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identifying the core determinants of such behavior is essential, which this study
achieves through a multiple regression methodology. The empirical results
demonstrate that Gross Domestic Product (GDP), poverty demographics, per capita
spending, and the Human Development Index (HDI) collectively exert a significant
influence on national crime rates. This integrated model accounts for 0,775 of the
observed variances, as evidenced by the R? value. Individually, higher levels of GDP,

Regression poverty, and HDI correlate with increased criminality, whereas improved per capita
expenditure serves as a restrictive factor. These outcomes underscore the necessity of
prioritizing welfare enhancement and poverty alleviation within national crime
prevention frameworks.

This is an open access article under the CC BY-SA license.
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1. Introduction

Criminal acts constitute a societal anomaly characterized by the breach of established laws and
norms, subsequently resulting in tangible losses, distress, and communal instability. The persistence of
illegal activities inevitably diminishes public security and disrupts the rhythm of daily life [1][2][3]. The
catalysts for such unlawful behaviors are multifaceted, encompassing a spectrum of biological,
sociological, and economic determinants [4]. Among these variables, economic circumstances exert a
profound influence on the escalation of criminality, especially in scenarios where fundamental human
necessities are deprived [5][6]. The capacity of a population to fulfill its rudimentary needs is often
indicated by per capita expenditure. When this financial metric is robust, it alleviates the social friction
that traditionally serves as a root cause of deviance [ 7]. Consequently, consistent public spending mirrors
the adequate provision of basic requirements, acting as a direct deterrent to delinquent behavior.
Conversely, disparities in economic resource distribution frequently breed social volatility. Periods of
economic recession are routinely accompanied by a surge in crime, as illegal actions are adopted as
alternative survival mechanisms. Elevated financial hardship exacerbates poverty levels, and the
restriction of legitimate economic avenues compels certain demographics to engage in unlawful
enterprises [8]. This dynamic underscores that the frequency of crime is heavily dictated by grassroots
economic fragility. A stark poverty gap is primarily driven by inequitable access to wealth. Whenever
communities lack the financial capability to comprehensively satisfy their essential needs, the
vulnerability to local security breaches intensifies. To measure the overarching economic prosperity and
regional growth, Gross Domestic Product (GDP) is frequently utilized as a standard metric [4][9].
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Beyond sheer economic output, the Human Development Index (HDI) significantly governs the
trajectory of crime [10]. The influence of HDI is channeled through its three foundational pillars:
educational attainment, health quality, and overall living standards. A depressed HDI signifies a
systemic breakdown in the delivery of essential services, an outcome that breeds societal disillusionment
and erodes collective moral restraints [9].

The presence of elevated crime rates paralyzes communal peace, hindering individuals from
conducting their routine endeavors without fear. Consequently, mitigating this societal challenge
necessitates rigorous and sustained intervention. While the existing body of literature examining
criminality is extensive, the majority of prior investigations confine their scope to localized jurisdictions,
such as specific municipalities or regencies. To address this spatial limitation, the current research is
structured to evaluate how GDP, HDI, per capita expenditure, and poverty demographics collectively
dictate the national crime landscape across Indonesia in the year 2024.

2. Methods

This research utilizes secondary datasets obtained from Indonesia’s Central Bureau of Statistics
(BPS) official records. The scope of the analysis encompasses 2024 cross-provincial statistics,
integrating a diverse range of socio-economic parameters.

Table 1. Descriptive Statistics Analysis

Variable Definition Data Type Measurement Scale
Crime Number of criminal incidents in each province Numeric Ratio
in 2024
In_GDP Natural logarithm of Gross Regional Domestic Numeric Ratio
Product per province
Poor Population Number of poor people in each province Numeric Ratio
Expenditure Per capita expenditure in each province Numeric Ratio
HDI Human Development Index, including Numeric Ratio

education, health, and living standards

Data transformation was performed on the GDP variable, which was subsequently used in
regression testing. The obtained data were analyzed using descriptive statistics to summarize the general
trends and describe each variable, providing information on the distribution of values and the level of
variation for each variable under study [11] [12]. To evaluate how the independent variables collectively
impact the dependent variable, this study employs a multiple linear regression framework. The
estimation process utilizes the Ordinary Least Squares (OLS) technique, which follows the preliminary
descriptive analysis [ 13]. The multiple linear regression model is defined as:

Yi = Bo + BrXai + BaXoi + -+ BuXii + & (1)
where Y; is the dependent variable (Crime), X;;, X5;, ..., X; are the independent variables (In_GDP, Poor
Population, Expenditure, HDI), f3, is the intercept, 51, B2, ---, Bk are the regression coefficients, and ¢;
is the error term [14]. The OLS procedure estimates the coefficients 8 ) by minimizing the sum of squared
residuals:

Minimize ¥, (Y; - 7,)° )
where ¥ is the predicted value from the model.

The steps of analysis are: first, compute descriptive statistics to understand the distribution of each
variable; second, test classical assumptions such as normality of residuals, multicollinearity, and
homoskedasticity; third, apply OLS to calculate the regression coefficients; and finally, perform F-tests
and t-tests to assess simultaneous and partial significance of the independent variables [15]. Positive

coefficients indicate that an increase in the corresponding independent variable raises the predicted
crime level, while negative coefficients indicate an inverse relationship [16][17].
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Subsequently, a two-step significance evaluation is performed to ascertain the empirical validity of
the proposed variable interactions [18]. This stage involves a bifurcated testing approach consisting of
F and t statistics. The F-test is designed to evaluate the aggregate significance of the independent
variables concurrently. Conversely, the t-test provides a disaggregated analysis, determining the unique
significance of each predictor in explaining the target variable's variance [19].

Methodologically, both evaluations follow five identical hypothesis testing steps, with the primary
distinction lying in the specific test statistic formula applied. The first step begins by explicitly
establishing the null hypothesis (Hy) and the alternative hypothesis (H;) in plain text. For the
simultaneous evaluation (F-test), the null hypothesis (H;) states that all independent variables do not
concurrently have a significant effect on the dependent variable, whereas the alternative hypothesis (H;)
states that all independent variables concurrently have a significant effect on the dependent variable.
Conversely, for the partial evaluation (t-test), the null hypothesis (Hy) states that an individual
independent variable does not have a significant effect on the dependent variable, while the alternative
hypothesis (H,) states that an individual independent variable has a significant effect on the dependent
variable. The second step involves determining the significance level (), which is firmly set at 0.05
[20].

The fundamental difference between these two evaluations lies in the third step, which is the
determination of the test statistics. The F-test utilizes a variance ratio based on the coefficient of
determination (R?), the number of predictors (k), and the sample size (n) [21], formulated as follows:

RZ

k
F = 1_R? 3)
n—k—-1
Meanwhile, the t-test employs the ratio of the parameter estimate to its standard error (SE), which is
formulated as:
L
SE(By)

Subsequently, the fourth step establishes the rejection region for the decision criteria, where (Hy)

“)

is rejected if the significance value (p-value) < (0.05), or if the calculated statistic exceeds its respective
critical table value or if the calculated statistic exceeds its respective critical table value. Finally, the
fifth step concludes with the drawing of empirical conclusions to determine whether the variance of the
target variable can be significantly explained either simultaneously or individually.

The validity of the regression output depends on the fulfillment of several classical assumption tests
to ensure that the estimated parameters satisfy the BLUE (Best Linear Unbiased Estimator) criteria. In
particular, the regression residuals are expected to fulfill the [IDN assumptions, meaning that they are
independently, identically, and normally distributed, while the independent variables must remain free
from multicollinearity issues. Failure to satisfy these fundamental assumptions may result in biased and
unreliable estimation results [22]. Normality of the data is scrutinized as the primary classical
assumption, ensuring that the variables under study do not deviate significantly from a normal
distribution [23]. Evaluating this criterion involves the application of the Kolmogorov-Smirnov
statistical method because it provides a reliable approach for assessing the conformity between empirical
and theoretical normal distributions. Prior studies have indicated that the Kolmogorov—Smirnov method
is comparatively less affected by sample size fluctuations and tends to perform consistently when
skewness and kurtosis coefficients are close to zero [24]. The Kolmogorov-Smirnov test statistic (D) is
mathematically expressed as [25]:

D = maximum|F,(X) — S, (X)| (5)
The normality test is based on two statistical hypotheses. The null hypothesis (ho) states that the
dataset is normally distributed, while the alternative hypothesis (Hi) states that the dataset is not
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normally distributed. Under this framework, the null hypothesis of normality is accepted when the
resulting p-value exceeds 0.05. conversely, a p-value below this threshold (p < 0.05) indicates that the
datasets is not normally distributed[26].

The Variance Inflation Factor (VIF) functions as the definitive indicator for detecting
multicollinearity, which evaluates whether redundant correlations exist among the explanatory variables
[27]. The VIF value is calculated using the following equation [28]:

1
VIF =103 (6)

Under this criterion, VIF values surpassing the threshold of 5 or 10 signify that the estimated
regression coefficients lack reliability, as high redundancy between independent variables can distort
the statistical output [29]. The next step entails applying the Glejser method as a final classical
assumption check to detect any variance inequalities within the regression model [30]. The objective is
to verify whether the residuals exhibit homoscedastic properties across all data points. The Glejser
regression model can be expressed as follows [31]:

luil = a + B1X1; + BaXoi + -+ + BXi + 01 (7

A robust model is identified when the probability values associated with the independent variables
and absolute residuals are greater than the 5% threshold. Consequently, surpassing this benchmark
demonstrates that the model is devoid of heteroscedasticity [26].

After all classical assumption prerequisites have been satisfied, the analysis proceeds to the
coefficient of determination (R?) test to evaluate the model's capacity in accounting for dependent
variable fluctuations [32]. This metric spans a range between 0 and 1, serving as a benchmark for
explanatory quality. As the R?value approaches unity, it signifies a robust capability of the predictors to
jointly clarify the variance in the outcome variable. Conversely, a figure nearing zero suggests that the
model possesses minimal explanatory strength [30]. The structural formulation for calculating this
coefficient is presented below [33].

(= 1)

RP=1-F————
iz (Y; = ¥)?

®)

Goodness-of-fit within this model is quantified through the R? value, which assesses the proportion
of variance explained by the regression. This coefficient is derived from comparing the residual sum of
squares against the total variance observed in the empirical data. In this context, X; denotes the predicted
outcomes produced by the regression analysis, whereas Y; identifies the original values recorded from
the observations.

3. Results and Discussions

The fundamental characteristics of the dataset, such as the average, standard deviation, variance,
and the spectrum of minimum to maximum values, are outlined through descriptive statistical analysis.
Table 2 provides a comprehensive summary of these statistical metrics for the variables evaluated in
this research.

Table 2. Descriptive Statistics Analysis
Variable Count Mean Std. Dev.  Min Max

Crime 31 14991.13 16092.42 1593 60724
In GDP 31 12.13 1.09 10.40 14.48
Poor Population 31 726.38 102335  41.11  3893.82
Expenditure 31 1460765.774 267111.3 975854 2109071
HDI 31 74.65 2.65 69.14 81.62

Based on Table 2, the analysis shows that GDP values generally have a relatively good average
with moderate variation across regions. However, the wide range between the minimum and maximum
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values indicates a gap in economic activity levels between provinces in the research sample. The variable
for the number of poor people shows a very large variation. The high standard deviation and significant
differences between the minimum and maximum values reflect inequality in poverty levels across
regions. This condition indicates that poverty distribution is uneven and still concentrated in certain
areas. Meanwhile, the per capita expenditure variable shows relatively more stable variation compared
to the number of poor people. Although there are differences across regions, the data distribution tends
to be more even, indicating a degree of uniformity in the welfare levels across most areas. The Human
Development Index (HDI) has a relatively small standard deviation, suggesting that human development
levels across the regions in the sample are more homogeneous. This indicates that the difference in
human development quality is less pronounced compared to other economic indicators.

Following the preliminary assessment of data characteristics, an Ordinary Least Squares (OLS)
approach was applied to construct a multiple linear regression framework. By minimizing the aggregate
of squared errors, this technique effectively bridges the gap between the observed figures and the model's
estimated values for the dependent variable. Consequently, as long as classical prerequisites are fulfilled,
the resulting estimators conform to the Best Linear Unbiased Estimator (BLUE) criteria. To evaluate
how crime frequencies across 31 provinces are influenced by gross domestic product, poverty
demographics, individual spending, and the human development index, the aforementioned OLS
regression was deployed. The execution of this methodology yielded the subsequent mathematical
formulation:

Y = —191.50 + 7192.02X, + 5,31X, — 0,03X5 + 2130,32X,

Assuming all other factors remain static, the formulation reveals that criminal activity is positively
driven by GDP, poverty levels, and the human development index, whereas personal expenditure exerts
an inverse influence. Quantitatively, a single-unit expansion in GDP correlates with a projected rise of
7,192.02 incidents in criminality. Similarly, when the impoverished demographic grows by one unit,
crime incidents are anticipated to escalate by 5.31. In contrast, an equivalent increase in individual
spending corresponds to a 0.03 reduction in criminal occurrences. Furthermore, elevating the HDI by a
single point is predicted to drive up the crime metric by 2,130.32 units, provided other conditions are
strictly controlled.

To validate whether the coefficients generated by the model are statistically significant, a series of
significance tests needs to be conducted. The significance tests are performed using two approaches:
simultaneously and partially. To determine whether the regression model as a whole is significant, a
simultaneous significance test is conducted using the F-test.

Table 3. Simultaneous Significance Test Results
F-statistic Prob F-statistic

22.34 429 x 1078

Referring to the simultaneous evaluation in Table 3, an F-statistic of 22.34 is recorded,
accompanied by a probability value of 4.29 ¢-08. Because this figure falls drastically below the standard
0.05 threshold, the null hypothesis is consequently dismissed in favor of the alternative hypothesis.
Therefore, it is confirmed that crime frequencies are collectively and significantly impacted by
variations in GDP, poverty demographics, per capita spending, and HDI. After the model was proven to
be significant simultaneously, the analysis continued with the partial test (t-test) to examine the
individual effects of each independent variable.

Table 4. Results of the Partial Significance Test

Variable Coeff Std. Error t Sig. (p-value)
const -1.915 e+05 5.75 et+04 -3.33 0.003
In_GDP 7192.02 2458.61 2.93 0.007
Poor Population 5.31 2.512 2.11 0.044

DOI: https://doi.org/10.52435/jaiit.v8i1.773 51



https://doi.org/10.52435/jaiit.v8i1.773

JAIIT (Journal of Advanced in Information and Industrial Technology)
Vol. 8, No. I May 2026, ISSN 2716-1935, E-ISSN 2716-1927

Expenditure -0.03 0.01 -3.27 0.003
HDI 2130.32 944.63 225 0.033

The individual significance assessments detailed in Table 4 reveal a probability score of 0.007 for
the GDP metric, successfully satisfying the < 0.05 criteria for statistical significance. Consequently,
economic output independently drives crime levels. The upward trajectory of crime alongside economic
growth is evidenced by its positive coefficient of 7,192.02, assuming static external variables.
Furthermore, the poverty indicator yields a p-value of 0.044, confirming its significant and independent
role in shaping crime trends. Its coefficient of 5.31 demonstrates that a growing impoverished population
directly translates into higher criminality. Regarding individual spending, the recorded probability of
0.003 falls below the strict 0.05 cutoff, proving its substantial influence on criminal frequency. The
deterrent effect of heightened personal expenditure is reflected in its negative coefficient of -0.03.
Lastly, human development index variations achieved statistical significance with a p-value of 0.033.
Surprisingly, assuming other factors are controlled, the positive coefficient of 2,130.32 denotes that
advancements in human development are correlated with an escalation in regional crime.

Although the model shows statistical significance, the validity of the estimation results still needs
to be tested through classical assumption testing. Therefore, normality, multicollinearity, and
heteroscedasticity tests were conducted. The normality test was performed to determine whether the
research data is normally distributed or approximately normal. This test uses the Kolmogorov-Smirnov
test, where data is considered normally distributed if the probability value is greater than 0.05.
Otherwise, if the probability value is less than 0.05, the data is considered non-normally distributed.

Table 5. Results of the Normality Test
KS Stat p-value
0.19 0.17

Based on Table 5, the results of the Kolmogorov-Smirnov normality test show that the KS Statistic
value is 0.19, with a significance value of 0.17. Since the significance value is greater than 0.05, it can
be concluded that the residuals of the regression model are normally distributed. After the normality
assumption is satisfied, the analysis continued with multicollinearity testing to examine the presence of
high correlations between the independent variables. This test is conducted using the Variance Inflation
Factor (VIF), where a VIF value greater than 5 or 10 generally indicates strong correlations between the
independent variables, which may affect the stability of the regression coefficient estimates.

Table 6. Results of the Multicollinearity Test

Variable VIF
In_GDP 3.19
Poor Population 2.94
Expenditure 2.64
HDI 2.79

The results of the multicollinearity test in Table 6 show that the GDP variable has a VIF value of
3.19, the number of poor people has a VIF value of 2.94, per capita expenditure has a VIF value of 2.64,
and HDI has a VIF value of 2.79. All VIF values are below the common threshold of 10, indicating that
there is no serious multicollinearity issue between the independent variables in the model. Therefore,
the regression model meets the assumption of no high correlations among the independent variables.
Next, a heteroscedasticity test was performed to ensure that the residual variance in the model remains
constant across all observations. One commonly used method is the Glejser test, where if the
significance value between the independent variables and the absolute residual values is greater than
0.05, the model is considered free from heteroscedasticity.
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Table 7. Results of the Heteroscedasticity Test

Variable Coeff Std. Error t Sig. (p-value)
In_GDP 2779.10 1606.28 1.73 0.09
Poor Population -1.53 1.63 -0.93 0.36
Expenditure -0.002 0.004 -0.40 0.69
HDI -331.47 258.20 -1.28 0.21

Based on the results of the heteroscedasticity test using the Glejser method in Table 7, it was found
that all variables have a significance (p-value) above the 0.05 significance level. The GDP variable has
a p-value of 0.09, the number of poor people has a p-value of 0.36, per capita expenditure has a p-value
0f 0.69, and the Human Development Index has a p-value of 0.21. These results indicate that there is no
significant effect of the independent variables and the absolute residual values, so it can be concluded
that the regression model does not exhibit heteroscedasticity. With all classical assumptions met, the
regression model is deemed suitable for further interpretation. The analysis then continues with the
coefficient of determination (R?) test to assess how well the regression model explains the variation in
the dependent variable. The R? value provides an indication of the overall contribution of the
independent variables, where the closer it is to 1, the greater the model's ability to explain this variation.
This analysis serves as an initial step in understanding the model's strength before examining the
individual effects of each variable in more detail.

Table 8. Results of the Coefficient of Determination
R-squared Adj. R-squared
0.775 0.740

Based on Table 8, the coefficient of determination (R?) is 0.77, with an Adjusted R? value of 0.74. This
indicates that approximately 77.5% of the variation in the dependent variable, which is the immunization
rate, can be explained jointly by the independent variables included in the model. The remaining 22.5%
is influenced by other factors not included in this study.

4. Conclusion

The results of the study indicate that GDP, the number of poor people, per capita expenditure, and
HDI simultaneously have a significant effect on crime rates, with a coefficient of determination (R?) of
0.775, meaning that 77.5% of the variation in crime rates can be explained by the model. Partially, GDP,
the number of poor people, and HDI have a positive effect on crime rates, while per capita expenditure
has a negative effect. These findings suggest that the dynamics of economic growth, poverty levels, and
the quality of human development are related to the variation in crime rates across regions, while
improvements in public welfare have the potential to reduce crime rates. This result implies the
importance of inclusive economic development policies, poverty reduction, and welfare improvement
as part of crime control strategies. However, this study has limitations due to the use of secondary cross-
sectional data and the exclusion of other potential influencing variables, such as unemployment rates,
income inequality, and the effectiveness of law enforcement. Therefore, future research is recommended
to use panel data and include additional socio-economic and institutional variables to gain a more
comprehensive understanding of the determinants of crime rates.
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