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Relative Crime Rates in New York City

This study examines violent and property crimes in New York City from 1960 through 2008.  The results of cointegration analysis show that violent crime levels, namely murder and assault, are bellwethers of economic crime levels.  The analysis also demonstrates that the economic crimes of robbery, burglary, larceny and auto theft have long-run relationships to each other.  Robbery, larceny and auto theft levels are complementary crimes, moving in lock step with each other over time.  In contrast, burglary acts as a substitute for the others, rising when robbery, larceny and auto theft fall, and vice versa.
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Introduction 
	New York City, like many other cities in the U.S., has experienced a dramatic decrease in crime since 1990.  Many have credited the decline to the Guiliani Administration’s “zero tolerance” policy concentrating on minor crime reduction.  Using FBI Uniform Crime Report data for 1960-2008, this study examined whether the record of criminal activity in New York City is consistent with the contention that minor crimes serve as gateways to major crimes. Because crime levels are non-stationary, the analysis first assessed whether the differing types of crime are cointegrated.  Causality tests then investigated which types of crime influence the propensities to commit other crimes. The results showed that rising violent crimes levels, namely murder and assault, generate future increases in crimes motivated by personal financial gain.   The findings also demonstrated that economic crimes, i.e., robbery, burglary, larceny and auto theft, are tied together in long-run relationships that drift around trend.  Finally, and contrary to popular perceptions, there was no evidence that reducing minor crimes leads to declines in major crimes.
	A review of the literature is presented in the next section, followed by a description of the data including descriptive statistics.  The method employed is then discussed as well as the estimated results.  A conclusion summarizes the findings and includes suggestions for further research.
LITERATURE REVIEW
	Why U.S. violent and property crimes began to decrease sharply in the 1990s has been the focus of numerous studies.  Levitt’s [2004] review of 80+ studies argued that four major reasons account for the decline.  They include an increased number (+14%) of police officers, a huge increase (fourfold) in the prison population, the waning of the crack epidemic and the legalization of abortion.  Crime declines, however, were not caused by either strong economic growth, the aging of the population, better policing strategies, gun control and buyback programs, or increased use of the death penalty.   Unfortunately, Levitt’s conclusions might be misplaced because only a few of the studies he reviewed detected and compensated for the non-stationary behavior of the crime time-series. Regression analysis that fails to employ error correction models when analyzing variables that rarely return to their means is likely to produce spurious and misleading findings [Lin and Brannigan, 2003].
	Among the studies of U.S. crime that have accounted for its random behavior around trend, Rosenfeld and Fornango [2007] have shown that economic crimes are sensitive to changes in unemployment, arrest rates and consumer sentiment.  Specifically, falling unemployment, heightened incarceration and improving consumer confidence generate significant declines in robbery, burglary, larceny and vehicle theft.
	Saridakis [2004] has found that violent crimes, namely murder, rape and assault, also decrease as the level of imprisonment increases but are unaffected by changes in unemployment.  In addition, increasing income inequality leads to more murders but does not significantly influence the levels of rape and assault.  Murders and rapes, but not assaults, also rise as alcohol consumption increases.
Greenberg [2001] has shown that homicide and robbery levels in the U.S. have long-run links to the divorce rate.  Using error correction regressions, he demonstrated that murder and robbery levels rise as divorce and the young male (15-29) population increase.  Surprisingly, homicide and robbery decline as the jobless rate rises.
	O’Brien [1999] has also employed cointegration to analyze the arrest rates of men and women for homicide, robbery, aggravated assault, burglary, larceny and auto theft.  He concluded that apprehension rates for men and women are not tied to each other over the long-run, and notes that they are converging for robbery, burglary and auto theft and diverging for homicide.
 Several additional studies have focused on the structure of crime, i.e., whether the commission of particular crimes is influenced by the levels of other offenses.  Rosenfeld [2009] has demonstrated that changes in property crimes cause homicide levels to change. When economic conditions deteriorate, reflecting declines in GDP and consumer sentiment, property crimes increase.  The increase in acquisitive crime then induces an increase in homicides because the violence level in stolen property markets rises.
Koskela and Viren [1997] have demonstrated that criminals act as multi-product firms, substituting one crime for another as their relative benefits and costs change.  Auto theft not only decreases when its own probability of arrest increases, but also when the probability of being arrested for burglary declines.  Similarly, burglaries decrease when the chance of being caught increases and when the arrest rate for auto theft declines.
	Cameron [1987] has found similar crime switching evidence for a different set of property crimes.  When the probability of arrest increases for either burglary, robbery or larceny, it generates significant spillover increases in the other criminal activities.
	Lastly, Hakim, Spiegel and Weinblatt [1984] have noted that differing crimes can act as both substitutes and complements for each other.  Robbery, burglary and larceny levels each increase when the risks of apprehension for the others rise, indicating that offenders substitute between these crimes when their relative arrest risks change.  In contrast, burglary and auto thefts act as complementary crimes.  Burglaries and auto thefts not only decrease when their own risks of arrest rise but also when the other offense’s apprehension risk increases.  Evidently the level of auto thefts depends on the net benefits of burglary and vice versa.  
DATA AND DESCRIPTIVES
	This study analyzed annual New York City Uniform Crime Reports (UCR) data from 1960 to 2008.   The FBI’s UCR program tracks New York City violent crime incidents (murder/non-negligent manslaughter, robbery and aggravated assault) and property crimes (burglary, larceny/theft and auto theft) over time.   Violent crimes are categorized separately from property crimes because they involve the use or threat of force towards the victim.  The FBI also ranks the six types of crime in the following severity hierarchy (from most to least): murder/manslaughter, robbery, assault, burglary, larceny and auto theft.  
	The number of incidents of each crime from 1985-2008 were obtained from the U.S. Department of Justice Bureau of Justice Statistics website [2010], while data for 1960-1984 were drawn from the annual volumes of the FBI’s Uniform Crime Reports for the United States [1960 thru 1984].   In addition, New York City population data were downloaded from the New York Bureau of Vital Statistics website [2010] so that the crime levels could be standardized as rates per constant population size.
	Figures 1 and 2 present time-series plots of the violent and property crime series, with the robbery, assault and property crime levels expressed as the number per 10,000 persons and the murder/involuntary manslaughter level expressed as the number per 100,000 persons.  Between 1960 and 2008, every type of crime first increased dramatically before receding to much lower levels.  Within the violent crime types, robberies exploded twenty fold from 1961’s low of 7.6 per 10,000 to 1981’s maximum of 151.4 before decreasing to 26.5 by 2008.  Murders and involuntary manslaughters (labeled murders in Figure 1) more than quintupled from a low point of 5 per 100,000 in 1960 to 30.7 in 1990, before falling to 6.3 in 2008.   Lastly, aggravated assaults rose from a 1960 low of 14.2 per 10000, peaking at 97.7 in 1988, and then declining to 29.7 by 2008.  
	The time pattern of property crimes mirrors the violent crime pattern.  Specifically, burglaries increased six fold from a low of 46.3 per 10,000 in 1961 to 298 in 1981, before falling to 23.8 in 2008.  Larcenies/thefts nearly quadrupled from 113.3 in 1960 to 424.2 in 1988, before receding to 140.7 in 2008.  Auto thefts displayed a pattern similar to larcenies, increasing from 27.1 per 10,000 persons in 1960 to 200.9 in 1990, before decreasing to 14.9 in 2008. 
	It is noteworthy that every variety of crime began its decline well before Rudy Guiliani’s election as mayor (1994), and continued throughout his tenure.  However the pattern of crimes aimed at acquiring money and property is at odds with the tenet that reductions in minor crimes lead to reductions in major crimes.  Specifically, the most serious acquisitive crimes, namely robbery and burglary (1981), peaked earlier than the less serious categories of larceny and auto theft (1988 and 1990).  This suggests that a reverse order of causality might exist for economic crimes whereby reductions in severe crimes precipitate further minor crime reductions.  A similar pattern, however, was not evidenced for the two crimes primarily motivated by nonfinancial considerations, namely murder and assault, which peaked at about the same time (1990 and 1988).  The analysis below assesses the particular order of causation between the crime categories.
METHOD
	Unlike most other studies that have focused on the behavior of individual crimes over time, this one analyzed how the differing submarkets of crime are linked together.  The method of Johansen and Juselius [1990 and 1991] was employed to ascertain whether the propensity to commit a particular crime depends on how many crimes are occurring in the alternative categories.   First, because time-series variables are frequently non-stationary, augmented Dickey-Fuller (ADF) tests were used to identify whether the differing crime series had unit roots, i.e., were integrated as I(1) variables.  The second step determined whether long-run relationships exist between the differing stochastic crime variables, i.e., are they cointegrated?   Third, error correction models were estimated to measure the long-run ties.  Finally, because some crime types might play causal roles in determining the behavior of the other series, augmented Granger causality tests were conducted to identify the order of causality between the variables.  For the unit root and cointegration tests, the Schwartz information criterion (SIC) identified the appropriate number of lags.  Wald chi squared exclusion tests determined the lag structures for the error correction model and causality tests.
RESULTS
	Table 1 displays the results of the augmented Dickey-Fuller (ADF) tests for unit roots for each crime type, using the logged values of each series.  A variable is integrated of order 1 if the ADF test cannot reject the null hypothesis (Ho) that the levels of a variable have a unit root, but rejects that their first differences have a unit root.   The ADF results demonstrated that all of the series had unit roots, indicating that they followed random walks around trends.
	Since the ADF tests suggested that every series was non-stationary, the next step was to assess whether the differing crimes were cointegrated using the trace and maximum eigenvalue (MAX) tests of Johansen and Juselius [1990 and 1991].   Since the differing crime series moved in roughly parallel trends, the tests were conducted assuming that the data levels had trends but the cointegrating equations only included intercepts.  Because there were six crime variables, up to six cointegrating vectors (r) might exist.  The trace and maximum eigenvalue (MAX) tests yielded contradictory results, with the former indicating that a single (r=1) cointegrating vector describes long-run crime linkages, and the latter failing to find any evidence of cointegration (see Table 2).   In the case of such conflicts, the results of the trace test take precedence because it is more likely to detect the existence of cointegration, i.e., has more power [Uddin, 2009].   In addition, the estimated results of the error correction model, discussed below, also confirm the trace test’s conclusion that long-run ties exist between the differing crime types.
	Since each type of crime is a non-stationary I(1) variable, then their levels can be expressed by a vector autoregressive error correction model (VAREC).  Assuming that the frequency of a particular crime in any time period depends on its own past values and the historical values of other crimes, then the following VAREC model is appropriate:

where Yt  is a vector of changes in the six differing crime types.  If the rank of  is r, we can decompose matrix  into two matrices,  and .  The elements of  are error correction terms which show how quickly each crime type adjusts back to its long-run relative level.  The elements of the cointegrating vectors describe how each crime moves relative to the others in the long-run.
	Table 3 contains the estimated coefficients for the VAREC model, normalized for each crime type.  In order to assess whether any of the types of crime Granger-caused the behavior of the others, the sample t values of the error correction ( coefficients were first inspected.  The insignificant t values in the murder and assault equations suggested that these two variables might be weakly exogenous.  Likelihood ratio tests constraining their values to zero demonstrated that both violent crimes were weakly exogenous, indicating that changes in murders and assault precede and determine the subsequent levels of the crimes motivated by pecuniary gain.
	The next phase of the analysis focused on the relationship between the murder and assault series.  Neither the trace test nor the maximum eigenvalue (MAX) test demonstrated that they were cointegrated.  A vector autoregressive (VAR) model of the following type was then estimated:

Murder t = a 11 Murder t-1 + . . . a 1k Murdert t-k + b 11 Assault t-1 + . . . b 1k Assault t-k +c 1 + e 1t
Assault t = a 21 Murder t-1 + . . . a 2k Murder t-k + b 21 Assault t-1 + . . . b 2k Assault t-k + c 2 + e 2t

	Wald tests indicated that neither murder nor assault Granger-caused the behavior of the other, a conclusion supported by the VAR results in Table 4.  All of the assault lags in the murder regression were statistically insignificant, as were all of the murder lags in the assault regression.  Evidently, murder and assault are not only independent from the economic crime types, but also from the behavior of each other.
	Given the VAR results, a finalized error correction model treating both the murder and assault variables as weakly exogenous was estimated.  The results (Table 5) showed that rising assault levels generate increases in all of the economic crime categories, namely robbery, burglary, larceny and auto theft.  Similarly, heightened murder levels lead to increases in burglary, larceny and auto theft, but not robbery.   Evidently, individuals contemplating economic crimes are influenced by the level of mayhem on the streets and the sense of public disorder it engenders when deciding whether to act.   The influence of violent crimes might also be pronounced because of the publicity accorded to them by radio, TV and newspaper coverage. 
	Whether the various economic crimes act as substitutes or complements to each other was ascertained by inspecting the  coefficients of the cointegrating vectors (Table 5).  Positive values demonstrated that robberies and auto thefts are complementary crimes, rising and falling in lock step.   The complementary relationship between robbery and auto theft is not surprising since stolen cars are frequently involved in the commission of robberies.  Larcenies also increase as robberies and auto thefts increase, but the direction of causation is only unidirectional if standard (≤ 5 %) significance levels are observed.  The absence of significant causal effects for the larceny variable might be the result of greater measurement error.  Hart and Rennison [2003] have noted that larcenies are most likely to be underreported to authorities [29%], when compared to burglaries [53%], robberies [60%] and auto thefts [81%]. 
	In contrast, burglary moves counter to the other three economic crimes, suggesting that it serves as a substitute for the others.   When burglaries increase, robberies, larcenies and auto thefts decrease, and vice versa.    As noted by Cameron [1987], Hakim, Spiegel and Weinblatt [1984], and Koskela and Viren [1997], offenders are not ordinarily specialists in a single category of crime and will substitute one offense for another when the relative benefits and costs of each crime change.   Perhaps as New York City concentrates law enforcement resources to deter either robbery, larceny or auto theft, offenders switch to burglaries to avoid the heightened chance of apprehension. 
	The significant error correction terms in Table 5 confirmed that the economic crimes were cointegrated, i.e., that their levels return to long-run “equilibrium” relative levels when short run changes push them out of alignment.  The  values also indicated that robbery and burglary take only a short time (2 years) to adjust, while auto theft and larceny take much longer (4 and 7 years, respectively).  
CONCLUSION
	In the 1980s, New York City, like other areas in the U.S., started to reverse the dramatic increase in crime that had been building for two decades.  While other studies have examined why the level of crime has dropped, this study focused on how the propensities to commit differing crimes are related to each other.  Unlike others, this study also utilized error correction models to compensate for the random behavior of crime over time.
	This study found no evidence that minor crime levels play a causal role in determining major crime levels.  Instead the evidence suggested that economic crimes respond to changes in crimes of violence, namely murder/manslaughter and assaults.   Heightened violence leads to higher levels of robbery, burglary, larceny and auto theft.  Evidently increasing concerns for safety on the streets creates an atmosphere where economic crime flourishes.  Strategies that reduce such violence promise a twofold benefit, first by making city streets more livable, and secondly, by reducing the levels of economic crimes.
	 The findings also demonstrated that crimes of economic opportunity, namely robbery, burglary, larceny and auto theft, can be characterized as having long-run relatives to each other over time.  As external factors change, these four series adjust back to relative equilibrium levels around trend.  Three of the series, excepting burglary, move in lock step with each other, indicating that they are complements to each other.  In contrast, burglary acts as a substitute crime for the others, rising when robbery, larceny and auto theft levels fall, and vice versa.   This suggests that as law enforcement attempts to deter one kind of crime, offenders start committing more of the other.	 
	Further research should focus on why economic crimes act as complements and substitutes to one another.  The role that law enforcement plays, including changing arrest, conviction and sentencing levels, is one area to be examined.  Another is whether socioeconomic factors like unemployment, income inequality, alcohol and substance abuse and the dropout rate have effects that differ by crime category.  Another possibly fruitful area would be assessing the relative cost-effectiveness of deterrence.  Because crime activity levels are tied together, and the costs of deterrence are likely to differ, then efforts to target particular economic crimes may generate relatively large benefits to costs. 
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TABLE 1
Augmented Dickey-Fuller Test Results

	Variable
	Log 
	Log 
	Conclusion

	Murder/Manslaughter
	-1.15
	-4.24**
	I(1)

	Robbery
	-2.70
	-3.61**
	I(1)

	Assault
	-2.00
	-3.72**
	I(1)

	Burglary
	-.65
	-3.95**
	I(1)

	Larceny/Theft
	-1.80
	-4.59**
	I(1)

	Auto Theft
	-.90
	-2.99*
	I(1)

	
Note:   * indicates that the ADF t-value was significant at the 5% level and **  at the 1% level. 





	

TABLE 2
Trace Test and Maximum Eigenvalue (MAX) Statistics for the
 Number of Cointegrating Vectors

	Ho:  rank = r
	race Statistic 
	MAX Statistic

	None
≤ 1
≤ 2
≤ 3
≤ 4
≤ 5
	  98.96*
62.60
36.75
17.71
7.80
.29
	36.03
25.84
19.05
9.91
7.51
.29



Note:  * indicates that the test statistic was significant at the 5% level.  


                	TABLE 3

Cointegrating Vector Coefficients Normalized to:

	                        Eq.1               Eq.2                 Eq.3                Eq.4               Eq.5                Eq.6
	Variable:
	lnMurdert
	lnRobberyt
	lnAssaultt
	lnBurglaryt
	lnLarcenyt
	lnAutotheftt

	
	
	
	
	
	
	

	lnMurdert
	1
	-0.509**
	0.355**
	0.594**
	-.946**
	-0.748**

	
	
	(-4.03)
	( 3.97)
	( 3.94)
	(-4.17)
	(-4.46)

	
	
	
	
	
	
	

	lnRobberyt
	-1.966**
	1
	-.698**
	-1.167**
	1.860**
	1.471**

	
	(-6.43)
	
	(-16.69)
	(-15.27)
	( 6.63)
	( 8.72)

	
	
	
	
	
	
	

	lnAssaultt
	2.817**
	-1.433**
	1
	1.672**
	-2.664**
	-2.107**

	
	( 5.53)
	(-14.60)
	
	( 14.47)
	(-6.37)
	(-8.17)

	
	
	
	
	
	
	

	lnBurglaryt
	1.685**
	-.857**
	0.598**
	1
	-1.593*
	-1.260**

	
	(4.86)
	(-11.81)
	( 12.79)
	
	(-5.10)
	(-8.46)

	
	
	
	
	
	
	

	lnLarcenyt
	-1.057**
	.538**
	-.375**
	-.628**
	1
	.791**

	
	(-4.00)
	(3.98)
	(-4.38)
	(-3.97)
	
	( 3.86)

	
	
	
	
	
	
	

	lnAutotheftt
	-1.337**
	.680**
	-0.475**
	-0.794**
	1.264**
	1

	
	(-4.66)
	( 4.03)
	(-6.11)
	(-7.16)
	( 4.20)
	




	Error Correction Term Coefficients:

                         Eq.1                Eq.2               Eq.3               Eq.4                Eq.5              Eq.6
	
	  -.048
	  -0.446*
	   -.071
	     -.544**
	-0.318**
	-0.342**

	
	   ( -.42)
	  (-2.64)
	   (-.90)
	     (- 3.83)
	 (-3.12)
	(-3.61)


 
Notes:  t values are in parentheses and * indicates significant at the 5% level and ** indicates significant at the 1% level.

TABLE 4

Vector Autogressive Regression (VAR) Coefficient Results for
 Murder/Manslaughter and Assault


				   	       
	                                      Dependent Variable:

	
	
	

	Explanatory Variable
	lnMurdert
	lnAssaultt

	
	
	

	
	
	

	lnMurder t-1
	 1.114**
	 0.165

	
	( 7.07)
	(1.55)

	
	
	

	lnMurder t-2
	-.062
	 -.223

	
	(-0.26)
	(1.35)

	
	
	

	lnMurder t-3
	-.131
	 .165

	
	(-.81)
	( 1.51)

	
	
	

	lnAssault t-1
	 .356
	1.103**

	
	( 1.52)
	(6.46)

	
	
	

	lnAssault t-2
	.123
	.090

	
	(0.36)
	(.39)

	
	
	

	lnAssault t-3
	-.442
	-.285

	
	(-2.02)
	(-1.92)

	
	
	

	Constant
	 -.133
	 0.625**

	
	( -.50)
	( 3.43)




Notes:  t values are in parentheses and * indicates significant at the 5% level and ** indicates significant at the 1% level.


TABLE 5

                                         Cointegrating Vector Coefficients Normalized to:

                                 
                                      Eq.1                     Eq.2                      Eq.3                          Eq.4
	Variable:
	lnRobberyt
	lnBurglaryt
	lnLarcenyt
	lnAutotheftt

	
	
	
	
	

	lnRobberyt
	 1
	-1.245**
	 2.160**
	1.482**

	
	
	(-10.28)
	(8.63)
	(8.87)

	
	
	
	
	

	lnBurglaryt
	-.803**
	 1
	-1.735**
	-1.190**

	
	(-6.80)
	
	(-5.71)
	(-8.05)

	
	
	
	
	

	lnLarcenyt
	.463
	-.576
	1 
	 .686

	
	(2.14)
	(-2.14)
	
	(2.22)

	
	
	
	
	

	lnAutotheftt
	 .675**
	- .840**
	1.458**
	 1

	
	    (4.33)
	      (-5.95)
	     (4.36)
	



                                               Error Correction Term Coefficients:

                                       Eq.1                     Eq.2                    Eq.3                           Eq.4
	
	-.475**
	.393**
	-0.146**
	-0.259**

	
	(-5.51)
	(6.75)
	(-5.50)
	(-7.33)

	
	
	
	
	

	
	
	
	
	

	Exogenous Variables:


	
	Eq.1
	Eq.2
	Eq.3
	Eq.4

	lnMurdert-1
	.069
	0.164*
	.165**
	.194**

	
	(.88)
	(2.48)
	(3.18)
	( 4.08)

	
	
	
	
	

	lnAssaultt-1
	0.784**
	.728**
	.427**
	.571**

	
	( 4.60)
	( 5.08)
	(3.78)
	(5.53)



Notes:  t values are in parentheses and * indicates significant at the 5% level and ** indicates significant at the 1% level.




Figure 1
New York City Violent Crimes



Notes:  The murder values are crimes per 100,000 persons while the robbery and assault 
values are crimes per 10,000 persons.


Figure 2
New York City Property Crimes



Notes:  The burglary, larceny and auto theft values are crimes per 10,000 persons.
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