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This paper examines how the State Small Business Credit Initiative (SS- BCI) can strategically invest in small businesses to 

maximize job creation and reduce unemployment rates. Using a comprehensive dataset from the U.S. Treasury SSBCI 

transactions, we apply various regression models and machine learning techniques to identify the best predictors for job 

creation. Our analysis shows that features such as loan investment amount, SSBCI original funds, and full-time employees 

are critical indicators for job creation. By optimizing these factors, SSBCI can make more informed loan decisions, ensuring 

that investments not only promote economic growth but also address unemployment disparities, particularly in under-

resourced communities. We also explore the broader implications of these investments on economic recovery post-pandemic 

and propose recommendations for improving SSBCI’s loan distribution strategy. 

I. INTRODUCTION 

The role of small businesses in driving economic growth and job creation has been widely recognized. Small enterprises, 

particularly in under-resourced areas, often serve as key contributors to local economies, providing not only employment but also 

fostering innovation and resilience in their communities. Despite their importance, small businesses frequently face significant 

challenges in accessing the capital they need to grow, expand, and create jobs. To address these challenges, various government 

programs have been developed to provide financial support to small businesses. One such initiative is the State Small Business 

Credit Initiative (SSBCI), established by the U.S. Department of the Treasury in the wake of the 2008 financial crisis to help 

stimulate lending to small businesses and entrepreneurs. 

The primary goal of SSBCI is to provide capital to small businesses by partnering with lenders and leveraging public funds to 

stimulate private investment. Since its inception, SSBCI has contributed to the economic recovery of various regions in the US, 

especially by helping small businesses access the credit they need to expand. However, the success of the SSBCI program goes 

beyond simply distributing loans—it also depends on how strategically these loans are allocated. The challenge lies in 

determining which businesses are most likely to translate loan capital into significant job creation and contribute meaningfully to 

reducing unemployment rates. 

While the relationship between small business loans and job creation has been the subject of extensive research, there remains a 

gap in understanding how government programs like SSBCI can optimize their loan distribution to achieve the dual goals of 

maximizing job creation and reducing unemployment. Historically, government agencies such as the Small Business 
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Administration (SBA) have emphasized the importance of providing financial support to small firms, but questions persist about 

how best to identify the firms with the highest potential to create jobs. Previous studies have shown that factors such as firm age, 

size, and industry type can significantly influence the effectiveness of loans on job creation [1](Brown et al., 2015). However, 

these traditional metrics may not fully capture the complexities of modern business dynamics, where factors such as innovation 

potential, market adaptability, and access to private capital can play crucial roles. 

Recent advancements in machine learning and data analytics provide new opportunities to refine the way loan decisions are 

made. By leveraging data-driven approaches, programs like SSBCI can move beyond conventional lending criteria and employ 

more sophisticated methods to assess which businesses have the highest potential for job creation. For instance,[2]Bryan et al. 

(2021) explored the use of psychometric data and machine learning models to predict entrepreneurial and economical success in 

Egypt, demonstrating the value of advanced predictive models in improving loan allocation decisions. Similarly, [3]Brown et al. 

(2013) found that SBA loans had a significant impact on job creation, with an average increase of 25% in employment, suggesting 

that carefully targeted financial support can yield substantial benefits. 

Our Contribution: This paper seeks to extend the existing body of research by applying predictive analytics to SSBCI data 

to better under- stand which factors are most strongly associated with job creation. Specifically, we explore the question: How can 

SSBCI strategically choose which small businesses to invest in to boost job creation and reduce unemployment rates? By 

using data from the SSBCI Transactions Dataset, we employ various regression models, including multi variable linear regression, 

polynomial regression, and regularized regression techniques, to identify the key predictors of job creation. Our goal is to provide 

actionable insights that can help SSBCI make more informed, data driven decisions about loan allocation, ultimately leading to 

more effective outcomes in terms of employment generation. 

This study is unique in its focus on combining traditional economic indicators with modern predictive analytics to create a 

more comprehensive framework for loan distribution. While past research has primarily focused on simple metrics like loan size 

and firm age, our analysis incorporates a wider range of variables, including concurrent private financing, borrower insurance 

premiums, and firm employment levels. By doing so, we aim to offer a more nuanced understanding of how SSBCI loans can be 

distributed to maximize their impact on the labor market. 

II. RESEARCH METHODOLOGY 

This study employs a data-driven approach to identify key factors associated with job creation in small businesses receiving 

SSBCI loans. Our method- ology includes the following steps: 

1. Data Collection the dataset used for this analysis was obtained from the U.S. Treasury’s SSBCI Transactions Dataset. 

This dataset contains detailed records of loan transactions, including variables such as loan investment amount, SSBCI 

original funds, private financing amounts, borrower insurance premiums, and job creation metrics. 

2. Data pre-processing to ensure the dataset was suitable for analysis, we performed data cleaning and pre-processing 

steps. This included: 

 Handling Missing Values: Rows with missing target values (i.e., jobs created) were removed. 

 Standardization: Numerical variables, such as loan investment amount and SSBCI original funds, were standardized 

using StandardScaler to normalize the data and avoid bias in regression models. 

 Feature Engineering: In addition to the existing variables, polynomial features were created to capture interactions 

and non- linear relationships between variables. 

3. Model Selection We explored several regression models to determine which variables were most predictive of job 

creation: 
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 Multi variable Linear Regression: This model served as the base- line for our analysis, assessing the relationship 

between multiple independent variables and job creation. 

• Polynomial Regression: To capture potential non-linear relation- ships, we generated polynomial features 

(interaction terms and squared terms) for use in the regression. 

• Ridge Regression: To address multicollinearity and over fitting, we applied Ridge regression (L2 regularization), 

which penalizes large coefficients. 

• Lasso Regression: We also used Lasso regression (L1 regularization) to automatically perform feature selection, 

removing less important variables and focusing on those with the strongest impact on job creation. 

4. Model Evaluation The performance of each model was evaluated using the R-squared value, which indicates how well the 

model explains the variance in the target variable (jobs created). We also analyzed the coefficients from each model to 

identify the most significant predictors of job creation. 

5. Metrics and Insights In addition to R-squared values, we closely examined the importance of features such as loan size, 

SSBCI original funds, concurrent private financing, and firm employment levels. This allowed us to derive actionable 

insights on which factors SSBCI should prioritize when allocating loans to maximize job creation. 

III. EXPERIMENT AND RESULTS  

The objective of our experiments was to identify the factors most strongly associated with job creation in small businesses 

receiving SSBCI loans. We applied multiple regression techniques to the SSBCI dataset, testing a variety of models and metrics to 

ensure robustness and accuracy in our findings. 

1. Dataset Overview The dataset used in this study was sourced from the U.S. Treasury’s State Small Business Credit 

Initiative (SSBCI) Transactions Dataset. It consists of various key features related to loans issued to small businesses, 

such as: 

 Loan Investment Amount: The total loan provided to the business. 

 SSBCI Original Funds: The portion of the funds coming di- rectly from SSBCI. 

 Concurrent Private Financing: Additional private capital raised alongside the SSBCI funds. 

 Full-Time Employees: The number of employees the business had when receiving the loan. 

 Jobs Created: The outcome variable, representing the number of jobs created due to the loan. 

Before beginning our analysis, we performed basic data cleaning, including removing any rows with missing values in the 

jobs created column and standardizing numerical variables using StandardScaler to ensure all features were on the same scale. This 

preprocessing step ensured that no variable dominated others due to differing units of measurement. 

2. Multivariable Linear Regression 

Multivariable Linear Regression is an extension of simple linear regression that models the relationship between one dependent 

variable (in our case, jobs created) and multiple independent variables (features such as loan investment amount, SSBCI original 

funds, etc.). 

 Purpose: The goal here was to assess how multiple factors jointly influence the number of jobs created. This 

baseline model helps us understand the linear relationship between each independent variable and the dependent 

variable (jobs created). 

 Model Setup: We included key predictors such as loan investment amount, SSBCI original funds, concurrent private 
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financing, and the number of full-time employees. The model was fit using the standard least squares method, which 

minimizes the sum of squared differences between observed and predicted values of jobs created. 

 Results: The R-squared value of this model was 0.130, meaning that the included variables explained approximately 

13% of the variance in job creation. This indicates that, while the factors used in the model are important, much of 

the variance in job creation remains unexplained, possibly due to factors not captured in this model (e.g., regional 

economic conditions, firm-specific characteristics). 

 Significant Predictors: Loan investment amount and full- time employees were the most significant predictors of 

job creation, with positive coefficients indicating that larger loans and firms with more employees tend to create more 

jobs. 

3. Polynomial Regression 

Polynomial Regression is used to model non-linear relationships between the independent and dependent variables. By 

adding polynomial terms (squares or interaction terms between variables), we can capture more complex relationships that might 

exist in the data. 

 Purpose: The purpose of using polynomial regression was to explore potential non-linear relationships between our 

independent variables and job creation. For example, the impact of loan size might not increase linearly with job 

creation; it could increase at an accelerating or decelerating rate. 

 Model Setup: We generated polynomial features (second-degree terms and interaction terms) for our key predictors, 

including variables such as loan investment amount2, full time employees2, and interaction terms like loan investment 

amount × full time employees. 

 Results: Polynomial regression slightly improved the R-squared value to 0.156, suggesting that some non-linear 

relationships are present but do not fully capture the complexity of job creation. The polynomial terms allowed us to 

account for some interactions between variables, but the improvement was marginal. 

– Significant Predictors: Interaction terms like loan investment amount× full time employees had a positive 

effect on job creation, indicating that the combination of loan size and a higher number of employees results 

in more jobs created. However, the increase in explanatory power was minimal. 

4. Ridge Regression (L2 Regularization) 

Ridge Regression is a type of regularization technique that adds a penalty term (L2 regularization) to the loss function of 

linear regression. This helps prevent overfitting by shrinking the coefficients of less important variables towards zero, especially in 

the presence of multicollinearity (i.e., when independent variables are highly correlated). 

 Purpose: The purpose of using Ridge regression was to address potential multicollinearity among the independent 

variables and prevent overfitting. By penalizing large coefficients, Ridge regression can provide more stable and 

interpretable models, even with many variables or interactions. 

 Model Setup: We applied Ridge regression to the same set of variables as in the previous models, including both 

the original and polynomial features. The strength of the regularization (penalty term) was controlled using a 

hyperparameter, which we tuned to balance the trade-off between model complexity and fit. 

 Results: The R-squared value for Ridge regression was 0.156, indicating a similar fit to the polynomial regression 

model. This suggests that, while regularization prevented overfitting, the key variables and interactions were still 

insufficient to explain a large portion of the variance in job creation. 
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 Key Insights: While Ridge regression did not significantly improve the R-squared value, it provided a more robust 

model by reducing the impact of less important variables, such as borrower and lender insurance premiums, which 

were shrunk towards zero. The coefficients of significant variables, such as loan investment amount and SSBCI 

original funds, remained stable. 

5. Lasso Regression (L1 Regularization and Feature Selection) 

Lasso Regression is another regularization technique, but unlike Ridge, it uses L1 regularization. Lasso not only shrinks 

coefficients but also performs feature selection by forcing some coefficients to become exactly zero, effectively removing 

unimportant variables from the model. 

Model R-Squared Value 

Multivariable Linear Regression 0.130 

Polynomial Regression 0.156 

Ridge Regression 0.156 

Lasso Regression 0.152 

Table 1: Performance of Regression Models on Job Creation Prediction 

 

• Purpose: The purpose of using Lasso regression was to automatically select the most important variables for 

predicting job creation while excluding less relevant features. This method is especially useful when there are many 

features, as it simplifies the model by removing those that contribute little to the prediction. 

• Model Setup: We applied Lasso regression to the same set of variables, including polynomial features, and tuned 

the regular- ization strength to optimize the balance between feature selection and model accuracy. 

• Results: The R-squared value for Lasso regression was 0.152, comparable to the previous models. However, the 

key advantage of Lasso was its ability to automatically eliminate insignificant features, simplifying the model. 

– Significant Predictors: Lasso confirmed that loan investment amount, SSBCI original funds, and full-time 

employees were the most important predictors of job creation, while other variables, such as borrower and 

lender insurance premiums, were dropped from the model. This result aligns with the findings from 

Ridge regression, but Lasso’s automatic feature selection made the model more interpretable. 

6. Model Performance: Look to table at the top of the page. 

IV. DISCUSSION AND CONCLUSION 

This study set out to determine how the State Small Business Credit Initiative (SSBCI) can strategically allocate loans to 

small businesses to maximize job creation and reduce unemployment. By analyzing a comprehensive dataset from the SSBCI 

Transactions Dataset, we applied multiple regression models to identify key predictors of job creation. Our analysis covered a range 

of approaches, from multivariable linear regression to advanced regularization techniques, yielding critical insights into how 

different factors affect job creation. This section aims to synthesize our findings, highlight their significance, discuss the limitations 

of our approach, and propose recommendations for future research and policy implementation. 

1. Key Findings and Implications The analysis revealed several important findings regarding the predictors of job creation 

in small businesses that receive SSBCI loans. Across all models, three key variables emerged as the most significant: 

loan investment amount, SSBCI original funds, and full-time employees. 

 Loan Investment Amount: As expected, the loan investment amount consistently showed a strong positive 

relationship with job creation across all models. This finding reinforces the no- tion that larger loans tend to create 

more jobs, likely because businesses receiving more significant funding have the resources to hire additional 

employees, expand operations, and invest in growth. However, the relationship was not entirely linear, as 
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demonstrated by the polynomial terms in our analysis. The diminishing returns observed at higher loan levels 

suggest that at a certain point, additional loan amounts may have a reduced impact on job creation. This is 

consistent with existing literature, which suggests that while capital access is critical, it must be balanced with the 

firm’s ability to absorb and effectively utilize the funds. 

 SSBCI Original Funds: The proportion of SSBCI funds, as op- posed to private financing, also emerged as a 

significant predictor of job creation. Businesses that received a higher share of their funding from SSBCI were more 

likely to create jobs, suggesting that SSBCI plays a critical role in job generation, particularly for businesses that 

may not have easy access to private capital. This finding underscores the value of government-backed initia- tives 

like SSBCI in leveling the playing field for smaller businesses and those in underserved regions, who often face 

barriers in se- curing private financing. SSBCI’s intervention appears to provide these businesses with a vital 

opportunity to grow and create employment. 

 Full-Time Employees: The number of full-time employees at the time of receiving the loan was another strong 

predictor of job creation. Businesses with a larger workforce were better positioned to expand their operations and 

hire additional employees. This finding suggests that established businesses with a solid employee base are likely to 

generate more jobs, possibly due to their abil- ity to scale operations efficiently. This insight could be useful for 

SSBCI in prioritizing loans for businesses with a proven track record of employment, while also exploring ways to 

support newer businesses that may have high job creation potential but fewer employees. 

2. Comparison with Existing Literature Our findings align with several key studies on small business lending and job 

creation, but also offer unique contributions that extend the current understanding of how government-backed loan 

programs can optimize job creation. 

 [2]Bryan et al. (2021) highlighted the importance of using predictive models to allocate loans based on the 

characteristics of entrepreneurs rather than just the business itself. Our analysis expands on this by incorporating 

business-level metrics such as full-time employees and private financing, offering a more comprehensive 

framework for loan allocation. 

 [1]Brown et al. (2015) found that younger and smaller firms, particularly fast-growing ones, benefit most from SBA 

loans. While our research similarly emphasizes the importance of supporting businesses with high growth potential, 

we also find that established businesses with more employees are significant job creators. This suggests a nuanced 

approach to loan allocation one that balances support for both emerging and established businesses is necessary to 

maximize job creation. 

 [3]Brown and Earle (2013) estimated that SBA loans lead to an average increase of 25% in employment. Our 

findings offer a parallel analysis by focusing on SSBCI loans, suggesting that while the increase in employment 

may vary, SSBCI loans are critical in providing businesses with the capital necessary to expand their workforce. 

Furthermore, our research incorporates additional variables, such as the presence of private co-financing, which may 

not have been fully explored in earlier studies. 

3. Policy Implications The findings from this research have several important implications for SSBCI and other similar 

government programs aimed at supporting small businesses and fostering job creation. 

 Targeted Loan Distribution: Our analysis suggests that SSBCI should prioritize loans for businesses that have a higher 

number of full-time employees and those capable of securing concurrent pri- vate financing. These businesses are 

more likely to create jobs, making them prime candidates for SSBCI support. However, this does not mean that 

SSBCI should exclusively focus on these businesses. Smaller firms or startups, particularly in underserved areas, 
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should still receive support, but a more targeted approach that balances risk with potential job creation may be more 

effective in maximizing employment outcomes. 

 Loan Size Considerations: The positive relationship between loan size and job creation indicates that larger loans tend 

to produce more jobs. However, the diminishing returns observed at higher loan amounts suggest that SSBCI should 

consider an optimal loan size when allocating funds. Providing excessively large loans to businesses that may not 

have the capacity to utilize the funds effectively could lead to inefficiencies in job creation. A data- driven approach 

to determining the optimal loan size for each business, based on its characteristics and industry, would help ensure 

that SSBCI funds are used most efficiently. 

 Incorporating Predictive Analytics: The use of advanced predictive analytics, such as the regression techniques 

applied in this study, offers SSBCI a valuable tool for optimizing loan allocation. By leveraging models that predict 

job creation potential based on a variety of business characteristics, SSBCI can make more informed lending 

decisions that maximize the program’s impact on employment. Additionally, SSBCI could benefit from machine 

learning techniques that go beyond traditional regression models, incorporating dynamic data on market conditions, 

industry growth, and regional economic trends. 

4. Limitations of the Study While this study provides valuable insights into the factors that drive job creation in businesses 

receiving SSBCI loans, it is not without limitations. 

 Limited Dataset: The dataset used in this study was limited to the variables provided in the SSBCI Transactions 

Dataset. Additional factors, such as business-specific characteristics (e.g., financial health, market position) and 

regional economic conditions (e.g., unemployment rates, industry trends), were not included. These factors could 

significantly influence job creation and should be considered in future research. 

 Modest R-Squared Values: The R-squared values across all mod- els, though consistent with those found in similar 

studies, were relatively modest (ranging from 0.130 to 0.156). This indicates that while the variables used in the 

models are important, they do not fully explain the variance in job creation. Future research should explore additional 

factors and more sophisticated modeling techniques, such as random forests or gradient boosting, to improve 

predictive accuracy. 

 Focus on Quantitative Metrics: Our analysis primarily focused on quantitative metrics, such as loan size and 

employee count, to predict job creation. Qualitative factors, such as the business owner’s experience, management 

quality, and innovation potential, were not included but could play a critical role in job creation outcomes. 

Incorporating such qualitative measures in future re- search could provide a more holistic view of the factors driving 

employment growth. 

5. Future Directions Building on the findings of this study, future research could explore several avenues to further enhance the 

effectiveness of SSBCI and similar programs: 

 Incorporating Regional Economic Data: Including regional economic variables, such as local unemployment rates, 

average wages, and industry growth rates, could provide a more nuanced under- standing of job creation dynamics. 

This would allow SSBCI to tailor its loan distribution to specific regions where the need for job creation is greatest, 

while also considering local economic conditions. 

 Exploring Non-Linear and Machine Learning Models: While our study used regression models, future research 

could apply more advanced machine learning algorithms, such as random forests or gradient boosting, to better 

capture the complex relationships between business characteristics and job creation. These models could potentially 

offer greater predictive accuracy by considering non-linear interactions and more intricate patterns in the data. 
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 Longitudinal Studies: Future research could benefit from longitudinal studies that track businesses over time to 

better understand the long-term impact of SSBCI loans on job creation and business success. By following 

businesses post-loan, researchers could assess not only immediate job creation but also the sustainability of these 

jobs and the long-term growth prospects of the businesses. 

 Qualitative Analysis: Incorporating qualitative data, such as interviews with business owners or case studies of 

successful SSBCI- funded businesses, could provide deeper insights into the contextual factors that influence job 

creation. This could complement the quantitative analysis and offer a more comprehensive understanding of how 

SSBCI loans can be optimized. 
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