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Temporal Regularities in Homicide: Cycles, Seasons,
and Autoregression 1
Abraham N. Tennenbaum 2 and Edward L. Fink 3

It has long been assumed that there exists a relationship between crime (including
homicide) and season. After discussing three analytic approaches to this problem
(looking for seasonality, a general autoregressive process, and cycles), we review
the literature and show that confusing and conflicting findings have been reported
about the temporal regularities of homicide. Employing monthly data from the
Supplementary Homicide Reports 0976-1989), we find evidence for seasonality,
autoregression, and cyclicality of homicide. Our modeling approaches clarify the
previous conflicting research; implications for theory and future research are
discussed.
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1. I N T R O D U C T I O N
To everything there is a s e a s o n . . .
A time to kill and a time to heal

(Ecclesiastes 3 :l )
It has long been a s s u m e d t h a t there exists a relation between crime
(especially violent crime) a n d season. This idea has a long history, a n d
o r i g i n a t e d with the n o t i o n t h a t w e a t h e r a n d h o m i c i d e are related. F o r
example, it was c o m m o n l y believed t h a t heat caused a p r o p e n s i t y for violence
(see, e.g., D e u t e r o n o m y 19:6); this view is shared in the p o p u l a r m e d i a (see,
~The data utilized in this study were made available by the Inter-University Consortium for
Political and Social Research. The data originally were collected by the Federal Bureau of
Investigation. Neither the collector of the original data nor the Consortium bears any responsibility for the analyses or interpretations presented here. The authors contributed equally to
this article.
2Department of Criminology, Faculty of Social Science, Bar llan University, Ramat Gan 52900,
Israel.
3Department of Speech Communication, 2124 Skinner Building, University of Maryland at
College Park, College Park, Maryland 20742-7635.
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e.g., Gladwell, 1990). The Greeks also had this view: Hippocrates attributed
the "gentler disposition" of the Greeks to the Asiatic climate. Thousands
of years later, Montesquieu claimed that people in southern climates were
"entirely removed from the verge of morality, [which] are productive of all
manner of crimes" (both quoted by Cheatwood, 1988, p. 289).
Durkheim (1951) was the first to show systematically how seemingly
personal behaviors such as suicides and homicides are actually a result of
social structural factors, rather than merely the result of individual choice.
He claimed that any increase in crime in the summer was not due to heat
per se but, rather, because weather increased social interaction, and this, in
turn, led to greater opportunity for criminal-victim interactions (Falk, 1952,
p. 201). Many of the nineteenth-century sociologists and criminologists,
including Adolphe Quetelet, M. Champneuf, Cesare Lombroso, and Enrico
Ferri, wrote about this connection (Cohen, 1941; Falk, 1952). Recent
research has questioned the association between crime (particularly homicide) and season,~claiming that the empirical evidence to support this association is lacking. 4
Generally, two related questions have been asked in the literature under
the rubric of seasonality. First, there is the question of the type of model for
the homicide time series (season, general autoregressive process, or cycle).
Second, there is the question of whether the causal mechanism for any
correlation found in the homicide time series may be accounted for by
atmospheric factors such as climate or weather. We clarify and discuss each
question.

1.1. Seasonality, Autoregression, and Cycles

Before presenting previous findings, it is appropriate to clarify the
approaches previously taken to the study of seasonality. Different effects
have been attributed to seasonality by researchers asking different questions.
These differences result from different understandings of a seasonal effect
(see Block, 1984a, p.3, 1984b, p. 9; Cheatwood, 1988, p. 300; Landau and
Fridman, 1993, p. 164). We precisely define three kinds of temporal regularities: season, autoregression, and cycle.
41"obe fair to earlier scholars, we have to remember that people in the past were likelyto be
much more influencedby climate and weather than today, since, for example, they did not
have good light at night or air-conditioningin the summer. It very well may be that climate
and weather played a more significantrole in all aspects of human behavior in the past,
includinghomicides.Unfortunately,we know of no reliable data to test this historicalhypothesis scientifically.
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1.1.1. Season
Are criminal activities more likely in some months than in others? For
example, are there more homicides in the spring as compared to the winter?
For various reasons some months may be part of a "homicide season,"
indicated by a greater rate of homicides in those months than in others. For
example, there may be more homicides in the summer and in December due
to greater human interactions in these periods. If this were the case, the
other months will not differ from each other, but the summer months and
December would have an increase in homicides representing such a seasonality effect. Note that seasonality is, in our use of the term, an aspect of annual
data:

1.1.2. Seasonality vs Autoregression
Seasonality can be differentiated from a general autoregressive process,
and from a purely cyclical process. To explain how a general autoregressive
process differs from seasonality, consider the process of tanning for people
living in the northern hemisphere. Excluding the winter vacationer from
consideration, people are probably the tannest around September, at the
end of the summer. However, the tan disappears completely by December.
Suppose that we wish to compute the correlation between the tan level and
the month f o r a given year. Clearly, knowing monthly exposure to the sun
allows us to predict the tan level. However, what happened the previous
year has no direct causal impact on what occurred this year. (If the pattern
is similar from year to year, this can appear in the guise of an autoregressive
process and perhaps a cyclical one; see below.) Furthermore, what happens
this year will have no direct causal impact on what will happen next year.
The situation described here reflects seasonality.
Now let us 10ok at a simple population model for a closed population.
Assuming a fixed birth rate per fertile female, each month's population
growth is a function of a previous level of available fertile females. A catastrophic event in one month that reduces either the birth rate or the number
of fertile females will directly influence the subsequent number o f births. A
model in which the outcomes at one time directly influence later outcomes
will be referred to as one with autoregression.
From a statistical point of view, we need different tools to test for
seasonality and autoregression. To test for seasonality, we need a model
5However, consider the case of one species of the cicada, Cicada septendecim. This kind of
cicada is fertile once every 17 years. Were we to measure the total aboveground population
of the cicadas each year, we would find a clear seasonality: The aboveground population
clearly peaks every 17 years.
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that does not reflect the time order of the data. Dummy variable regression
is employed for this purpose. To test for autoregression, a more elaborate
model is needed.

1.1.3. ~ c ~
Is there a general cycle in crime or, more specifically, of homicide? By

cycle we mean most simply the presence of a simple single sine-wave function
that accounts for variability in a homicide time series. 6 If there is a sinusoidal
component to homicide, homicides will rise to some maximum, then decline
to some minimum, and then this cycle will be repeated. If tanning were
cyclical, we would find that tans are greatest at the end of the summer (say,
August), then decline during the winter, with a minimum in February; it
would then start to increase again in the spring time. While in this example
we have an annual cycle, there is no general requirement that cycles must
be annual. However, since a great deal of human behavior is consistent with
an annual cycle (see Zerubavel, 1985), this may be true for homicide as well.

1.1.4. Choice of Models
Whether data concerning crime are seasonal or autoregressive or cyclical are related but not identical questions. First, we can have seasons
without any significant evidence of cycle or autoregression. For example,
the number of tourists in Paris has a specific season (summer) but neither
a simple cycle nor any clear autoregression. Second, we can have autoregression without significant evidence of cycle; this would be so if (i) the period
of the cycle were not an integer factor of 12 months or (ii) the order of the
autoregression did not correspond to an annual cycle. Finally, we can have
autoregression without significant evidence of season; this would be so, for
example, if the order of the autoregressive effect were just one month. In
short, the three kinds of temporal regularity are not necessarily dependent
upon one another.
While we have described the different kinds of temporal regularity,
they can be represented more precisely mathematically. In a model with
seasonality, a particular y value depends only on its corresponding time
value, as follows:

y t = f (Ti . . . . . Tk)
6Univariate spectral analysis may be used to find a set of (orthogonal) cycles in a time series.
Since we are interested only in determining whether there is a significant general cycle to the
data, we see no benefit to employing spectral analysis.
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where each T represents a particular time point (e.g., a specific m o n t h ) ]
An autoregressive model is as follows:

Y, = f ( Y t - i , Y,-2 . . . . . Y , - , )
In a pure cycle, each y value will be determined as follows:
y, = f [ s i n ( t ) ]
Figure 1 presents a simulated example o f each model, with its corresponding
parameter values.
1.2. Climate and Weather

Does some meteorological or environmental characteristic, such as temperature or the amount of rainfall, influence the level of crime?
We m a y distinguish between weather and climate (see LeBeau, 1988,
p 302). Weather is the set of specific conditions of the atmosphere at a
specific time and place, while climate is the synthesis o f weather conditions
extended through time. Thus, the influence of a high temperature at a specific
time and place is a question of the influence o f weather, whereas the influence
of persistent high temperatures combined with humidity in tropical areas is
an issue of climate.
There is research that reports the influence of barometric pressure, temperature, precipitation, sunlight, wind, and humidity on criminal activity
(Cohn, 1990a, b; Rotton and Frey, 1985). However, the majority of the
studies in this area concerns the influence of temperature on crime. In the
psychological literature, this research is known as the temperatureaggression hypothesis (see Anderson, 1987, 1989; Bell, 1992; Anderson and
DeNeve, 1992).

1.2.1. Examination of Correlative Factors
The question of whether climate or weather influences crime seems at
first to be a more sophisticated question than whether the homicide time
series is seasonal, autoregressive, or cyclical, since the "climate" question
specifies a possible causal mechanism for crime. However, the problem with
~Note that a model in one form, can, in certain circumstances, be converted to a model in
another form. For example, if a process is a pure cycle without any random disturbances,
then 3',=3',- r=Y(21rt/T), where co = 2trt/T is the frequency of the cycle, and T is the length
of the cycle. Thus, a cycle can be represented by an autoregressive model. Similarly, it is
possible to represent a cycle (again, without random error) by a seasonal model. However,
since, as we have shown, the three types of models are not alwaysinterchangeable, we continue
to distinguish among these three models. Furthermore, these differentmodelscan be associated
with different over-time processes.
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Fig. 1. Hypothetical examples of purely seasonal, purely autoregressive, and purely cyclical
processes, t =number of months from December 1979. Seasonal graph (top): y,= (R)+I5D,
where R is a random component (from a random number table) and is restricted to values
between 45 and 65, and D = ! if t = 7 , 8, or 9, modulus 12 (i.e., if month=July, August, or
September), and D = 0 otherwise. Autoregressive graph (middle): y , = y , - 9 + 1. The first eight
values are determined randomly and are restricted to values between 20 and 40. Cylical graph
(bottom): y,= 10 * sin(20 * t) + 10. The argument is in degrees.

investigating the impact of weather or climate is that weather and climate
consist of many variables that are correlated both with other environmental
variables and with nonenvironmental variables; thus, finding that weather
or climate is correlated with crime may actually obfuscate the operative
causal mechanism. For example, the number of hours of sunlight per day
is correlated both with temperature (another meteorological variable) and
with vacation days for individuals in school (a nonmeteorological variable).
Simply finding an association of sunlight with homicide does not clarify the
mechanism at work.
Given this complexity, we focus exclusively on whether there is any
evidence for temporal regularity in crime, in the form of a seasonal or
autoregressive or cyclical model. We do not try to find the causal mechanism
responsible for this regularity. We treat establishing any pattern of temporal
regularity as logically prior to establishing the mechanism for it.
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2. PREVIOUS FINDINGS
Below we review the evidence concerning the periodicity of homicide.
While the distinctions we draw among season, autoregression, and cycle are
not explicit in the literature, it will be helpful to examine the literature with
these distinctions in mind.
Using data from the National Center for Health Statistics, Lester (1979)
analyzed U.S. homicides for the years 1972-1973. He concluded that homicide has a peak in July, August, and December, as well as on the weekend.
He also found a statistically significant rise in homicides on major national
holidays (such as New Year's Day) but not during minor holidays (such as
Valentine's Day). He interprets these results as supportive of the idea that
greater amounts of interaction, such as those occurring during major holidays, serve to increase homicides.
His interpretation is more significant given that Lester asserted previously (Lester and Lester, 1975) that homicides are not seasonal. Lester
attributes this new conclusion, at odds with his prior findings, to the fact
that small data sets were used in the past to test the seasonality hypothesis,
whereas the most recent of his studies used a much larger data set.
Perry and Simpson (1987; see also Simpson and Perry, 1990) investigated the relationship between monthly violent crimes against persons (rates
of murder, rape, and aggravated assault) and some environmental factors,
in the city of Raleigh, North Carolina, from 1972 through 1981. Rejecting
the null hypothesis that homicides are randomly distributed throughout the
year, they report that more homicides occur in the summer than in the fail.
Cohn (1990a, b) reviewed many variables associated with homicide and
concluded that the evidence for a connection between homicide and weather
is conflicting. Other crimes, however, were found to be positively correlated
with variety of weather variables, especially heat.
Harries (1989), who investigated homicides and assaults in Dallas,
Texas, for the years 1981-1985, found evidence for seasonatity in the assault
data series but not in the homicide data series. While he found a summer
peak in homicides, it was not statistically significant:
Lundsgaarde (1977), who investigated homicides that occurred during
1969 in Houston, Texas, concluded that "month" is not a significant variable
in explaining homicides. He suggested, however, that day of the week and
time of day can help explain homicides because homicides most frequently
occur on weekends and between 6:00 PM and 2:00 AM (Lundsgaarde, 1977,
p. 178).
Michael and Zumpe (1983) investigated violent crime committed during
2 to 3 consecutive years in 16 locations in the United States. They concluded
that rape and aggravated assaults were generally high between July and
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August, but they found no statistically significant seasonal variability for
murder.
DeFronzo (1984) investigated the connection between 3 climatic and
12 nonclimatic variables for violent and propertycrimes in 142 American
SMSAs for the year 1970. He found a very slight connection between the
variable "Days Hot"and homicide. Including this variable in his statistical
model increased the explained variance by only 1%.
The most comprehensive research on crime and seasonality were the
studies by Block and Block (1988; Block, 1984a, b). In general, their research
did not provide evidence for the seasonality of crime. Block and Block (1988)
suggested that much of the seasonal variation in assaults known to the police
results from variability in surveillance rather than from variability in criminal
activity.
Block (1984a, p. 19) summarized the results of analyzing 27 time series
of homicide data, mostly from Chicago and Illinois, but some from other
parts of the United States and Canada. With one exception, none of the
series showed any evidence of a seasonality effect, s The exception was the
series for all homicides in the United States for the years 1970-1982; this
series shows a seasonal (monthly) effect. Block suggested two possible explanations for this exception. First, it may be the result of the large number
of cases of homicide in this series. Second, it may be that some regions in
the United States that were not included in the other series have a seasonality
component, and they may have influenced the entire series. Block (1984a,
p. 20) concluded:
It is possible that certain types of homicide, such as those occurring out of doors
or in certain parts of the country, vary with the season of the year. However,
for most types of homicide in most places, seasonal fluctuation, if it exists, may
be too weak to affect practical administrative or policy decisions.

Cheatwood (1988) conducted a comprehensive review of previous
studies of homicide and seasonality. He described what he called a paradox:
While common knowledge and some national reports discuss the relationship
of homicide to features of climate or calendar, most of the research on the
subject, especially at the local and state level, does not clearly find any such
relationship.
SThe statistical method used was Census X-I I. This is a statistical package used initially by
the U.S. Bureau of the Census. This method looks first for the seasonal component of the
series and tries to isolate it. After that, it tries to investigate other trends in the data. This is
technically different from the ARIMA models (discussed below), which try to incorporate the
seasonal component within a larger model. Both methods, however, employ moving average
techniques. For more details on Census X-I 1, see Block (1984b, p. 9), and Dagum (1988,
pp, 9-26).
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To resolve this paradox, Cheatwood analyzed homicide data from the
Uniform Crime Reports, as well as data on homicides in Baltimore; both
data sets were for the years 1974-1984. His analysis consisted of ranking
the months in each year by their number of homicides. Then the number of
times each month was among the first 3 leading months in each year was
tallied. By this method, July, August, and December were the top 3 months
of the year in terms of homicides. Cheatwood concluded that there is no
seasonality in homicide, even though the months of July, August, and
December are significantly more likely to be among the months in which
homicide is high: while these 3 months rank highest in homicides, they may
not have had significantly more homicides than in other months. Cheatwood
(1988, p. 302) stated that "there is no season for homicide."
While most research on season and homicide has been conducted in
the United States, the lack of evidence for the correlation between homicides
and season has been found in other countries as well. Lamp (1983) investigated crime in West Germany for the years 1971-1981. He found rape, theft,
and total crimes to show a remarkable pattern of peaks in the summer
months. The homicide series, however, was free of any such seasonal influences. Similarly, Landau and Fridman (1993) investigated homicides and
robbery patterns in Israel for the years 1977-1985 and found evidence for
seasonality for robbery but not for homicides.
Summarizing this evidence, it is fair to conclude that robbery and some
other crimes seem to have a seasonal pattern, but homicides have not been
found to have a seasonal pattern in most previous studies. However, we
do have some evidence that homicides happen more in the summer than in
the winter. With this in mind, we outline the methods to be used to
test for season, autoregression, and cycle and then report the results of our
analyses.

3. METHOD
3.1. Data Set

Our data are from the Supplementary Homicide Reports (SHRs) of
the Uniform Crime Reports (UCRs). Law enforcement agencies that report
criminal homicides to the UCR are requested (but not required) to submit
a Supplementary Homicide Report for each month [see U.S. Department
of Justice Uniform Crime Report Handbook (1984, p. 63); for details on
the UCR system, see Akiyama and Rosenthal (1990); and Schneider and
Wiersema (1990)]. The SHRs are not submitted by agencies for months in
which no homicides are reported to the police. The form is "incidents oriented" in that one form is completed for each incident, even if more than one
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homicide occurred in that incident. Every record includes one event with
details on the victims and offenders ( i f known), including their age, race,
weapon used, and circumstances (Riedel, 1990, p. 178). 9
There is evidence for the accuracy of the data for the total number of
homicides. Three studies examined the agreement between SHRs and city
policy information with respect to frequency and variable completeness
(Riedel, 1987; Riedel and Zahn, 1985; Zahn and Riedel, 1983). Riedei 0990,
p. 181) summarized the agreement between records from seven large cities
with the SHR for the year 1978, indicating that the ratio of the total number
of murder cases as reported by police departments to those included in the
SHRs was between 0.97 and 1.07. Riedel concluded that agreement was
generally high, at least for the data from large cities.
The agreement between the SHRs and the municipal reports is even
higher if we take into account the direction of the differences between these
two sources. In three cases the city police records showed fewer murders
than the SHRs, while in four cases the SHR records were slightly higher
than those of the city police. It is reasonable to assume that these errors
compensate for one another and that the total number of homicides will be
very close to being correct. If we combine the records for all the cities (a
calculation that was not made by Riedel), we find that the SHRs reported
1202 cases of homicide, while the city records reported 1208. This results in
a ratio of 99.5% (1202/1208), which suggests that the SHRs provide reasonably accurate summary data, at least for the large cities.
The summary figures from the SHRs may also be compared to the
corresponding number of death certificates as reported to the Vital Statistics
Division of the National Center for Health Statistics. Some studies have
compared these two sources (Cantor and Cohen, 1980; Rand, 1992; Riedel,
1990; Rokaw et a/., 1990). Zahn (1989, p. 219) concluded that despite problems in the data, the rates are "very similar and move consistently in the
same direction."
In addition, since homicide is the offense most consistently reported to
the police, it is reasonable to assume that any discovered seasonal variability
in homicide is not caused by seasonal differences in reporting [a claim that
has been made concerning assault (see Block and Block, 1988)].
Our data sources for this research are SHR files for the years 1976-1989
(14 years), as processed by the Inter-University Consortium for Political and
Social Research (ICPSR) from the original SHR master tapes provided by
9Maxfield (1989) has pointed out flaws in the data, especiallyregarding the inappropriate
completion of the forms by law enforcement agencies. The "circumstances" variable is
especially problematic, in that it does not seem to provide an exclusiveset of categories for
the incidents (see also Blackmanand Gardener, 1986; Loftin, 1986).
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Fig. 2. Monthly homicides in the United States, 1976-1989.

the FBI. The data used are the summary of nationwide monthly homicides
between 1976 and 1989. There are a total of 275,299 homicides in the 168
months of data. Figure 2 shows these data.

3.2. Statistical Methods

3.2.1. Complicated Models and Masked Processes
There are two issues to keep in mind concerning our analyses: proposing
models that are quite simple and dealing with random trends. First, the
models we use to investigate the temporal regularity of homicide are simple
models. Perhaps the true model for these data is more complicated; this true
model may even involve some kind of combination of separate models. It
is not always possible to detect such combined models and to disaggregate
them into a set of simpler models.
Second, a complementary issue is that of randomness in the data, which
can mask systematic effects. We employ a particular set of data, which
reflects a given set of time points and is aggregated over specific places.
Suppose that a cyclical or seasonal or autoregressive component in the data
is small, relative to seemingly random historical "disturbances" or "shocks"
(e.g., changes in gun control laws, law enforcement, the definition of homicide, the reporting of homicide, or multiple large-scale economic, social,
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or cultural patterns). This will make it difficult to identify any systematic
components.
There are three things necessary to analyze models in which the underlying processes may be masked. First, a long time series is needed. In a long
time series, it is easier to distinguish the random influences on the series
from those influences that are systematic. In this respect, the longer the
series the better. Second, a large and representative sample at each time
point is necessary for the analysis. With such a sample, the reliability of
each time point is enhanced. Third, we need to employ a set of statistical
tools, with each tool being sensitive to a specific type of temporal regularity.
By using them together, we enhance our ability to detect and explain complicated models with underlying masked processes.
We indicated above that our time series is both long and based on a
large and representative sample at each point. The analytical methods to be
used to test for temporal regularities in the data represent our attempt to
employ a set of sensitive statistical tools. We use dummy variable regression,
Box-Jenkins (ARIMA) regression, and sinusoidal curve fitting. These three
methods were chosen to examine the three basic models that we have discussed; dummy variable regression is used to test for seasonality, BoxJenkins (ARIMA) methods test for a general autoregressive process, and
sinusoidal curve fitting examines the presence of any sine-wave cycle in the
data.

3.2.2. Dummy Variable Regression
To test whether the level of homicide is different for some months than
others, we used a regression with 11 dummy variables to represent the 12
months of the year. This technique is consistent with the seasonality model,
because it tells us the expected number of homicides in a given month when
the only information employed is the monthly number of homicides.
However, since months have different numbers of days, there was an
additional methodological issue with which we had to deal. Even if the
number of homicides were equal on a daily basis, we would still find more
homicides in months with 31 days than months with 30 days (and, of course,
February is an even greater problem in this regard). Indeed, 31-day months
have 3.3% more days than 30-day months. Using a large sample with an
average of 1639 homicides per month, it would be surprising if significant
monthly variability were not found due solely to this "monthly size" factor.
To investigate this problem, we analyzed the data twice, first, without adjusting the number of days per month and, second, after adjusting for the
number of days. To adjust for number of days, we made each month have
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the equivalent of 31 days by multiplying each monthly report by 31 divided
by the number of days in that month. ~~
Given that our data are in the form of a time series, ordinary leastsquares regression is likely to yield residuals that are highly autocorrelated.
To avoid bias, we used a first-order autoregressive error model. The basic
model is

Y,=Bo+BI * X,I +" 9 "+Bjl *X, jl+et
where e, = p 9 U,- i "11-Zt, B0 is the intercept, X , is the d u m m y variable for
month i, and B; is the coefficient for month i. I f our assumptions are met,
z, is the well-behaved (nonautocorrelated) residual in the regression model
and I Pl < 1. It can be shown that if we calculate p, then we can calculate
unbiased estimates of the coefficients with unbiased estimates for their standard errors (see Pindyck and Rubinfeld, 1991, p. 138; Neter et al., 1989,
p. 488).

3.2.3. Box-Jenkins ( A R I M A ) Regression
Box-Jenkins or A R I M A regression is a technique that attempts to
model "an observation at a given time as a function of its past values a n d /
or current or past values of its r a n d o m shocks" (SPSS, 1988, p. 385); thus,
A R I M A modeling is able to test for temporal regularities in the d a t a ) ~ It
is recommended that A R I M A modeling be done in three stages (see, e.g.,
SPSS, 1988, p. 385). First, one should identify a reasonable model based on
the autocorrelation function ( A C F ) and the partial autocorrelation function
(PACF). Second, one should estimate the parameters for the model. The
parameters must be consistent with stationarity or invertability assumptions,
and they should be statistically significant. Third, one should evaluate the
adequacy of the model with its estimated parameter values. Two tests are
suggested for this evaluation: First, the residuals of the A C F should describe
white noise (without spikes in key lags), and second, the Q statistic should
be insignificant (McDowell et al., 1980, p. 51).
1~
adjustment in the data raises the issue of what variability from month to month is
legitimately identified as a "temporal regularity" to be examined in this article. For example,
homicides are more likely on national holidays, on weekends, and at the beginning of the
month [possibly due to pay days and bills being due (see Lester and Frank, 1988)]. Thus,
even controlling for the number of days in a month does not take into account some sources
of monthly variabilitythat only coincidentallycorrelate with seasonality. In this investigation,
the only source of variability that we explicitly take into account is that due to the number
of days in the month; all other sources of variability, such as those mentioned above, are
ignored.
HFor details on ARIMA modeling, see Box and Jenkins (1976) and McCleary and Hay with
Meidinger and McDowall (1980).

330

Tennenbaumand Fink

3.2.4. Sinusoidal Curve Fitting

The strictest notion of cyclicality suggests that a simple single sine wave
should fit the time series data. While any regular periodic function can be
fit as the sum of a set of sine waves (Mayer and Arney, 1974), we test how
well a single sine wave fits the data. However, any trends in the data need
to be removed prior to evaluating the goodness of fit of a sine wave. To d o
this, we first fit the time series with an arbitrary curve selected because it
accounts for the most variability in the series while being based only on
(nontrigonometric) functions of time. To do this, we employ the set of
equations in the program T A B L E C U R V E (Jandel Scientific, 1991). This
program can automatically fit any of over 3000 single-variable equations.
After finding which one of these equations optimally fits the homicide time
series, we residualize the series and fit this residualized series with the following four-parameter sine function:
R, = A + B* sin[(2tct/D) + C] + ~,

where R, is the residualized number of homicides, A is the intercept, B is
the amPlitude, C is the phase shift, D is the period, and s, is the error in
this equation.
4. RESULTS
4.1. Dummy Regression Model

The results for this model (incorporating first-order autoregressive
error) are summarized in Table I. '2 We used dummy variables representing
each month other than January. Therefore, the results need to be interpreted
relative to the intercept, which is the number of homicides expected for
January. Only 3 months have statistically significant coefficients (at the 0.05
level): February, with a negative coefficient; and July and August, with
positive coefficients. Considering the number of days in February, this first
finding is not surprising.
While the coefficients for July and August are statistically significant,
the actual magnitudes of the coefficients are small. July and August are
months with more homicides than January; the July-January difference
is approximately 8.50% (138/1625) and the August-January difference is
approximately 8.77% (143/1625).
~2Onecommonway to detect autocorrelationis the Durbin-Watson test. Even after we transformed the equation to reflectpossible autocorrelation, the Durbin-Watson statistic was in
the intermediatezone. In other words, we cannot reject or confirm the null hypothesisof
nonautocorrelated residuals.
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Table !. Results of the First-Order Autoregressive Model for the Dummy

Regression Equation"
Variable
Constant
February
March
April
May
June
July
August
September
October
November
December
p

Coefficient
1625.0
- 104.28
-5.2147
-67.871
0.95278
-41.844
138.13
142.53
41.579
16.570
-62.227
34.167
0.80348

SE
44.31
26.28
34.82
39.92
43.05
44.78
45.37
44.89
43.26
40.26
35.34
27. I 1
0.04607

t ratio

Prob Itl > x

36.673
- 3.967
-0.150
- 1.700
0.022
-0.934
3.044
3.175
0.961
0.412
- 1.761
1.261
17.441

<0.00001
0.00007
0.88096
0.08907
0.98234
0.35013
0.00233
0.00150
0.3365 I
0.68066
0.07827
0.20748
<0.00001

"The result for each month is relative to January. This model uses the data
uncorrected for number of days per month.
Adjusting for the number of days in each month, we find two differences
in our results. First, while the coefficients for July and August remain statistically significant the coefficient for February becomes insignificant. Second,
September now has a statistically significant coefficient. However, the difference between the number of homicides in September and that in the other
months is small, approximately 5.9%.
4.2. A R I M A Regression

Figure 3 shows the A C F and the Q statistic and Fig. 4 shows the P A C F
of the original monthly data. As can be seen, the Q statistics are quite large
and the data show a clear pattern of second-order autoregression with a
yearly seasonality effect. In A R I M A notation it is a (2, 0, 0)(1, 0, 0)t2 model.
Table II shows the parameters of the model, which are all statistically significant and consistent with the stationarity-invertability assumptions. Figures 5 and 6 show the A C F and P A C F of the residuals of this model. The
Q statistic was reduced to 18, and the A C F has no peaks in key lags.
An autoregressive model means that the current observation is predicted
to be a function of the previous observations plus a random component
(usually denoted A,). In our case, this means that the number of homicides
in the current month is a linear function of the numbers of homicides in the
previous month, 2 months previous, and 12 months previous. The size of
the impacts of these previous months is the size of the estimated parameters
with one modification. What happened 12 months ago depends also on what
happened 13 months ago, so we have to reduce this effect. The full equation
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+
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+
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+
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+
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+
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+
IXXXX
+
0.054
+
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+

Fig. 3. Tbe autocorrelation function for the original data. The final Q statistic = 548 (df= 25).
CORR., autocorrelation at indicated lag.

becomes t3

Y,=Y,-~ * $, + Y,-2* $ 2 + Y,-,2* $~2
- ]I,-,3 * $~*o'j2- Y,-,,, * $2 * $ , ~ + A,
13Readers who are familiar with the backward-shift notation of ARIMA models perhaps
will be more comfortable with the equation in the following notation:
( ! - ~blBt- ~b2B2) * ( 1 - ~bl2B,2) * Y,=a,.
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+ IXXX+XXXXXXXXXXXXXX
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0.095
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-0.061
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+ IXXX+X
0.066
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IXX +
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+ IXX +
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+ IXXX+XXX
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XXXX+XXXI +
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+ 70(I +
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+ IXX +
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+ I +
-0.091
+ XXl +

Fig. 4. The partial autocorrelation function for the original data. CORR., partial autocorrelation at indicated lag.

F r o m the results (see T a b l e II), the c o m p l e t e equation, including the p a r a m eter estimates, is as follows:

Yt=Y~-j * 0.53 + Yt-2 * 0 . 1 9 + Yt-12 * 0.50
- Yt-]3 * 0 . 2 6 - Yt-14* 0 . 1 0 + A ,
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Table Ii. Parameters for the ARIMA Model for the Original Data

Parameter

Variable

Type

Factor

Order

Estimate

SE

t ratio

Homicide
Homicide
Homicide
Homicide

AR
AR
AR
Mean

l
l
2
!

l
2
12
0

0.5270
0.1937
0.5006
1666.0

0.0800
0.0802
0.0717
60.7592

6.59
2.42
6.98
27.42

Residual sum of squares= 1654849.00
Degrees of freedom
=
150
Residual mean square =
11032.32

The p r o p o r t i o n o f variance explained by this equation is 6 5 % ) 4 The
unique effect due to the previous year is approximately 13%.
Table III shows the A R I M A results after eliminating effects due to the
varying n u m b e r o f days per m o n t h . The fitted model here is first-order
autoregressive, and the equation is

r,= r,_, , ~, + r,_,: , ~,:- r,_,3 , ~, * ~,2
With the parameter estimates, the complete equation is
Yt = Y,-i * 0.71 + Yt-12 * 0.31 - Y,-13 * 0.22
After adjusting for the n u m b e r o f days per m o n t h , the significance o f the 2m o n t h lag is eliminated, and the i m p o r t a n t influences are o f the prior m o n t h
and the same m o n t h l year prior.
4.3. Sinusoidal Curve Fitting

The first step in this procedure is to remove long-term historical disturbances in the data by using an optimal equation. The optimal detrending
equation was found to be a log-normal equation./5 The sine function was
then applied to the residuals. This equation is statistically significant (at
p < 0.001), and the coefficients (and standard errors) are as follows: ,4, 0.27
(8.61); B, 67.18 (12.18); C, 3.21 (0.37); and D, I1.92 (0.08). This equation
explains about 16% o f the variance o f the residualized time series. N o t e that
D, the estimate o f the period, is within one standard error o f 12.00; this
reflects the fact that the cycle in these data is estimated as having a period
that is essentially annual. This result is especially salient because D was not
t4This is calculated as I - (residual sum of squares/total sum of squares), where the residual
sum of squares is from the ARIMA model.
I~'his equation is y,=A +Bexp{-O.5[ln(t/C)/D]Z}. The estimates for the coefficients (and
standard errors) are as follows: .4, 1561.10 (12.84); 8, 371.48 (31.25); C, 52.88 (I.31); and
D, 0.26 (0.03). All coefficientswere significant at p<0.001. The R2 for this equation =0.49.
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Fig. 5. The autocorrelation function for the residuals of the (2, 0, 0)(1,0, 0)~2model. CORR.,
autocorrelation at indicated lag. The final Q statistic= 18.00 (df=25).
constrained to be 12; rather, D was estimated solely to optimize the goodness
of fit in the residualized data.
5. D I S C U S S I O N
5.1. Findings
All three models play a role in explaining the homicide time series.
There is a season for homicide, which is found by examining the effects due
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Fig. 6. The partial autocorrelation function of the model (2, 0, 0)(!, 0, 0h2. CORR., partial
autocorrelation at indicated lag.
to months in the dummy variable regression. July, August, and February
are found to depart significantly from January. Controlling for the number
of days in the month, the effect due to February becomes statistically insignificant, while September is found to have significantly more homicides than
other months. The latter effect, however, is small.
There is an autoregressive component to homicide. The A R I M A model
shows an effect of approximately 13% due to the 1-year lag in homicides.
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Table IlL Parameters for the ARIMA Model After Adjustment for the Number of Days in
the Month
Parameter

Variable

Type

Factor

Order

!
2
3

Homicide
Homicide
Homicide

AR
AR
Mean

1
2
1

!
12
0

Estimate

SE

0.7131
0.0574
0.3098 0.0774
1688
40.82

t ratio
12.43
4.00
41.36

Residual sum of squares= 1537851.00
Degrees of freedom
=
152
Residual mean square =
10117.44

However, the number of homicides in each month is much more dependent
on the number of homicides in the 2 months previous to the current one.
Controlling for the number of days in the month, the number of homicides
in the prior month remains statistically significant, while the number of
homicides 2 months prior is no longer statistically significant. Approximately
52% of the explained variance in the A R I M A model can be explained by
the number of homicides in the last 2 months. As a result, any trend in the
number of homicides will lessen the influence of the prior year.
We also find a significant cycle in homicide, as revealed by the sinusoidal
curve fit. After removing trends in the data, we find a statistically significant
effect that reflects a pure sine function. This effect is shown to be annual,
and it alone accounts for 16% of the residual variance. ~6

5.2. Interpreting the Results
The idea that homicide exhibits periodicity or regularity is more complicated than previously assumed. The temporal pattern of homicide is a
combination of different models; each model reflects in a somewhat different
way the processes associated with the level of homicide. One intriguing
finding is the large influence of the prior month's homicide rate on the
homicides of the current month. This influence suggests that temporary
trends are the cause of most of the systematic temporal variability in homicide. These trends can mask the effects due to season and cycle. As shown
in Fig. 2, some trends in homicide do not appear to be annual but, rather,
seem to spread over 2 or more years.
~#The difference between explained variance due to the ARIMA model annual effect (13%)
and the sinusoidal curve fit (8% of the overall fit, reflecting 16% of the residualized fit times
51% of the variance unexplained by the detrending equation; see footnote 15) is explained
nicely by the differences in the models. The sinusoidal curve fit model assumes that each
month has afixed relationship to the level of homicide. The ARIMA model gives weight to
the immediately prior year rather than to any other prior years; it is more able to account
for year-to-year trends via a one-year lag.
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With these results in mind, we m a y suggest why previous findings
regarding regularities in homicide have been inconsistent. Seasonal and cyclical influences are small, and are sensitive to r a n d o m trends; thus, finding
these effects is not a simple task. T o discover the cyclical and seasonal
c o m p o n e n t s in these data, three conditions seem necessary: a time series o f
reasonable length, a sizable sample at each time (here, each point reflects a
m o n t h o f data), and sensitive statistical tools. ~7 if these conditions are not
met, the statistical results m a y obscure the underlying temporal regularity.
5.3. Can There Be a General Theory of Homicide?
O u r results should be relevant to the establishment o f a general theory
o f homicide. It will be helpful, therefore, to describe briefly the possibility
o f such a framework.
There is currently no grand theory that explains homicide) 8 Instead,
we have m a n y factors that have been suggested as possible causes or correlates o f homicide. This list o f factors has included specific variables such as
the n u m b e r o f TVs in the United States (Centerwall, 1992), density o f firearms, presence o f gun-control laws (Loftin et al., 1991), level o f male joblessness (Sampson, 1987), diet type, a m o u n t or type o f parental care, phase o f
the m o o n (Lester, 1979, p. 519), a m o u n t o f education, and presence o f war
( L a n d a u and Pfeffermann, 1988), as well as general factors such as the
e c o n o m y , sociobiology (Daly and Wilson, 1988), and culture or subculture
(Wolfgang and Ferracuti, 1967). It would be fair to say that a very large
n u m b e r o f social, psychological, and environmental variables have been
suggested to explain changes in the homicide rate. A n d m a n y o f these explanations m a y be correct. However, homicide is an event that results from
m a n y factors that need to interact in the same space and time. I f one o f
these factors is absent, it is difficult for a homicide to o c c u r . 19
'THaving large values for the number of homicides for each month, which can be achieved with
national data, improves the reliability of the statistical results. Smaller samples of homicides at
each time point can reflect idiosyncratic impacts, which are expected to be minimized when
we aggregate data sets.Thus, small temporal regularity should be less obscure when we have
data reflecting a large number of homicides.
~SActually, it would perhaps be fairer to say that there is no satisfactory theory for any specific
criminal offense. However, this is more true of homicides than other offenses. As an example,
consider the crime of robbery: Despite some attempts to describe some robbers as "persistent
robbers" (Katz, 1991), robbery is accepted by most researchers to be an instrumental offense
with the aim of financial gain (Green, 1993, p. 116).
t9Some scholars (Lab and Hirsehel, 1988; Landau and Fridman, 1993) use the routine activities
approach (Cohen and Felson, 1979 ) to integrate seasonality and crime. While this approach
seems to be helpful for crime prevention (see especially Clarke, 1992), we believe that it may
be of limited utility in dealing with homicide, since homicide may be a catchall term that
reflects a variety of social processes.
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Explaining homicide is even more difficult when we consider that homicide is one of the few crimes that is defined by its outcome instead of by the
process that led to this outcome. Many researchers believe, for example, that
robbery-homicides (homicides that occur in the performance of robberies)
are more similar to general robberies than to love-triangle homicides (see
Cook, 1985, 1987). By the same token, it has been suggested that some kinds
of homicide are similar to aggravated assault, despite their different legal
definitions (Harries, 1989, 1990, pp. 47-59). The Blocks (Block and Block,
1992, pp. 64-68) refer to crimes similar to homicide (with regard to place,
instruments, type of people involved, time of day, etc.) but not involving
fatalities as homicide "siblings." This suggests that homicide should not be
thought of as a coherent category of crime, with its own particular causes;
rather, it should be part of other criminal categories that are created by
considering the processes involved instead of their outcome (Zahn and Sagi,
1987, p. 396). Furthermore, if data for other crimes are found to be consistent with the models employed here, we may have better evidence for the
"siblinghood" of these crimes with homicide.
Finding seasonality and cyclicality in homicide does not help us to
specify the causal mechanisms involved in this crime. We still do not know
if the temporal regularity reflects the temperature, the hours of sunlight, the
presence of major holidays, or some combination of all these things. While
these questions are beyond the scope of this paper, it is clear that they are
difficult ones. Nevertheless, despite our knowledge of the temporal regularity
involved in homicide, the magnitude of these effects seems to be insufficient
to be relevant for policy purposes.

5.4. Conclusion

This article helps clarify the question of whether there is temporal regularity in homicide. We find, first, that there is a seasonality to homicide, in
that some months are clearly different in their number of homicides. Second,
consistent with an autoregressive model, there is a lagged effect of the number of homicides from the 2 prior months. Finally, we find clear evidence
for a cycle in homicides, as evidenced by the fact that the sine function
explains a significant proportion of the variance in the residualized homicide
time series. All these effects are, however, small, easily masked by temporary
trends, and their utility for policy considerations is questionable.
We believe that this article has methodological as well as substantive
implications. Our substantive conclusions were based on the analytic strategy
of differentiating season, autoregression, and cycle. We hope that the investigation of other social phenomena can benefit from this strategy as well.
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