Random Forest 
classifier from the “randomForest” package. This model was trained on the 
balanced data, which included predictors for each type of fiscal stress. The model 
used 500 trees (ntree = 500).

Solutions:



Reset the proportion for each class0.3: 0.35: 0.25: 0.2



Reset the proportion for each class 1: 1: 1: 1



Reset the proportion for each class 0.25: 0.25: 0.25: 0.25





• For PC2 and PC3, where higher values 
are associated with "No Designation,“ this 
is considered a positive relationship with 
the "No Designation" outcome. In other 
words, as PC2 and PC3 increase, the 
likelihood of the "No Designation" 
category being the outcome also 
increases.

• For PC5, where higher values are 
associated with "Significant Financial 
Stress," this indicates a positive 
relationship with the "Significant Financial 
Stress" outcome. That means as the PC5 
increases, so does the probability of the 
outcome being "Significant Financial 
Stress".



PC2, PC3, and PC5 play an important role in the model so I'm 
curious who are the variables inside PC2, PC3, PC5?



• Positive Factors: Higher values of 
PCT_HSGRAD (percentage of high school 
graduates), PCT_OVER65 (percentage of 
the population over 65 years old), and 
MED_HHINCOME (median household 
income)

• Negative Factors: 
PCT_NOVEHICLE(Percentage of 
households without a vehicle)

• PCT_RENTER(Percentage of residents 
who rent their home)

• PCT_BELOWPOV(Percentage of 
residents below the poverty line)

• The more of these positive factors, the 
lower the risk of a fiscal crisis.



• Positive Factors: PCT_OVER65 
(percentage of the population over 65 
years old) PERSONNEL_EXP_RATIO 
(personnel expenditure ratio) and 
PERSONNEL_REV_RATIO (personnel 
revenue ratio)

• Negative Factors: AVG_HHSIZE(Average 
household size) 
PCT_UNDER18(Percentage of the 
population under 18 years of age)

• PCT_HHwKID(Percentage of households 
with kids)

The more of these positive factors, the 
lower the risk of a fiscal crisis.



• Positive Factors: 
TRANSFER_REV_RATIO (transfer 
revenue ratio) AID_REV_RATIO (aid 
revenue ratio)

• Negative Factors:

CASH_EXP_RATIO (Cash Expenditure 
Ratio) OP_DEFICIT (Operating Deficit)

SALES_REV_RATIO(The ratio of sales 
revenue, possibly in the context of sales 
tax)

Attention! The more of these Negative 
factors, the lower the risk of a fiscal 
crisis.



• Summarize the factors for PC2, PC3, and PC5. We can learn that the following factors have an impact on 
government fiscal crisis:

• PCT_HSGRAD (percentage of high school graduates), PCT_OVER65 (percentage of the population over 65 years 
old), and MED_HHINCOME (median household income) PCT_NOVEHICLE(Percentage of households without a 
vehicle)

• PCT_RENTER(Percentage of residents who rent their home)

• PCT_BELOWPOV(Percentage of residents below the poverty line)

• PERSONNEL_EXP_RATIO (personnel expenditure ratio) and PERSONNEL_REV_RATIO (personnel revenue ratio) 
AVG_HHSIZE(Average household size) PCT_UNDER18(Percentage of the population under 18 years of age)

• PCT_HHwKID(Percentage of households with kids)

• TRANSFER_REV_RATIO (transfer revenue ratio) AID_REV_RATIO (aid revenue ratio)

• CASH_EXP_RATIO (Cash Expenditure Ratio) OP_DEFICIT (Operating Deficit)

• SALES_REV_RATIO(The ratio of sales revenue, possibly in the context of sales tax)

Focusing on these data will help in anticipating the government's fiscal crisis.



Thank you! 
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