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Abstract: This paper examines the dynamic relationship between economic indicators, law
enforcement mechanisms, and property-related crimes in Mongolia using a time-series
econometric approach. Relying on the theoretical frameworks of Becker’s economic model
of crime and Cantor and Land’s motivation-opportunity hypothesis, the study explores
the effects of unemployment, detection probability, and incarceration rates on four crime
categories: total crime, theft, robbery, and fraud. An error correction model (ECM) is
employed to capture both short-run fluctuations and long-run equilibrium relationships
over the period 1992-2022. The empirical findings reveal that detection rates exert a statis-
tically significant deterrent effect on robbery in the short term, while incarceration rates
are effective in reducing theft. Unemployment shows a positive and significant long-run
effect on theft prior to 2009 but weakens thereafter due to methodological changes in labor
statistics. Fraud demonstrates a distinct response pattern, exhibiting negative associations
with both incarceration and unemployment, and showing no sensitivity to detection proba-
bility. Diagnostic tests support the model’s robustness, with heteroskedasticity in the theft
model addressed using robust standard errors. This study contributes to the literature by
providing the first country-specific empirical evidence on crime determinants in Mongolia.
It highlights the heterogeneous impact of economic and institutional factors on different
crime types in a transition economy. The findings underscore the need for integrated policy
responses that combine improvements in law enforcement with inclusive economic and

check for social development strategies.
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Economic Clues to Crime: Insights

Crime imposes substantial social and economic costs worldwide, particularly in

‘ developing and transition economies. The relationship between economic conditions
from Mongolia. Economies, 13(6), 160.

https://doi.org/10.3390/
economies13060160 the most prominent frameworks for understanding crime behavior from an economic

and criminal activity has long been of interest to researchers and policymakers. One of

) perspective is Becker’s (1968) rational choice theory, which models crime as an individual’s
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utility-maximizing decision weighed against the probability and severity of punishment.

distributed under the terms and suggesting that individuals may substitute illegal for legal income when employment
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A complementary approach is offered by Cantor and Land (1985), who introduced the
concepts of the motivation effect and opportunity effect. The motivation effect suggests that
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rising unemployment increases crime by lowering the opportunity cost of illegal activity,
while the opportunity effect posits that economic downturns may reduce criminal opportu-
nities as people stay home more or reduce conspicuous consumption. These perspectives
have guided a wide range of empirical studies in both developed and developing coun-
tries, with varying results depending on data availability, legal infrastructure, and crime
type. For example, studies in the United States (Jawadi et al., 2019; Levitt, 1998; Lucas,
2024), the United Kingdom (Saridakis, 2004), and Iran (Costantini et al., 2018) have found
mixed results on the unemployment-crime nexus. In developing contexts, Buonanno and
Montolio (2008) used regional panel data to assess economic and demographic effects on
crime in Spain, while Tang (2009) employed Johansen cointegration and ECM methods
to investigate the long- and short-run relationships between unemployment, inflation,
and overall crime rates in Malaysia, finding significant positive impacts of both variables
on crime.

Despite the rich literature, empirical studies focusing on post-socialist economies,
particularly Mongolia, remain scarce. Mongolia, a landlocked country in East and Central
Asia, has undergone substantial political and economic transformation since transitioning
from socialism to democracy and a market economy in the early 1990s. These changes have
coincided with rising urbanization, income inequality, and shifts in social structures, raising
concerns about public safety and law enforcement effectiveness. However, no previous
study has empirically investigated how macroeconomic conditions and law enforcement
variables influence crime trends in Mongolia using formal econometric models.

This study addresses this gap by empirically evaluating the effects of economic and
institutional factors on crime in Mongolia using a time-series approach. Specifically, we
apply an error correction model (ECM) to assess how detection rates, incarceration rates,
and unemployment affect overall crime as well as property-related crime types: theft,
robbery, and fraud. These variables are selected based on established theoretical models
and prior empirical findings (Atmadi et al., 2024; Britto et al., 2022; Levitt, 1998; Wang &
Hu, 2021).

The study is guided by the following research question: To what extent do macroe-
conomic conditions and law enforcement efforts influence crime trends in Mongolia, and
how do these effects differ across crime types and over time? The contribution of this
study is threefold. First, it introduces novel empirical evidence from a post-socialist context,
offering insights for a country previously unexamined in this domain. Second, by disaggre-
gating crime into distinct categories, it provides a more nuanced understanding of how
institutional and economic forces affect specific types of criminal behavior. Third, the use of
a time-series ECM framework allows for the differentiation between short-run fluctuations
and long-run equilibrium relationships—critical in understanding the dynamics of crime
in transitional settings.

In doing so, this paper adds to a growing body of literature highlighting that crime
in transitional and developing economies cannot be fully explained by models developed
for high-income countries alone. Rather, context-specific factors such as informal labor
markets, institutional fragility, and legal evolution must be considered.

2. Literature Review

Criminals act as rational economic agents seeking to maximize utility. They analyzed
how crime rates are closely related to law enforcement intensity and socioeconomic con-
ditions, arguing that an increase in the probability of arrest and severity of punishment
would reduce criminal motivation. Conversely, they explained that higher expected returns
from illegal activities or lower returns from the legal labor market would increase the
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likelihood of criminal participation. Subsequent research has focused on empirically testing
these hypotheses.

Cantor and Land (1985) analyzed the impact of unemployment on crime through the
opportunity effect and motivation effect. They argued that rising unemployment could
reduce opportunities for certain types of crime while simultaneously lowering the opportu-
nity cost of legal employment, thereby increasing criminal motivation. Empirical studies
showed that while higher levels of unemployment reduced violent and property crimes, in-
creases in unemployment rates promoted property crime. Britt (1994) expanded on Cantor
and Land’s approach by examining the relationship between youth unemployment and
crime. His study found a negative correlation between the unemployment level and youth
crime rates, while changes in unemployment rates had a positive effect on property crime.
However, no significant relationship was found between unemployment rate changes
and violent crime. Greenberg (2001) and Hale and Sabbagh (1991) criticized Cantor and
Land’s methodological approach, highlighting that OLS estimation could be inappropriate
when the integration orders of variables differ. Greenberg (2001) applied cointegration and
error correction models to analyze the relationships between unemployment, divorce rates,
homicide, and robbery, finding that homicide rate changes were positively correlated with
divorce rates and negatively correlated with unemployment in the short term. Meanwhile,
Hale and Sabbagh (1991) did not find a long-term cointegration relationship between un-
employment and crime rates in crime data from England and Wales, proposing alternative
models. Subsequent studies employed various econometric techniques to analyze the
relationships between crime and economic variables.

Dhiri et al. (1999) examined the long-term relationship between personal consumption
expenditure, young male population, and crime opportunities. Saridakis (2004) analyzed
whether harsher punishments and improved economic opportunities reduce violent crime.
Using Johansen cointegration tests, the study found that serious crime (GBH) was posi-
tively correlated with unemployment and poverty levels, whereas no significant long-term
relationships were found for crimes such as rape and assault.

More recent studies have investigated crime-unemployment relationships across
different countries. Tang (2009) confirmed a long-term relationship between crime, un-
employment, and inflation in Malaysia. Phillips and Land (2012) conducted a multilevel
analysis of unemployment and crime across 400 U.S. counties. Fallahi et al. (2012) analyzed
the relationship between unemployment and crime stability in the U.S. using ARCH and
ARDL models, finding that unemployment volatility affects crime rates in the short term.
Furthermore, Maddah (2013) conducted a structural VAR analysis in Iran, reporting that
unemployment had a greater impact on crime rates than income inequality. Janko and Popli
(2015) used a panel error correction model in Canada, finding no long-term motivation
effect but confirming a short-term opportunity effect.

Costantini et al. (2018) found that income inequality and unemployment increased
crime rates in the U.S., while law enforcement intensity suppressed property crimes. Recent
studies have focused on analyzing crime dynamics in specific countries and regions. Nordin
and Almén (2017) found that long-term unemployment significantly impacted violent crime
in Sweden. Ojo et al. (2021) confirmed that unemployment increased crime rates in Nigeria
using an ARDL model.

Coccia et al. (2024) identified a positive correlation between unemployment and homi-
cide rates across 38 European countries, while Mkonza and Zungu (2024) found that youth
unemployment was a major driver of violent crime in South Africa. These studies have
advanced the economic approach to crime, highlighting that the impact of unemployment
on crime varies depending on crime type and national economic structures. In particular,
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the differing effects of motivation and opportunity across crime types underscore the
importance of employing diverse econometric methodologies in crime analysis.

These findings have been reinforced by Atmadi et al. (2024), who disaggregated crime
types and found that law enforcement and economic effects vary depending on crime
characteristics in Indonesia. Britto et al. (2022) provided micro-level causal evidence on
the effect of job loss on crime in Brazil, further supporting the relevance of the motivation
effect in transitional economies. In addition, Lucas (2024) employed monthly time-series
models in the U.S. and found differential short- and long-term effects of inflation and
unemployment on specific crime categories. Wang and Hu (2021) emphasized the inclusion
of institutional quality and demographic variables when modeling crime determinants in
China, particularly income inequality and urbanization. Saputra and Widodo (2023), study-
ing Indonesia, confirmed the importance of poverty and inequality in shaping property
crime patterns, advocating for socioeconomic variables in modeling frameworks.

Methodological Issues

Time-series data are the most critical and commonly used data structure for studying
factors influencing crime; panel and cross-sectional data are also available. Levitt (2001)
described national-level time-series data as “a blunt instrument for answering criminolog-
ical questions”. This assertion stems from several limitations. First, time-series data are
well-suited for studying macroeconomic variables like economic growth and inflation, but
crime rates and their influencing factors often reflect local variations that national-level data
cannot capture. As a result, time-series data fail to account for location-specific differences
in crime modeling. Second, compared to panel or cross-sectional data, time-series data
typically involve smaller sample sizes, limiting the number of explanatory variables that
can be included in the model. Consequently, the estimated parameters may reflect only
correlations between explanatory and dependent variables rather than causal relationships.
For coefficients to be interpreted causally, all potential factors influencing crime must be
included in the equation, which is challenging due to the limited degrees of freedom in
time-series data. Third, as suggested by Cantor and Land (1985), researchers are often
interested in separately evaluating the opportunity and motivation effects through which
unemployment may influence crime. However, using national-level time-series data may
not be robust enough for such analyses.

Despite its limitations, time-series data and associated methodologies remain valuable
tools for studying the relationships between crime rates and influencing factors. Many
studies have utilized time-series data to examine these relationships; however, a signifi-
cant challenge lies in fully capturing the opposing characteristics of the motivation and
opportunity effects. The motivation effect suggests that rising unemployment increases
the incentive to engage in illegal activities due to reduced legitimate income opportuni-
ties, whereas the opportunity effect posits that unemployment reduces opportunities for
crime by limiting access to potential targets or resources. Disentangling these effects and
determining the net long-term impact of unemployment on crime remain major challenges
in criminological research. To address these challenges, advanced methodologies like
long-term cointegration models and error correction models (ECM) have been identified as
effective tools.

Cointegration models enable the identification of stable, long-term relationships be-
tween variables, allowing researchers to assess whether the net effect of unemployment on
crime is positive, negative, or insignificant. ECM integrates short-term fluctuations with
long-term equilibrium relationships, making it particularly suitable for time-series data
with its inherent complexities. In our study, we aim to use national-level time-series data
from Mongolia to investigate the relationship between unemployment and crime, as well
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as the deterrent effect of law enforcement. Examining both the long-term and short-term
effects of unemployment and law enforcement on crime is crucial for understanding their
dynamic interactions. This approach is expected to provide a more nuanced and detailed
understanding of the relationships between unemployment, crime, and law enforcement,
contributing valuable insights to both research and policy development.

3. Data and Methodology
3.1. Theoretical Basis of the Economic Model of Crime

Becker (1968) proposed a model in which potential offenders are assumed to act ratio-
nally, aiming to maximize their expected utility from committing crimes. Thus, the number
of crimes committed by an individual depends on the probability of apprehension and the
severity of punishment. Specifically, an increase in either the probability of apprehension
or the severity of punishment is expected to reduce an individual’s motivation to commit
crimes. Based on the assumption that all individuals respond similarly to changes in law
enforcement efforts, the overall supply of crime can be derived. Becker (1968) hypothesized
that crime would decrease when either or both the probability of apprehension and the
severity of punishment are high. Ehrlich (1973) developed a model in which individuals are
assumed to freely allocate their time between legal and illegal activities while still aiming
to maximize their expected utility.

Holding other factors constant, an increase in either the probability of apprehension
or the severity of punishment reduces the relative return from illegal activities compared
to legal activities, thereby decreasing an individual’s involvement in crime. Similarly,
favorable opportunities in the legal labor market can reduce crime by making legal work
more profitable compared to engaging in criminal activities. The unemployment rate
is incorporated into an individual’s expected utility function as a measure of the risks
associated with the legal labor market. On the one hand, a high unemployment rate
reduces the opportunity cost of engaging in crime, thereby increasing an individual’s
involvement in criminal activities. On the other hand, high unemployment increases the
likelihood of an individual facing undesirable outcomes, such as being unemployed in
the legal labor market or failing in legal activities. This increased risk may reduce an
individual’s willingness to engage in crime. Therefore, Ehrlich (1973) suggested that the
net effect of a high unemployment rate on crime is ambiguous. Based on the above theories,
the following model can be formulated to explain crime.

C=Y(P,F,U) 1)

where the crime level C is modeled as a function of the probability of apprehension P, the
severity of punishment F, and the unemployment rate U. Specifically, P is represented by
the detection rate of crimes and F is represented by the number of incarcerated individuals
per 1000 population. These two variables are expected to have a negative relationship
with the crime rate C. Meanwhile, the effect of the unemployment rate U on crime is
acknowledged as potentially ambiguous. It may not necessarily be positive or significant,
and we await the empirical results to determine its actual impact.

3.2. Data

The study utilized data spanning 31 years, from 1992 to 2022. The dependent variables
in the study include the overall crime rate and property-related crimes such as theft, rob-
bery, and fraud. The key explanatory and control variables, along with their sources and
expected signs, are summarized in Table 1. The dependent variables in the study include
the overall crime rate and property-related crimes such as theft, robbery, and fraud. We
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focused on property-related crimes for specific reasons. Firstly, from a theoretical perspec-
tive, property-related crimes are expected to respond more strongly to the explanatory
variables in our model. Becker (1968) and Ehrlich (1973) linked the economic models of
crime to variables like the costs associated with crime, lost opportunities, and deterrence.
They demonstrated that increased law enforcement efforts or higher penalties reduce the
likelihood of committing crimes. Therefore, an increase in the detection rate and the sever-
ity of punishment discourages individuals from engaging in property crimes by raising the
associated costs. Additionally, higher unemployment rates reduce the opportunity costs
of property-related crimes, encouraging illegal activity. Conversely, lower unemployment
levels discourage such crimes. Second, violent crimes may exhibit weaker direct correla-
tions with these factors. This is because violent crimes are often driven by emotional or
psychological motives rather than financial incentives.

Secondly, previous empirical studies indicate that property-related crimes are more
often explained by economic variables compared to violent crimes. For example, spatial
analyses of crime in England and Wales have shown that law enforcement and socio-
economic factors significantly influence property crimes but have weaker associations
with violent crimes (Han, 2010). This suggests that while socio-economic factors, such
as law enforcement and unemployment, significantly influence property crimes, violent
crimes tend to be more closely associated with non-economic motives or systemic issues.
Furthermore, violent crimes, such as physical assaults or severe bodily harm, are more likely
to correlate with law enforcement factors and socio-economic influences (Saridakis, 2004).
However, crimes like sexual offenses and other severe violent crimes are less associated
with economic variables over the long run, as demonstrated by the findings of Saridakis
(2004). Based on these observations, this study focuses on analyzing the relationship
between overall crime rates and property-related crimes while incorporating relevant
explanatory factors.

The data on total registered crimes and property-related crimes, such as theft, robbery,
and fraud, were obtained from the National Statistics Office’s (NSO) online database at
www.1212.mn (accessed on 15 February 2024). For property-related crimes, data from 2003
onward were directly available online. However, for the period before 2003, data were
extracted from annual statistical compendiums, where information on theft and robbery
was found. Data on fraud-related crimes before 2003 were not available in the NSO’s online
database or in Mongolia’s annual statistical compendiums, nor could they be retrieved
from the General Police Department’s archives. This is because fraud-related crimes were
not recorded as a separate category before 2003 and were instead classified under “other”
crimes. As a result, the data for total registered crimes, theft, and robbery cover the period
from 1992 to 2022, while fraud-related crimes are limited to 2003-2022. Nonetheless, the
focus remains on theft, robbery, and fraud among property-related crimes.

Table 1. Variables and data.

Variables Description Source Expected Sign
Dependent Crime: Crime rates measured as incidents per 10,000 people NSO

Theft: Incidents of theft per 10,000 people NSO

Robbery: Incidents of robbery per 10,000 people NSO

Fraud: Incidents of fraud per 10,000 people NSO
Independent Detec: Probability of arrest measured by detection rate GPD (=)

Custo: Number of incarcerated individuals per 1000 people = GACD (=)

Unemp: Unemployment rate NSO (+) or (—)

Note: “+” indicates a positive expected relationship; “—" indicates a negative expected relationship.
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Figure 1 shows the time trends of crime rates. The theft crime rate appears to fluctuate
similarly to the overall crime rate. This is likely due to theft accounting for approximately
40% of total crimes up until 2002 and around 30% since 2003. The fraud crime rate was
comparable to the robbery crime rate until 2011 and remained relatively lower than theft.
However, it gradually increased after 2012, peaking in 2018. Between 2018 and 2020, the
fraud crime rate remained stable but has sharply increased over the last three years.
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Figure 1. Crime rates in Mongolia, 1992-2022. Source: Authors’ computation using data from the
National Statistical Office.

The crime detection rate (calculated as the ratio of criminal cases prosecuted and
suspects charged to the total number of cases filed for investigation, expressed as a per-
centage) is used as a proxy variable for the probability of arrest. It is expected to have a
negative correlation with crime rates. Additionally, the number of incarcerated individuals
per 1000 population is used as a proxy variable for the severity of punishment. According
to crime theory, this variable is expected to have a deterrent and preventive effect, lead-
ing to a negative correlation with crime rates. The data for this variable were officially
obtained from the General Authority for Court Decisions (GACD). One of the variables
included in our analysis is the unemployment rate. Until 2008, the unemployment rate in
Mongolia was calculated as the ratio of registered unemployed individuals at the Labor
and Social Welfare Department to the economically active population. However, in line
with the implementation of the Mongolian Government’s 2008-2012 Action Program, a
goal to revise the definitions and methodologies for calculating labor statistics was set
out in the plan of action. Based on Articles 12.3.4 and 12.3.7 of the Law on Statistics of
Mongolia, a joint directive issued on 16 June 2009, the Chairperson of the National Statistics
Oftfice and the Minister of Social Welfare and Labor officially approved the “Methodology
for Calculating Employment and Labor Force Statistics”. This methodology aligns labor
statistics definitions and calculations with international standards issued by the Interna-
tional Labor Organization (ILO), while also incorporating the unique characteristics of
Mongolia. Consequently, a methodological discrepancy exists between the years prior to
and after 2008. To account for this inconsistency, it is necessary to include this effect in the
model. From a theoretical perspective, the correlation between the unemployment rate and
crime rates is complex and difficult to predict, as it involves both opportunity effects and
motivation effects.
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3.3. Econometric Methodology for Estimating the Economic Model of Crime
3.3.1. Testing the Stationarity of Time-Series Data

The stationarity of the variables, particularly the crime rate, is examined using the
Augmented Dickey-Fuller (ADF) test (Dickey & Fuller, 1979). Specifically, the test is
conducted using the following equation:

p
ACy = ag + yCi_1 + aqt + Z O;AC; ;i + uy 2)
i=1

This equation incorporates lagged differences of the crime rate and focuses on the
coefficient . If v = 0, the crime rate C follows a random walk process, indicating non-
stationarity. Conversely, if 7 < 0, the crime rate is stationary at its level, represented as
Ct = Ci—1 + u;. The ADF test is used to determine whether the variable is stationary, based
on the methodology outlined by MacKinnon (1996). The decision on whether to include
a trend term depends on whether the time series exhibits a clear trend. If the variable
is found to be stationary (e.g., v = 0), no further differencing is necessary. Otherwise,
additional differencing is applied until stationarity is achieved, and the test is repeated.
Once the stationarity condition is satisfied, the analysis proceeds to the next stage, such as
cointegration testing.

3.3.2. Long-Run Relationships: Cointegration

In the late 1980s, Engle and Granger (1991) proposed a statistical technique to test for
long-run relationships between two or more non-stationary variables, commonly known
as the cointegration test (Hendry, 1986). If y; and x; are both non-stationary, their linear
combination (the regression residuals) may yield a stationary series, as demonstrated by
various studies. In other words, the regression of two random walks can produce residuals
that are not random walks. Consider the following regression model:

yr = B1+ Boxt +uy 3)

The estimated regression function is expressed as

yr = B+ Boxi + iy (4)
Rearranging the residual term, we have
iy =y — 1 — Poxt 5)
In Equation (5), the residuals iI; represent the linear combination of y; and x;. If y; and
x¢ are both non-stationary (i.e., I(1)), but their residuals 7; are stationary, it indicates that
yt and x; share a long-run equilibrium relationship. This is known as cointegration. Thus,
if y; and x; are non-stationary variables but their residuals are stationary, y; and x; are said
to be cointegrated.

Suppose that Equation (3) is extended to include k + 1 variables, assuming all variables
are I(1). The model can be represented as follows:

Ye = B1+ Boxor + -+ + BrXpe + U (6)
The estimated regression function is expressed as

yt = B+ Boxor + -+ + Brocge + 1t )
Rearranging the residual term yields

iy =yt — 1 — Poxar — - — Prxus (8)
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If the residual 7; in Equation (8) is I(0), the variables are considered to be cointegrated.
This indicates that despite the individual variables being non-stationary random walks,
their linear combination is stationary. Such cointegration represents a long-term relationship
or equilibrium among the variables. The concept of cointegration allows us to test for
long-run equilibrium relationships among time-series variables. It provides a framework to
analyze relationships between non-stationary processes while avoiding spurious regression
results. Cointegration is thus a critical tool for modeling long-run relationships, as it allows
the inclusion of both stationary and non-stationary variables. In our study, we assume that
the crime rate and its influencing factors exhibit cointegration. Based on this assumption,
Equation (1), in the previous section, serves as the foundation for modeling the long-run
dynamics of crime.

In(Crime;) = Bo + B1In(Detect;) + B2 In(Custo)

©)
+B3In(Unempy) + BaIn(Unempy) - D + u;

Here, Crime; represents the crime rate, Detect; is the detection rate of crimes, Custo; denotes
the number of incarcerated individuals per 1000 population, Unemp; is the unemployment
rate, and D is a dummy variable that reflects structural changes in unemployment trends
(taking the value of 1 after 2009 and 0 otherwise). The residuals from Equation (9) can be
expressed as follows:

iy = In(Crime;) — Bo — B1In(Detect;) — Ba In(Custoy) (10)
—BsIn(Unemp;) — By In(Unempy) - D

3.3.3. Cointegration Testing

Testing for cointegration involves assessing whether a set of variables share a long-
term equilibrium relationship, even if they are individually non-stationary. Several methods
are commonly used for cointegration testing. (1) Engle-Granger Two-Step Method (Engle
& Granger, 1987): this method involves estimating the residuals from a regression of the
dependent variable on the independent variables and testing for their stationarity. It is
simple but may have limitations in cases with multiple variables. (2) Engle—Yoo Three-
Step Method (Engle & Yoo, 1987): This is an extension of the Engle-Granger method and
provides better estimates of cointegration relationships when dealing with more complex
systems. (3) Johansen Method (Johansen, 1988; Johansen & Juselius, 1990): This method
is the most robust and widely used for testing cointegration in systems with multiple
variables. It can estimate the number of cointegrating vectors and is considered superior in
cases involving more than two variables.

Despite the strengths of the Engle-Granger method, it has limitations, especially in an-
alyzing multivariate systems. The Johansen method, which employs maximum likelihood
estimation, is more appropriate and interpretable for assessing long-term relationships
in such contexts. In this study, we apply the Johansen method to test for cointegration
relationships among the crime rate and its influencing factors.

To test for cointegration using the Engle-Granger two-step method, the residuals
from Equation (10) are evaluated for stationarity. The ADF test statistic is used for this
purpose. In this case, the null hypothesis assumes that the residuals contain a unit root (non-
stationary), while the alternative hypothesis assumes stationarity. If the ADF test statistic
exceeds the critical value, the null hypothesis is rejected, indicating that the residuals are
stationary. This suggests the existence of a cointegration relationship among the variables.
The decision-making process follows the guidelines provided by Engle and Yoo (1987) and
MacKinnon (1991). Once stationarity of the residuals is confirmed, it can be concluded that
the variables are cointegrated.
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3.3.4. Error Correction Model (ECM)

The error correction model (ECM) is explained using the logic of Granger’s representa-
tion theorem (Engle & Granger, 1991). This theorem states that if variables are cointegrated,
there exists an error correction term that accounts for the adjustment toward long-run
equilibrium. The ECM captures both the short-term dynamics and the long-term relation-
ship (identified through cointegration) between the variables. For instance, consider the
following model for two variables

Ay = ay + apAxy — y(Yi—1 — B1 — Baxi—1) + € (11)

In Equation (11), the term y(y;—1 — B1 — B2x¢—1) is the error correction term (ECT). It
represents the deviation from the long-term equilibrium identified by the cointegration
relationship in Equation (3). The residuals of the regression in Equation (5) are used to
estimate this term. The parameter v measures the speed of adjustment back to equilibrium
after a short-term deviation. If  is significant, it confirms the presence of a meaningful error
correction mechanism. Equation (11) includes all variables in their stationary form, making
the ECM a reliable tool with which to analyse short-term dynamics while accounting for
long-term relationships. Thus, the ECM serves as one of the most effective models for
understanding the interplay between short-term fluctuations and long-term equilibrium.

Ayt =1 + arAxy — ')’Zt—l + € (12)

Equation (12) represents the error correction model, where Z; 1 = u;_ is the error
correction term derived from the residuals of Equation (3). This term reflects the extent
of deviation from the long-term equilibrium relationship. Z;_; captures the speed of
adjustment as the system moves back towards equilibrium after a short-term deviation.
Additionally, the dynamic interaction between Ay;_; and Ax;_; is also included in the
model. For models with k + 1 variables, the error correction model can be extended
as follows:

Ay = aq + apAxor + - - -+ aAxyy — Y21 + €4 (13)

Here, Z;_1 remains the error correction term derived from the residuals of Equation (6),
representing one-period-lagged deviations from equilibrium. In this context, the crime rate
and other explanatory variables are modeled within a system that accounts for both short-
term dynamics and long-term relationships. To capture the dynamics of various types of
crime rates, an ECM approach is applied. Using the regression estimates from Equation (14),
the ECM is evaluated to identify the interplay between short-term fluctuations and long-
term equilibrium relationships for each type of crime.

Aln(Crime;) = ag + a1 AIn(Crime;_1) + apAIn(Detect;) + agAIn(Custoy)

(14)
+asAIn(Unempy) + asAln(Unempy) - D + yZi—1 + €

Here, Z;_; represents the long-term relationship captured by the error term from
Equation (9), specifically the one-period lag of the residual, thatis, Z;_1 = #;_;.

Zy_1 = ;1 = In(Crime;_1) — Bo — B1In(Detect;_1) — BoIn(Custo,_1)

; . (15)
—B3In(Unemp;_1) — BsIn(Unemp;_1) - D

Equation (15) highlights several important aspects when evaluating the specified
model. Firstly, the inclusion of an error correction mechanism in the model provides an
advantage by incorporating equilibrium information into the short-term dynamics. The
coefficients of the first-order differences of variables on the right-hand side of Equation (15)
measure the immediate impact of changes in the detection rate, the number of incarcerated
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individuals, and the unemployment rate on crime. Thus, these coefficients represent
short-term relationships. Secondly, the coefficient of Z;_; serves as the adjustment speed
of the error correction mechanism. This coefficient should be negative and significant,
indicating that deviations from the equilibrium are corrected in the following period,
thereby pulling the crime rate back toward long-term equilibrium. Lastly, the estimation
of Equation (15) must satisfy several statistical assumptions. Specifically, the residuals
should exhibit normality, no serial correlation, and homoscedasticity. These conditions are
essential for ensuring the validity of the model. If these assumptions hold, the lagged term
AlIn(Crime;_1) is incorporated into the analysis to capture persistence in changes in the
crime rate. By meeting these requirements, the model effectively explains both short-term
relationships and long-term dynamics, linking crime rates with their influencing factors
over time.

4. Analysis and Results
4.1. Stationarity of Variables

In this section, we determined the integration order of the variables using tests. As
shown in Table 2, the null hypothesis of the test, which assumes the presence of a unit root
for all variables at their levels, could not be rejected. In other words, all variables were
non-stationary at their levels. Therefore, the first differences of all variables were taken, and
the tests were re-applied to determine whether they were stationary. After first differencing,
the null hypothesis of a unit root was rejected at the 1% and 5% significance levels for all
variables. This indicates that the variables became stationary after first differencing, and all
variables were found to be integrated of order one, I(1).

Table 2. Stationarity of variables.

Test Statistics at Level  Test Statistics at First Difference

In(Crime) —2.26 —2.93 **
In(Theft) —2.75 —4.54 **
In(Robbery) —0.68 —5.84 **
In(Fraud) 1.34 —242*
In(Detect) —2.53 —6.06 **
Custom —2.24 —5.77 **
Unemp —2.59 —6.83 **

Note: ** 1% and * 5% significance levels.

4.2. Cointegration Test Results

The Engle-Granger two-step procedure was applied to test for cointegration relation-
ships among the variables. First, regression models were estimated using Ordinary Least
Squares (OLS) for different crime types, and residuals were extracted. The stationarity of
these residuals was then tested. As shown in Table 3, the residuals from the long-term equi-
librium models for each type of crime rejected the null hypothesis of a unit root at the 1%
level. This result confirms the presence of cointegration relationships among the variables.

Table 3. Stationarity test results of regression residuals for cointegration.

Dependent Variable Residuals Test Statistic
In(Crime) —3.30 **
In(Theft) —3.01 **

In(Robbery) —4.15**
In(Fraud) —4.05 **

Note: ** 1% significance levels.
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4.3. Long-Run Equilibrium Relationships

Detection rates show a negative relationship with robbery. The coefficient for robbery
is statistically significant at the 1% level, indicating that a 1 percentage point increase
in detection rates reduces robbery rates by 1.7% (see Table 4). This result aligns with
Levitt (1998), who found that higher arrest rates reduce crime through deterrence effects.
Similarly, Saridakis (2004) observed that law enforcement efficiency influences violent
crime trends in the United States, emphasizing the role of socioeconomic and demographic
factors in crime prevention. In the context of Mongolia, detection rates appear particularly
important in reducing crimes involving confrontation, such as robbery, where the imme-
diate risk of arrest acts as a stronger deterrent. This highlights the critical importance of
law enforcement policies targeting high-risk crimes. However, the weak or statistically
insignificant coefficients for other crime types, such as fraud, suggest that detection rates
may not uniformly influence all categories of crime. This finding aligns with Jawadi et al.
(2019), who found that economically motivated crimes like fraud are more influenced by
structural economic conditions and regulatory oversight than by direct law enforcement
measures. This emphasizes that different crime types require tailored approaches. For
instance, while detection rates may reduce violent crimes, fraud-related interventions
should prioritize enhanced monitoring and regulatory frameworks. This result is also
consistent with findings by Wang and Hu (2021), who emphasized the differentiated effects
of enforcement policies across crime types in urban China. Atmadi et al. (2024) further
demonstrated that regional differences in law enforcement capacity significantly shape
the responsiveness of crime types to detection policies. This result is also consistent with
findings by Wang and Hu (2021), who emphasized the differentiated effects of enforcement
policies across crime types in urban China. Atmadi et al. (2024) further demonstrated that
regional differences in law enforcement capacity significantly shape the responsiveness of
crime types to detection policies.

Incarceration rates exhibit a significant negative relationship with fraud, with a 1%
increase in incarceration rates reducing fraud by 1.78%. This result supports the hypothesis
of Ehrlich (1973) that stricter penalties act as deterrents. It also echoes findings by Nagin
(2013), who demonstrated that increased imprisonment reduces crimes with measurable
economic motives. This finding underscores the need to view incarceration policies through
the lens of crime type—premeditated crimes like fraud may be more sensitive to imprison-
ment policies compared to impulsive crimes. This observation mirrors Saputra and Widodo
(2023), who found that crimes such as fraud are more influenced by institutional quality
than by immediate punishment in Indonesia. The heterogeneous impact of incarceration
across crime types also aligns with Coccia et al. (2024), who reported that violent crimes
respond differently to punitive measures across 38 European countries.

However, the coefficients for theft and robbery are either weakly significant or insignif-
icant. This may indicate that incarceration impacts crimes with delayed planning, such as
fraud, more than impulsive crimes like robbery, which are less influenced by perceptions
of punishment severity. Similar patterns were identified by Britt (1994), who found that
incarceration had a limited deterrent effect on violent crimes compared to property crimes.
Unemployment rates show a positive and statistically significant effect on theft before 2009,
with a 1 percentage point increase in unemployment rates resulting in an 8.7% increase in
theft rates. Before 2009, unemployment had a statistically significant positive effect on theft.
Specifically, a 1 percentage point increase in the unemployment rate was associated with an
approximately 9.09% increase in theft cases. This supports the motivation effect proposed
by Cantor and Land (1985), which argues that unemployment increases the incentive for
property crimes by reducing legal income opportunities. However, the absence of statisti-
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cally significant effects on robbery or other crimes suggests that unemployment’s influence
may vary significantly by crime type and socio-economic context.

Table 4. Long-run equilibrium estimation.

Dependent var. In(Crime) In(Theft) In(Robbery) In(Fraud)
Const 4.647 ** 3.519 ** 2121 ** 4.205 **
(0.208) (0.325) (0.426) (0.662)
Detec —0.002 —0.006 —0.017 ** 0.0007
(0.002) (0.004) (0.005) (0.0067)
In(Custo) —0.174 —0.031 0.303 —1.778 **
(0.117) (0.183) (0.239) (0.285)
Unemp 0.021 0.087 ** —0.073 * —0.513 *
(0.019) (0.030) (0.040) (0.192)
Unemp - D —0.024 —0.087 ** 0.010 0.339 *
(0.015) (0.023) (0.030) (0.133)
R-squared 0.192 0.430 0.425 0.841
Obs. number 31 31 31 20

Note: ** 1% and * 5% significance levels. * denotes 10% level.

In contrast, before 2009, unemployment exhibited a statistically significant negative
effect on fraud. Specifically, a 1 percentage point increase in the unemployment rate was
associated with an approximately 40.13% reduction in fraud rates. This finding aligns
with studies such as Lucas (2024) and Jawadi et al. (2019), which suggest that economic
downturns and high unemployment can reduce non-violent crimes like fraud due to fewer
opportunities for financial offenses. Similarly, Costantini et al. (2018) argue that economic
instability can constrain fraud-related activities, reinforcing the persistent negative effect
of unemployment on fraud. Nordin and Almén (2017) similarly identified that long-term
unemployment influenced violent crimes more than white-collar offenses in Sweden.

However, since 2009, when the unemployment rate began to be measured using a
new methodology, its negative effect on fraud crimes has weakened by approximately
24.16 percentage points. Nevertheless, the effect remains negative. After 2009, the rela-
tionship between unemployment and crime weakened due to changes in unemployment
measurement methodologies. This methodological shift, which stemmed from the intro-
duction of international labor standards in Mongolia, may have caused discrepancies in
data interpretation, further emphasizing the need for caution when comparing pre-2009
and post-2009 trends.

4.4. Short-Run Dynamics and Adjustment Effects

The results of the short-run model estimates (see Table 5) provide insights into the
dynamic relationships between crime rates and economic and law enforcement factors. The
findings indicate that detection rates have a statistically significant and negative impact
on robbery, with a one percentage point increase in the detection rate leading to a 54.66%
reduction in robbery rates. This result is consistent with studies such as Levitt (1998) and
Cameron (1988), which emphasize that crimes involving direct confrontation, such as
robbery, are more responsive to increased law enforcement efforts due to the heightened
perceived risk of arrest. Recent work by Atmadi et al. (2024) also shows that regional
disparities in policing efficacy contribute to differential crime responses in Indonesia,
echoing this observed responsiveness in Mongolia.

However, detection rates do not show statistically significant effects on overall crime,
theft, or fraud. The absence of a statistically significant relationship between detection rates
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and fraud is consistent with studies such as Costantini et al. (2018) and Jawadi et al. (2019),
which suggest that fraud-related offenses may be more influenced by economic conditions
and financial regulations rather than direct law enforcement measures. Similarly, Britt
(1994) found that theft often reflects broader economic conditions rather than short-term
fluctuations in law enforcement effectiveness. Similarly, Britt (1994) found that theft often
reflects broader economic conditions rather than short-term fluctuations in law enforcement
effectiveness. This reinforces the argument made by Wang and Hu (2021), who highlight
the role of institutional and regulatory variables in shaping outcomes for economically
motivated crimes.

Table 5. Estimation of the short-term model.

Dep. Variables AIn(Crime) Aln(Theft) Aln(Robbery) Aln(Fraud)
Const 0.005 —0.008 0.002 0.108
(0.020) [0.031] (0.050) (0.055)
Aln(Crime);_4 —0.453 *
(0.207)
AIn(Theft);_4 0.547 *
[0.254]
A(Detec) —0.0008 —0.002 —0.791 ** 0.001
(0.0019) [0.005] (0.238) (0.004)
Aln(Custo) —0.184 —0.357 * 0.100 —0.406
(0.128) [0.169] (0.296) (0.285)
A(Unemp) —0.001 0.021 —0.391 0.160
(0.0237) [0.020] (0.350) (0.457)
A(Unemp) - D —0.008 —0.034 0.449 —0.205
(0.025) [0.024] (0.371) (0.457)
Zi_q —0.484 ** —0.487 ** —0.584 * —0.601 *
(0.158) [0.186] (0.233) (0.224)
R-squared 0.373 0.400 0.504 0.403
Obs. number 29 29 28 19
Jarque-Bera test stat 0.292 1.096 1.643 0.861
LM test stat 1.805 0.358 0.626 0.560
Heteroskedasticity test stat 1.778 3.093* 1.144 0.959

Note: ** 1% and * 5% significance levels. Robust standard errors are reported in square brackets.

Incarceration rates also demonstrate a deterrent effect, particularly for theft, with
a 10% increase in incarceration rates leading to a 3.57% reduction in theft rates. This
finding supports the hypothesis of Ehrlich (1973) that punitive measures can deter property
crimes by increasing the perceived costs of offending. Comparable results were reported
by Nagin (2013), who emphasized the role of imprisonment in deterring economic crimes.
Saputra and Widodo (2023) showed that fraud prevention in transitional economies is more
responsive to regulatory control than punitive escalation alone.

However, incarceration rates do not exhibit significant effects on robbery or fraud,
suggesting that impulsive crimes like robbery may be more sensitive to immediate risks,
such as detection. In contrast, premeditated crimes like fraud may require regulatory
interventions rather than punitive measures. These findings are consistent with Britt (1994),
who noted that the effectiveness of incarceration varies based on the type of crime. Unem-
ployment, however, does not show statistically significant short-run effects on any type
of crime, including theft and fraud. This result diverges from Cantor and Land (1985)
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motivation—opportunity framework, which posits that unemployment can increase prop-
erty crimes by lowering opportunity costs and providing motivation for illegal activities.
Instead, the findings align with the work of Lucas (2024) and Jawadi et al. (2019), which
suggest that unemployment effects on crime may be more evident in the long term. A
potential explanation lies in the buffering effects of informal employment and household
structures, particularly in developing economies like Mongolia.

Lucas (2024) found that higher unemployment was associated with decreased crime,
indicating that economic downturns might reduce opportunities for certain non-violent
crimes. Similarly, Jawadi et al. (2019) demonstrated that economic recessions influence
crime trends differently depending on the type of offense, reinforcing the importance of
distinguishing between immediate and structural economic effects. The error correction
term is statistically significant and negative across all models, confirming that deviations
from long-run equilibrium are corrected over time. The adjustment speeds range from
48.4% to 60.1% per year, suggesting that the models effectively capture both short-term
dynamics and long-term relationships. These findings align with Greenberg (2001), who
reported similar adjustment rates for property crimes in the United States, and Costantini
et al. (2018), who examined the role of economic instability in shaping crime trends. These
adjustment speeds may reflect both strong institutional responsiveness and characteristics
of national statistical reporting systems.

Their results suggest that crime adjustments occur rapidly in response to structural
economic conditions, reinforcing the importance of considering long-term economic stabil-
ity in crime prevention strategies. This suggests that Mongolia’s crime rates are responsive
to economic and law enforcement factors, offering a practical basis for short-term interven-
tions to address immediate crime concerns. Overall, the results underscore the importance
of detection rates in reducing violent crimes like robbery and incarceration rates in address-
ing property crimes like theft. However, the lack of short-run effects from unemployment
suggests that economic interventions may require longer time horizons to produce measur-
able impacts on crime. These findings emphasize the need for a balanced approach that
combines law enforcement improvements with structural economic reforms to address both
immediate and long-term drivers of crime. Importantly, these short-run effects are in line
with Fallahi et al. (2012) and Janko and Popli (2015), who noted that crime responsiveness
may remain hidden in short horizons but surface in cumulative dynamics captured in panel
and structural models.

Compared to previous studies, this analysis highlights context-specific factors in
Mongolia’s economic and legal environment while reinforcing broader theoretical frame-
works regarding crime deterrence and prevention. To validate the reliability of the model
estimates, diagnostic tests were conducted for normality, autocorrelation, and heteroskedas-
ticity. All models passed the Jarque-Bera and LM tests. However, heteroskedasticity
was detected in the theft model, for which robust standard errors were used in the final
estimation. This ensures that the inferences drawn from the model are statistically sound.

5. Discussion and Conclusions

This study aimed to examine the relationship between property crimes, unemploy-
ment, and law enforcement efforts in Mongolia by employing time-series analysis. Using
theoretical frameworks established by Becker (1968) and Ehrlich (1973), the analysis ex-
plored the effects of detection rates, incarceration rates, and unemployment on overall
crime, theft, robbery, and fraud. The findings align with prior research while offering
context-specific insights relevant to transition economies like Mongolia.

The results confirm that detection rates have a significant negative effect on robbery
in the short run. Specifically, a one percentage point increase in detection rates reduces
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robbery by 54.66% in the short run. This finding supports those of Levitt (1998) and
Cameron (1988), who emphasized the deterrent role of law enforcement in crimes involving
direct confrontation. Detection rates, however, show no statistically significant impact on
theft or fraud, suggesting that economically motivated crimes may respond more strongly
to structural economic reforms than immediate policing efforts. This finding aligns with
those of Costantini et al. (2018) and Jawadi et al. (2019), who suggest that fraud-related
offenses are more influenced by economic conditions and financial regulations rather than
direct law enforcement measures. Similarly, Britt (1994) found that property crimes like
theft are less influenced by law enforcement visibility and more dependent on economic
opportunities and regulatory systems. More recent studies such as Ojo et al. (2021) and
Mkonza and Zungu (2024) further highlight that while law enforcement may deter violent
crimes, property and economic crimes often respond better to economic stability and
governance reforms.

The findings also indicate that incarceration rates have a statistically significant effect
on theft, with a 10% increase in incarceration rates reducing theft by 3.57%. This aligns
with the findings of Ehrlich (1973) and Nagin (2013), who emphasized the role of imprison-
ment as both a deterrent and an incapacitated tool. However, incarceration rates do not
significantly impact robbery or fraud, underscoring the idea that those crimes requiring
planning, such as fraud, may be less sensitive to punitive measures and instead influ-
enced by regulatory frameworks. Meanwhile, impulsive crimes like robbery appear more
responsive to immediate risks, such as detection probabilities, rather than incarceration
rates. Nordin and Almén (2017) also argue that incarceration can serve as a deterrent in
certain socio-institutional contexts, but its effectiveness varies depending on the type and
motivation behind the crime.

Unemployment rates show mixed effects. In the long run, unemployment had a
significant positive impact on theft before 2009, supporting the motivation effect proposed
by Cantor and Land (1985), which suggests that unemployment increases property crimes
by lowering opportunity costs. However, this relationship weakened after 2009, poten-
tially due to changes in unemployment measurement methodologies or broader economic
transitions. This shift aligns with findings from Lucas (2024) and Jawadi et al. (2019), who
suggest that long-term unemployment trends play a more significant role in shaping crime
patterns, particularly in economies where structural changes influence labor markets.

In contrast, the short-run estimates found no statistically significant relationship
between unemployment and any crime type. This result suggests that unemployment
may exert its influence through structural vulnerabilities rather than immediate economic
disruptions. Similarly, Britt (1994) and Costantini et al. (2018) found that short-term
economic fluctuations often fail to translate into immediate changes in crime rates due to
the buffering effects of social safety nets and broader labor market structures. Coccia et al.
(2024) similarly report that structural labor market imbalances significantly affect violent
and property crime in Europe, suggesting that macroeconomic uncertainty reinforces
long-run criminal incentives.

The error correction terms across all models were statistically significant and negative,
indicating that deviations from long-run equilibrium are corrected quickly, with adjustment
speeds ranging from 48.4% to 60.1% per year. These results echo those of Greenberg
(2001) and Costantini et al. (2018), who reported similar adjustment rates and demonstrate
that Mongolia’s crime patterns are highly responsive to policy interventions. The rapid
adjustment suggests that policies targeting law enforcement effectiveness and economic
stability can yield measurable outcomes within a relatively short time frame. The findings
reinforce the notion that law enforcement improvements play a critical role in addressing
crimes like robbery, which respond strongly to detection rates. Meanwhile, property crimes
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such as theft appear more sensitive to economic conditions and require long-term structural
reforms. Fraud, on the other hand, does not respond significantly to either detection or
incarceration rates, implying the need for regulatory oversight and financial monitoring
systems to address its root causes.

From a policy perspective, the results highlight the need for a balanced approach that
combines short-term deterrence measures with long-term economic strategies. Strengthen-
ing law enforcement through improved detection capabilities and increased incarceration
may be effective in reducing certain crimes, particularly robbery and theft, in the short
term. However, these approaches come with financial and social costs, including ad-
ministrative expenses and the economic marginalization of offenders post-incarceration.
Future policies should, therefore, complement enforcement strategies with initiatives that
address employment creation, poverty reduction, and skills training programs to reduce
crime sustainably.

In addition, the findings underscore the importance of addressing data-related chal-
lenges. Changes in unemployment measurement methodologies after 2009 may have
influenced the observed weakening of unemployment’s effect on theft. Future studies
could refine these estimates by using higher-frequency data, regional-level analyses, or
panel data models to better capture local variations and structural breaks. Micro-level data,
including household income, education levels, and social welfare participation, could also
provide deeper insights into individual motivations for criminal behavior.

While this study is among the first to empirically examine the relationship between
economic factors and crime in Mongolia, it has certain limitations. First, structural changes
in Mongolia’s criminal law, including amendments in 2002 and 2017, may have influenced
crime trends. Although dummy variables were included to capture some of these effects,
more detailed modeling of policy shifts may improve future analyses. Second, the reliance
on national-level data may mask regional variations, which could be addressed through
subnational studies. Finally, the lack of short-term unemployment effects suggests the need
for further exploration of informal employment and seasonal labor patterns, which may
buffer economic shocks in the short run.

In conclusion, this study highlights the significance of integrating law enforcement
improvements with economic reforms to address both short- and long-term drivers of
crime in Mongolia. The findings support the theories of Becker (1968) and Ehrlich (1973),
while providing new evidence from a transition economy. Effective crime prevention
strategies should balance enforcement efforts with policies aimed at improving employment
opportunities and income equality. Future research should continue to explore these
relationships using more granular data and alternative econometric approaches to refine
policy recommendations further.
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