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ABSTRACT 

Various types of crime data, such as reported crime, are normally ~'~ 
collected over time by police departments. These data are used in a variety 
of forms for various purposes. The most significant thing about such data is 
that they form a series of values developing in time rather than a collection 
of values specified at a particular time. The time varying nature of crime 
data is often overlooked or minimized with the result that erroneous or mis- 
leading observations may be made. This report describes various levels of 
mathematical detail for addressing the study of time series, particularly 
reported crime. The methodology is described and illustrated. Illustrations 
are based on real crime data as well as synthetic time series specifically 
generated for the purpose of this study. 

The report includes discussion of one of the most complete methodo- 
logical approaches to time series analysis: the Autoregressive Integrated 
Moving Average (ARIMA) method. It also discusses the widely used Census 
X-I 1 program. Technical problems related to the relatively complex programs 
(software) required for some of the methodology are discussed. 

This report is not intended as a text on the mathematical statistics of 
time series but rather as a bridge from that body of knowledge to its actual 
implementation in crime analysis. 
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A C K N O W L E D G M E N T S  

M o s t  of the b a c k g r o u n d  a n a l y s i s  l e a d i n g  to th i s  r e p o r t  w a s  d o n e  as  
p a r t  of a p r o j e c t  c a r r i e d  out  a t  The U r b a n  In s t i t u t e  for  The P o l i c e  F o u n d a -  
t ion .  The e n t i r e  e f f o r t  owes  i t s  e x i s t a n c e  to the d i r e c t i o n  and  e n c o u r a g e -  
m e n t  of J o s e p h  H. L e w i s  of The P o l i c e  F o u n d a t i o n .  The A u t h o r ' s  c o l l e a g u e s  
a t  The U r b a n  In s t i t u t e :  A l f r e d  I. S c h w a r t z  and  S u m n e r  N. C l a r r e n  w e r e  
s o u r c e s  of c o n t i n u a l  he lp  of bo th  a c o n c e p t u a l  a n d  t e c h n i c a l  n a t u r e .  C o m -  
p l i c a t e d  p r o b l e m s  of s o f t w a r e  i m p l e m e n t a t i o n  w e r e  s o l v e d  by R o b e r t  T e i t e l  
of The U r b a n  In s t i t u t e  C o m p u t e r  S e r v i c e s  Group .  

The use  of a c t u a l  r e p o r t e d  c r i m e  da ta  w a s  m a d e  p o s s i b l e  by the k ind  
a p p r o v a l  and e n c o u r a g e m e n t  of The C i n c i n n a t i  P o l i c e  D i v i s i o n  in the p e r s o n  
of C a r l  L i n d .  

A n u m b e r  of peop le  r e v i e w e d  p a r t s  of th is  r e p o r t  and  t h e i r  e f f o r t s  
a r e  g r e a t l y  a p p r e c i a t e d .  In p a r t i c u l a r  A l f r e d  I. S c h w a r t z ,  P h i l  M c G u i r e  
(Head  of C r i m e  A n a l y s i s  Sec t ion ,  New York  Ci ty  P o l i c e  D e p a r t m e n t ) ,  and  
Ra lph  S w i s h e r  and  his  c o l l e a g u e s  a t  The L a w  E n f o r c e m e n t  A s s i s t a n c e  
A d m i n i s t r a t i o n  have  c o n t r i b u t e d  a n u m b e r  of i m p r o v e m e n t s  to the r e p o r t .  
Any s h o r t c o m i n g s  tha t  r e m a i n  a r e  the so le  r e s p o n s i b i l i t y  of the A u t h o r .  The 
i d e a  of u s i n g  a s p e c i f i c  p h y s i c a l  e x a m p l e  (the Sump) in a d d i t i o n  to a c t u a l  
c r i m e  da ta  is due to P h i l  M c G u i r e .  

Thanks  a r e  c e r t a i n l y  due to the e f f o r t s  of L u c y  P r e s c i a ,  C a r o l  Dev l i n ,  
and  H e l e n  C h a r e s t  a t  The P o l y t e c h n i c  I n s t i t u t e  of New York  for  typ ing  the t ex t  
t o g e t h e r  w i th  i t s  c o m p l i c a t e d  t ab l e s  and  f o r m u l a s .  
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I n t r  o d u c  t i o n  

~[h\the f i e l d  of c r i m e  a n a l y s i s  one  e n c o u n t e r s  a n u m b e r  of  r e c o r d s  c o n -  
s i s t i n g ! f o / d a t a  t h a t  o c c u r  a t  d i f f e r e n t  t i m e s .  S u c h  d a t a  r e c o r d s  a r e  c a l l e d  t i m e  
s e r l e s  &rid i n  one  f o r m  o r  a n o t h e r  t h e y  f o r m  a p a r t  of  m a n y  d e s c r l p t l o n s  o r  
a n a l y s e s  of c r i m e  a c t i v i t y .  T h e  s t u d y  of  t i m e  s e r i e s  c a n  r a n g e  f r o m  a d i r e c t  
p r e s e n t a t i o n  of  the  d a t a  to  h i g h l y  s o p h i s t i c a t e d  s t a t i s t i c a l  a n a l y s i s .  

T h e  p u r p o s e  of  t h i s  r e p o r t  i s  to p r o v i d e  p r a c t i c a l  g u i d a n c e  to  p l a n n e r s  
a n d  a n a l y s t s  w h o  h a v e  s u f f i c i e n t  m a t h e m a t i c a l  a n d  s t a t i s t i c a l  b a c k g r o u n d  to  
r e a d  a n d  u n d e r s t a n d  c l e a r l y  w r i t t e n  m a t e r i a l s  c o n c e r n i n g  t i m e  s e r i e s  a n a l y s i s  
t e c h n i q u e s ,  e v e n  t h o u g h  t h e y  a r e  n o t  s p e c i f i c a l l y  a c q u a i n t e d  in  o r  e x p e r i e n c e d  
w i t h  t he  p a r t i c u l a r  t e c h n i q u e s  b e i n g  d i s c u s s e d .  

T h e r e  i s  i n c r e a s i n g  a v a i l a b i l i t y  a n d  v i s i b i l i t y  of  t h e s e  m e t h o d s ,  a n d  a n  
L E A A  r e s e a r c h  p r o g r a m  i s  n o w  t e s t i n g  t he  u s e  of s t o c h a s t i c  a n a l y s i s  of  r e -  
p o r t e d  c r i m e  d a t a  in  a n u m b e r  of  c i t i e s .  T h u s  i t  i s  l i k e l y  t h a t  t h e  t e c h n i q u e s  
w i l l  be  u s e d  w i t h  i n c r e a s i n g  f r e q u e n c y .  T h e r e f o r e  i t  i s  d e s i r a b l e  f o r  L E A A  
to  h a v e  m a t e r i a l s  a v a i l a b l e  to  m i n i m i z e  t h e  m i s u s e  of  t h e  m o r e  a d v a n c e d  
e x p e n s i v e  m e t h o d s  a n d  t he  p o s s i b i l i t y  of  m i s i n t e r p r e t i n g  r e s u l t s  of  t i m e  s e r i e s  
a n a l y s i s .  

T h i s  r e p o r t  i s  n o t  m e a n t  to  be  a b a s i c  t e x t b o o k ,  b u t  r a t h e r  a s u p p l e m e n t  
to  s u c h  r e a d i l y  a v a i l a b l e  t e x t s .  I t  i s  e s p e c i a l l y  m e a n t  f o r  u s e  by  t h o s e  l i k e l y  
to  e m p l o y  a v a i l a b l e  c a n n e d  c o m p u t e r  p r o g r a m s  w i t h o u t  a d e q u a t e  s t u d y  of  b a s i c  
t e x t s  o r  f o r m a l  t r a i n i n g  in  the  u s e  of t he  m e t h o d .  I t  i s  a l s o  i n t e n d e d  to h a v e  
u t i l i t y  f o r  m o n i t o r s  of  s t u d i e s  e m p l o y i n g  t i m e  s e r i e s  a n a l y s i s ,  to  a i d  t h e m  i n  
j u d g m e n t s  a b o u t  t h e  a p p r o p r i a t e  u s e  of  s u c h  s o p h i s t i c a t e d  m e t h o d s .  

T h e  r a n g e  of u s e s  r e m a i n s  a p r i m a r y  p u r p o s e  of  L E A A  r e g a r d i n g  t h i s  
r e p o r t .  T o  t h a t  e n d  i t  i s  i n t e n d e d  to  a c q u a i n t  m a n y  p o t e n t i a l  u s e r s  w i t h  the  
r e p o r t  t h r o u g h  c o u r s e s  d e v e l o p e d  by  L E A A  f o r  a d v a n c e d  a n a l y s i s  of  c r i m e  d a t a  
a s  w e l l  a s  to  d i s t r i b u t e  i t  to  a g e n e r a l  u s e r  a u d i e n c e .  

T h e  r e p o r t  c o n s i s t s  of e l e v e n  s e c t i o n s  c o v e r i n g  a w i d e  r a n g e  of  s t a t i s t i c a l  
a p p r o a c h e s  to  t he  a n a l y s i s  of t i m e  s e r i e s .  

S e c t i o n s  1 t h r o u g h  4 c o v e r  m a t e r i a l  of  a n  e l e m e n t a r y  a n d  b a s i c  n a t u r e  
s t o p p i n g  s h o r t  of c o n s i d e r a t i o n s  l e a d i n g t o  t he  d e v e l o p m e n t  of m a t h e m a t i c a l  
m o d e l s  r e p r e s e n t i n g  t i m e  s e r i e s .  In  t h e s e  f o u r  s e c t i o n s  s o m e  of  t he  p o s s i b l e  
s t a t i s t i c a l  t e s t s  f o r  c o m p a r i s o n  of  t i m e  p e r i o d s  w i t h i n  one  t i m e  s e r i e s  o r  a c r o s s  
t w o  t i m e  s e r i e s  a r e  g i v e n .  M e t h o d s  of p r e s e n t a t i o n  a n d  i n t e r p r e t a t i o n  a r e a l s o  
d i s c u s s e d .  T h e  s t a t i s t i c a l  m e t h o d s  a r e  of t he  " p a r a m e t r i c "  v a r i e t y  t h o u g h  in  
m a n y  c a s e s  a p p r o p r i a t e  n o n - p a r a m e t r i c  t e c h n i q u e s  c o u l d  be e m p l o y e d  a s  w e l l .  
S i n c e  a m a j o r  g o a l  of the  r e p o r t  i s  to  d e a l  w i t h  the  l e s s  w i d e l y  k n o w n ,  m o r e  
a d v a n c e d ,  t e c h n i q u e s ,  t he  s e c t i o n s  o n  e l e m e n t a r y  m e t h o d s  do  n o t  a t t e m p t  to  g i v e  
b r o a d  c o v e r a g e  of m a n y  p o s s i b i l f t i e s  b u t  r a t h e r  p r e s e n t  a n d  i l l u s t r a t e  s o m e  
m e t h o d s  of  d e m o n s t r a t e d  u t i l i t y .  

Sections 5 through ii discuss the development of mathematical models 
that may be used to represent time series. There are a number of reasons for 
wishing to create such models, one of the most important being the possibility of 
forecasting subsequent values in the series. Because of the relatively advanced 
nature of the mathemematical model building technique it is presented and illus- 
trated in detail. In addition the implementation of the technique, utilizing 
computer programs is described in such a way as to identify a number of 
potential problem areas. 
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Section 1 Basic Consideration In Using Reported Crime Data. 

Crimes reported to the police are recorded as a standard procedure. 
The type of crime, locale, date and time of occurrence are among the informa- 
tion recorded. Various other information may also be noted, depending on the 
standard police procedures used in a particular jurisdiction. However, the 
type, location, and time (including date) are universally recorded providing a 
kind of data common to all police jurisdictions. The form in which these data 
are kept or might be available differs, ranging from reports filed by officers 
to computerized data bases. Reported crime data are discussed in this section 
to identify the basic features of what such data are like, how they can be obtained 
for study, and what types of methodologies may be effective for operational data 
analyse s. 

From the point of view of data analysis the most fundamental properties 
of reported crime data are that they are found data and that they occur over time. 

Properties of Found Data 

Found data are distinct from data obtained as the result of special 
surveys or data gathering activity. They are data collected as part of the regular 
operations and are not specifically designed for a specific analysis. There are 
advantages and disadvantages in using found data as distinct from survey data. 

Major advantages follow from the relative availability of found data re- 
suiting in a great savings in cost over survey data. Found data are also likely 
to have good reliability because of the ongoing nature of the collection process. 
However, a major caution in employing found data is to understand and check the 
data collection and processing system. Such systems are subject to change over 
time and also to errors that can enter and be undetected for some time unless an 
explicit effort is made at checking. 

Another disadvantage of found data is that they may not be available in 
the form desired for analysis. In such a case the possibility of conversion to 
appropriate form must be determined and the cost of such activity weighed 
against the benefits expected from the intended study. 

Found data must also be appropriate to the objectives of an investigation. 
In fact the major argument for using survey or developed data, with the costs 
and problems involved, is that no found data exist that are appropriate for a 
particular study. Arguments close to this point of view are presented relative 
to the use of reported crime data. These data may be contrasted with victim- 
ization data obtained by survey methods at considerable effort (cost). It is 
argued that victimization data give a much truer picture of actual crime activity 
than does reported crime. There seems to be corisiderable evidence for this view 
and it need not be considered further here. The point in the present context is 
that found data, such as reported crime, may have shortcomings for some studies 
while being entirely suitable for others. A prime example of this is the use of 
reported crime data to compare different situations involving police activity that 
responds to reports of crime, rather than as an accurate description of all crime 
activity in a single situation. 

Care must be exercised in adapting found data to specific analysis but 
there is no reason to believe a priori that such data cannot lead to reliable and 
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u s e f u l  r e s u l t s .  F u r t h e r  d i s c u s s i o n  of  the  f o u n d  d a t a . a s p e c t s  of  r e p o r t e d  c r i m e  
d a t a  a r e  g i v e n  in  (1) a n d  w i l l  n o t  be p u r s u e d  h e r e  e x c e p t  a s  t h e y  a r i s e  w i t h i n  t he  
c o n t e x t  of  r e l a t e d  m a t t e r s .  

T i m e  S e r i e s  N a t u r e  of R e p o r t e d  . C r i m e  D a t a  

The time series nature of reported crimes is a theoretically more 
important aspect than the found data quality. While the latter imposes various 
cautions and potential limitations on the use of the data it is their time series 
nature that governs the kind of analyses that should be employed. There is a 
very real difference bet~veen a collection of data values that are independent of 
time and a collection in which the values are obtained at various times. 

To appreciate the significance of time series data, it is necessary to 
consider the concept of a random sample as used in mathematical statistics. 

R a n d o m  S a m p l e  

M a n y  of  t h e  w i d e l y  u s e d  s t a t i s t i c a l  t e s t s  d e p e n d  on  t he  c o n c e p t  of  a 
r a n d o m  s a m p l e .  In  s u c h  a s a m p l e  e a c h  d a t a  p o i n t  i s  s u p p o s e d  to  a s s u m e  a v a l u e  
i n d e p e n d e n t l y  of  a l l  o t h e r  d a t a  p o i n t s  a n d  the  p r o b a b i l i t y  l a w  g o v e r n i n g  t he  v a l u e s  
a s s u m e d  i s  t he  s a m e  f o r  e a c h  d a t a  p o i n t .  If e i t h e r  of  t h e s e  a t t r i b u t e s  a r e  n o t  
s a t i s i f i e d  t he  s a m p l e  d o e s  n o t  p r o p e r l y  f i t  i n t o  m a n y  of  t h e  c o m m o n l y  u s e d  s t a t i s -  
t i c a l  p r o c e d u r e s .  H o w e v e r ,  i t  i s  o f t e n  d i f f i c u l t  to  d e t e r m i n e  t he  e x t e n t  to  w h i c h  
a s a m p l e  i s ,  i n  f a c t ,  r a n d o m .  

Statistical procedures can be devised for testing a sample but such test- 
ing increases the complexity (and cost) of a statistical study. 

In addition it may be that the sample is not random. What should be dor/e 
then? The widely used practice is to employ standard tests even though the 
assumption of a random sample is not satisfied (or has not been checked). In 
many cases this procedure leads to meaningful results because of the strength 
of the tests as indicators of statistical variation. 

D e p e n d e n c e  of  D a t a  

If t he  s a m p l e  d a t a  a r e  i n  f a c t  d e p e n d e n t  to  s o m e  e x t e n t  so  t h a t  t h e  s a m p l e  
i s  n o t  t r u l y  r a n d o m  i n c o r r e c t  r e s u l t s  c a n  be o b t a i n e d .  M o r e o v e r ,  t he  e x t e n t  of  
d e p e n d e n c e  m a y  n o t  be k n o w n  so  t h a t  t h e  c o n f i d e n c e  one  m i g h t  w a n t  to  h a v e  i n  
m a k i n g  s t a t i s t i c a l  t e s t s  c a n n o t  be e s t a b l i s h e d .  

T h i s  s i t u a t i o n  c a n  be  p r e s e n t  i n  a n y  s t a t i s t i c a l  s a m p l e  b u t i s  p a r t i c u l a r l y  
l i k e l y  i n  t i m e  s e r i e s  d a t a  w h e r e  a v a l u e  a t  one  t i m e  h a s  a n  o p p o r t u n i t y  to  a f f e c t  
s ub  se  que  n t  v a l u e  s .  

The concept of dependence may be illustrated by the number of sales 
recorded at a store. Two kinds of samples can be considered: the sales by item 
classes in a single day for comparispn with a similar sample at another store, 
or the number of sales of a particular itemrecorded each day for several weeks. 
The former is not dependent on time and it may be very reasonable to assume 
that the sales level of items do not affect each other (of course they may). In 
that case the sales picture at the ~vo stores can be studied by normal statistical 
tests assuming random samples. 
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Time Series 

In  the  s e c o n d  c a s e  h o w e v e r ,  a t i m e  s e r i e s  i s  i n v o l v e d  a n d  the  s a l e s  l e v e l  
of  a p a r t i c u l a r  i t e m ,  s u c h  a s  r a i n c o a t s ,  m a y  d e p e n d  on  p r e v i o u s  s a l e s  l e v e l s .  
The  s a l e  of r a i n c o a t s  d e p e n d s  on  r a n d o m  e f f e c t s  s u c h  a s  p r e s e n t  w e a t h e r  c o n d i -  
t i o n s  a n d  p o s s i b l y  r e c e n t  p a s t  v a l u e s  a s  w e l l .  H e a v y  r a i n  a f e w  d a y s  p a s t  m a y  
c a u s e  r a i n c o a t  s a l e s  to  h a v e  b e e n  h i g h  w i t h  t he  r e s u l t  t h a t  m a n y  p e o p l e  h a v e  
r a i n c o a t s  w h e n ,  a f e w  d a y s  l a t e r ,  i t  r a i n s  a g a i n .  T h e  s a l e s  l e v e l  w i l l  go  u p  clue 
to  t he  r a i n  b u t  n o t  a s  m u c h  a s  i f  t he  e a r l i e r  p e r i o d  h a d  r e c o r d e d  l o w e r  s a l e s  l e v e l s .  

Reported crime, being a time series, may not provide random sample 
data for use in standard statistical tests. On the other hand, such tests are 
relatively simple to apply and understand. It is worthwhile to consider a range 
of possible levels for the statistical analysis of time series ranging from the 
most elementary and direct to advanced considerations in which the possibility 
of interaction effects between values is measured and described. 

Four Classes of Statistical Procedures 

The full range of methodological possibilities can be covered by dividing 
it into four distinct, though related, procedural classes: Elementary Statistical 
Methods, Preliminary Time Series Analysis, Detailed Statistical Analysis, and 
Stochastic Models. This report will describe each of these approaches as they 
apply to the study of reported crime data. Concepts will be illustrated using 
actual reported crime data and other numerical examples as described later. 
The general ideas of each class of analysis is presented here to orient the reader 
regarding the following sections of the report. 

I. Elementary Statistical Methods treat a collection of time series data 
values as though it were a random sample. Simple statistical quantities related 
to the sample mean and variance are calculated and used to test for differences 
in cringe activity. Such methods are simple to apply and are widely known for 
ease in communication of ideas. They may indicate valid effects or they may 
not if the sample points are not independent. There is no possibility to make 
forecasts of future values so that in any evaluation application one must wait until 
a reasonable size sample Of data points has been obtained. This kind of situation 
can be thought of as static evaluation as opposed to dynamic evaluation where, 
after an initial data generation period, effects can be evaluated in an on-going 
way by using forecast values. 

2. Preliminary Time Series Analysis consists of qualitative and simple 
numerical s~udy of the reported crime data for some time period. The data 
values are plotted as functions of time and the general character of the series is 
observed. The sample mean and standard deviation values, for various lengths 
of time, are con]puted and may be shown on the time series plot to assist in 
making observations about the nature of the data. Trends and cyclic variation 
can often be observed directly from the plot. Some of the variation in data values 
can be represented by specific graphs (such as linear trend or some periodic 
variation). The fitting of such specific variations with time yielding determin- 
istic curves (by judgment alone or using techniques of regression analysis) can 
be undertaken as part of preliminary analysis and gives a rough forecasting 
ability. The main features of preliminary analysis are to see if the data seenn 
to have special trends and to qualitatively estimate the statistical variation present. 
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3. Detailed Statistical Analysis uses the data values to compute quantities 
called autocorrelations (and partial autocorrelations) which fully characterize a 
time series. These values can be used directly to represent and study time series 
or they may be used as a basis for constructing a mathematical model representa- 
tion of the time series. The autocorrelations are more difficult to compute than 
the simple elementary statistics but do not require nearly the effort that model 
construction does. However, the detailed statistics alone can not forecast, and 
their use is limited to static type comparisons between time series. 

4. Stochastic Models are mathematical formula representations of a 
time series. There are several approaches to such mathematical models, one 
giving a high level of generality is the so called autoregressive integrated moving 
average model (ARIMA) described in a later section. This method was developed 
by G. E.P. Box and G.M. Jenkins (4) and is alternatively referred to as the 
Box/Jenkins technique. These models are difficult to form because the numerical 
parameters must be estimated from the data by means of an extensive numerical 
calculation procedure. It is completely out of the question to attempt such calcu- 
lations without the use of a computer and appropriate software programs. The 
value of such models is their ability to forecast which holds the potential for 
dynamic e valuation. 

S e l e c t i o n  of the P r o p e r  M e t h o d  

The important thing inapplying any of the above types of analysis is to 
understand the level of effort required and what can be expected from the expendi- 
ture of that effort. In all cases the need to communicate useful information to 
others should be emphasized. Simple plots and tables are most often useful for 
this purpose as described in subsequent sections. Table i. 1 gives a summary of 
the four types of analysis methodology. 
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Me thodology 

Elementary 
Statis tical 
Me tho d s 

Preliminary 
Analysis 

Detailed 
AnalYsis 

Stochastic 
Models 

Level of Effort 
(Cost) 

Low 

Low-Moderate 
(depending on 
detail) 

Amount of 
Information 
Used from the 
data 

Moderate 

Minimal 

Minimal 

Level of 
The or e tical 
Ability to 
represent the 
series data 

Variable 

Variable 

Abi~ to 

None 

Possible. 
Reliability 
Unknown 

,,. .. 

All Good None 

All Good Possible. 
Reliability 
measurable 

Table I. 1 
Comparison of Methodologies 
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No matter what type of methodology is to be applied the time series 
data, must be formed into an operational data base. This means that usable 
raw data must be available and it must be possible to put those data into the 

• scribed_ ~ o ~ ~  form desired for use There are many aspects of this requirement as de ~ . 
in (i). One major set of considerations is how to select various aggregations ~,~ 
data. Time location, and crime type (classification) are the three quantities t 
be aggregated in the analysis of reported crime. 

Aggregation by Time 

The m o s t  l i k e l y  t ime  un i t s  a r e  days ,  w:eeks,  and  m o n t h s .  Though  
r e p o r t e d  c r i m e  is r e c o r d e d  by day  i t  is m o s t  o f ten  only  a v a i l a b l e  by m o n t h  as 
h i s t o r i c a l  da ta .  In d e c i d i n g  upon  a l e v e l  of a g g r e g a t i o n  one m u s t  b a l a n c e  b e t w e e  
hav ing  too l i t t l e  da ta  and hav ing  too long a h i s t o r i c a l  r e c o r d .  F o r  m o s t  s ta t i s t i c~  
a n a l y s e s  one n e e d s  a f a i r  n u m b e r  of da ta  v a l u e s  and  for  s t o c h a s t i c  m o d e l s  the 
complex estimation requires a relatively large sample for meaningful results. 

t • 

Time Period 
% 

Months therefore lead to long historical records which tend to mask out 
effects one wishes to study• Months have different compositions of type of day ]__,~ ~ 

On the other hand clays tend to vary too much ~ ~ that can also mislead analysis. 
and have little statistical regularity. Thus, weeks seem to be desirable as the / "~'~b DN 
level of time aggregation in reported crime analysis with some use of monthly ~/ 
or daily clara in supporting studies. I ~' ~ 

The level of geographic aggregation depends on the specific analysis I~X ~ ~ 
provided there are enough data values to yield meaningful statistical results. , ~C ~3~ 
However, too large a region, such as an entire city, may combine too many di~r ;~ , ~ 
ferent effects and fail to indicate useful information. Thus one selects some ~k~ 
region, large enough to provide data appropriate to a particular study, but notj~ 
so large as to allow a washing out of statistical effects. , \ 

Classification of Crime Types 

Reported crime can be classified in a number of ways. Even following 
the uniform crime reporting system (FBI's UCR) different aggregation of crime 
types can be made• The same general rules apply: aggregation should be at a 
level appropriate to the analysis with large aggregates avoided on the basis of 
their lack of meaning because of interaction effects . . . .  

I 

In applications of the various time series models to crime data one might 
do well to consider the sensitivity of the analysis to variations in t~vo parameters 
that are usually not recognized as parameters, geographic bounds and crime type 
classification. Problems may arise from the preliminary specification of a very 
fuzzy system. The preliminary specification accepts the existing political bound- 
aries and the existing crime categories without giving much thought to what real 
effect this may have on the models derived. If the models are sensitive to these 
parameters; the conclusions, evaluations, and recommendations resulting from '~ 

f 

these studies will also be sensitive to these parameters. .. '. 

Studies to date yield no empirical proof of t}~e sensitivity of the statistical: ' 
'° 

• , 

--- " 5 . . . . . . .  
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t e c h n i q u e s  to b o u n d a r m s  or a g g r e g a t i o n  of c r i m e  types  but  e x p e r i e n c e  p r o d u c e s k  t ~ !~, ~i  
some feeling that the systems under examination can be specified in alternate ~ ~ 
ways which seem at least as reasonable as accepting the existing boundaries or'q~ /~ 
classifications. A sociologically defined boundary such as "neighborhood" may "~ 
be more appropriate than precinct boundary; even bounding by land use may be ~j~ 
more effective a control than precinct. There is also some indication that 
criminals are essentially opportunistic and switch easily between crime cate- \ 
gories possibly making a time series model composed of certain types of 
Larceny plus Burglary a more reasonable series for mode]i~n-~ than either 

. / . . - 

Larceny or Burglary alor~" Use of modified regional ag~a~tlon may be imple 
mented by the Census Bu~'au geocoding procedures being e~{ablished throughout 
the country. A recent reference to current developments related to this meth- 
odology i s  g i v e n  in  (12).  

An Analogous Physical Exampl e 

T h i s  s e c t i o n  w i l l  c o n c l u d e  w i t h  a n  e x a m p l e  of  a c t u a l  r e p o r t e d  c r i m e  d a t a  
u s e d  to  i l l u s t r a t e  the  m e t h o d o l o g i c a l  p r o c e d u r e s  i n  t he  f o l l o w i n g  s e c t i o n s ;  b u t  
f i r s t  a n o t h e r  e x a m p l e  w i l l  be d e s c r i b e d .  T h i s  e x a m p l e  i l l u s t r a t e s  a p h y s i c a l  
s i t u a t i o n  r a t h e r  t h a n  a s o c i a l  one  s u c h  a s  r e p o r t e d  c r i m e .  In  t h i s  w a y  t he  p r o -  
c e d u r e s  to  be d e s c r i b e d  a r e  i l l u s t r a t e d  by  t w o  d i s t i n c t  k i n d s  of  e x a m p l e s ,  one  
b a s e d  o n  a p h y s i c a l  s y s t e m  a n d  the  o t h e r  b a s e d  o n  a c t u a l  s o c i a l  t y p e  d a t a .  

The physical system used is a water supply for a steam driven turbine. 
The purpose of the water supply, called a sump, is to maintain a fLxed level of 
water to the steam system. During the operation, some water evaporates, some 
condenses, and some is added or drawn off in a deterministic way at fixed times 
each day. The water level in the~sump can be denoted by L(t) where t denotes 
the time at which L is recorded. For the example used in this report, L will 
be recorded on the hour so that each day provides a time series containing. Z4points. 

Numerical values used in the example are generated from a mathematical 
model of the sump level. This procedure is similar to that described for genera- 
ting synthetic time series in Section II. -" 

This model expresses L(t) as a combination of a specific function of time 
F(t) and a random change R(%) that accounts for the net change in water level due 
to evaporation, condensation, and steam system demand. The expression F(t) 
shows how much water is drawn off or added at specified times. Figure I. 1 
shows a typical time plot for the example series L(t). 

• "These cautions in forming aggragations are due to-Philip McGuire, Director 
of Crime Analysis, New York City Police Department. 
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Figure I. 1 Typical Example Time Series (Physical Data) 
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Crime Data Examples 

In the following sections similar numerical examples will be used to 
illustrate the respective procedures described in each section of the Report. 
Procedures will be illustrated using reported crime data from Cincinnati that 
were available in operational data bases generated for other studies (as discussed 
i n  ( 1 ) ,  ( 2 ) ,  and ( 3 ) ) .  

For illustrative purposes, certain crime types were selected on the 
basis of good data, representation of various types of statistical data, and rela- 
tive interest for crime analysis. The cases used are: Rape (as an example of 
almost purely random type series), Burglary (both complicated statistically and 
important for analysis), Robbery, Auto Larceny, ahd Aggravated Assault. The 
geographic region for aggregation is the Police District level of which Cincinnati 
has six. Time is aggregated by week in most cases as this is felt to provide the 
best combination of statistical variability, length of historical record, and 
number of data points. Monthly data are also used for some exan~ples because 
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of their general interest and wide availability. Data used in the examples are 
taken from a data base in which each time series is 217 weeks long (starting in 
27th week of 1971 and going through the 35th week of 1975). The collection and 
management of these data is a significant part of any time series study and is 
discussed in detail in (I). The present report will simply use the time series to 
illustrate methodology and procedures. 
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E l e m e n t a r y  s t a t i s t i c a l  t e c h n i q u e s  u t i l i z e  c o l l e c t i o n s  of d a t a  f o r  w h i c h  
n u m e r i c a l  i n d i c e s  a r e  c a l c u l a t e d .  T h e s e  i n d i c e s  a r e  c a l l e d  s t a t i s t i c s  a n d  m a y  
be  u s e d  e i t h e r  d i r e c t l y  o r  i n  c o m b i n a t i o n  to  m e a s u r e  d i f f e r e n c e s  b e t w e e n  
c o l l e c t i o n s  of  d a t a .  In  a p p l i c a t i o n s  to  s t u d i e s  of  t i m e  s e r i e s  s u c h  a s  r e p o r t e d  
c r i m e ,  a c o l l e c t i o n  of  d a t a  i s  d e f i n e d  by  the  c r i m e  t y p e  a n d  r e p o r t i n g  r e g i o n  
( l o c a t i o n )  to  w h i c h  the  d a t a  v a l u e s  b e l o n g .  The  n u m b e r  of  d a t a  v a l u e s  i n  t h e  
c o l l e c t i o n  d e p e n d s  on  t he  l e n g t h  of t i m e  c o v e r e d  a n d  t he  i n t e r v a l  of  t i m e  by  
w h i c h  the  r e p o r t e d  c r i m e  d a t a  a r e  g r o u p e d .  F o r  e x a m p l e ,  w i t h  w e e k l y  d a t a  a 
s i x - m o n t h  (26 w e e k )  p e r i o d  m i g h t  be u s e d .  The  t e c h n i q u e s  i n  t h i s  s e c t i o n  w i l l  be  
i l l u s t r a t e d  b y  e x a m p l e s  u s i n g  p a r t i c u l a r  c r i m e  t y p e s  (e. g . ,  r o b b e r y )  a n d  l o c a t i o n s  
( e . g . ,  D i s t r i c t  1) f o r  s e v e r a l  Z 6 - w e e k l o n g  t i m e  s e r i e s .  

Let the time series under study consist of n data values (e. g., n may be 
Z6 weeks or 36 months). The actual data values can be specified by means of a 
subscripted variable X. where the subscript i takes values 1 through n to 

i 

denote each of the n data values contained in the time series. It is difficult to 
work directly with all the time series values, each of which represents a distinct 
m e a s u r e m e n t  of t h e  s a m e  k i n d  of  q u a n t i t y ,  s u c h  a s  t he  n u m b e r  of  r o b b e r i e s  i n  a 
p o l i c e  d i s t r i c t  i n  a d i s t i n c t  w e e k .  The  v a l u e s  d i f f e r  f o r  a v a r i e t y  of  r e a s o n s ,  
a n d  i t  i s  d i f f i c u l t  to  t e l l  v e r y  m u c h  a b o u t  t he  n a t u r e  of  t he  q u a n t i t y  u n d e r  s t u d y  
(e. g . ,  r o b b e r y )  f r o m  the  n u m b e r s  a l o n e .  The  m o s t  e l e m e n t a r y  s t a t i s t i c  one  
c a n  c o n s i d e r  i s  t he  n u m e r i c a l  a v e r a g e  v a l u e .  T h i s  i s  c a l l e d  t h e  ( s a m p l e )  m e a n  
for a collection and is denoted by X. The formula for numerical calculation of 
X is given below. 

C o m p u t a t i o n  of  the  M e a n  V a l u e ,  V a r i a n c e ,  a n d  S t a n d a r d  D e v i a t i o n  

T h e  m e a n  v a l u e ,  of  a c o l l e c t i o n  of  d a t a ,  by  i t s e l f  m a y  s a y  v e r y  l i t t l e  a b o u t  
t he  q u a n t i t y  u n d e r  s t u d y .  T h e  m e a n  m u s t  be v i e w e d  i n  t e r m s  of  t h e  v a r i a b i l i t y  
t h a t  i s  p r e s e n t  i n  the  d a t a .  If t he  v a r i a t i o n  i s  g r e a t ,  t he  m e a n  w i l l  n o t  s a y  m u c h  
a b o u t  t he  i n d i v i d u a l  v a l u e s .  H o w e v e r ,  if  t he  v a r i a t i o n  i s  s m a l l ,  t h e  m e a n  v a l u e  
i s  i n d i c a t i v e  of ( c l o s e  to) a c t u a l  s a m p l e  v a l u e s  t h a t  may" be e x p e c t e d .  

I 

"1 
.I 
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V a r i d t i o n  i s  m e a s u r e d  a b o u t  the  m e a n  v a l u e  a s  the  a v e r a g e  s u m  of  s q u a r e s  
of  d i f f e r e n c e s  f r o m  the  m e a n .  T h i s  m e a s u r e  of  v a r i a t i o n ,  c a l l e d  t h e  v a r i a n c e ,  

a n d  d e n o t e d  by S 2, i s  c o m p u t e d  by the  f o r m u l a  g i v e n  b e l o w .  S i n c e  v a l u e s  a r e  
s q u a r e d  to  c o m p u t e  t he  v a r i a n c e ,  i t  d o e s  no t  h a v e  the  s a m e  d i m e n s i o n  a s  the  
d a t a  p o i n t s  t h e m s e l v e s .  T h u s ,  t he  v a r i a t i o n  i s  m e a s u r e d  by  t a k i n g  the  s q u a r e  
r o o t  of  t h e  v a r i a n c e  y i e l d i n g  a q u a n t i t y  c a l l e d  the  s t a n d a r d  d e v i a t i o n .  

Elementary sample statistics are computed as follows: 

n 

mean X = 1 -- L X. 

ni: I I 

.I  n 
v a r i a n c e  S z 1 v ~ ) 2  

= n (xc 
i:l 

I 
s t a n d a r d  d e v i a t i o n  S = S ~ .  

4 

~here X. are the sample values and n 
I 

iS the sample size. 
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The sample mean and standard deviation values are computed by using 
the above formulas, il.lustrated below for a typical time series arising from the 
sump example described in Section I. 

A typical time series consisting of 96 data values, which shall be 

called SUMP I has the values: 25.0, 36.5, 34.6, 40.2, 39. Z, 29. I, 38.0, 

44.4, 33.8, 38.6, 43.5, 30.6, 40.5, 38.5, 38.9, 40. I, 36.7, 37.2, 41.6, 

36.9, 44.7, 34.3, 39.?, 24.2, 38.6, 41.2, 41.7, 43.0, 45.9, 29.6, 42.7, 

34.3, 37.6, 38.3, 34.5, 37.0, 39.5, 31. I, 45.0, 32.3, 34.3, 38.5, 32.8, 

47.6, 37.4, 30.3, 40.8, 34.2, 36.4, 40.3, 38.4, 33.4, 27.2, 30.7, 40.8, 

39.5, 41.5, 40.4, 40.5, 42.5, 29.5, 41.3, 40.9, 40.3, 30. I, 33.8, 43.?, 

30.0, 37.8, 44. 9, 35.7, 32.2, 44.2, 30.7, 45.6, 36.6, 39.8, 31.5, 38. I, 

33.5, 44.0, 36.9, 42.3, 36.7, 37.9, 26.6, 41.2, 44.7, 35.4, 32.4, 26.5, 

42. 9, 40. 2, 36.8, 29.0, 36~ 2. For this series the sample mean is 37.2, 

the sample standard deviation is 5. 18, and the range is 24.2 to 47.6. 

J 
,I 

Reported crime data can also be used to illustrate the calculation 
procedure for mean and standard deviation values. %Veekly data for a typical 
26 week period showing robberies in a police district are given by the following 
time series. 

Reported Crime Example 

4, 8, 8, 7, 12, I0, 6, I0, 8, I0, 4, 8, 7, 9, 7, 15, 12, 7, II, 8, 14, 7, 13, 
9, 1 I. For this series the sample mean ~nd standard deviation are 8.9 and 
2.8 respectively. The range is 4 to 15. 

Comparison of Time Series 

For evaluation or other operational purposes, it is often desirable to 
compare two different time series. The series may represent different time 
periods, different geographic regions, or other kinds of difference. Because 
of the variability present in data it is confusing to attempt to compare collections 
in terms of their component data points. Such con~parisons can be attempted, 
e.g., by plotting individual points for each collection as a graph over time and 
making visual comparison. Though time series plots can suggest a variety of 
results and serve to guide various considerations, their interpretation is too 
subjective and qualitative for direct use in characterizing time series data. 

Thus one is led to compare the average values of the t~vo series. This 
idea leads to the use of concepts from elementary mathematical statistics which 
derive from the concept of a random sample as described in Section I. Each 
data point is assumed to be subject to the same probabilistic process and to be 
unaffected by the other data values. In time series the data points are associated 



, j ,  . 

I 
.I 
I 

1 
.,, 
o! ! 
.I 
! 

1 
! 
-! 

.! 
! 

with distinct time periods in sequence. In every time series, the time points 
may encompass one or more time periods. Differences between time periods 
can be studied within one series or between two time series. To study indica- 
tions of change between time periods, one assumes the n sample points in 
both time periods as representing a random sample from a population compris- 
ing a theoretical set of events characteristic of both time periods, if the time 
series values are not unrelated, this assumption is not satisfied, and the 
elementary statistical techniques may not give reliable results. 

On the assumption of random samples from each time period, one may 
compare the periods for indications of difference. To do so one uses a test 
of the hypothesis that each period has the same (theoretical) mean value, so 
that sample means are, within statistical variation, the same. In testing 
such an hypothesis one must not compare only the sample mean values. To 
do so ignores the random fluctuations present in the data. It is necessary to 
compare values in terms of units specified by the amount of variation present, 
as measured by sample variance values. For this reason a sample statistic 
z is employed. In this section z, defined by the formula given below, is 
considered to have a standard normal distribution. Such a procedure is based 
on the view that samples are large enough so that the sample mean values are 
approximately normally distributed. 

In comparison of two populations, subscripts or change of letter denote 
the populations, X and Y areused here. 

The normal statistic z on the hypothesis that U x = ~/y 

are equal) is given by the following formula: 

(the oretical means 

X-Y 
Z= 

s x 

X 

s 
¥ + ~  
n 
y 

n and n denote the number of cases 
x y 

in the X and Y populations respectively 

In order to provide an example of basic statistical analyses, five 
six-month time period employing reported crime data are given. Two of these 
are immediately prior to initiation of a new team policing activity called 
COk~SEC and the other tl~ree follow its implementation on March 4, 1973. The 
periods are designated as I, If, III, IV, and V; and cover the following time 
intervals: 

I. Z6 weeks: 197210-197235 
March 5, 1972, (Sunday) through September 2, 1972 (Saturday). 

If. 26 weeks: [97236-197309 
September 3, 1972, (Sunday) through March 3, 1973, (Saturday). 

.I 
I 

III. 26 Weeks: 197310-197335 
March 4, 1973, (Sunday) through September I, 1973, (Saturday). 

IV. 26 weeks: 197336-197409 
September 2, 1973, (Sunday)through Ivlarch 2, 1974, (Saturday). 

4 
10 
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V. 26 weeks: 197410-197435 
March 3, 1974, (Sunday)throughAugust 31, 1974, (Saturday). 

Statistical analyses are presented here for all six police districts, 
denoted by DI, D3, Dd, Db, D6 and D7. They are also presented for the city 
as a whole and for the city except for District I, denoted by CITY and CDI 
(complement of District i), respectively. There are, therefore, a consider- 
able number of statistics to contemplate. As a help in such considerations, 
statistical significance is indicated on the data tables. 

Basic statistical data are presented for each crime type and each location 
by period• The sample mean and sample standard deviation are shown in each 
case, and are denoted by X and S respectively. Sample statistics are based 
ona 26-week time period in every case. Table 2. 1 presents the mean and 
standard deviation value s. 

It is p o s s i b l e  to m a k e  a to ta l  of t en  c o m p a r i s o n s  b e t w e e n  the f ive t i m e  
p e r i o d s ,  e a c h  c o m p a r i s o n  be ing  m a d e  b e t w e e n  two r e l a t e d  p e r i o d s .  The to ta l  
of t en  c o m p a r i s o n s  g ives  such  e x t e n s i v e  m a t e r i a l  that  i t  is e x t r e m e l y  d i f f i cu l t  
to a p p r e c i a t e .  T h r e e  of the p o s s i b l e  c o m p a r i s o n s  a r e  s e l e c t e d  as e x a m p l e s  
here• These are: 

Comparison l--Period I and Period If. Both periods are prior to 
COMSEC. Period I covers the same range of dates as does the post- 
COMSEC Period III, one year later. Period IIis just prior to 
COMSEC. Comparison of these t~vo periods helps to indicate trends 
and seasonal variations that might have an effect on other com- 
parisons involving before-and after-COMSEC periods. 

• Comparison 2--Period I and Period IIl. These give a comparison 
of two periods falling in exactly the same calendar range, one 
before and one after COMSEC. 

• Comparison 3--Period II and Period III. These give a comparison 
of two periods falling immediately before and after COMSEC's 
initiation. 

These three comparisons illustrate some of the more meaningful com- 
parison§ for evaluation purposes between periods having similar seasonal 
positions. Such comparisons do not incorporate seasonal variation and are more 
likely to indicate actual changes. ) 

In multiple comparisons there is a possible loss of statistical signifi- 
cance due to the use of the same data in more than one comparison. A number 
of statisticians have addressed this issue. However, it is felt to be of minor 
value here and is not considered in this report. 

Analysis of comparisons during Period I and Period Ill must consider 
trends and other gross changes over a year separation. Analysis of comparisons 
in Period II and Period III must consider activities taking place at the time in 
addition to the COMSEC activity. Such activity as changes in the reporting 
system must be considered in all comparisons. 

In each of the comparison situations, the later time period mean is 
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subtracted from the earlier period mean. Thus positive values of z indicate a 
decrease, shown as an arrow down in Tables 2.2, 2.3 and 2.4. A negative 
value for z indicates an increase, shown as an arrow up. Since values may 
increase or decrease, the significance levels of statistical values must be 
based on a i%vo-tail (test) significance number. For the normal statistic z, the 
significant value at the (~vo tail) 5 percent level is i. 96 and at the I percent 
level is 2.58. In the table, arrows are shown for significant values, i.e., for 
values equal to or greater than I. 96. Highly significant values are indicated 
by an H when the statistic exceeds the 2.58 value, i.e. at the 1 percent level. 

Of course, significant and highly significant relate only to the numbers 
and the true significance is hard to say because of "other" factors, such as 
trends, seasonal effects, poor data, etc. The statistical results suggest 
situations but do not prove them. 

A n u m b e r  of o b s e r v a t i o n s  a n d  i n t e r p r e t a t i o n s  m a y  be  d r a w n  b a s e d  
o n  the  s t a t i s t i c s  g i v e n  i n  t he  T a b l e s .  T h e s e  a r e  i n t e n d e d  p r i m a r i l y  to  g u i d e  
a n d  s t i m u l a t e  r e a d e r s  i n  d e v e l o p i n g  t h e i r  o w n  a n a l y s e s ,  I t  m u s t  be s t r e s s e d  
t h a t  t h e s e  r e m a r k s  p r o v i d e ,  a t  m o s t ,  i n d i c a t i o n s  of p o s s i b l e  s i t u a t i o n s  a n d  do 
n o t  c a r r y  the  f o r c e  of  s t a t i s t i c a l  s i g n i f i c a n c e  due  to  t h e  t i m e  s e r i e s ,  n a t u r e  of  
t he  d a t a .  

Because of the large number of cases, it is helpful to summarize the 
significant situations in order to recognize more easily indications of change 
or other possible results. Comparison 3 was not covered in this way because 
of the likelihood of seasonal effects contributing to these cases. 

Table 2.5 gives a summary of the significant and highly significant 
cases for the t-,vo comparisons involving pre- and post-COMSEC 
periods. 

Table Z. 2 shows very few significant increases. Thus there may be 
a trend or seasonal effect that results in less reported crime in 
Period II than in Period i. In comparison between Period III and 
these periods, this should be kept in mind. 

Table 2.5 shows that many indications of significant difference are 
the same for the two comparisons. These cases, therefore, suggest a 
certain strength of effect that may indeed signal a post-COMSEC 
change. 
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R E P O R T E D  C R I M E  BY T Y P E  A N D  R E G I O N  S H O W I N G  S A M P L E  M E A N S  A N D  S T A N D A R D  D E V I A T I O N S  

R e g i o n  

P e r i o d  
I 

P e r i o d  
II 

P e r i o d  
III 

Crime Type 

Rape 

Robbery 

Aggravated Assault 

Burglary 

Auto Theft 

Rape 

Robbery 

Aggravated Assault 

Burglary 

A u t o  T h e f t  

R a p e  

R o b b e r y  

A e .~ rava t  ed A s s a u l t  

B u r g l a r y  

A u t o  T h e f t  

D7 

S 

• 97 

2.3 

1.6 

7.6 

4.4 

1.1 

2.8 

1.5 

6.3 

3.6 

.96 

2.6 

2.0 

6. 2 

3.2 

Table 2. I 

• ,w 
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TABLE 2 .2  REPORTED CRIME BY TYPE AND REGION 

SHOWING TEST STATISTIC z 

( C o m p a r i s o n  T i m e  P e r i o d s  I-II)  

| 
C r i m e  Type 

~ ,  D1 CD1 

Iap .72 4.0* 

.Iobbery 

D 
~ g g r a v a t e d  Assault 

~urglary 

|~uto Theft 

4 

-.98 

1.4 

S 
2.4* 

-.08 

-.50 

1.4 

1.6 

H 
3.0* 

Reg ion  

City D3 

H S 
4 . 0 *  2 . 0 *  

- .89 

1.7 

S 
2 .1¢  

H 
2.8* 

-l. 7 

.69 

-.64 

D4 D5 

! 

• 8o 

1.4 

.51 

1.6 

S 
1.5 2.2* 

D6 D7 

s . 69  

-1.4 .36 -.70 

.39 .61 1.2 

H 
-.64 2.6 * 1.8 

1.2 . 84  2 . 6 *  { 

TABLE 2. 3 REPORTED CRIME BY TYPE AND REGION 
SHOWING TEST STATISTIC z 

(Comparison Time Periods I-III) 

! 

4 

Rape 

Crime Type. 

Robbery 

A g g r a v a t e d  A s s a u l t  

Burglary 

Auto Thef t  

D1 

1.1 

.32  

.26  

H 
5 : 7 *  

1.6 

CDI 

S 
1.9, 

H 
3.7* 

-l. 0 

S 
-2.2t 

H 
3.0* 

City 

S 
2.0* 

H 
3.3* 

-.73 

-.06 

H 
3.3* 

Region  

D3 

1.3 

.14 

-1.5 

H 
-2.8~ 

-.35 

14 

D4 

.4O 

H 
2.6, 

-l. 5 

H 
-2. 9t 

-.28 

D5 D6 D7 

I. 0 .89 .37 

H S S 
2.8* 2.0, 1.9' 

• 41 -. 24 -. 40 

S S 
-I. 9~ .87 2. 0¢ 

S S H 
2.1, 2.0~ 3.8" 
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TABLE 2.4 REPORTED CRIME BY TYPE AND REGION 

SHOWING TEST STATISTIC z 

(Comparison Time Periods II-III) 

Region 

Crime Type "- 
D1 CDI City D3 D4 D5 D6 D7 

S S 
Rape .40 -2.1t -1.8 -.71 -.40 -2.31" -1.8 -.34 

H H S H S 
Robbery I. i 4.4 ~ 4.2 ~ 2.0 ~ .90 5. 5 ~ I. 8 2.4 

S S S S 
Aggravated Assault-l.l -2~2t -2.3~ -2.4~ 2.0~ 0.0 -.83 -1.4 

H H S S H 
Burglary 2.8~ -3.4t -2.2t -2.4~" -4.0~" -1.2 -1.8 .23 

S S H 
Auto Theft 1.9~ -.31 .57 -2.1T -2.8t .79 1.4 1.3 

I 
. 
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TABLE Z. 5 SUMMARY OF SIGNIFICANT CASES 

(Comparison 1 of Period I-III) 
( C o m p a r i s o n  Z of P e r i o d  II-III) 

C r i m e  Type 

.%ape 

Robbery  

Aggravated As sault 

Burglary 

Auto Theft 

Comparisons 1 and 2 by Region 

D1 CD1 City D3 D4 D5 D6 D7 

1 2 

SH H% 

~s 

S~, 

H4, 

St 

H~ 

2 

St 

H 

S ? 

1 2 1 2 

S~ 

H* H~ S~, 

$I" St 

St Ht S 

H • S¢ 

l 2 

H H 

S¢ 

HI Ht ~* 

1 2 1 

St 

* H.* . s  * 

S, 

2 1 

S 

S* 

H~ 

2 

S* 

I 
I 

"1 
I 

"i 
.I 
I 

4 
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SYMBOLS 

S : Significant value. 
H : Highly significant value. 

¢ = Increase in crime. 
= Decrease in crime. 

Blank Cell = No significant 
difference. 
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In the a p p l i c a t i o n s  of s t a t i s t i c a l  a n a l y s i s ,  t h e r e  is  w i d e s p r e a d  use  of 
the s o - c a l l e d  t - t e s t .  In m a n y  c a s e s  t h e r e  m a y  be no r e a s o n  for  u s i n g  t - t e s t s ,  
and  in  f a c t  t h e i r  u se  m a y  have  l i t t l e  t h e o r e t i c a l  f o u n d a t i o n s .  F o r  t h e s e  r e a s o n s ,  
the n o r m a l  z s t a t i s t i c  is  o f ten  the m o s t  a p p r o p r i a t e  one to u s e .  Due to the 
i n t e r e s t  m a n y  people  have  in  the t s t a t i s t i c ,  i t  is  d i s c u s s e d  and  i l l u s t r a t e d  
a f t e r  the fo l lowing  g e n e r a l  d i s c u s s i o n  of e l e m e n t a r y  s t a t i s t i c a l  p r o c e d u r e s .  

There are three elementary procedures that may be considered for 
comparing two collections of data to test the hypothesis discussed above. These 
are described below and considered in terms of the basic assumptions operating 
w h e n  e a c h  is u s e d .  

I 
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- - L a r g e  s a m p l e  t h e o r y  w a s  u s e d  w i th  the Z - s t a t i s t i c  above .  In th i s  
a p p r o a c h  one a s s u m e s  tha t  the  s a m p l e  v a l u e s  c o n s t i t u t e  a r a n d o m  
s a m p l e  ( i n d e p e n d e n t  and f r o m  the s a m e  d i s t r i b u t i o n )  and  tha t  the 
s a m p l e  s ize  is l a r g e  e n o u g h  so tha t  the s a m p l e  m e a n  has  a n  a p p r o x i -  
m a t e l y  n o r m a l  d i s t r i b u t i o n .  

In  c o m p a r i s o n s  of two p o p u l a t i o n s ,  e . g .  t i m e  s e r i e s ,  t h e r e  is  
no n e e d  to a s s u m e  e q u a l  v a r i a n c e  of p o p u l a t i o n s  w h e n  u s i n g  the 
N o r m a l  s t a t i s t i c .  V a r i a n c e s  a r e  e s t i m a t e d  by s a m p l e  v a r i a n c e  
va lue  s. 

When the population variances are known, the statistics are very 
accurate. They become somewhat less accurate when variances 
must be estimated. 

When  the s a m p l e  p o p u l a t i o n  is n o r m a l ,  the m e t h o d  is  e x a c t .  F o r  
n o n n o r m a l  p o p u l a t i o n s ,  the m e t h o d  b e c o m e s  i n e x a c t .  

The sample size required for necessary accuracy depends upon 
the characteristics of the sampled population. As these deviate 
from normality larger size samples are required. For skewed 
and biased data, fairly large samples may be required, but in 
many cases more than ten items will result in accurate enough 
measures of the characteristics for the sample mean distribution. 

In the above  e x a m p l e s  w i th  26 s a m p l e  po in t s  and  no s p e c i a l  s k e w  
p r o p e r t i e s ,  the n o r m a l  a p p r o x i m a t i o n  is c o n s i d e r e d  to be v e r y  
good.  

- - S m a l l  s a m p l e  t h e o r y  u s i n g  the t - s t a t i s t i c .  In o r d e r  to o v e r c o m e  
problems with using a sample variance when the true variance is 
not known and the sample is too small for a good sample estimate, 
one may use the t-static. In this method, one also assumes a 
random sample, but there are two other assumptions required: 
the population is assumed to be normal and in comparing two 
populations, both are assumed to have the same variance. Neither 
of these assumptions are needed in the large sample theory which 
is one strong reason for using it. 

A widespread practice is to employ the t-statistic because of con- 
cern with "small samples" and to have little, concern with the three 
assumptions underlying the use of this statistic. In many cases 
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t h e  s a m p l e s  a r e ,  i n  f a c t ,  l a r g e  e n o u g h  so  t h a t  t h e  c e n t r a l  l i m i t  
t h e o r y  i s  i n  e f f e c t  a n d  t h e  s a m p l e  m e a n s  a r e  a c t i n g  a s  t h o u g h  t h e y  
a r e  n o r m a l .  T h u s ,  u s e  of  t h e  t - s t a t i s t i c  d o e s  no h a r m  s i n c e  i t  
y i e l d s  e s s e n t i a l l y  t he  s a m e  r e s u l t s  a s  t h e  l a r g e  s a m p l e  p r o c e d u r e  
i n  s u c h  s i t u a t i o n s .  H o w e v e r ,  t he  u s e  of t h e  t - s t a t i s t i c  i s  n o t  
i m p r o v i n g  on  l a r g e  s a m p l e  t h e o r y  i n  s u c h  c a s e s  a n d  i t  s h o u l d  be  
a v o i d e d  on  the  g r o u n d s  of  m i s l e a d i n g  s o p h i s t i c a t i o n .  N u m e r i c a l  
e x a m p l e s  of  t he  t - s t a t i s t i c  a r e  g i v e n  a n d  c o m p a r e d  w i t h  s o m e  Z 
s t a t i s t i c  r e  s u l t s .  

--The modified t-statistic when two populations do not have the same 
variance. It was pointed out above that in using the t-statistic to 
compare two populations, one had to assume equal variance. In 
considering the modified t approach one must first determine 
when the population variances are not the same. The F statistic 
given below is used for this purpose. It is illustrated for some 
cases of data in this study. In such cases where the hypothesis 
of equal variance is rejected (significant F value) the modified 
t-statistic is appropriate. That statistic is called T here and its 
formula is given below. 

T o  u s e  t he  • s t a t i s t i c ,  a c o m p l i c a t e d  f o r m u l a  m u s t  be e m p l o y e d  
to  c o m p u t e  the  a p p r o p r i a t e  d e g r e e s  of f r e e d o m  (DF) .  T h i s  f o r m u l a  
i s  g i v e n  b e l o w  a n d  s o m e  i l l u s t r a t i v e  D F  v a l u e s  h a v e  b e e n  c a l c u l a t e d .  
One  o b t a i n s  s i g n i f i c a n t  v a l u e s  by  u s i n g  t v a l u e s  w i t h  t he  c a l c u l a t e d  
D F .  

I t  h a s  b e e n  a r g u e d  a b o v e  t h a t  t he  z s t a t i s t i c  i s  o f t e n  t he  m o s t  a p p r o p -  
r i a t e  one  in  the  s t u d y  of  r e p o r t e d  c r i m e  d a t a  u s i n g  2 6 - w e e k s  o r  l o n g e r  t i m e  
p e r i o d s .  S i n c e  m a n y  p e o p l e  a r e  i n t e r e s t e d  i n  t h e  u t i l i t y  of t he  t s t a t i s t i c ,  i t  
w a s  i n t r o d u c e d  a b o v e  a n d  the  a s s o c i a t e d  f o r m u l a s  f o r  b o t h  t h e  t a n d  m o d i f i e d  
t s t a t i s t i c  (T) a r e  g i v e n  b e l o w .  The  F s t a t i s t i c ,  d e f i n e d  by t he  f o r m u l a s  b e l o w ,  
i s  u s e d  to t e s t  t he  h y p o t h e s i s  t h a t  t w o  c o l l e c t i o n s  ( t i m e  s e r i e s )  r e p r e s e n t  
p o p u l a t i o n s  w i t h  t he  s a m e  t h e o r e t i c a l  v a r i a n c e  ( s t a n d a r d  d e v i a t i o n ) .  I t  m u s t  
be  e m p l o y e d  i f  one  w ' i s h e s  to  t e s t  f o r  t h e  n e c e s s i t y  of u s i n g  a m o d i f i e d  t - s t a t i s t i c .  
T h e  f o l l o w i n g  f o r m u l a s  a r e  g i v e n  i n  g e n e r a l  f o r m  f o r  t ~ v o  s a m p l e  p o p u l a t i o n s  
X a n d  Y. The  s p e c i a l  f o r m s  u s e d  w i t h  s a m p l e  s i z e s  b o t h  e q u a l  to  26 a r e  a l s o  
g i v e n  s i n c e  t h e s e  a r e  u s e d  in  the  i l l u s t r a t i v e  e x a m p l e s .  

The  t - s t a t i s t i c  o n  t h e  h y p o t h e s i s  ~x = Uy 

X-Y /nx (n + n -2) 
t = ny x v with n + n 

J J 2 2 n + n ' x y 
n s + n s x v f r e e d o m .  

x x  y y  

In the 26 week time period case n = n x y 

X-Y X-Y 

2 2+s 2 2+s 
y x y 

=n so that 

-2 degrees of 

18 



I 
4 
I 

"ÁÁ 

? 
i , 

J 
I 

.I 
i 

I 
I 

"1 
I 

.I 

I 
4 

T h e  F s t a t i s t i c  o n  t h e  h y p o t h e s i s  o = o 
x y 

n s 2 / (n x -i) 
F = x x "~Vhen n = n 

n ~ 2/ (n - 1 )  x y 
Y Y Y 

the formula simplifies 

2 
S 

t o  F =  x w i t h  n - 1  a n d  n -1  d e c r e e s  o f  f r e e d o m ,  w h i c h  
" % [  y ~ "  : 

S 
Y 

a r e  b o t h  25  i n  t h e  i l l u s t r a t i o n s .  

The modified t-statistic under the hypothesis u = u 
x y 

X - Y  

, and when n = n = 26 yields 
2 2 x y 

S x S 

n - 1  +n-X:- i  - _  
x y 

.X-Y 

,/ z 2 
S + s 

x .  y 

(5) = t. 

F o r  t h e  m o d i f i e d  t - s t a t i s t i c  t h e  f o r m u l a  f o r  d e g r e e s  o f  f r e e d o m  i s  

2+DF= 

(s2x 
- 1  + 

x y 

2 
s 

n x -  1 
A -  

n + l  ' n + 1  
Y 

k 

• W i t h  n 
x 

( 
2+DF= 

= n 

Y 

2 
S 

x 

4 
S 

x 

t h i s  b e c o m e s  

2 

+s 2) 
Y 

4 
+s 

Y 

(n + 1) w h e r e  n + 1 = 27  
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in the case of 26 week long series. Note that the degrees of freedom are 
equal to the right side of the equation minus 2. In the reported crime study 
from which the illustrations are taken (3) most of the cases had a DF value 
about 50 and there was no particular need for considering the modified 
t-statistic. In crime analysis one would most often employ Normal statistics 
or go to more advanced methodologies such as are presented in subsequent 
sections. 

The use of the t-statistic is illustrated in Tables 2.6, 2.7, and 2.8 
which present t-statistic values for some cases in the reported crime study 
previously used to illustrate the z-statistic. %t can be seen thay they have 
essentially the san~e numerical values as the z-statistic. In fact the formulas 
show that one formula uses ~/~ and the other ~-6 and this is the only numerical 
difference between them. Of course, one must refer to different numbers for 
identifying the levels of significance values. For the t-statistic the significance 
level values are given by the t random variable with 24 degrees of freedom. For 
two-tailed tests at the five percent and one percent levels, the significance 
values are 2.06 and 2.80 respectively. 

J 
I 

The modified t-statistic may also be illustrated by considering the 
associated F test which is required to determine when the modification is called 
for. This test provides an indication of different variances between two samples 
(time periods). Table 2.9 gives some examples of the F statistic values. Sig- 
nificant cases corresponding to F values of I. 95 or 2.61 are indicated in these 
tables and it can be observed that relatively few such cases occurred. 

d 

I 

Because of the similarity of the t and z statistics in values and the lack 
of any theoretical reason for uzing any form of t-test, it is often desirable to 
use the "large sample theory" z statistic approach. 

All formulas in this Section are taken from Reference (6). 
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TABLE 2.6 REPORTED CRIME BY TYPE AND REGION 
SHOWING TEST STATISTIC t 

(Compar i son  Time P e r i o d s  I-II)  

Region 

C r i m e  Type 
D1 CDI City D3 D4 D5 D6 

Rape .70 4.0 3.9 i. 9 .79 3.7 Z. 4 

Robbery -. 96 -. 50 -. 87 -I. 7 I. 4 -i. 4 . 35 

Aggravated Assault I. 4 I. 3 I. 7 . 68 . 50 . 38 .60 

B u r g l a r y  

Auto Theft  

Z. 3 1.5 Z.l -.63 1.6 -.63 2.5 

-.08 Z. 9 2.7 1.4 2.2 I.Z .8Z 

D7 

.67 

-.69 

I.i 

1.8 

Z. 6 

4 
! 

"i 

4 

TABLE 

°. -.. 

Z. 7 REPORTED CRIIv~E BY TYPE AND REGION 
SHOWING TEST STATISTIC t 

(Comparison Time Periods I-III) 

C r i m e  Type 

Rape 

Robbery  

Dl 

l.l 

.31 

CDI 

1.8 

3 .7  

City 

2.0 

3. Z 

Region 

:D3 

1.3 

• 14 

D4 

.39 

Z. 5 

D5 

1.0 

Z. 7 

D6 

.88 

Z. 0 

Aggravated Assault .25 -I. 0 -. 71 -I. 5 -i. 4 .40 - . 24 

Burglary 5.6 -2. Z -. 05 -2.8 -2.8 -i. 9 . 86 

Auto Theft I. 6 3.0 3.2 -. 34 .. Z7 Z. 0 Z. 0 

Zl 

D7 

.35 

1.9 

-.39 

2.0 

3.8 

i 
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T A B L E  2.8 R E P O R T E D  C R I M E  BY T Y P E  AND REGION 
SHOWING T E S T  S T A T I S T I C  t 

( C o m p a r i s o n  T i m e  P e r i o d s  I I - I I I )  

C r i m e  Type 

R a p e  

Region 

D1 CDI 

• 39 -2.1 

City 

-I. 7 

D3 

-.69 

D4 

-.39 

D5 

-2.3 

Robbery 

Aggravated As sault 

Burglary 

Auto Theft 

l.l 4.3 4.1 1.9 .89 5.4 

-1. I - 2 . 2  -2. 3 -2.4 -2.0 O. 0 

2. 8 -3. 3 -2. 1 -2. 3 -3. 9 -l. 2 

i. 8 -. 30 .56 -2. 1 -2. 8 .78 

D6 

-1 .7  

1 .7  

- .  82  

4 . 8  

1 .4  

D7 

- .  34 

2 . 4  

-1 .4  

. 2  

1 .2  

4 
! 

I 

T A B L E  2 .9  R E P O R T E D  CRIME BY T Y P E  AND REGION 
SHOWING TEST S T A T I S T I C  F 

( C o m p a r i s o n  T i m e  P e r i o d s  I - I I )  

4 

C r i m e  Type  

tape 

robbery 

kggravated Assault 

D1 

1.5 

.82 

1.6 

CDI 

1.7 

1.0 

1 .2  

Ci ty  

1.6 

.95 

1.4 

Region 

D3 

6. 3** 

l.l 

1.5 

~urglary . 95 .55 .52 I. 3 

~uto Theft I. 6 I. 7 2. 2 ;:= I. 5 

D4 

1.0 

1.0 

1.3 

.85 

1.8 

22 

D5 D6 

2. O* 3. 2** 

1 .8  1 .2  

2. 5* 2 . 4 *  

1 .0  .54 

1.6 1.8 

* S i g n i f i c a n t  va lue•  

D7 

.83 

.67 

I.I 

1.5 

1.5 

** H igh ly  s i g n i f i c a n t  v a l u e .  
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In the e l e m e n t a r y  p r o c e d u r e s  d i s c u s s e d  and  i l l u s t r a t e d  above  a m a j o r  
a s s u m p t i o n  is tha t  the s a m p l e  is r a n d o m .  This  m e a n s  tha t  e a c h  va lue  is 
i n d e p e n d e n t  and  d r a w n  f r o m  the s a m e  p r o b a b i l i t y  d i s t r i b u t i o n  as e v e r y  o t h e r  
v a l u e .  H o w e v e r ,  the g e n e r a l  a p p r o a c h  to t i m e  s e r i e s  a n a l y s i s  t a k e s  a 
c o m p l e t e l y  oppos i t e  po in t  of v i e w  f r o m  the one r e f l e c t e d  by an  a s s u m p t i o n  of 
r a n d o m  s a m p l i n g .  The t i m e  s e r i e s  v i e w p o i n t  is  tha t  the da ta  m a y  be r e l a t e d  
r a t h e r  than  i n d e p e n d e n t  ( that  t hey  a r e ,  in  f ac t ,  c o r r e l a t e d )  and tha t  e a c h  t i m e  
po in t  has  i ts  own p a r t i c u l a r  p r o b a b i l i t y  d i s t r i b u t i o n .  Thus  a r g u m e n t s  b a s e d  on 
a r a n d o m  s a m p l e  m a y  not  app ly  to t ime  s e r i e s .  

The a s s u m p t i o n s  upon  w h i c h  g e n e r a l  t i m e  s e r i e s  m o d e l s  a r e  c o n s t r u c t e d  
a r e  v e r y  b a s i c .  T h e r e f o r e ,  those  a r e  the m o s t  g e n e r a l  m o d e l s ,  and  a n a l y s e s  
of any  o t h e r  k ind  m u s t  be c o m p a t i b l e  w i t h  t h e m  w h e n  a p p l i e d  to t i m e  s e r i e s  
da ta .  If tha t  is not  the c a s e ,  the b a s i c  a s s u m p t i o n ,  r a n d o m  s a m p l e ,  upon  
w h i c h  the h y p o t h e s i s  t e s t i n g  is b a s e d  (for n o r m a l  or  t - s t a t i s t i c  p r o c e d u r e s )  
is  not va l i d .  T i m e  s e r i e s  m o d e l s  of ten  a s s u m e  s t a t i o n a r y  da ta  w h i c h  m e a n s  
e a c h  po in t  in  t i m e  has  the s a m e  d i s t r i b u t i o n ,  h o w e v e r ,  in  g e n e r a l ,  the po in t s  
a r e  no__~t i n d e p e n d e n t .  It is  the g e n e r a l  l a c k  of i n d e p e n d e n c e  t ha t  m a k e s  t i m e  
s e r i e s  da ta  s a m p l e s  n o n r a n d o m  s a m p l e s .  

T i m e  s e r i e s  m o d e l s  a r e  d i s c u s s e d  in  o t h e r  s e c t i o n s  of th i s  r e p o r t .  
They  r e q u i r e  l a r g e r  s a m p l e s  t han  the z 6 - w e e k  s e r i e s  u s e d  for  the n u m e r i c a l  
i l l u s t r a t i o n s  in this  s e c t i o n . .  A m a j o r  o b j e c t i v e  of t i m e  s e r i e s  s t u d i e s  is  to 
e m p l o y  s u c h  m o d e l s  (e. g . ,  a u t o r e g r e s s i v e  i n t e g r a t e d  m o v i n g  a v e r a g e )  to give 
t h e o r e t i c a l l y  j u s t i f i e d  s t a t i s t i c a l  a n a l y s e s  of da t a  tha t  m i g h t  a l l o w  one to 
d i s c o v e r  i n d i c a t i o n s  of c h a n g e s .  Such m o d e l s  do not  on ly  a d d r e s s  l e v e l s ,  but  
m a y  p r o v i d e  an i n s i g h t  in to  the n a t u r e  of the t i m e  s e r i e s .  

It shou ld  be no t ed  tha t  the s i m p l e  s t a t i s t i c a l . a n a l y s e s  d e s c r i b e d  in  th i s  
S e c t i o n  m a y  be p a r t i c u l a r l y  u s e f u l  in  two w a y s :  

--Effects can be so strong that they will be truly indicated by the 
elementary analyses even though there are theoretical objections to 
the procedures. Thus, if one looks upon such analyses as 
indications and views them in connection with other information, 
they can be useful. They should not be viewed as having the same 
kind of statistical significance as analyses in which the theoretical 
assumptions are shown to be satisfied. 

- - T h e  n a t u r e  of s o m e  c r i m e  t y p e s ,  s u c h  a s  r a p e ,  is  s u c h  tha t  the 
t i m e  poin ts  a r e  l i k e l y  to c o n s t i t u t e  a r a n d o m  s a m p l e .  In s u c h  c a s e s  
the e l e m e n t a r y  a n a l y s e s  a r e  v a l i d  in  the ful l  s t a t i s t i c a l  s e n s e .  One 
va lue  of m o r e  g e n e r a l  t i m e  s e r i e s  a n a l y s i s  is t ha t  i t  he lp s  to 
e s t a b l i s h  w h i c h  c r i m e  types  a r e  of p u r e l y  r a n d o m  c h a r a c t e r .  

An alternative to using statistical comparison of sample statistics 
such as those discussed above is to present the variation in graph form. For 
time series data such as reported crime, each time period is assigned a 
position on the hoPizontal axis. For example if there are seven ti~ne periods 
available, then seven, equally spaced positions are assigned on the time 
(horizontal) axis and given the labels of the corresponding periods. Above each 
period, the mean value of the sample for that period is indicated by a point. 
This assigns the dimension of "number of reported crimes" to the veritical 
axis. The variability that is present in the data at each time period is indicated 

Z3 
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by  s h o w i n g  a s h o r t  l i n e  one  s t a n d a r d  d e v i a t i o n  a b o v e  . the m e a n  v a l u e  a n d  
a n o t h e r  t he  s a m e  a m o u n t  b e l o w  the  m e a n .  S u c h  a d i a g r a m  g i v e s  d i r e c t  v i s u a l  
a p p r e c i a t i o n  of  t he  u p w a r d  2 n d  d o w n w a r d  c h a n g e s  i n  t h e  m e a n  v a l u e s  f o r  
d i f f e r e n t  t i m e  p e r i o d s .  In  a d d i t i o n ,  i t  s h o w s  h o w  m e a n i n g f u l  t he  c h a n g e s  i n  
m e a n  a r e  b y  i n d i c a t i n g  t he  s t r e n g t h  of  v a r i a b i l i t y  p r e s e n t .  If t he  one  s t a n d a r d  
d e v i a t i o n  a b o v e  a n d  b e l o w  the  m e a n  r e s u l t s  i n  l a r g e  i n t e r v a l s ,  t h e  m e a n s  do 
n o t  w e l l  r e p r e s e n t  t he  d a t a  a n d  t h e i r  m o v e m e n t  u p  a n d  d o w n  d o e s  n o t  n e c e s s a r i l y  
s h o w  t i m e  c h a n g e s  i n  d a t a  l e v e l s .  On  t he  o t h e r  h a n d  i f  t h e  v a r i a t i o n  s p r e a d  
i s  r e l a t i v e l y  s m a l l  t he  m e a n  d o e s  r e p r e s e n t  t he  d a t a  a n d  c h a n g e s  i n  t he  m e a n  
v a l u e  a r e  l i k e l y  to  be  s t a t i s t i c a l l y  s i g n i f i c a n t .  A c t u a l  s i g n i f i c a n c e  f o r  c r i m e  
a n a l y s i s  i n  s u c h  c a s e s  w o u l d  d e p e n d  o n  the  m a g n i t u d e  of t h e  d i f f e r e n c e .  

Figure 2. I shows the alternative method for observing statistical 
variation for selected crime types. The five time periods (each sLx months 
long) are indicated as points on the horizontal axis. For a selected crime 
type, such as robbery in DI, a line segment two standard deviations long, 
centered at the sample mean value is drawn above each period. 

By considering plots, such as those shown in Figure 2.1 one can observe 
the changes in mean value directly. Since the standard deviations are also 
shown, one can see how representative the mean is likely to be. One can also 
g e t  a n  i m p r e s s i o n  of h o w  t h e  r a n d o m  o c c u r r e n c e  of  e v e n t s  i s  o p e r a t i n g .  A " 
l a r g e  v a l u e  i n d i c a t e s  a " l o s s  of  c o n t r o l " .  T h a t  i s ,  s o m e  k i n d  of  e x t r e m e  
c h a n g e  i n  t h e  s i t u a t i o n .  S m a l l e r  v a l u e s  of  t h e  s t a n d a r d  d e v i a t i o n  i n d i c a t e  
s o m e  l e v e l  of  s t a t i s t i c a l  s t a b i l i t y ,  a l l o w i n g  m o r e  r e l i a b l e  i n t e r p r e t a t i o n s  
of  d a t a  a n d  d e r i v e d  s t a t i s t i c a l  a n a l y s e s .  

F i g u r e  Z. 1 i n d i c a t e s  that the v a r i a b i l i t y  i n  r o b b e r y  i n c r e a s e d  i n  
P e r i o d  V r e s u l t i n g  in  a l o w e r  d e g r e e  of  s t a t i s t i c a l  c o n t r o l  f o r  t h i s  c r i m e  t y p e .  
T h i s  w a s  n o t  t h e  c a s e  f o r  a g g r a v a t e d  a s s a u l t  w h i c h  k e p t  a b o u t  t he  s a m e  v a r i a b i l i t y  
i n  a l l  p e r i o d s .  B u r g l a r y  s h o w s  a m a r k e d  d e c r e a s e  i n  m e a n  v a l u e s  w h i c h  i s  
p a r t i c u l a r l y  m e a n i n g f u l  b e c a u s e  of  t h e  r e l a t i v e l y  c o n s t a n t  l e v e l  of  v a r i a b i l i t y .  
Of c o u r s e  t h e  v a r i a b i l i t y  i s  i n  f a c t  f a i r l y  l a r g e  in  a l l  t h e s e  c a s e s  a s  one  m u s t  
e x p e c t  f r o m  s o c i a l  a s  d i s t i n c t  f r o m  e n g i n e e r i n g  t y p e  d a t a .  

24 
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Section 3 Preliminary Analysis of Time Series 

B e f o r e  any  k ind  of q u a n t i t a t i v e  s t a t i s t i c a l  a n a l y s i s  of t i m e  s e r i e s  da t a  
is  u n d e r t a k e n  i t  is  a d v i s a b l e  to c a r r y  out  s o m e  a m o u n t  of p r e l i m i n a r y  a n a l y s i s .  
The d e t a i l s  and  e x t e n t  of s u c h  a n a l y s i s  d e p e n d s  on the k ind  of s u b s e q u e n t  i n v e s -  
t i g a t i o n s  tha t  a r e  i n t e n d e d  and  the m a g n i t u d e  of the e n t i r e  s t a t i s t i c a l  e f fo r t .  In 
the c a s e  of a s m a l l  e f f o r t  the p r e l i m i n a r y  type a n a l y s i s  m a y  f o r m  e s s e n t i a l l y  
the c o m p l e t e  s tudy  o r  at  l e a s t  r e p r e s e n t  a m a j o r  p a r t  of i t .  When e x t e n d e d  
i n v e s t i g a t i o n s  a r e  c a r r i e d  out  i n c l u d i n g  d e t a i l e d  s t a t i s t i c a l  c a l c u l a t i o n s  and 
s t o c h a s t i c  m o d e l i n g ,  the p r e l i m i n a r y  a n a l y s i s  w i l l  r e p r e s e n t  on ly  a s m a l l  f r a c -  
t ion  of the o v e r a l l  e f fo r t .  

The p u r p o s e  of p r e l i m i n a r y  a n l y s i s  is  to u n d e r s t a n d  the t i m e  s e r i e s  
da ta  u n d e r  i n v e s t i g a t i o n .  Dur ing  this  p h a s e  of s t udy  one b e c o m e s  f a m i l i a r  
w i th  the k ind  of r e l i a b i l i t y  and  u n d e r l y i n g  s t a t i s t i c a l  v a r i a b i l i t y  tha t  a r e  p r e s e n t  
in the da ta .  This  u n d e r s t a n d i n g  is q u a l i t a t i v e  in  n a t u r e ,  s o m e t i m e s  a s s i s t e d  
by n u m b e r i c a l  m e a s u r e m e n t s .  It m a y  s u g g e s t  s u b s e q u e n t  q u a n t i t a t i v e  a n a l y s i s  
and  l e ad  to u s e f u l  c o n c l u s i o n s  abou t  the da t a .  

In this  S e c t i o n  the fo l lowing  f e a t u r e s  of p r e l i m i n a r y  a n a l y s i s  of t i m e  
s e r i e s  w i l l  be d e s c r i b e d  and  i l l u s t r a t e d :  

o Q u a l i t a t i v e  n a t u r e  of t ime  s e r i e s  da ta  r e l a t i v e  to i t s  r e l i a b i l i t y ,  and 
u t i l i t y  f o r  v a r i o u s  l e v e l s  of s t a t i s t i c a l  a n a l y s i s .  C o m p o n e n t  m o d e l s .  

o ! n v e s t i g a t i o n  of n o n - s t a t i o n a r y  c h a r a c t e r  and  c y c l i c  t r e n d s .  

o I n v e s t i g a t i o n  of h o m o g e n i t y  of the da t a  and  a d v i s a b i l i t y  of da ta  t r a n s -  
f o r m a t i o n .  

Q u a l i t a t i v e  A n a l y s i s  

The most direct approach to begin any study of time series data is to 
make a plot of the data values against time. Even such" a basic tool of analysis 
requires several decisions for its implementation. The kind of data values 
must be selected. In analysis of reported crime this means selecting the geo- 
graphic region and crime type; for example robberies in District I might be 
selected. The time scale must also be selected, for example the plot might be 
by day, or week, or month. Aggregation of data by region, crime type, and time 
period can affect the nature of the plot and also of subsequent statistical analysis. 

Another problem with time series plots is simply the effort required 
to produce them. To be useful time series should contain a fairly large number 
of data values leading to rather long plots. Many different cases of series data 
may be desired; for example one may wish to study some ten crime types for six 
police districts. One can very soon be faced with plotting between 70 and i00 
graphs, each with over 70 data points. This is a substantial task if undertaken 
by hand. 

Fortunately if the data are developed into a computerized data base the 
plots can be done by most computer centers on a digital plotter. It is also pos- 
ssible to form plots with the printer but these are not nearly as satisfying as plots 
produced on a plotter. If one has the option of using a plotter it should certainly 
be used. Many plots of high quality can be produced at low cost (plotters operate 
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"off line" from tape produced bvd'..e central comnuter). The computer produced 
time series plots provide a powerful tool for preliminary analysis, particularly 
when many plots are desired. 

Figures 3. I and 3.2 illustrate computer produced plots of reported crime 
data. In the plot of Fi:zure 3.2 the o<erall pncar, value and sample standard devia- 
tion values are shown by three horizontal lines. The lines on either side of the 
mean show an amount equal to one standard deviation. Though these values are 
for the entire series and thus do not rezrc~ent it, formation about short segments 
of the series, they do indicate somethino about the overall level and extent of 
statistical variation present in the data. 

Even when more detailed studies intend to use weekly data it may be of 
value to consider time series plots of n~.onthly data as a step in preliminary 
analysis. Reported crinne in particular succests such an approach. Such data 
are more likely to be available as monthly tin-le series than by week, There- 
fore analysis of data can start sooner if n~.ontl'Iv data are used and the value of 
going after weekly data can be assessed./~ the'mon:hly data seems to be in 
good shape and further analyses are co n~..plated weekly data can be requested, 
The details of data selection are descriSed in Reference (1). 

Monthly data are more likely to indicate certain seasonal trends and 
overall properties of son~.e time series. In sonde ways their underlying structure 
is simpler than for weekly series and can be n~.ore easily developed into a pre- 
liminary component t~'pe of n]odel. By considering a simple components model 
one can gain some feeling for the statistical variation present in the data, This 
is illustrated by Figure 3. 3 showing robber?" in District 1 for a 54 month time 
series, ...... 

A simple analysis of this kind of data is shown in Figure 3.4 which 
divides the full time series into three distinct periods. The first is a rather 
stable series from January 1968 to .,X4arch 1970 then a transition region exists 
during which the leve! of the series incrca.~es to a new stable series with a 
mean about 12 robberies a month greater than for the earlier period. The tran- 
sition region can be re~resented by a varyin~ 7 mean curve as shown. These 
simple analyses may employ regression to fit underlying trend curves or 
combine the use of visual fits and calculated mean and standard deviation values. 

T h e  l i n e s  f o r  the  t r a n s i t i o n  r e g i o n  w e r e  found  as  r e g r e s s i o n  l i n e s  f o r  
r e g i o n s  d e t e r m i n e d  v i s u a l l y  as  be. :~:  d i c t i n c t  in a ~ :ua l i t a t ive  w a y  (by s u b j e c t i v e  
j u d g m e n t ) .  T h e  u p p e r  and  lov. 'er l i : :es  r c p : - e s e r . t  o1~.c s t a n d a r d  d e v i a t i o n  d i f -  
f e r e n c e  f o r  e a c h  r e ~ i o n  b e i n g  c o n s i d e r e d .  T h e  D e c e m b e r  v a l u e s  s h o w a  s t r o n g  i 
s e a s o n a l  e f f e c t  fo r  r o b b e r y .  T h e y  d i s t o r t  the o t h e r  d a t a  a n d  s h o u l d  no t  be 
i n c l u d e d  in  c a l c u l a t i o n s  of the m e a n  and  s t a n d a r d  d c . v i a t i o n s .  S u c h  p o i n t s  a r e  
o u t - l y e r s  f o r  w h i c h  a s p e c i f i c  j u s t i f i c a t i o n  s h o u l d  be s o u g h t  r a t h e r  t h a n  m i x i n g  
then-~ in w i t h  the n o m i n a l  s t a t i s t i c a l  d a t a .  

By considerino~ data plots, impo~ine. . samplo mean and standard deviation 
values, identifying chan~ing re,ions and sp<,cial cha,'acteristics one gains an ," 
i m p o r t a n t  f a m i l a r i t y  v.'ith the t i m e  s e r i e s  m ~ l e r  c o n s i d e r a t i o n . .  M a k i n g  s o m e  , 
s i m p l e  m o d e l  f o r m s ,  w i th  o r  w i t h o u t  r e , g r e s s i o n  t e c h n i q u e s  s e r v e s  to i n c r e a s e  , 
and  s h a r p e n  th is  f a m i l a r i t y  to a po in t  w h e r e  the a n a l y s t  c a n  e m b a r k  on d e t a i l e d  
statistical studies wit}~ some initial feelin~ about tht, data. This plays the 
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FIGURE 3.1 

BURGLARY IN DISTRICT 1 BY WEEK 
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FIGURE 3. Z 

BURGLARY IN'DISTRICT 1 
SHOWING MEAN AND STANDARD DEVIATION 
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FIGURE 3.3 

ROBBERY IN DISTRICT 1 BY MONTH 
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FIGURE 3.4 

ROBBERY IN DISTRICT 1 
SIMPLE PRELIMINARY ANALYSIS 
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r o l e ,  f o r  a n a l y s i s ,  t h a t  r e a l  / e x p e r i e n c e  w i t h  t he  p h e n o m e n a  u n d e r  s t u d y  
p l a y s  f o r  t he  p o t e n t i a l  c u s t o m e T J o f  the  a n a l y s i s .  T h e r e f o r e  p r e l i m i n a r y  a n a l y s i s  
o f  t he  k i n d  i n d i c a t e d  a b o v e  h e l p s  i n  c o m m u n i c a t i o n  b e t w e e n  t h e  a n a l y s t l a n d  t h e  
c u s t o m e r  a s  w e l l  a s  p r o v i d i n g  a b a s i s  u p o n  w h i c h  to c o n t i n u e  i n t o  m o r e  d e t a i l e d  
s t u d i e  s .  

Investigation of Trends 

T h e r e  a r e  two m a j o r  k i n d s  o f  t r e n d s  t h a t  m a y  be  p r e s e n t  i n  t i m e  s e r i e s  
d a t a .  O n e  i s  a c h a n g e  in  l e v e l  r e s u l t i n g  in  a n o n - s t a t i o n a r i t y  o f  t h e  u n d e r l i n g  
s t a t i s t i c a l  n a t u r e  o f  t he  d a t a .  T h e  o t h e r  i s  c y c l i c  v a r i a t i o n s  w h i c h  o c c u r  
r e g u l a r l y  in  a s e r i e s .  T h e s e  a r e  s t a t i o n a r y  in  n a t u r e  b u t  c a n  d i s t o r t  i n t e r p r e t a -  
t i o n s  o f  t he  d a t a  i f  n o t  i d e n t i f i e d  a n d  m e a s u r e d .  

S t o c h a s t i c  m o d e l s  r e q u i r e  s t a t i o n a r i t y  o f  t h e  d a t a .  T h e y  c a n  a c c o m m o d a t e  
c y c l i c  t r e n d s  i f  t h e s e  a r e  p r o p e r l y  i d e n t i f i e d .  B o t h  k i n d s  o f  t r e n d s  c a n  be  i d e n t i -  
f i e d  b y  m e a n s  o f  d e t a i l e d  s t a t i s t i c a l  a n a l y s i s  a s  d i s c u s s e d  in  S e c t i o n  4. H o w e v e r  
i t  i s  o f t e n  a n  a d v a n t a g e  to s t u d y  t i m e  s e r i e s  p l o t s  w i t h  p a r t i c u l a r  a t t e n t i o n  p a i d  
to  t h e  e x i s t e n c e  o f  t r e n d s .  B y  m a k i n g  q u a l i t a t i v e  i d e n t i f i c a t i o n  o f  t r e n d s  in  t h e  
p r e l i m i n a r y  a n a l y s i s  s t a g e  o n e  c a n  c o n s i d e r  a p p r o p r i a t e  m o d i f i c a t i o n s  o f  t h e  
d a t a  ( s u c h  a s  d i f f e r e n c i n g  to r e d u c e  n o n - s t a t i o n a r i t y )  a n d  m o r e  e a s i l y  u n d e r s t a n d  
t h e  n a t u r e  o f  d e t a i l e d  s t a t i s t i c a l  c a l c u l a t i o n s  ( a u t o c o r r e l a t i o n  v a l u e s ) .  

F i g u r e  3 . 5  s h o w s  a t i m e  s e r i e s  p l o t  f o r  t h e  S u r n p  w a t e r  l e v e l  e x a m p l e .  

In  F i g u r e  3 . 5  the  e x i s t e n c e  o f  a t r e n d  i s  c l e a r l y  i n d i c a t e d .  S i n c e  t h e  
d a t a  f o r  t h i s  e x a m p l e  w e r e  g e n e r a t e d  b y  a s y n t h e t i c  p r o c e d u r e  i t  i s  k n o w n  
t h a t  t h e  t r e n d  l i ne  h a s  s l o p  . Z. S u c h  a l i n e  i s  s h o w n  i n  the  f i g u r e  w i t h  a 
s t a r t i n g  v a l u e  e q u a l  to t h e  m e a n  of  t he  s a m e  s e r i e s  w i t h o u t  the  t r e n d  ( S u m p  1 
e x a m p l e )  p l u s  a s h i f t  of  Z u n i t s  w h i c h  w a s  a l s o  i n t r o d u c e d  i n t o  t he  t r e n d  l i n e .  
T h e  d e t e r m i n i s t i c  r e m o v a l  a n d  a d d i t i o n  o f  w a t e r  to  t h e  s u m p  c a n  a l s o  be  
o b s e r v e d  t h o u g h  t h e r e  i s  e n o u g h  r a n d o m  v a r i a t i o n  to s o m e w h a t  m a s k  t he  
v a r i o u s  d e t e r m i n i s t i c  f a c t o r s .  

I n v e s t i g a t i o n  of H o m 6 g e n i t y  / 
If  o n e  w i s h e s  to d e v e l o p  a m a t h e m a t i c a l  m o d e l  o f  a t i m e  s e r i e s  i t  i s  

d e s i r a b l e  to h a v e  a b o u t  the  s a m e  a m o u n t  o f  v a r i a t i o n  o v e r  t h e  l e n g t h  of  t h e  
s e r i e s .  T h i s  p r o p e r t y  i s  c a l l e d  h o m o g e n i t y .  B y  o b s e r v i n g  a p l o t  o f  the  d a t a  o n e  
c a n  o f t e n  j u d g e  the  d e g r e e  to w h i c h  the  s e r i e s  i s  h o m o g e n e o u s .  W h e n  the  s e r i e s  
i S  n o t  h o m o g e n e o u s  the  d a t a  c a n  be  t r a n s f o r m e d  b y  r a i s i n g  i t  to s o m e  p o w e r  k .  
I f  t he  b e s t  p o w e r  to  u s e  s e e m s  to  be  k=0  a n a t u r a l  log  t r a n s f o r m a t i o n  i s  u s e d .  
T h e  p a r t i c u l a r  p o w e r  to u s e  i s  b a s e d  on  j u d g m e n t  a n d  t e s t e d  b y  c h e c k i n g  t h e  
t r a n s f o r m e d  d a t a  f o r  h o m o g e n i t y .  One  c a n  g a i n  s o m e  i n i t i a l  e x p e r i e n c e  b y  
f o r m i n g  two o r  t h r e e  t r a n s f o r m e d  s e r i e s  a n d  n o t i n g  the  e f f e c t  o f  t he  p o w e r s  u s e d .  
I t  i s  o f t e n  u s e f u l  to u s e  o n e  f r a c t i o n a l  a n d  o n e  i n t e g e r  p o w e r  a s  a s t a r t .  

Sometimes a semi-quantitative approach can be used to test time series 
data for homogenity. This is known as the range-mean plot. Such a plot is 
based on a set of time series values [z~]. A spacing value S is selected and 

.... .: the terms {Zt_ks]are collected into a sLet S O the terms {Zt_l_ks]into a set S 1 

': and so forth, where .k = I, .... m and m is determined by the amount of 
available data (length of the time series zt). 
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Suppose that p such sets of data are obtained in this way, where p is 
determined by the amount of available data. The values m and p are selected 
so as to use most of the data values, give the sets S., j = i,..., p reasonable 

J 
content (each containm values), and have enough sets so as to get a reasonable 
number of points on the scatter plot. For each of the sets S., one obtains the 

J 
range R. of data values (largest value minus smallest value) and the mean value 

] 
M. of the data points. Each such pair (Rj, M.) forms a point on the scatter plot 
J J 

of range R vs. mean M. If the range does not depend on the mean, then no 
transformation of data is indicated. Otherwise, the dependencey observed may 
suggest a useful transformation. 

There are two ways in which the scatter plot can indicate a lack of 
functional dependence between the range and the mean: One way is to have the 
p points fall in very general positions. The other is to have them fall in an 
almost horizontal pattern. It may be appreciated that this analysis of data 
t r a n s f o r m a t i o n  i s  h i g h l y  s u b j e c t i v e  in  m o s t  c a s e s ;  bu t  i t  i s  f e l t  to be of v a l u e  
a s  a g e n e r a l  gu ide  and  m i g h t  be u s e f u l  i n  a n a l y s i s  of  r e p o r t e d  c r i m e .  

The range-mean analysis for homogenity can be illustrated for robbery 
data as shown in Figure 3.6 for police District 1 in Cincinnati. The data series 
was divided into seven subsets each covering six months of weekly data. Though 
robbery data have been modeled directly the plot in Figure 3.6 indicates that a 
transformation might yield more easily analyzed data. A log transformation is 

• O o 

suggested by the 45 hne through the data. For lines having less slope a 
positive power between zero and unity is suggested; for greater slopes negative 
powers are more apprpriate. This may be explained by considering the case of 
a slope of 20 ° (less than the 45 ° slope corresponding to 0) which might suggest 
a power like . 5. For this transformation relatively small values are not 
changed too much while larger values are changed by a greater amount thus 
tending to bring the variation of data values to the same level. 
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S e c t i o n  4. D e t a i l e d  S t a t i s t i c a l  T e c h n i q u e s  

T h e  s a m p l e  m e a n  a n d  s a m p l e  s t a n d a r d  d e v i a t i o n  of  a t i m e  s e r i e s  a r e  
two  n u m e r i c a l  c h a r a c t e r i s t i c s  of  a s e r i e s  b u t  f a l l  f a r  s h o r t  o f  c o m p l e t e  
c h a r a c t e r i z a t i o n  o f  the  t i m e  s e r i e s  a s  r e p r e s e n t e d  b y  d a t a .  

In the study of time series the mean and standard deviations should 
be considered. However, there are two major reasons for developing a 
methodology for constructing detailed representational statistics in addition. 
When there is a strong effect that is reflected by changing mean values more 
detailed statistics will provide greater appreciation of the kinds of 
differences present. Alternatively the change in time series samples may 
occur in fundamental aspects of the time series rather than in the levels 
indicated by the sample mean. The mean values may fail to indicate change 
when, in fact, the two time series are different. In such a case simple 
statistical procedures would indicate no change, possibly missing important 
changes that are, in fact, present. 

T h e  c a s e  i n  w h i c h  two t i m e  s e r i e s  c a n  be  c o m p l e t e l y  d i f f e r e n t  w i t h o u t  
a n  i n d i c a t i o n  of  t h a t  d i f f e r e n c e  b e i n g  s h o w n  b y  t h e  m e a n  v a l u e  o r  s t a n d a r d  
d e v i a t i o n  c a n  be  i l l u s t r a t e d  b y  e a s i l y  c o n s t r u c t e d  e x a m p l e s  d e s i g n e d  f o r  t h a t  
p u r p o s e .  H o w e v e r ,  F i g u r e  4. 1 s h o w s  a n  i l l u s t r a t i o n  u s i n g  a c t u a l  t i m e  s e r i e s  
d a t a .  In  F i g u r e  4. 1 b o t h  t i r ne  s e r i e s  h a v e  a m e a n  v a l u e  of  14 a n d  s t a n d a r d  
d e v i a t i o n  of  f i v e  (to the  n e a r e s t  i n t e g e r ) .  T h e  p l o t s  c e r t a i n l y  l o o k  q u i t e  
d i f f e r e n t  ( the  p e a k s  a n d  v a l l e y s  g e n e r a l l y  h a v i n g  v e r y  d i f f e r e n t  m a g n i t u d e s  
a n d  f a l l i n g  in  d i f f e r e n t  p o s i t i o n s )  a n d  in  f a c t  o n e  i s  f o r  a u t o  t h e f t  a n d  t he  
o t h e r  i s  f o r  t o t a l  n o n i n d e x  c r i m e s  b y  w e e k  i n  p o l i c e  D i s t r i c t  1 o f  C i n c i n n a t i  
( f r o m  m i d - 1 9 7 1  t h r o u g h  1972) .  T h u s  t he  u s e  o f  m e a n  a n d  s t a n d a r d  d e v i a t i o n  
v a l u e s  c a n  c o m p l e t e l y  m i s s  s i g n i f i c a n t  d i f f e r e n c e s  b e t w e e n  t i m e  s e r i e s .  

Because of the random nature of time series such as crime data, the 
difference in appearance of the two plots does not necessarily imply a true 
difference bet%veen these time series. For example, they might look like 
Figure 4. 1 and both graphs represent different time series of the. same crime 
type. A more critical test of difference, dot based on the appearance of the 
graphs, is to look at a number of detailed statistical values computed for 
each series. These autocorrelation values are discussed below. Figure 4.2 
shows 20 such values specified as lag values for the autocorrelation of each 
crime type. • These values do indeed indicate a considerable difference between 
auto larceny and nonindex crime. 

• "" ; 

Sample correlation values give a more complete characterization of 
a time series by providing additonal numerical quantities derived from the 
data. These values express the degree to which data at various time intervals 
(e. g. weeks) called lags, are correlated. A lag of zero corresponds to the 
sample variance. Increasing the lag corresponds to measuring the extent, 
over time periods, to which series values are similar, i.e., correlated. 
Since the sample values are all for one time series, correlation is between 
different time data values of the same series. Thus, the sample statistics are 
called autocorrelations, denoted by acf (autocorrelation function). Figure 4. Z 
shows 20 autocorrelation values for the reported crime series given in Figure 
4.1. 
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A u t o c o r r e l a t i o n  v a l u e s  a r e  c o m p u t e d  f r o m  the  t i m e  s e r i e s  d a t a  b y  
u s i n g  f o r m u l a s  f r o m  m a t h e m a t i c a l  s t a t i s t i c s .  T h e s e  f o r m u l a s  p r o d u c e  v a l u e s  
o f  d e s i r a b l e  f o r m  w h i c h  a l s o  h a v e  a n  a s s o c i a t e d  s t a t i s t i c a l  t h o r y  so  t h a t  i n  
a p p r o p r i a t e  c a s e s  s t a t i s t i c a l  t e s t s  o f  s i g n i f i c a n c e  c a n  be  a p p l i e d .  T h e  m e t h o d  
f o r  c o m p u t i n g  a u t o c o r r e l a t i o n  v a l u e s  f o l l o w s :  

-}  
D e n o t e  the  t i m e  s e r i e s  by  ~ w  i a n d  i t s  m e a n  b y w  w h e r e  w = 1 n - -  ~ W .  

n. I' 
I = 

n is the number of data points in the time series. Then the autocorrelation 
of lag k is r k = Ck/C 0 for k = 0, I, ..., K where K is the maximum lag con- 

sidered and the autocovariance values c k are ~efined by the formula: 

1 n-k 

Ck =--n : ~ (wi -?v) (Wi+k -w) 
i=1 

f o r  k = 0, 1, . . . ,  K .  N o t e  t h a t  c o i s  t he  s a m p l e  v a r i a n c e  a n d  r 0 i s  a l w a y s  
u n i t y  (by d e f i n i t i o n ) .  

A u t o c o r r e l a t i o n s  c a n  be  p r e s e n t e d  in  e i t h e r  n u m e r i c a l  f o r m  a s  t a b l e s  
o r  i n  g r a p h i c a l  f o r m  a s  s h o w n  in  F i g u r e  4 . 2 .  T h e  n u m e r i c a l  v a l u e s  a r e  u s e f u l  
w h e n  t h e  e x a c t  v a l u e s  a r e  n e e d e d  w h e r e a s  the  g r a p h i c a l  f o r m  i s  m o s t  u s e f u l  
i n  g i v i n g  a p i c t u r e  of  bhe g e n e r a l  n a t u r e  o f  t h e  a u t o c o r r e l a t i o n s  a s s o c i a t e d  w i t h  
a t i m e  s e r i e s .  F o r  m a n y  p u r p o s e s  of  a n a l y s i s ,  s u c h  a s  t he  f o r m u l a t i o n  o f  
m a t h e m a t i c a l  m o d e l s  of  t he  t i m e  s e r i e s ,  t he  p a t t e r n  o f  a u t o c o r r e l a t i o n  v a l u e s  
p l a y s  a m a j o r  r o l e .  S u c h  p a t t e r n s  a r e  b e s t  s e e n  b y  m e a n s  o f  the  g r a p h i c a l  
p r e s e n t a t i o n .  In  the  e x a m p l e s  b o t h  t a b l e s  a n d  p l o t s  o f  a u t o c o r r e l a t i o n s  w i l l  b e  
i l l u s t r a t e d .  

A n  a r t i f i c i a l  t i m e  s e r i e s  r e p r e s e n t i n g  t he  w a t e r  l e v e l  a t  96 t i m e  u n i t s  
( h o u r )  f o r  t h e  s u m p  e x a m p l e  y i e l d s  the  a u t o c o r r e l a t i o n s  l i s t e d  in  T a b l e  4 . 1  a n d  
s h o w s  in  t he  p l o t  o f  F i g u r e  4. 3. 

Autocor relation 

Autocorrelation 

1 

.Z6 

11 

.04 

2 

-.03 

12 

.06 

_ 3 

-.II 

13 

.IZ 

4 5 

-.01 .03 

14 

-.14 

15 

.01 

6 

.14 

16 

-.03 

7 

-.17 

17 

-.09 

8 

'18 
18 

.17 

9 

'Z6 
19 

-.01 

i0 

0.0 

Z0 

-. 14 

Table 4. i. Autocorreladons for Surnp I 

Since the Sump 1 time series has 96 data points and I/~7-~ = . I, only autocor- 
relations greater than . 1 in magnitude have any possible significance. These 
correspond to ~g values of I, 3, 6, 7, 8.9, 13, 14, 18, Z0. Of these the values at 
3, 13, 14, and Z0 are near . 1 and likely to have little meaning. The values at 6 
and 18 seem to reflect the deterministic in phase changes being made to the 
water level at six hour separations. This is also true of the relatively strong 
autocorrelations at 1 and 9 due to the combination of 3 hour and 6 hour deter- 
ministic changes in water level. 
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I f  the  t i m e  i n t e r v a l  f o r  t he  d a t a  i s  w e e k s ,  t h e n  the  l a g  i s  m e a s u r e d  i n  
w e e k s .  T h e  a u t o c o v a r i a n c e  v a l u e s  G k m e a s u r e  the  v a r i a b i l i t y  a b o u t  the  

f u l l  s e r i e s  m e a n  ~ d u e  to t e r m s  in  the  s e r i e s  s e p a r a t e d  b y  k w e e k s  ( l ag  k) .  
W h e n  k=0 ,  t h i s  i s  t he  s a m p l e  v a r i a n c e  r e s u l t i n g  f r o m  the  f u l l  s e r i e s  of  n 
d a t a  v a l u e s .  A u t o c o r r e l a t i o n s  a r e  m e a s u r e d  in  u n i t s  o f  t h e  v a r i a n c e  G a n d  

O 

m u s t  t a k e  on  n u m e r i c a l  v a l u e s  b e t w e e n  -1 a n d  +1. A h i g h  p o s i t i v e  
(e .  g . ,  . 8) v a l u e  f o r  a n  a u t o c o r r e l a t i o n  of  l ag  k i n d i c a t e s  t h a t  v a l u e s  s e p a r a t e d  
by  k w e e k s  a r e  s i m i l a r  in  t h a t  i f  o n e  d a t a  p o i n t  i s  h i g h  the  d a t a  p o i n t  k w e e k s  
a w a y  w i l l  be  h i g h  a n d  i f  o n e  i s  l o w  b o t h  w i l l  b e  l o w .  L a r g e  n e g a t i v e  v a l u e s  
( e . g . ,  - . 7 5 )  i n d i c a t e s  t he  o p p o s i t e  e f f e c t .  T h e  w e e k l y  v a l u e s  k w e e k s  a p a r t  
a r e  r e l a t e d  b u t  in  an  i n v e r s e  w a y  so  t h a t  w h e n  o n e  v a l u e  i s  h i g h  t he  o t h e r  i s  
l o w .  Of  c o u r s e ,  t h e s e  a r e  s t a t i s t i c a l  i n d i c a t i o n s  o n l y  a n d  r e p r e s e n t  a l i k e l y  
general behavior of the series data. Particular values may not actually conform 
to the likely behavior indicated by the series autocorrelations. When the 
autocorrelation C k is near zero (positively or negatively), data values separated 

by k weeks are not likely to have a significant relationship to each other. 

A u t o c o r r e l a t i o n  v a l u e s  m a y  i n d i c a t e  a n u m b e r  o f  t h i n g s  a b o u t  a t i m e  s e r i e s .  
I f  the  s a m p l e  d a t a  p o i n t s  do n o t  r e f l e c t  c h a n g i n g  l e v e l s  o f  c r i m e  o r  o t h e r  m a j o r  
c h a n g e s  in  the  d a t a  c o l l e c t i o n  s y s t e m ,  the  s e r i e s  i s  s a i d  to be  s t a t i o n a r y .  In  
s u c h  c a s e s ,  the  a u t o c o r r e l a t i o n v a l u e s  w o u l d  be  e x p e c t e d  to d e c r e a s e  in  m a g n i t u d e  
( d i s r e g a r d i n g  the  p o s i t i v e  o r  n e g a t i v e  n a t u r e  of  t he  d a t a ) .  T h i s  i s  b e c a u s e  
v a l u e s  s h o u l d  b e c o m e  l e s s  r e l a t e d  a s  t h e y  b e c o m e  s e p a r a t e d  in  t i m e  e x c e p t  f o r  
t h r e e  k i n d s  of  s i t u a t i o n s .  One  s i t u a t i o n  in  w h i c h  t he  a u t o c o r r e l a t i o n  v a l u e s  do 
n o t  d e c r e a s e  q u i c k l y  a s  l ag  v a l u e  i n c r e a s e s  i s  t h e  n o n - s t a t i o n a r y  s e r i e s  m e n t i o n e d  
a b o v e .  In  s u c h  c a s e s ,  t h e r e  i s .  s o m e  r e a l  e f f e c t  o p e r a t i n g  to p r o d u c e  d a t a  t h a t  
a r e  c o r r e l a t e d .  A t r e n d  l i n e  i s  a t y p i c a l  i n d i c a t i o n  of  s u c h  a n  e f f e c t .  F o r  
e x a m p l e ,  i f  b u r g l a r y  i n c r e a s e s  d u e  to t h e  p r e s s u r e s  o f  a b a d  e c o n o m y ,  t h e r e  
c a n  be  a g e n e r a l  i n c r e a s i n g  t r e n d  r e n d e r i n g  the  t i m e  s e r i e s  o f  b u r g l a r i e s  
n o n - s t a t i o n a r y .  A u t o c o r r e l a t i o n s  c a n  be  u s e d  to i n d i c a t e  t he  p r e s e n c e  o f  
s u c h  t r e n d s .  

A n o t h e r  s i t u a t i o n  t h a t  c a u s e s  l a r g e  a u t o c o r r e l a t i o n  va lues"  a t  v a r i o u s  
l a g  a m o u n t s  i s  a s o - c a l l e d  s e a s o n a l  o r  p e r i o d i c  e f f e c t .  I f  r o b b e r i e s  a r e  
h i g h  in  t he  t h i r d  w e e k  of  e v e r y  m o n t h ,  t h e n  s o m e  i n d i c a t i o n  of  t h i s  w i l l  be  
s h o w n  b y  r a t h e r  l a r g e  a u t o c o r r e l a t i o n  v a l u e s  f o r  l a g  v a l u e  4 ( t he  a p p r o x i m a t e  
w e e k l y  s e p a r a t i o n ) .  A u t o c o r r e l a t i o n  v a l u e s  c a n ,  t h e r e f o r e ,  b e  u s e d  to i n d i c a t e  
the  p r e s e n c e  o f  p e r i o d i c  e f f e c t s .  F o r  r e p o r t e d  c r i m e  d a t a ,  p e r i o d i c  e f f e c t s  
a r e  n o t  l i k e l y  to o c c u r  i n  w e e k l y  t i m e  s e r i e s .  T h e y  a r e  m o r e  l i k e l y  to s h o w  
up ,  i f  t h e y  e x i s t  a t  a l l ,  i n  m o n t h l y  d a t a .  S o m e  a s p e c t s  o f  a p e r i o d i c  e f f e c t s  
s t u d y  a r e  g i v e n  in  S e c t i o n  9. 

T h e  t h i r d  s i t u a t i o n  w h i c h  m a y  y i e l d  r e l a t i v e l y  l a r g e  a u t o c o r r e l a t i o n  
v a l u e s  i n  v a r i o u s  p a t t e r n s  i s  w h e n  the  t i m e  s e r i e s  d a t a  h a v e  s o m e  d e g r e e  o f  
s t a t i s t i c a l  s t r u c t u r e  l e a d i n g  to t he  p o s s i b i l i t y  o f  r e p r e s e n t a t i o n  a s  a m a t h e m a t i -  
c a l  m o d e l .  T h e  a u t o c o r r e l a t i o n  v a l u e s  c a n  be  u s e d  to i n d i c a t e  t he  m o s t  l i k e l y  
s u c h  m o d e l  f o r m  a n d  s h o w  h o w  i t  s h o u l d  be  d e v e l o p e d .  T h i s  i s  t h e  a p p r o a c h  
to s t o c h a s t i c  m o d e l s  d i s c u s s e d  in  S e c t i o n  6." 

W h e n  t h e r e  a r e  no  a u t o c o r r e l a t i o n  e f f e c t s ,  t he  t i m e  s e r i e s  i s  s a i d  to 
be  p u r e l y  r a n d o m  in  c h a r a c t e r .  T h e  t e r m  r a n d o m  m a y  be  u s e d  in  a n u m b e r  o f  

w a y s ,  u s u a l l y  i m p l y i n g  the  o p p o s i t e  of  d e t e r m i n i s t i h .  A r a n d o m  o c c u r r e n c e  
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i s  o n e  t h a t  d e p e n d s  o n  s o m e  k i n d  of  p r o b a b i l i s t i c  f r a m e w o r k  w h i c h  m a y  be  
s u p p o s e d  to be  a c t i n g ,  w h i c h  g o v e r n s  t he  o c c u r r e n c e .  In  t h i s  r e p o r t ,  r a n d o m  
i s  u s e d  i n  t h i s  s e n s e  a n d  m o r e  p a r t i c u l a r l y  to d e n o t e  a l a c k  of  c o r r e l a t i o n  
e f f e c t s  b e t w e e n  j o i n t  e v e n t s  w h i c h  t a k e n  t o g e t h e r  a r e  s u b j e c t  to p r o b a b i l i s t i c  
l a w s ,  s u c h  a s  the  t i m e  s e r i e s  v a l u e s  o f  r e p o r t e d  c r i m e .  T h e s e  e x a m p l e s  p r e s e n t  
a u t o c o r r e l a t i o n s  f o r  P o l i c e  D i s t r i c t  1 C i n c i n n a t i  (D1),  a l l  o f  C i n c i n n a t i  e x c e p t  
D1 (CD1) ,  a n d  f o r  the  c i t y .  A m a x i m u m  l ag  v a l u e  of  20 i s  u s e d .  A u t o -  
c o r r e l a t i o n s  w e r e  c o m p u t e d  f o r  the  8 7 - w e e k  p r e - C O M S E C  a n d  a 7 8 - w e e k  
p o s t - C O M S E C  p e r i o d  in  e a c h  of  t he  r e g i o n s  D1, CD1 a n d  c i t y .  

T h e  a u t o c o r r e l a t i o n s  m a y  be  p r e s e n t e d  a s  t a b u l a t e d  d a t a  o r  a s  g r a p h s .  
In  e i t h e r  c a s e ,  t h e r e  m u s t  be  s o m e  m e a s u r e  o f  p u r l y  r a n d o m  d i f f e r e n c e  
f r o m  z e r o  a u t o c o r r e l a t i o n .  One  w i s h e s  to u s e  the  a c f  v a l u e s  to c h a r a c t e r i z e  
a n d  i n t e r p r e t  t he  t i m e  s e r i e s .  In  s u c h  a p p l i c a t i o n s ,  " s i g n i f i c a n t "  n u m e r i c a l  
a c f  v a l u e s  a r e  e m p l o y e d .  H o w e v e r ,  i t  m a y  be  t h a t  s o m e  n o n z e r o  v a l u e s  
(at  v a r i o u s  l a g s )  h a v e  no r e a l  s i g n i f i c a n c e ,  b u t  o c c u r  o n l y  f r o m  p u r e l y  r a n d o m  
d a t a  e f f e c t s ,  " s m a l l "  s a m p l e  s i z e s  a n d  n u m e r i c a l  r o u n d  of f .  T h i s  s i t u a t i o n  
i s  d e a l t  w i t h  b y  s t i p u l a t i n g  a v a l u e  m e a s u r i n g  t he  s a m p l e  v a i a b i l i t y  o f  t h e  
s a m p l e  a c f  q u a n t i t i e s .  If  n i s  the  n u m b e r  o f  v a l u e s  i n  the  t i m e  s e r i e s  ( s i z e  
o f  t he  t i m e  s e r i e s  s a m p l e ) ,  t h e n  1 / ~ ' n  i s  c o n s i d e r e d  to r e p r e s e n t  a s i n g l e  
s t a n d a r d  d e v i a t i o n  of  r a n d o m n e s s  i n  a c f  v a l u e s .  In  m a n y  s t u d i e s  o f  t i m e  
s e r i e s  Z /q rn  i s  u s e d  a s  t he  c r i t i c a l  v a l u e ,  o n l y  g r e a t e r  v a l u e s  b e i n g  t a k e n  
to h a v e  n o n r a n d o m  s i g n i f i c a n c e .  In  the  e x a m p l e s  1 / ~  w a s  u s e d  to p r e v e n t  
l o s s  o f  i n f o r m a t i o n .  I t  m a y  be  n o t e d  t h a t  f o r  t he  78 a n d  87 w e e k  s e r i e s  the  
q u a n t i t y  1/~r'n i s  . 11 to the  n e a r e s t  h u n d r e d t h  a n d  t h i s  v a l u e  i s  u s e d  i n  a l l  
cases. 

T h e  g r a p h  p r e s e n t a t i o n  o f  a c f  v a l u e s  i s  e x t r e m e l y  u s e f u l  a n d  c a n  s e r v e  
a s  a g u i d e  in  s e r i e s  c o m p a r i s o n s  a n d  in  t he  b a s i c  s t r u c t u r e  s t a g e  o f  s t o c h a s t i c  
m o d e l i n g .  E x a m p l e s  o f  a u t o c o r r e l a t i o n  p l o t s  w i l l  be  g i v e n  f o l l o w i n g  the  
n u m e  r i c a l  t a b l e .  

D e t a i l e d  c o m p a r i s o n  o f  t i m e  s e r i e s  r e q u i r e s  c o n s i d e r a t i o n  o f  the  
n u m e r i c a l  a c f  v a l u e s .  T h e s e  a r e  i l l u s t r a t e d  in  T a b l e  4, 2 w h i c h  s h o w s  a l l  
a c f  v a l u e s  g r e a t e r  t h a n  . 11 m a g n i t u d e ,  up  to l a g s  o f  20.  F o r  r e f e r e n c e  t h e  
t a b l e  a l s o  g i v e s  s a m p l e  m e a n ,  x, a n d  s a m p l e  s t a n d a r d  d e v i a t i o n s ,  s,  f o r  a l l  
cases. 

Figures 4.4, 4.5, and 4.6 give autocorrelation plots for Rape, Robbery, 
and Burglary corresponding to the numerical data of Table 4.2. 
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B URG LAR Y 
m m 

CRIME TYPE 

REGION 

I ~ E R I O D  

S 

ACF LAG 
1 

m 

2 

3 

4 

5 

6 

7 - . 1 4  

8 

9 

10 

11 

I ROBBERY AGGRAVATED ASSAULT RAPE i 
I 

D1 CDI City ! ,DI ; CDI City. 3Dl CDI City 
I 

Pre PostlPre Post Pre Post Pre Post Pre Post Pre Post Pre PostiPre iPost Pre Postl 

1.0 I.I i 3.5 3.6 4.5 4.7 9.4 8.6 24.2 18.9 3:;.6 27.5 4.9 5.3 9.8 13.4 14.7 18.7 

1.0 ! 1.1 2 . 0  2 . 2  2 . 3  2 . 6  ' 3. 1 3 . 8  6 .6  5 . 0  7 . 8  6 . 7  2 . 6  2 . 9  3 . 5  5 . 9  4 . 7  

. 1 2  . 2 1  . 21  . 1 7  . 3 4  

. 2 3  . 2 1  . 1 4  " 21 I . 2 5  

. 3 6  . 2 2  . 1 (  . 1 4  . Z 2  . 2 0  . 2 1  . 4 2  . 1 5  

- . 2 3  . 1 2  . 2 0  . 1 7  . 1 3  . 3 0  

. 2 0  . 2 2  . 1 6  . 1 6  " ~ . 1 2  . 4 4  . 4 4  
! 

- .  13 . I~ - . 14  . 16 . ZO . 12 I . 3 8  . 13 . 31 

I . 2 1  . 1 4  . 1 3  - . 1 4  . 1 7  . 1 5  . 1 2  . 1 9  

I I ' . , 1 7  . 2 5  . 2 4  . 3 9  

12 

. 1 4  - . 1 4  . 2 4  . 1 6  

- . 1 5  - . 1 2  . 1 2  

- . 1 6  

. 1 7  . 23 

. 1 7  

. 1 7  

- . 1 6  

. 1 7  - . 1 6  - . 1 2  - . 1 5  

-. 12 

13 

14 . 18 

15 

16 

17 

18 

19 

20 

BURGLARY 

L 

D1 C D I  C i t y  

Prel Post Pre Post Prel ~ost 
i I 

i 
33.0 22.5 :163.9 175.9 196.9 193.4 

7. 5 7 .9  5.81 20 .6  21.7 23.8 2 ~  2 

• 12  . 12 

I 
• 2 3  ~ 2 4  

.Zl  

- .18 

• Z ~  . 2 5  

• 1 9  . 2 6  

. 3 6  

• 1 7  . 1 2  . 2 4  . 1 9  

. 1 5  - . 1 6  . 2 6  . 2 3  

- . 1 5  . 1 2  . 1 6  . 2 0  . 2 5  

15 

. 18  

- . i 7 1 - . 1 9  . 1 6  - . 1 2  . 1 6  . . 1 2  . 1 9  

. 1 5  

-.25 -.21 -.22 

-.17 I " i I .14 .15 . 13 

- . 1 3  - . 1 ~  - . 1 7  - . 2 2  . 1 2  - . 2 3  . 14 

I - . 1 2  - . 1 6  
I 

-131  , - 3 o  i_22 1 4  1 J 
::: P r e  - 8 7  week period beforE: altered ope, ration SYMBOLS 

:::,:: Post = 78 week period after " X - Sample .Mean 

0 

- . 1 4  

. 3 3  - .  1 3  

- . 1 4  

.15 - .20 

- . 1 8  

- .15 

-.12 

.12 

- .12 

46 

-.24 

.12 

.13 
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S - Sample Standard Deviation 
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By considering the acf values in Table 4.2 and Figures 4.4, 4.5, and 
4.6 a number of observations can be made indicating representational and 
evaluative information. Such observations are illustrated by examples given 
below by crime types. The interpretation of acf values requires some 
familiarity with autocorrelational analysis; however, some indication of how 
such interpretations are made is given in each case below, details may be 
found in Reference 4. 

RAPE 

R a p e  i s  c o n s i d e r e d  to be  e s s e n t i a l l y  r a n d o m  w i t h  p o s s i b l y  s o m e  s e a s o n a l  
e f f e c t s .  T h e  a u t o c o r r e l a t i o n s  f o r  r a p e  do i n d i c a t e  a r a t h e r  r a n d o m  t y p e  o f  t i m e  
s e r i e s .  T h e y  do n o t  i n d i c a t e  l o n g  l a g  s e a s o n a l  e f f e c t s .  W e e k l y  d a t a  a r e  n o t  
l i k e l y  to s h o w  s u c h  e f f e c t s .  T h e r e  i s  s o m e  l a c k  o f  p u r e  r a n d o m n e s s  a t  l a g s  
t h a t  m a y  r e l a t e  to m o n t h l y  ( t h r e e  to f i v e  w e e k s )  e f f e c t s .  I n  D1 t h e r e  s e e m s  to 
be  a n  e f f e c t  a f t e r  C O M S E C  a t  l a g s  t h r e e  a n d  12 t h a t  w e r e  n o t  p r e s e n t  b e f o r e .  
No c l e a r  d i f f e r e n c e s  a r e  i n d i c a t e d  in  CD1 o r  c i t y .  

ROBBERY 

R o b b e r y  s e e m s  l a r g e l y  r a n d o m  in  DC1 a n d  c i t y  f o r  b o t h  t i m e  p e r i o d s .  
In  D1 i t  h a s  g o n e  f r o m  l a r g e l y  r a n d o m  to s o m e  i n d i c a t i o n  o f  a u t o c o r r e l a t i o n  a f t e r  
C O M S E C ,  i n d i c a t e d  b y  the  f i r s t  t h r e e  l ag  v a l u e s .  T h e r e  a r e  no  v e r y  s t r o n g  
i n d i c a t i o n s  o f  c h a n g e  o r  e f f e c t s  f o r  r o b b e r y .  

AGGRAVATED ASSULT 

In this case there are striking changes in the autocorrelation patterns 
in CDI and city. In each case aggravated assault has gone from an essentially 
random type time series to a series showing highly autocorrelated character- 
istics. By contrast, there was no such change in DI, both the before and after 
series are essentially random. Because of the difference in D1 and CDI 
behavior, changes in classification or reporting procedures are not likely to 
have produced changes of the type shown for aggravated assault.. Following 
are the most likely causes of such changes: 

• I n s t a b i l i t y  o f  t he  t i m e  s e r i e s  d u e  to t r e n d s  d e v e l o p i n g  w h i c h  
m a y  d e s t r o y  t he  s o - c a l l e d  s t a t i o n a r i t y  o f  a t i m e  s e r i e s  a n d  
p r o d u c e  e x t e n s i v e  a u t o c o r r e l a t i o n  v a l u e s  ( fo r  m a n y  l a g s ) .  
W h i c h  i s  t he  s i t u a t i o n  in  the  e x a m p l e  d a t a .  

Some pattern of aggravated assault that is unusual~ related 
to changes in the reasons for such crimes. An extreme example 
of this situation would be the emergence of guerrilla warfare out 
of what was previously (random) civil crime of the aggravated 
assault type. This would be likely to also produce a trend effect. 

BURGLARY 

In CD1 and city, burglary seems to be similar before and after COMSEC, 
It seems to be an autocorrelated process as discussed in Section 6. However, 
it is more stronglyautocorrelated, indicated by more lag values, before ~ 
CONiSEC. The autocorrelated nature of burglary i~ D1 before COMSEC is 
diminished, for small lags, after COMSEC. However, some monthly variation 
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( l a g s  9 a n d  12) m a y  h a v e  c o m e  in  a f t e r  C O M S E C  in  D1. S u c h  e f f e c t s  m a y  b e d u e  
to r e p o r t i n g  p r o c e d u r e s ,  n o n - s t a t i o n a r i t i e s  i n  t he  t i m e  s e r i e s ,  o r  a c t u a l  e f f e c t s  
i n  the  c r i m e  p a t t e r n .  

A p r o b l e m  With  d e t a i l e d  s t a t i s t i c a l  c o m p a r i s o n  of  t i m e  s e r i e s  u s i n g  a u t o -  
c o r r e l a t i o n s  (o r  p a r t i a l  a u t o c o r r e l a t l o n s )  i s  t he  e s s e n t i a l l y  q u a l i t a t i v e  a n d  
s u b j e c t i v e  n a t u r e  o f  the  c o m p a r i s o n .  T h i s  i s  c o m p o u n d e d  b y  h a v i n g  to d e a l  
w i t h  a l a r g e  n u m b e r  (in the  e x a m p l e ,  20) o f  s t a t i s t i c a l  v a l u e s .  S t o c h a s t i c  
m o d e l s  p r o v i d e  one  m e t h o d  of  c h a r a c t e r i z i n g  a t i m e  s e r i e s  b y  m e a n s  o f  a 
s t r u c t - u r e  t y p e  a n d  a f e w  p a r a m e t e r s  a s  d i s c u s s e d  in  S e c t i o n  5. T h e  s t r u c t u r e  
t y p e  i s  s e l e c t e d  on  the  b a s i s  o f  a u t o c o r r e l a t i o n  ( a n d  p a r t i a l  a u t o c o r r e l a t i o n )  
p a t t e r n s ,  a s u b j e c t i v e  p r o c e d u r e .  T h u s  t he  a u t o c o r r e l a t i o n s  f o r m  a n  i m p o r t a n t  
s e t  o f  s t a t i s t i c a l  d a t a  to be  u s e d  b y  t h e m s e l v e s  f o r  a n a l y s i s  o r  a s  p a r t  o f  t h e  
m o r e  c o m p l e x  p r o c e d u r e  o f  s t o c h a s t i c  m o d e l  b u i l d i n g .  

A n o t h e r  s e t  o f  d e t a i l e d  s t a t i s t i c a l  v a l u e s  t h a t  m a y  be  c o m p u t e d  f r o m  
the  d a t a  i s  t he  p a r t i a l  a u t o c o r r e l a t i o n s .  T h e s e  a r e  m o r e  c o m p l i c a t e d  t h a n  
a u t o c o r r e l a t i o n s ,  b o t h  to c o m p u t e  a n d  to u n d e r s t a n d .  T h e y  do n o t  a d d  m u c h  
i n f o r m a t i o n  to d i r e c t  d e t a i l e d  s t a t i s t i c a l  a n a l y s i s  b u t  m a y  be  h e l p f u  ! i n  f o r m u -  
l a t i n g  s t o c h a s t i c  m o d e l s .  T h e i r  u s e  in  s u c h  a p p l i c a t i o n s  d e p e n d s  o n  t h e  
f a c t  t ha t ,  l i k e  a u t o c o r r e l a t i o n s ,  p a r t i a l a u t o c o r r e l a t i o n s  h a v e  p a t t e r n s  
c h a r a c t e r i s t i c  of  p a r t i c u l a r  f o r m s  of  t i m e  s e r i e s  s t r u c t u r e .  B y  e m p l o y i n g  
b o t h  a u t o c o r r e l a t i o n  a n d  p a r t i a l  a u t o c o r r e l a t i o n  p a t t e r n s ,  t he  u n d e r l y i n g  f o r m  
of  a t i m e  s e r i e s  m a y  be  i n d i c a t e d .  

T h e  p a r t i a l  a u t o c o r r e l a t i o n  i s  a n  i n v o l v e d  q u a n t i t y  to  c o m p u t e .  I t  i s  
n u m e r i c a l l y  e q u a l  to the  e s t i m a t e d  v a l u e  o f  t he  l a s t  t e r m  in  a n  a u t o r e g r e s s i v e  
m o d e l o f  o r d e r  k (as  d e f i n e d  in  S e c t i o n  6).  T h u s ,  f o r  e a c h k  o n e  c o n s i d e r s  
a n  a u t o r e g r e s s i v e  m o d e l  o f  o r d e r  k f o r  t he  s e r i e s  a n d  c o m p u t e s  t he  l a s t  
( h i g h e s t  p o w e r )  c o e f f i c i e n t  o f  t he  a u t o r e g r e s s i v e  o p e r a t o r  p o l y n o m i a l .  F o r  
s u c h  a c a l c u l a t i o n ,  i t  i s  n e c e s s a r y  to s e q u e n t i a l l y  c o m p u t e  s o m e  o t h e r  t e r m s  
of  the  a u t o r e g r e s s i v e  m o d e l  a s  w e l l .  I f  L i s  t he  h i g h e s t  l ag  v a l u e  to be  c o n -  
s i d e r e d  in  f o r m i n g  the  p a r t i a l  a u t o c o r r e l a t i o n  f u n c t i o n  ( P A C F ) ,  t h e n  L < K  
a n d  the  f o r m u l a s  f o r  c o m p u t i n g  t h e  P A C F  v a l u e  ~ a r e :  

r n m  

r 1 i f  m = 1 

r m  .-_ -1 i f  m = Z, 3 . . . . .  L 

~ =i1' m~ - m m  i 
e . r .  

I j=l m - l , j  a 

w-here  6 = ~ -~ 5 m j  m - l , j  m m - m - l , m - j  f o r  j = 1 , 2 , . . . , m - 1  

A s  in  t he  c a s e  o f  a u t o c 0 r r e l a t i o n s  d e r i v e d  f r o m  a c t u a l  t i m e  s e r i e s ,  
t he  P A C F  w i l l  c o n t a i n  a n u m b e r  o f  v a l u e s  t h a t  a r e  n o t  r e a l l y  s i g n i f i c a n t  f o r  
model structure considerations. It is shown in Reference 4 that one can 
omit consideration of values lying less than I/~rn from the zero value, where 
n is the number of data points. It is common practice to use the less critical 
value 2/qrn in this way. However, in many cases of reported crime it has 
been found that the stricter condition was able to be met in model formulation. 
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Figure 4.7 shows a typical partial autocorrelation plot. It gives values 
to ~g 15 for Robbery in a police district based on 87 weeks of data. 
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F I G U R E  4 . 7  P A R T I A L  A U T O C O R R E L A T I O N S  
R O B B E R Y  

In practice seasonal variations will also disturb the ACF and PACF 
patterns by producing values greater than I/~/-n that are not part of the major 
model pattern indicators. This can be dealt with by incorporating seasonal 
effects in the model, or by ignoring such features in the basic model and 
dealing with them by other methods (e. g., components models). 

W]nen considering the detailed statistics methodology itself, as distinct 
from its role in the stochastic modeling process, the autocorrelation values 
are used to represent the time series and indicate information about it as 
illustrated by the examples given above. Such information can relate to trend 
effects, periodic (seasonal) effects, or underlying correlations between data 
values separated by various lag (weekly) amounts. By studying sets of auto- 
correlation values for different time series, one can test the series for dif- 
ferences in any of these characteristics. In the context of an evaluation, 
comparisons of interest may be made between pre- and post- series and between 
test regions and other regions in which changes under evaluation were not in 
ope ra tion. 
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S e c t i o n  5. B a s i c  I d e a s  of T i m e  S e r i e s  M o d e l s  

A mathematical model of a time series consists of a combination of 
formulas and procedures for describing the time series. In an ideal situation 
the model would produce, for each time value, the numerical data point in the 
time series. Because of the non-deterministic nature of statistical time series 
actual models do not give the same values as a particular series. However if 
the model is a good representation of the time series it will yield values that 
are as likely as the actual values %vithin the degree of statistical variation 
(randomness) present. 

This property of the model allows its use in forecasting and also gives 
a specific mathematical expression characteristic of a time series. For some 
applications this is more desirable than collections of numerical indices 
(statistics). Shortcomings of mathematical models lie in the difficulties in their 
construction, the role of subjective reasoning required in some approaches, 
a n d  the  d i s t i n c t  p o s s i b i l i t y  t h a t  good  r e p r e s e n t a t i o n s  m a y  no t  be p o s s i b l e  f o r  
certain time series. 

W h e n  one w i s h e s  to d e v e l o p  a m a t h e m a t i c a l  m o d e l  f o r  a t i m e  s e r i e s ,  
the  a p p r o a c h  to d e a l i n g  w i t h  the r a n d o m  c h a r a c t e r  or s t o c h a s t i c  a s p e c t s  of the  
m o d e l  m u s t b e  s e l e c t e d .  T h e r e  a r e  e s s e n t i a l l y  t h r e e  b a s i c  a p p r o a c h e s  to the  
development of stochastic models for time series. They have features in com- 
mon, but are held by their major proponents to differ widely in philosophy. 
They certainly differ in details. 

I. COMPONENTS MODEL 

The components model is the most direct and is widely used in varying 
degrees of sophistication. Careful consideration of such models is supported 
by a number of statistical analysts. Components models play a role in many 
analyses and should be considered to some extent in any study (e. g. , they are 
basic to the Census Two method for seasonal variation analysis, discussed in 
Section 9). Models of this type represent a time series in terms of several 
parts including a trend component, a seasonal variation and a residual random 
part. In product form the parts are considered to be multiplied together. In 
additive form the parts are added to represent the time series. This basic 
model approach can be carried to considerable detail but involves a high degree 
of subjective reasoning, guided by impressions of the data more than by quan- 
titative analysis of the data (though this is by no means absent). In a sense 
very simple approaches to time series fall into this general category. When 
a trend or other deterministic effect is strongly indicated by an initial study 
of time series plots, such effects should be removed before carrying out other 
types of model formulation. To this extent, some form of component analysis 
shottld play a role in any time series study, often as part of the preliminary 
analysis as already discussed and illustrated in Section 3. 

Components models are developed in terms of three (or more) parts: 
a trend component denoted by H(t), a periodic (cyclic) component C(t) and a 
random variation R(t). In the product type of model the series z(t) has the 
form: 

z(t) = H(t)  C(t) R(t) ,  

and  in  the  a d d i t i v e  m o d e l  i t  h a s  the  f o r m :  

50 



J 

i 
.I 
i 

1 
.I 
I 

./ 
I 

,11 
I 

i 
I 

"i 
.I 
I 

J 
I 

,11 

z(t) - H(t) + C(t) + R(t). 

It may be observed that one need only consider additive models, since a log 
transformation of product model data will put those data into additive model 
form. 

The components H, C and R can be developed with various levels of 
sophistication. A sinuple direct procedure, that often yields a useful model, 
is to fit H and C by subjective study of a plot of z(t). The residuals, 
resulting from the selected H and C, comprise sample points of the process 
R(t). One can obtain more sophisticated models of this type by fitting some 
postulated forms of I-I and C to the data by regression analysis methods 
(that minimize the square error or residual value). This technique is employed 
in order to reduce the variance of the R(t) component. 

Figure 5.1 shows data for a synthetic time series called SUMP 3. 
There is a strong degree of randomness indicated but it is not too variable. 
Most data points lie within one sample standard deviation of the mean line as 
indicated by the parallel lines above and below the mean. There does seem 
to be a tendency for particularly low values at intervals of six timeunits as 
i ndicatecl by the circled data points. This can be thought of as a cyclic com- 
ponent C with period of six. The presence of this term tends to lower the 
mean so far as the remaining, more nearly random points, are concerned. 
By removing the extra low points (placing them in the term C) the mean will 
be shifted upwards and the random part will account very well for the data 
within one standard deviation. There seems to be no trend component present 
(series is stationary). To find more detailed model forms the autocorrelations 
must be considered, these are shown in Figure 5. Z at the end of this Section. 
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The  s e c o n d  m a j o r  a p p r o a c h  to  t i m e  s e r i e s  i s  c o m m o n l y  c a l l e d  " e x p o -  
n e n t i a l  s m o o t h i n g "  a n d  i s  p r e s e n t e d  in  d e t a i l  i n  R e f e r e n c e  (5). T h i s  a p p r o a c h  
i s  l o g i c a l l y  d e v e l o p e d  by  a p p l y i n g  m e t h o d o l o g y  of  s y s t e m s  e n g i n e e r i n g  to  t i m e  
s e r i e s .  I t  d r a w s  on  the  m a t h e m a t i c a l  t e c h n i q u e s  of  t r a n s f o r m  a n d  s p e c t r a l  
a n a l y s i s  a s  t h e y  a p p l y  to  t h e  a s s u m e d  s t o c h a s t i c  s t r u c t u r e  p o s t u l a t e d  a s  a 
m o d e l  f o r m .  E x p o n e n t i a l  s m o o t h i n g  a s s i g n s  w e i g h t s  to  p r o b a b i l i s t i c l y  o c c u r r i n g  
p a s t  d a t a  a n d  u s e s  a c o m b i n a t i o n  of s u c h  v a l u e s  to  f o r e c a s t  t i m e  s e r i e s  v a l u e s .  
I t  h a s  h a d  n o t a b l e  s u c c e s s  a s  a f o r e c a s t i n g  m e t h o d  a n d  i s  w i d e l y  u s e d .  

A d v o c a t e s  of  t he  m e t h o d  p o i n t  to  i t s  r e i a t i v e  d i r e c t n e s s  of  a p p r o a c h ,  
u t i l i z a t i o n  of  t h e  d a t a  to  a s s i s t  i n  m o d e l  f o r m u l a t i o n  a n d  d e c r e a s e  i n  s u b -  
j e c t i v i t y  o v e r  the  c o m p o n e n t s  a p p r o a c h .  On  t he  o t h e r  h a n d ,  d e t r a c t o r s  f r o m  
the  m e t h o d  i n d i c a t e  t h a t  i t  i s  v e r y  m u c h  of a n  a d  h o c  m e t h o d o l o g y .  The  m o d e l  
h a v i n g  l i t t l e  o r  n o t h i n g  to s a y  a b o u t  the  s t o c h a s t i c  p r o c e s s  b e i n g  m o d e l e d  , h o w -  
e v e r  g o o d  i t  m a y  be  a t  f o r e c a s t i n g .  M o r e o v e r ,  f o r  s o m e  of  i t s  m o r e  w i d e l y  
u s e d  f o r m s ,  i t  c a n  be  c o n s i d e r e d  a s  a s u b c a s e  of  t he  g e n e r a l  s t o c h a s t i c  m o d e l  
a n d  " f a l l s  o u t "  of t h a t  m o r e  c o m p r e h e n s i v e  a p p r o a c h  in  a p p r o p r i a t e  c a s e s .  

I t s  s t r e n g t h  l i e s  i n  i t s  r e l a t i v e  s i m p l i c i t y  w h e r e  i t  w o r k s  ( i . e . ,  f o r e c a s t s  
w e l l ) .  In  t he  u s e  of r e p o r t e d  c r i m e  d a t a  i t  m a y  be  d e s i r a b l e  to  h a v e  g o o d  
r e p r e s e n t a t i o n a l  m o d e l s  f o r  b a s e l i n e  a n d  s u b s e q u e n t  t i m e  s e r i e s  so  t h a t  s i g n i f i -  
c a n t  c h a n g e s  i n  the  c h a r a c t e r  of t he  s e r i e s ,  i m p l y i n g  p o s s i b l e  c h a n g e s  i n  
o p e r a t i o n a l  e f f e c t i v e n e s s ,  c o u l d  be  d e t e c t e d .  T h i s  c o n s i d e r a t i o n ,  t o g e t h e r  
w i t h  the  o b s e r v a t i o n  t h a t  t h e  g e n e r a l  m e t h o d  w i l l  o f t e n  y i e l d  a n  e x p o n e n t i a l  
s m o o t h i n g  t y p e  m o d e l  w h e r e  a p p r o p r i a t e ,  d i r e c t s  c o n s i d e r a t i o n  t o w a r d  a t h i r d ,  
m o r e  c o m p r e h e n s i v e  m e t h o d o l o g y ,  f o r  t i m e  s e r i e s  a n a l y s i s .  
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3. A R I M A  M E T H O D  

T h e  t h i r d  a p p r o a c h  i s  c a l l e d  t he  A u t o r e g r e s s i v e  I n t e g r a t e d  M o v i n g  
A v e r a g e  (ARIMA)  m e t h o d .  I t  i s  a l s o  k n o w n  a s  t he  B o x / J e n k i n s  t e c h n i q u e  a f t e r  
i t s  m a j o r  p r o p o n e n t s ,  G . E . P .  B o x  a n d  GxVilym J e n k i n s .  ( R e f e r e n c e  4).  T h i s  
m e t h o d  b e g i n s  w i t h  a p r e l i m i n a r y  s t u d y  of  t he  t i m e  s e r i e s  a n d  p o s s i b l y  s o m e  
n u m b e r  of  d i f f e r e n c e d  (o r  t r a n s f o r m e d )  s e r i e s .  T h i s  p h a s e  of  s t u d y  c o n s i d e r s  
t he  p o s s i b l e  u t i l i t y  of t r a n s f o r m i n g  t he  s e r i e s  d a t a  (or  d a t a  f r o m  s o m e  d i f f e r e n c e d  
s e r i e s )  to  m a k e  t he  r e s u l t i n g  d a t a  m o r e  a m e n a b l e  t o  s t o c h a s t i c  m o d e l  f o r m u l a t i o n .  
T y p i c a l  t r a n s f o r m a t i o n s  a r e  t he  l o g a r i t h m  ( b a s e  e) a n d  s q u a r e  r o o t  (o r  o t h e r  
e x p o n e n t i a l ) .  

A f t e r  one  s e l e c t s  a f o r m  f o r  e x p r e s s i n g  t he  d a t a ,  i t  i s  d e s i r a b l e  to  h a v e  , 
the  s e r i e s  a s  " s t a t i o n a r y "  a s  p o s s i b l e .  S t a t i o n a r i t y  m e a n s  tl~at t h e  r a n d o m  b e -  
h a v i o r  of the  s e r i e s  d o e s  n o t  d e p e n d  on  t he  p a r t i c u l a r  t i m e  o r i g i n  s o  t h a t  t h e  m o d e l  
w i l l  a p p l y  to  the  s e r i e s  i n d e p e n d e n t l y  of  s p e c i a l  a s p e c t s  of t he  t i m e s  a t w h i c h  d a t a  
a r e  r e c o r d e d .  In p r a c t i c a l  t e r m s  a s t a t i o n a r y  s e r i e s  d o e s  n o t  h a v e  t r e n d  e f f e c t s .  
If  the  o r i g i n a l  s e r i e s  i s  n o t  s t a t i o n a r y ,  t he  f i r s t  o r  s e c o n d  d i f f e r e n c e  s e r i e s  m a y  
b e c o m e  m o r e  s t a t i o n a r y  a s  m a y  h i g h e r  d e g r e e  d i f f e r e n c e  s e r i e s .  T h u s  i t  i s  t he  
d e s i r e  f o r  s t a t i o n a r i t y  t h a t  c a u s e s  one  to  s t u d y  d i f f e r e n c e d  s e r i e s .  

? . .  

The  o r i g i n a l  s e r i e s  m a y  be d e n o t e d  b y  (zt) w h e r e  t i s  t he  t i m e  a t  w h i c h  ~' 
t 

d a t a  v a l u e  z t w a s  r e c o r d e d  (o r  i n d i c a t e s  a n  a g g r e g a t e  t i m e  i n t e r v a l  i n  w h i c h  z t 
| ': 

f a i l s ,  s u c h  a s  a w e e k ) .  T h e n  t he  f i r s t  d i f f e r e n c e  s e ' r i e s  i s  Vz t = z t - z t_  1. 
i 
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V2zt S i m i l a r l y  the s e c o n d  d i f f e r e n c e  is  = V(zt -z t_  1) - z t -Zz t_  1 + zt_ z. Thoug h 

h i g h e r  d e g r e e s  of d i f f e r e n c i n g  can  be u s e d  in  p r o d u c i n g  s t a t i o n a r i t y ,  r e a s o n -  
able  m o d e l s  b a s e d  on the ARIMA t e c h n i q u e  shou ld  not  r e q u i r e  (or e m p l o y )  
m o r e  than  s e c o n d - o r d e r  d i f f e r e n c i n g .  Use  of h i g h e r  o r d e r s  i m p l i e s  a c o m -  
p l i c a t e d  t i m e  s e r i e s  for  w h i c h  a r e l i a b l e  s o p h i s t i c a t e d  m o d e l  wi l l  be v e r y  h a r d  
to formulate. Should one succeed in such a formulation, it would be difficult 
to interpret and in particular to use as a basis for indicating change. Station- 
arity is desirable for the development of particular stochastic models (e. g., 
in parameter estimation). The properties of the series and its differenced 
series can be used to indicate stationarity or its absence. 

Af te r  p r e l i m i n a r y  s tudy,  the ARIMA t e c h n i q u e  d i s t i n g u i s h e s  t h r e e  
d i s t i n c t  p h a s e s  of s t o c h a s t i c  m o d e l  c o n s t r u c t i o n :  the i d e n t i f i c a t i o n  p h a s e ,  p a r s -  
m e t e r  e s t i m a t i o n  and d i a g n o s t i c  c h e c k i n g .  

I d e n t i f i c a t i o n  

In the i d e n t i f i c a t i o n  p h a s e ,  the g e n e r a l  f o r m  of m o d e l  is  s e l e c t e d .  The 
i d e n t i f i c a t i o n  phase  is  c a r r i e d  out by s tudy ing  a u t o c o r r e l a t i o n  and  p a r t i a l  a u t o -  
c o r r e l a t i o n  data  in  e i t h e r  g r a p h i c a l  or n u m e r i c a l  f o r m .  As d i s c u s s e d  in  Sec t i on  
4, t h e s e  s t a t i s t i c a l  v a l u e s  i nd i ca t e  the na tu r e  of a t i m e  s e r i e s  and  po in t  out  
s p e c i a l  f e a t u r e s  tha t  m a y  be  p r e s e n t  {such as  s e a s o n a l  e f f e c t s  or c o r r e l a t i o n s  
b e t w e e n  s e r i e s  va lues ) .  T h e o r e t i c a l  s t u d i e s  of a u t o c o r r e l a t i o n  and  p a r t i a l  
a u t o c o r r e l a t i o n  va lue s  show d i s t i n c t  p a t t e r n s  c o r r e s p o n d i n g  to d i f f e r e n t  k inds  of 
ARIMA m o d e l  f o r m s .  Thus by c o m p a r i s o n  of a c t u a l  a u t o c o r r e l a t i o n  and  p a r t i a l  
a u t o c o r r e l a t i o n  data  wi th  s t a n d a r d  p a t t e r n s ,  s o m e  i n d i c a t i o n  of the m o s t  a p p r o -  
p r i a t e  m o d e l  f o r m  can  be ob ta ined .  Of c o u r s e ,  the r e a l  da ta  a r e  o f t en  c o m p l i -  
ca red  and  t r u l y  typ ica l  p a t t e r n s  a r e  s e l d o m  found though  t h e r e  is  u s u a l l y  e n o u g h  
e f f e c t  of one f o r m  or a n o t h e r  to a l low a r e a s o n a b l e  i d e n t i f i c a t i o n .  

The m o d e l ' s  s t r u c t u r a l  f o r m  (in t e r m s  of m a t h e m a t i c a l  e x p r e s s i o n s )  
c o m b i n e s  a u t o r e g r e s s i v e  t e r m s  r e p r e s e n t i n g  p r e v i o u s  v a l u e s  of the s e r i e s  and  
m o v i n g  a v e r a g e  t e r m s  r e p r e s e n t i n g  w e i g h t e d  c o n t r i b u t i o n s  of p u r e l y  r a n d o m  
p a s t  inpu t s  { random shocks )  to the s e r i e s .  In m o s t  c a s e s  the l e v e l  of s o p h i s t i c a -  
t ion  for  m o d e l s  wi l l  be up to,  a t  m o s t ,  s e c o n d  o r d e r  in  both  the a u t o r e g r e s s i v e  
and  m o v i n g  a v e r a g e  p a r t s .  H i g h e r  o r d e r  m o d e l s  s e e m  to r e s u l t  in  o v e r l y  c o m -  
p l i c a t e d  m o d e l s  for  m o s t  p u r p o s e s .  Some d e t a i l s  of ARIMA m o d e l  f o r m  a r e  
g i v e n  be low and in  Sec t ion  6 and  a r e  fu l ly  e x p o n d e d  in R e f e r e n c e  (4). 

When the model form has been determined, the series data are used 
to estimate parameter values specifying a particular stochastic model. Such 
estimation is based on minimizing the expected sum of squares of the residuals 
that represent the difference between the actual series and the series resulting 
from the model. This procedure can result in very good estimates for the 
parameters, particularly when appropriate statistical hypotheses are satisfied. 
However, the minimization procedure is rather complicated and requires the 
development of considerable computer software for its general implementation. 

3 
i 

.I 

The last major step in the ARIMA technique is called diagnostic check- 
ing. In this step the residual values, not accounted for by the mathematical 
expressions of the model, are generated and studied in various ways to 
determine how well the model represents the actual time series. The ideal 
situation is when the residuals form what is known as a white noise process 
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of s m a l l  v a r i a b i l i t y  (the m a j o r  f e a t u r e  be ing  no a u t o c o r r e l a t i o n )  a b o u t  a z e r o  
m e a n .  A whi t e  no i se  p r o c e s s  is a t i m e  s e r i e s  w h e r e  a u t o c o r r e l a t i o n  v a l u e s  
a r e  e s s e n t i a l l y  z e r o  ( excep t  for  the n o m i n a l  or  z e r o  lag  v a l u e  w h i c h  is  a l w a y s  
un i ty) .  This  m e a n s  tha t  t h e r e  is no c o r r e l a t i o n  e f f e c t  b e t w e e n  the t i m e  s e r i e s  
da ta  v a l u e s .  T e c h n i c a l l y  whi te  no i se  a l s o  i m p l i e s  t ha t  e a c h  da t a  va lue  is  a 
s a m p l e  po in t  g o v e r n e d  by the s a m e  p r o b a b i l i t y  f o r m ,  c a l l e d  the N o r m a l  
p r o b a b i l i t y .  H o w e v e r ,  the s i g n i f i c a n t  f e a t u r e  is  the l a c k  of c o r r e l a t i o n  r a t h e r  
t han  the a s s u m e d  f o r m  of the u n d e r l y i n g  p r o b a b i l i t y  l aw .  Of c o u r s e ,  the i d e a l  
s i t u a t i o n  is s e l d o m  a c h i e v e d  in  p r a c t i c e  and  one j u d g e s  how s a t i s f a c t o r y  the 
m o d e l  is  f r o m  how c l o s e l y  the r e s i d u a l  s e r i e s  a p p r o x i m a t e s  the w h i t e  no i se  
C h a r a c t e r i s t i c s .  

~P 
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The s t a t i s t i c a l  s i g n i f i c a n c e  of s t o c h a s t i c  m o d e l s  d e p e n d s  to s o m e  
e x t e n t  on the n u m b e r  of da ta  v a l u e s  a v a i l a b l e  fo r  t e s t i n g  m o d e l  s t r u c t u r e  and  
e s t i m a t i n g  m o d e l  p a r a m e t e r  v a l u e s .  F o r  s i m p l e  p r o c e s s e s ,  r e l a t i v e l y  few 
poin ts  m a y  give s a t i s f a c t o r y  r e s u l t s .  In c o m p l i c a t e d  c a s e s  or w h e n  s e a s o n a l  
v a r i a t i o n s  m a k e  l a r g e  c o n t r i b u t i o n s  to file s e r i e s ,  m a n y  da t a  po in t s  a r e  
n e e d e d  for  s a t i s f a c t o r y  m o d e l  bu i ld ing .  

The a u t o r e g r e s s i v e  I n t e g r a t e d  Moving  A v e r a g e  (ARIMA) m o d e l  s t i p u l a t e s  
a d e t a i l e d  m a t h e m a t i c a l  e x p r e s s i o n  for  the t i m e  s e r i e s  z(t) .  It  is  s u p p o s e d  tha t  
z t = z(t) d e p e n d s  on p r e v i o u s  v a l u e s  of the t i m e  s e r i e s  and  a l s o  on p r e v i o u s  (and 

p r e s e n t )  v a l u e s  of a r a n d o m  r e s i d u a l  d e n o t e d  by a t a t  t i m e  t. The g e n e r a l  
f o r m  of the m o d e l  is  

~(B) ( 1 - B ) d z t  = 0(B)a t + O (1) 
O 
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w h e r e  B is the sh i f t  o p e r a t o r ,  d e f i n e d  by Bz t = Z t_ l ,  ~(B) and  e(B) a r e  

I p o l y n o m i a l  o p e r a t o r s ,  ( l - B )  = V is the d i f f e r e n c i n g  o p e r a t o r ,  d e f i n e d  by 
Vz t = z t - Z t_ l ,  and  d is the d e g r e e  of d i f f e r e n c i n g  a p p l i e d  to the da ta .  The 

p o l y n o m i a l  o p e r a t o r s  a r e  of the f o r m  #(B) = 1 - ~1B - ~zB 2 - . . . -  ~ B p, and  
P 

e(B) = 1 - 61B - e2B2 - . . . -  e B q. In th i s  . f o r m  s e a s o n a l  e f f e c t s  "are not  e x p l i c i t l y  
q 

c o n s i d e r  e d. 

The m o d e l  s t r u c t u r e  m a y  a c c o u n t  for  s u c h  e f f e c t s  s a t i s f a c t o r i l l y :  if 
not ,  a d d i t i o n a l  f o r m u l a t i o n  is r e q u i r e d .  The g e n e r a l  ARIMA m o d e l ,  as  d e v e l o p e d  
by Box and  J e n k i n s  (see  R e f e r e n c e  4), d e a l s  w i t h  s e a s o n a l  m o d e l s  by i n t r o d u c i n g  
a s e a s o n a l  sh i f t  o p e r a t o r  s in to  the g e n e r a l  f o r m  shown  in  e q u a t i o n  1 above .  

S e a s o n a l  o p e r a t o r s  a r e  d e n o t e d  by H(B) = 1 - h l B  - . . . -  h n B n  and  

R(B) = 1 - r i B  - . . . -  r B m .  If s i s  the p e r i o d  of s e a s o n a l i t y  and  D is  the 
m 

degree of seasonal differencing, the general ARIMA form is: 

#(B) (l-B) d H(B s) (l-BS)Dz t = e(B) R(BS)a t + 8 o. 

D e t a i l s  w i l l  only be give'n for  the n o n - s e a s o n a l  f o r m  in this  S e c t i o n .  

C o n s i d e r i n g  the d i f f e r e n c e d  s e r i e s  w t = (1 -B)dz t ,  one f inds  tha t  i t  has  

two p a r t s :  an  a u t o r e g r e s s i v e  p a r t  ~(B)w t d e p e n d i n g  only  on p r e v i o u s  v a l u e s  
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of w t a n d  a m o v i n g  a v e r a g e  p a r t  ~ (B)a  t d e p e n d i n g  o n l y  on  p r e v i o u s  s h o c k s  o f  

p u r e l y  r a n d o m  p r o c e s s  a t . In  t h e o r y  t h e  a t p r o c e s s  i s  d e s c r i b e d  a s  Whi te  

n o i s e ;  t h a t  i s ,  a s e r i e s  of n o r m a l  r a n d o m  v a r i a b l e s  w i t h  z e r o  m e a n ,  a l l  
h a v i n g  t he  s a m e  v a r i a n c e ,  u n c o r r e l a t e d  o v e r t i m e .  T h e s e  a t r a n d o m  v a r i a b l e s  

h a v e  b e e n  r e f e r r e d  to a s  r a n d o m  s h o c k s ,  i n d i c a t i n g  t h a t  t h e y  a c c o u n t  f o r  r a n d o m  
v a r i a t i o n s  i n  t he  t i m e  s e r i e s  n o t  a t t r i b u t e d  to  ( a c c o u n t e d  f o r  by)  t h e  p r e v i o u s  
t e r m s  in  t he  w t s e r i e s  i t s e l f .  

T h e  t e r m  ~(B)w t i s  c a l l e d  t h e  a u t o r e g r e s s i v e  p a r t  o f  t h e  s e r i e s  s i n c e  

i t  e x p r e s s e s  t he  p r e s e n t  v a l u e  z t i n  t e r m s  of  a w e i g h e d  s u m  of  p r e v i o u s  v a l u e s .  

( T h e  w e i g h t s  a r e  t he  c o e f f i c i e n t s  i n  t he  p o l y n o m i a l  ~(B) .  ) A p u r e l y  a u t o r e g r e s s i v e  
p r o c e s s  h a s  t he  m o d e l  f r o m  ~(B)w t = a t . 

T h e  t e r m  0(B)a  t i s  c a l l e d  t h e  m o v i n g  a v e r a g e  p a r t  of  t h e  s e r i e s .  I t  

e x p r e s s e s  a s u m  of w e i g h e d  c o n t r i b u t i o n s  due  to  p a s t  r a n d o m  s h o c k s .  ( T h e  
w e i g h t s  a r e  t he  c o e f f i c i e n t s  i n  t he  p o l y n o m i a l  e (B) .  ) A p u r e  m o v i n g  a v e r a g e  
p r o c e s s  h a s  m o d e l  f o r m  w t = e ( B ) a  t.  B o x  a n d  J e n k i n s  c a l l  t h i s  a n  i n t e g r a t e d  

m o v i n g  a v e r a g e  s i n c e  i t  i n c l u d e s  a c o n t r i b u t i o n  of  m a n y  i n d i v i d u a l  m o v i n g  
averages. 

S o m e  a p p r e c i a t i o n  of  w h a t  the  m o v i n g  a v e r a g e  m o d e l  m e a n s  c a n  be 
g a i n e d  b y  c o n s i d e r i n g  t h e  s i m p l e  c a s e  

w t = (I - rB)a t 

w h i c h  m a y  be  w r i t t e n  a s  

(1 - r B )  - 1  
w t = a t 

or 

" ~ 3 

w t = a t - rwt_ 1 - r wt_ 2 - r wt_ 3 -... 

T h i s  f o r m u l a t i o n  e x p r e s s e s  the p r e s e n t  v a l u e  w t a s  t h e  p r e s e n t  r a n d o m  s h o c k  

m i n u s  c o n t r i b u t i o n s  f r o m  p a s t  v a l u e s  of  t h e  w t s e r i e s .  W h e n  0 < r < 1, t h e  

c o n t r i b u t i o n s  f r o m  the  p a s t  a r e  r e d u c e d  by  w e i g h t s  t h a t  v a r y  e x p o n e n t i a l l y .  
H e n c e  t h i s  t y p e  of m o d e l  i s  o f t e n  c a l l e d  e x p o n e n t i a l  s m o o t h i n g  ( s e e  B r o w n  i n  
R e f e r e n c e  5 ) .  S o m e  a d d i t i o n a l  a s p e c t s  of  t he  m o d e l i n g  p r o c e s s  i n c l u d i n g  
c o n s i d e r a t i o n s  of s t a t i o n a r i t y  a n d  t r a n s f o r m a t i o n  of d a t a  a r e  d i s c u s s e d  i n  
S e c t i o n  6. 

Parameter Estimation 

Once a model form has been selected from the considerations of the 
identification phase, the parameters of the model must be estimated from the 
time-series data. These parameters are the coefficients in the two operators 
~(B) and @(B) and when seasonal variation is considered one also includes the 

parameters of the seasonal operators. 
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D i a g n o s t i c  C h e c k i n g  

The  t h i r d  p h a s e  of t he  A R I M A  t e c h n i q u e  i s  c a l l e d  d i a g n o s t i c  c h e c k i n g .  
In  t h i s  p h a s e  t h e  m a t h e m a t i c a l  m o d e l  f o r m  i s  u s e d  to  c o m p u t e  a r e s i d u a l  
s t o c h a s t i c  p r o c e s s  f r o m  the  n u m e r i c a l  t i m e - s e r i e s  v a l u e s .  T h e  r e s i d u a l  
p r o c e s s  i s  t h e o r e t i c a l l y  t he  s a m e  a s  t he  s e r i e s  of  t he  p a s t  s h o c k s  [ a t ] .  If 

t he  m o d e l  i s  a n  e x a c t  r e p r e s e n t a t i o n  of  t he  s e r i e s ,  t he  r e s i d u a l  s e r i e s  w i l l  be 
a w h i t e  n o i s e  p r o c e s s .  T h a t  i s ,  a n  u n c o r r e l a t e d  n o r m a l  p r o c e s s  w i t h  z e r o  
m e a n  v a l u e  f u n c t i o n  a n d  c o n s t a n t  v a r i a n c e .  T h e  d i a g n o s t i c  c h e c k  c o n s i d e r s  
h o w  c l o s e l y  t he  a c t u a l  r e s i d u a l s  a r e  to  f o r m i n g  a w h i t e  n o i s e  p r o c e s s .  The  
a u t o c o r r e l a t i o n  f u n c t i o n  of [a t ]  i s  c o m p u t e d .  S m a l l  v a l u e s  i n d i c a t e  t h a t  t h e  

r e s i d u a l  s e r i e s  i s  u n c o r r e l a t e d .  If,  i n  a d d i t i o n ,  t h e  m e a n  i s  c l o s e  to  z e r o  
a n d  the  s t a n d a r d  d e v i a t i o n  i s  of  r e a s o n a b l e  s i z e ,  t h e  m o d e l  i s  a c c e p t e d  a s  a 
s a t i s f a c t o r y  r e p r e s e n t a t i o n a l  m o d e l .  I t  s h o u l d  be n o t e d  t h a t  t h e  s i z e  of  t h e  
r e s i d u a l  s t a n d a r d  d e v i a t i o n  h a s  no  c o n n e c t i o n  w i t h  t he  a c c u r a c y  of  t h e  m o d e l .  
I t  o n l y  r e l a t e s  to  p o t e n t i a l  u s e  of  t h e  m o d e l  a s  d i s c u s s e d  e l s e w h e r e  i n  t h i s  
r e p o r t .  

A n  a d d i t i o n a l  f e a t u r e  of  t h e  d i a g n o s t i c  c h e c k i n g  p h a s e  i s  c a l c u l a t i o n  of  
f o r e c a s t e d  v a l u e s  f o r  t he  t i m e  s e r i e s  u n d e r  s t u d y .  F o r e c a s t e d  v a l u e s  c a n  be 
c o m p a r e d  w i t h  s e r i e s  v a l u e s  t h a t  o c c u r  s u b s e q u e n t l y .  In  a d d i t i o n ,  t h e  g e n e r a l  r 
c h a r a c t e r  of t h e  p r e d i c t e d  v a l u e s  c a n  be  c o n s i d e r e d .  R e a s o n a b l e  r e s u l t s  f r o m  
s u c h  c o n s i d e r a t i o n s  w i l l  i n d i c a t e  o p e r a t i o n a l  u t i l i t y  of  t h e  m o d e l  a s  a f o r e -  
c a s t i n g  d e v i c e .  T h e y  a l s o  c o n t r i b u t e  to  a g e n e r a l  f e e l i n g  of  r e l i a b i l i t y  of  t h e  
m o d e l  a s  a r e p r e s e n t a t i o n  of  t he  a c t u a l  t i m e  s e r i e s .  H o w e v e r ,  i t  m a y  be  
t h a t  a g o o d  r e p r e s e n t a t i o n a l  m o d e l  w i l l  n o t  y i e l d  p a r t i c u l a r l y  g o o d  f o r e c a s t s  
I n  s u c h  a c a s e  the  m o d e l  m a y  s t i l l  p r o v e  u s e f u l  f o r  e v a l u a t i v e  s t u d y .  

I n  a l l  c a s e s  i t  s h o u l d  be  o b s e r v e d  t h a t  t h e  f o r e c a s t s  a r e  e x p e c t e d  to  
b e c o m e  l e s s  r e l i a b l e  a s  t h e y  m o v e  f u r t h e r  f o r w a r d  i n  t i m e  f r o m  the  p o i n t  of  
e v a l u a t i o n .  In  m a k i n g  t he  f o r e c a s t s ,  p a s t  v a l u e s  of  the  s e r i e s  a n d  t h e  r a n d o m  
s h o c k s  a r e  u s e d  in  t he  m o d e l  f o r m .  W h e n  n e w  v a l u e s  a r e  r e q u i r e d ,  c o m p u t e d  
v a l u e s  ( f o r e c a s t s )  a r e  u s e d  f o r  t h e  t i m e - s e r i e s  v a l u e s  a n d  z e r o  i s  u s e d  f o r  
t he  u n k n o w n  f u t u r e  s h o c k s  (as  i n  R e f e r e n c e .  4 ,  one  c a n  s h o w  t h a t  t h i s  g i v e s  t h e  
b e s t  e s t i m a t e  f o r  f u t u r e  s h o c k s  i n  t h e  s e n s e  of m i n i m u m  m e a n  s q u a r e  e r r o r  
e s t i m a t i o n ) .  F o r e c a s t i n g  i s  d i s c u s s e d  a n d  i l l u s t r a t e d  i n  S e c t i o n  8. 

S e a s o n a l  v a r i a t i o n  o r  o t h e r  c y c l i c  t y p e  t r e n d s  c a n  be  i m p o r t a n t  i n  
t i m e  s e r i e s  m o d e l s .  T h e s e  a r e  d i s c u s s e d  i n  S e c t i o n s  6,  7, a n d  9. 

T h e  S U M P  3 e x a m p l e  d a t a  i s  s h o w n  i n  F i g u r e  5 . 1  a n d  g i v e n  a p r e -  
l i m i n a r y  t y p e  of  a n a l y s i s  i n  t h e  b e g i n n i n g  of  t h i s  S e c t i o n .  F i g u r e  5 . 2  s h o w s  
t he  a u t o c o r r e l a t i o n  p l o t  f o r  S U M P  3 d a t a .  I t  c l e a r l y  i n d i c a t e s  t h e  s t r o n g  
d e t e r m i n i s t i c  c o r r e l a t i o n  s e p a r a t e d  a t  i n t e r v a l s  of  s ix  t i m e  u n i t s  ( no t e  s t r o n g  
a u t o c o r r e l a t i o n  a t  l a g  of  6, 12, a n d  18).  T h e  c o r r e l a t i o n  i n  o p p o s i t e  s e n s e  
i s  i n d i c a t e d  by the  v a l u e s  s e p a r a t e d  by  6 t i m e  i n t e r v a l s ,  s t a r t i n g  a t  l a g  3. 
T h i s  s y n t h e t i c  m o d e l  w a s  c o n s t r u c t e d  a s  a n  A R I M A  type  (1, 1) w i t h  t w o  d e t e r -  
m i n i s t i c  t e r m s  a d d e d  s o  t h a t  i t s  f o r m  w a s  

(I - ~IB)Zt = (i @l)at + 80 + Deterministic Terms 

The values used were %o I = . 25, 81 = I. 5, 80 = Z8. The deterministic terms 
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Section 6. Methodology of ARIMA Models 

The methodology employed for the study of time series data by formu- 
lating ARIMA type models consists of several distinct tasks and requires 
computer software for carrying them out. These tasks, or modeling steps, 

include: 

--Plot time series and plots of transformed or differenced series 

as required. 

--Compute sample mean and standard deviation for a series of data 

value s. 
.-Compute sample autocorrelations and partial autocorrelations to 

specified number of lag values. 

--Make a set of estimates for the parameters of a selected mathemati- 
cal m o d e l  of  t h e  t i m e  s e r i e s .  E s t i m a t e s  a r e  m o s t  o f t e n  b a s e d  o n  a 

m i n i m u m  m e a n  s q u a r e  e s t i m a t i o n  p r o g r a m  a s  d i s c u s s e d  b e l o w .  

- - C a l c u l a t e  r e s i d u a l  t i m e  s e r i e s  n o t  a c c o u n t e d  f o r  b y  t h e  m o d e l .  

- - T e s t  t he  m o d e l  t o  s e e  h o w  w e l l  i t  r e p r e s e n t s  t h e  t i m e  s e r i e s .  
T h i s  i n v o l v e s  t e s t i n g  t h e  r e s i d u a l  s e r i e s  f o r  w h i t e  n o i s e  c h a r a c t e r -  . 
i s t i c s ,  o b s e r v i n g  s m o o t h i n g  a b i l i t y  of  t h e  m o d e l  a n d  m a k i n g  s h o r t -  

r a n g e  f o r e c a s t s .  

M u c h  of  the  a b o v e  p r o c e s s  i s  c o m m o n l y  k n o w n  a s  t h e  A R I M A  t e c h n i q u e  
a s  p r e v i o u s l y  d i s c u s s e d .  V a r i o u s  a l t e r n a t i v e s  a r e  p o s s i b l e  f o r  c a r r y i n g  o u t  
t he  A R I M A  m o d e l  f o r m u l a t i o n  of a t i m e  s e r i e s  s u c h  a s  w i t h  r e p o r t e d  c r i m e  
d a t a .  In  p a r t i c u l a r ,  t h e  u s u a l  A R I M A  p r o c e d u r e  e m p l o y s  a n  i d e n t i f i c a t i o n  
a n d  d e c i s i o n  s t e p  in  w h i c h  the  a u t o c o r r e l a t i o n s  a n d  p a r t i a l  a u t o c o r r e l a t i o n s  
f o r  v a r i o u s  l a g  v a l u e s  a r e  s t u d i e d .  F r o m  t h e s e ,  one  a t t e m p t s  t o  g a i n  c h a r a c t e r -  
i s t i c  p a t t e r n s  t h a t  s u g g e s t  a n  a p p r o p r i a t e  m o d e l  f o r m .  T h e n  t h e  f o r m  i s  s e l e c t e d  

a n d  m o d e l  p a r a m e t e r s  a r e  e s t i m a t e d .  

H o w e v e r ,  t he  o v e r a l l  p o i n t  of v i e w  i s  t o  g e t  a g o o d  m o d e l ,  . w h i c h  i s  
d e f i n e d  a s  one  h a v i n g  c e r t a i n  r e s i d u a l  c h a r a c t e r i s t i c s .  H o w  s u c h  a m o d e l  i s  
o b t a i n e d  i s  n o t  i m p o r t a n t .  T h u s ,  i n  c a s e s  w h e r e  a l a r g e  n u m b e r  of  t i m e  
s e r i e s  a r e  to  be c o n s i d e r e d ,  a m o r e  d i r e c t  a p p r o a c h i s  d e s i r a b l e .  To  p r o c e e d  
i n  s u c h  c a s e s ' i t  m a y  be p o s s i b l e  to  a s s u m e  t h a t  r e l a t i v e l y  s i m p l e  m o d e l s  w i l l  
be  s a t i s f a c t o r y .  S e v e r a l  s i m p l e  m o d e l  t y p e s  c a n  t h e n  be  c h o s e n  f o r  s t u d y  a n d  
a n  a t t e m p t  m a d e  to p r o d u c e  e a c h  of  t h e s e  m o d e l s  f o r  e v e r y  s e r i e s .  T h i s  

i n v o l v e  s e s t i m a t i n g  t he  de s i r e d  p a r a m e t e r  s .  

I n  s o m e  c a s e s  u s e f u l  m o d e l s  m a y  n o t  be o b t a i n e d  b e c a u s e  t he  d a t a  do  n o t  
l e a d  to  u s e f u l  e s t i m a t e s  of t he  p a r a m e t e r s .  T h i s  s i t u a t i o n  e n f o r c e s  t he  v i e w -  
p o i n t  t h a t  o n l y  s i m p l e  m o d e l s  c o u l d  be o b t a i n e d  on  t h e  b a s i s  of  t he  a s s u m p t i o n  
of  e l e m e n t a r y  s e r i e s  m o d e l s .  B y a t t e m p t i n g  to  p r o d u c e  c a n d i d a t e  m o d e l s  f o r  
e a c h  s e r i e s ,  a l a r g e  n u m b e r  of  m o d e l s  c a n  be  c o n s t r u c t e d .  To  c a r r y  o u t  t he  
m o r e  u s u a l  A R I M A  p r o c e d u r e  w o u l d  t a k e  a g r e a t  a m o u n t  of  t i m e ,  a n d  c o m p u t e r  
u s e .  O n c e  the  c a n d i d a t e s  a r e  p r o d u c e d ,  a s t u d y  of e a c h  a l l o w s  s e l e c t i o n  of  t h e  
b e s t  m o d e l  f o r  e a c h  t i m e  s e r i e s .  B e s t  i s  d e t e r m i n e d  f r o m  p r o p e r t i e s  of  the  
r e s i d u a l .  ( S o m e  c o m m e r c i a l  p r o c e d u r e s  a r e  b e c o m i n g  a v a i l a b l e  t h a t  s e e m  to  
f o l l o w  s i m i l a r  p r a g m a t i c  m e t h o d s  to  o b t a i n  u s e f u l  A R I M A  m o d e l s .  ) 

F o r  c a r e f u l  d e v e l o p m e n t  of a t i m e  s e r i e s  m o d e l  a n  i d e a l  p r o c e d u r e  i s  

4 6O 



,j 

I 
i4 
I 

1 
I 

'1 
.I 
I 

. I  
! 

"1 
I 

i 
"1 
J 
I 

4 

to  c o n d u c t  p r e l i m i n a r y  a n a l y s i s  of t he  k i n d  d i s c u s s e d  in  S e c t i o n  3 t o g e t h e r  w i t h  
t h e  b a s i c  i d e n t i f i c a t i o n  p h a s e  o3 A R I M A  m o d e l i n g .  T h e  a u t o c o r r e l a t i o n  c a n  
s u g g e s t  t h i n g s  l i k e  l a c k  of  s t a t i o n a r i t y  a n d  s e a s o n a l  v a r i a t i o n s  w h i c h  c a n  a l s o  
be  c o n s i d e r e d  by  m e a n s  of  the  p l o t s  a n d  s i m p l e  s t a t i s t i c a l  s t u d i e s  e m p l o y e d  i n  
p r e l i m i n a r y  a n a l y s i s .  T r a n s f o r m a t i o n  of  d a t a  o r  d i f f e r e n c i n g  of  the  s e r i e s  
p r i o r  to  d e t a i l e d  m o d e l  f o r m u l a t i o n  a r e  o f t e n  s u g g e s t e d  o n  t he  b a s i s  of  p r e -  
l i m i n a r y  a n a l y s i s  o r  p a r t  of  t he  A R I M A  i d e n t i f i c a t i o n  p h a s e .  T h e s e  p r e l i m i n a r y  
c o n s i d e r a t i o n s  a r e  d i s c u s s e d  i n  S e c t i o n  3. 

The procedure described above will be illustrated in detail for two 
cases: one showing a good model and one showing a poor model. Properties 
determining a good model will be indicated as part of the illustration rather 
than being given in more abstract formulation. They are, to some extent, 
subjective, but do provide operational guidelines for selecting mathematical 
m o d e l s  o f  t i m e  s e r i e s .  

B e f o r e  p r e s e n t i n g  t he  i l l u s t r a t i o n s ,  t h e  m o d e l  f o r m  w i l l  be d i s c u s s e d  
s o m e w h a t  f u r t h e r  to  p r o v i d e  a b a c k g r o u n d  f o r  d i s c u s s i o n  of  t h e  i l l u s t r a t i o n s  
a n d  a l s o  to  a l l o w  d e f i n i t i o n  of  a p o s s i b l e  n e w  l e v e l  of c r i m e  m e a s u r e  b a s e d  on  
t h e  s t o c h a s t i c  m o d e l  c o n c e p t .  T h e  m e a s u r e  m a y  be  c a l l e d  t he  r e s i d u a l  c r i m e  
l e v e l  a n d  m a y  p r o v e  to be m o r e  m e a n i n g f u l  t h a n  t he  s a m p l e  m e a n s  a s  a s c a l a r  
(i.  e . ,  s i n g l e  n u m e r i c a l )  i n d i c a t o r  o f  c r i m e  l e v e l .  D e t a i l e d  s t u d y  of  t h e  r e -  
s i d u a l  c r i m e  l e v e l  is  b e y o n d  t h e  s c o p e  of  w o r k  d e s c r i b e d  i n  t h i s  r e p o r t .  

T h e  t i m e  s e r i e s  m a y  be  d e n o t e d  by  a c o l l e c t i o n  of  v a l u e s  z t w h i c h  

e q u a l s  t he  v a l u e  o f  t h e  s e r i e s  a t  t i m e  t .  T h u s ,  i n  t h e  s t u d y  of  r e p o r t e d  c r i m e  
i f  t h e  t i m e  s e r i e s  f o r  b u r g l a r y  i n  D i s t r i c t  1 i s  b e i n g  c o n s i d e r e d ,  z 5 w o u l d  

d e n o t e  t h e  n u m b e r  of  b u r g l a r i e s  r e p o r t e d  i n  D i s t r i c t  1 d u r i n g  w e e k  n u m b e r  5 
( w h i c h  w o u l d  c o r r e s p o n d  to  s o m e  c a l e n d a r  w e e k  in  the  t i m e  s e r i e s ) .  T h e  
n o n s e a s o n a l  m a t h e m a t i c a l  m o d e l s  e x p r e s s  the  v a l u e  z t i n  t e r n s  of  p r e v i o u s  

s e r i e s  v a l u e s  s u c h  a s  Z t _ l ,  p u r e l y  r a n d o m  a m o u n t s  a t ( c a l l e d  r a n d o m  s h o c k s )  

t h a t  c a n n o t  be  a c c o u n t e d  f o r  by  t he  p r e v i o u s  s e r i e s  v a l u e s ,  a n d  a n o n r a n d o m  
c o n s t a n t  t e r m .  If  t he  m o d e l  u s e s  p p r e v i o u s  s e r i e s  v a l u e s  a n d  q p r e v i o u s  
s h o c k s ,  ther r  t he  v a l u e  of  z t i s  e x p r e s s e d  i n  t h e  f o r m :  ; 

P q 

= F. ~izt + a t - ~ + @ - - 1 @iat-i o Z t 
i - 1  i = l  

To specify such a model the p+q+ 1 parameters -~i' 8o' 8. must be estimated 
i 

from the data. Selection of the model type is accomplished by choosing the 
value of p and q to be used. The notation {p, q) is widely used to specify the 
model type. Basic candidate model types that may be used are (2,2), (I,I), 
(I.0), and (0, I). (In some cases other models and seasonal forms may be 
required.) It should be noted that the form (0, I) is best when the series 
itself is purely random (as is often the case for such crimes as homicide or 
rape). This model type includes a form of the so-called exponential smooth- 
ing model. 

Estimation of the parameters to be used in the ARI/VIA model is a 
major part of the actual calculation required. One way to estimate the 
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parameters is based on the m e t h o d  of moments widely used to develop esti- 
mates in statistics. These are called Yule-Walker estimates. They 
insure that the model will yield some number of moment values equal to 
the corresponding sample moments obtained from the data. The required 
calculations are reasonable but the estimates are not considered as good 
as those obtained by minimizing the mean square error between model 
values and actual values. However this minimization is a major problem of 
• numerical analysis. Sometimes the Yule-Walker values are used as initial 
points from which to start the optimization process. If this is considered too 
extensive a calculation ti~e optimization is started from selected initial values. 
Since the difference function being minimized depends on all N values in a 
series of length N a complicated function of ~he estimators is involved. This 
will be discussed a little more in Section i0. 

If  one  t a k e s  e x p e c t e d  v a l u e s  in  the  m o d e l  f o r m  s h o w n  a b o v e ,  the  
following result is obtainec~: 

P 
: Y, ~ . E [ z t -  i ] _  + e E(zt) i=l I o 

This occurs because the a t random variables are assumed to have zero 

expected value (mean). Denoting E{z t) by the series mean D one obtains: 
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P 
@ = (1-  ?, _~i)~l.. 
o i - 1  

The  q u a n t i t y  8 i s  w h a t  h a s  b e e n  d e s i g n a t e d  a b o v e  a s  the  r e s i d u a l  c r i m e  
o 

l e v e l .  W h e n  the  a m o u n t  of c r i m e  a t  t i m e  t d o e s  n o t  d e p e n d  d i r e c t l y  on  p r e -  
v i o u s  v a l u e s ,  the  p a r a m e t e r s  @. a r e  a l l  z e r o .  In  t h i s  c a s e  the  t i m e  s e r i e s  

x 
of r e p o r t e d  c r i m e  is  a p u r e  m o v i n g  a v e r a g e  f o r m  of m o d e l ,  and" 8 i s  the  o 
a v e r a g e  v a l u e  ~,  e s t i m a t e d  a s  the  s a m p l e  m e a n .  W h e n . a  g o o d  m o d e l  c a n  be 
p r o d u c e d  in  w h i c h  no ~ t e r m s  a r e  p r e s e n t ,  t he  r e s i d u a l  c r i m e  l e v e l  8 i s  

i o 
the  s a m e  as  the m e a n  c r i m e  l e v e l  ~ .  H o w e v e r ,  f o r  t h o s e  c a s e s  in  w h i c h  the  
b e t t e r  m o d e l  e m p l o y s  s o m e  p r e v i o u s  t i m e  s e r i e s  v a l u e s  (~. n o t  a l l  z e r o ) ,  x 
the  r e s i d u a l  c r i m e  l e v e l  d i f f e r s  f r o m  the  m e a n  c r i m e  l e v e l .  T h i s  o c c u r s  
b e c a u s e  in  s u c h  c a s e s  m o r e  of the  i n c i d e n c e  of c r i m e  is  a c c o u n t e d  f o r  by  the  
m o d e l  t e r m s  c o r r e s p o n d i n g  to  p r e v i o u s  s e r i e s  v a l u e s .  T h e r e  is  a r e s i d u a l  
c r i m e  l e v e l  u n a c c o u n t e d  f o r  by  e i t h e r  the  i n f l u e n c e  of p r e v i o u s  l e v e l s  of  
c r i m e  or  a n y  p u r e l y  r a n d o m  ( s h o c k )  t e r m s .  The  l e v e l  m a y  be l e s s  o r  g r e a t e r  
than the sample mean, depending on the numerical values of the parameters 
~. (which may be positive or negative). 
I 

One may denote the three parts of the model as the 
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P 
e c o r r e l a t e d  p a r t  C = ~ ~ iz t  

i = l  - - i  

o r e s i d u a l  c r i m e  l e v e l  p a r t  @ 
o 

q 

o p u r e l y  r a n d o m  ( w h i t e  n o i s e )  p a r t  R = a t - E @iat_i 
i = l  

A m o d e l  i s  c o n s i d e r e d  to  be  g o o d  i f  R h a s  t h e  p r o p e r t i e s  of  w h i t e  n o i s e ,  a s  
i I l u s t r a t e d  i n  t he  s a m p l e  c a s e s  d i s c u s s e d  b e l o w .  T h e  e f f e c t  of  e a c h  of  t h e  
t h r e e  p a r t s  d o e s  no t  r e l a t e  t o m o d e l  c o r r e c t n e s s  ( i . e . ,  g o o d n e s s  o r  s u i t -  
a b i i i t y ) .  H o w e v e r ,  t h e y  m a y  w e l l  r e l a t e  to  m o d e l  u t i l i t y .  In  s o m e  c a s e s  a 
g o o d  m o d e l  m a y  be a u s e f u l  o p e r a t i o n a l  t o o l  w h i l e  i n  o t h e r  c a s e s  a n  e q u a l i y  
g o o d  m o d e l  ( j u d g e d  o n  t h e  b a s i s  of  t h e  w h i t e  n o i s e  c h a r a c t e r i s t i c  of  R) m a y  
be  I e s s  u s e f u l .  M o d e l  u t i l i t y  d e p e n d s  o n  t he  r e i a t i v e  s t r e n g t h  of  e a c h  of  t h e  
t h r e e  p a r t s .  S i n c e  t h e  a p p l i c a t i o n  of  t i m e  s e r i e s  m o d e l  a n a l y s i s  to  o f f e n s e  
c r i m e  d a t a  i s  o n l y  b e g i n n i n g ,  t h e r e  p r e s e n t l y  d o e s  n o t  e x i s t  a n y  b o d y  of  
i n f o r m a t i o n  a s  to  h o w  to  u t i l i z e  s u c h  m o d e l s .  F o r  a p p l y i n g  s u c h  m o d e l s  i n  
e v a l u a t i o n  w o r k  t h e r e  i s  i n t e r e s t  i n  c o n s i d e r i n g  w h a t  the  t h r e e  p a r t s  of  t he  
m o d e l  m a y  c o n t r i b u t e  r e g a r d i n g  m e a s u r e m e n t  of  c h a n g e  i n  c r i m e  l e v e l  o r  
p a t t e r n .  F o r  t h i s  p u r p o s e  o n e  c a n  c o n j e c t u r e  t h e  f o l l o w i n g  a s p e c t s  of  t h e  
t h r e e  p a r t s ,  w i t h  a c a u t i o n  t h a t  t h e r e  i s  no  e v i d e n c e  a t  t h i s  t i m e  t h a t  t h e s e  
conjectures are correct: 

T h e r e  i s  r e l a t i v e l y  l i t t l e  t h a t  o n e  c a n  do  to  a l t e r  t h e  p u r e l y  
r a n d o m  p a r t  R; c o n t r i b u t i o n s  to  c r i m e  g o v e r n e d  b y  t h i s  p r o c e s s  
s h o w  t h e  l e a s t  r e s p o n s e  to  c h a n g i n g  p o l i c e  a c t i v i t y .  

o T h e  r e s i d u a l  c r i m e  l e v e l  8o d e p e n d s  m o s t  s t r o n g l y  on  t h e  c r i m e  
e n v i r o n m e n t  r a t h e r  t h a n  on  c h a n g e s  in  p o l i c e  a c t i v i t y ;  i f  i t  i s  t o  
b e  c h a n g e d ,  r a t h e r  g e n e r a l m e a s u r e s  m u s t  b e  t a k e n  to  a l t e r  t h e  
t o t a l  e n v i r o n m e n t .  

/ 

o T h e  c o r r e l a t e d  p a r t  C i s  m o s t  l i k e l y  t o  c h a n g e  a s  a r e s u l t  of  
a l t e r e d  p o l i c e  a c t i v i t y ,  c h a n g e s  b e i n g  i n d i c a t e d  in  p a r a m e t e r  
v a l u e s  a n d / o r  p, t h e  o r d e r  of  t h e  p r o c e s s .  

" These are preliminary considerations, stated here to indicate some of 
the ways in which time series models of reported crime might be expected to 
contribute to evaluation of change clue to altered police activity. Several dif- 
ficultles can be identified with these concepts. The residual crime level 8 

o 

depends on the same parameters as C does so that both should reflect the 
same kind of changes; however, it is reasonable to suppose that @ may be 

o 

less sensitive than C to changes in the parameter values ~.. Another diffi- 
I 

culty is the considerable variation in @ values over candidate models (and 
o 

on techniques used for parameter es~mation). This is a weakness of the 
residual crime level, in that it can have rather different values for models 
that are almost equally good so far as their white noise characteristics are 

concerned. . 
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T i m e  s e r i e s  m a y  have  s o m e  c y c l i c  or s e a s o n a l  v a r i a t i o n  tha t  c o n t r i b -  
u t e s  to t b e ~ n a g n i t u d e  of the s e r i e s  v a l u e s .  R e t a i l  s a l e s  have  p e a k s  b e f o r e  
Christrq{~r~flnd e l e c t r i c i t y  u s e  is  h igh  in  A u g u s t  d u e  to a i r  c o n d i t i o n i n g  d e m a n d .  
R e p o r t e 6 - d r i m e  does  not show s t r o n g  s e a s o n a l  e f f e c t s  such  as  t hose  tha t  s t a n d  
out  for  r e t a i l  s a l e s .  H o w e v e r  i t  is  p o s s i b l e  t ha t  s o m e  type of c y c l i c  v a r i a t i o n  
is  p r e s e n t  for  c e r t a i n  c r i m e  t y p e s .  This is d i s c u s s e d  m o r e  fu l l y  in  S e c t i o n  9. 

The ARIMA m e t h o d o l o g y  c a n  p r o d u c e  a s t o c h a s t i c  m o d e l  t ha t  i n c l u d e s  
c y c l i c  v a r i a t i o n  ( s e a s o n a l  t r e n d s )  by u s i n g  h i g h e r  o r d e r  d i f f e r e n c e  t e r m s .  T h e s e  
m a y  be e i t h e r  a u t o r e g r e s s i v e  or m o v i n g  a v e r a g e  type t e r m s .  In the e x a m p l e s  
of a u t o c o r r e ! a t i o n s  the p r e s e n c e  of c y c l i c  e f f e c t s  w a s  d e s c r i b e d .  When  s tudy  
i n d i c a t e s  the p r e s e n c e  of e f f e c t s  and  i d e n t i f i e s  the a p p r o p r i a t e  l~g va lue  the 
ARIMA m e t h o d o l o g y  i n c l u d e s  the d i f f e r e n c e  f a c t o r s  in  c o n s t r u c t i E g  the m o d e l .  
Of c o u r s e  the i n t r o d u c t i o n  of s u c h  c y c l i c  f a c t o r s  c o m p l i c a t e s  the m o d e l ,  
r e q u i r i n g  a d d i t i o n a l  p a r a m e t e r  e s t i m a t i o n .  Thus l o n g e r  s e r i e s  a r e  r e q u i r e d  
to p r o v i d e  the n e c e s s a r y  da ta  for  e s t i m a t i o n .  

It is  i m p o r t a n t  to b a l a n c e  the p o t e n t i a l  i m p r o v e m e d t  in  a m o d e l  t h a t  
m i g h t  be p r o v i d e d  by c y c l i c  f a c t o r s  a g a i n s t  the a d d e d  c o m p l e x i t y  and  p o s s i b l e  
d o w n g r a d i n g  of p a r a m e t e r  e s t i m a t i o n .  When  t h e r e  a r e  s t r o n g  i n d i c a t i o n s  of 
c y c l i c  t r e n d  they  m u s t  be a c c o u n t e d  for  but  w i th  m o s t  c r i m e  da ta  s u c h  i n d i c a -  
t i ons  a r e  s l i gh t  and i t  is  v e r y  m u c h  a m a t t e r  of j u d g m e n t  how t h e y  shou ld  be 
d e a l t  wi th .  

The fo l lowing  two m o d e l  f o r m u l a t i o n s  i l l u s t r a t e  how m o d e l s  a r e  
s e l e c t e d  and  t e s t e d  for  g o o d n e s s .  Both a good and  a bad m o d e l  w i l l  be d e s c r i b e d  
in  p r a c t i c e  the bad m o d e l  wou ld  not  be u s e d .  A d d i t i o n a l  m o d e l s  s e l e c t e d  f r o m  
c a n d i d a t e  m o d e l s  of v a r i o u s  c r i m e  t y p e s  a r e  g i v e n  in  S e c t i o n  7. D e t a i l s  s u c h  as  
t hose  g i v e n  be low a r e  not  p r e s e n t e d  for  the o t h e r  i l l u s t r a t i o n  c a s e s .  

An e x a m p l e  of a good m o d e l  is the (1, 1) m o d e l  for  b u r g l a r y  in  
D i s t r i c t  1, for  the 8 7 - w e e k  p r e - C O M S E C  p e r i o d .  The (1, 1) m o d e l  has  the 
fo l lowing  m a t h e m a t i c a l  f o r m :  

zt  = @I z t -  1 + O + a t 8 at_ o - i i" 

Data  for  th is  c a s e  give e s t i m a t e s  for  the t h r e e  p a r a m e t e r s  @1 =.4,  8o = 19 .57 ,  

e 1 = . 1 and  the s a m p l e  m e a n  and  s t a n d a r d  d e v i a t i o n  a r e  ~a = 32 .76  and  ~ = 7 . 9 7 .  

Note tha t  the r e s i d u a I  b u r g l a r y  l e v e l  e is  c o n s i d e r a b l y  l e s s  t han  the s a m p l e  
o 

m e a n .  Thus the m o d e l  f o r m  is a c c o u n t i n g  for  a n u m b e r  of i n s t a n c e s  of b u r g l a r y  
tha t  do not. have to be l u m p e d  into  the r e s i d u a l  c r i m e  I e v e l .  

The major purpose of this, and the next, example is to clarify how a 
model is judged to be good or not good, thereby illustrating the diagnostic 
phase of ARIMA. The most important features of the model are the white 
noise properties of the random residual. This is the part of the time series 
that is not attributed to correlated or fixed levels, ~t is the estimated a t 

series. White noise should have zero mean value and zero autocorrelation 
values. Of course, one only obtains estimates of all these quantities, based 
on the data and the model structure. These estimates must be used to test 
the white noise property of the residual. An autocorrelationestimate is 
assumed to be not significantly different from zero if it lies within one standard 
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deviation, of its distribution, from zero (positive or negative). The sample 
distributions are rather complicated, but for far-size samples the standard 
deviation is taken to be about i/J~n where n is the length of the time series 
(in the present example n=87 and I/~/~ = . II). 

For the (l,l) model of burglary in District l, the residual mean is 
-. 05 which is close enough to zero to be acceptable (though smaller values 
are commonly obtained). The properties of the residual autocorrelationare 
shown in Figure 6. I where the plus and minus I/J~n values indicate the signifi- 
cant region. Only autocorrelaLionestimates falling outside these levels are 
of any significance at all. In this case only five out of a total of 20 values 
fall into the significance region and none fall very far into that region. This 
is a very acceptable sample white noise autocorrelation spectrum. In 
Figure 6. I, "lag" refers to how much separation is taken bet~veen time series 
values in computing the corresponding autocorrelation estimate. No auto- 
correlation value falls beyond ~vo standard deviations (Z~n) from zero 
which would be a highly significant occurrence as illustrated in the next 

example. 

T h o u g h  the  w h i t e  n o i s e  p r o p e r t y  i s  e s s e n t i a l  f o r  a g o o d  m o d e l ,  t h e r e  
a r e  s o m e  o t h e r ,  m o r e  s u b j e c t i v e  c r i t e r i a  t h a t  one m a y  a l s o  c o n s i d e r .  One 
of t h e s e  i s  s e e i n g  how w e l l  the  m o d e l  f o r e c a s t s  f o r  a f e w  w e e k s  a h e a d .  A 
bad model is often indicated by strange (e.g., negative) forecast values. On 
the other hand a good model gives values near the sample mean and usually 
becomes constant in a very few weeks (two or three). Though possibly not a 
useful forecast (because of the relatively simple form of models being used 
here), such reasonable behavior indicates a sound model representation. 

Another criterion is the contrast between the original time series 
and that series with the random residual (white noise in a good model) sub- 
tracted out. Ina good model the result is a much smoother series than the 
original. It represents the part of the time series that is not purely random, 
combining a constant level with a correlated (one value affecting future values) 
random series. As has been remarked above, this remaining part may well 
represent the levels of crime for which various activities can produce change. 
The purely random part cannot be affected in the same way (e. g., one cannot 
forecast that part at all on the basis of other data). Thus smoothing seems 
like a good model feature; however, too smooth a result would possibly indi- 
cate an inability to produce changes, at least by certain methods (of course, a 
"police state" can strongly affect even the purely random part). 

Figure 6. Z shows the series for burglary in District 1 and the smoothed 
series after removal of the random residual, which has been seen to be close 
to white noise for the (l, i) model. Considerable smoothing occurs indicating 
a good model. However, variation still exists indicating that there is more 
to burglary than purely random effects and that actions can be taken to use 
information contained in the burglary time series in efforts to reduce burglary. 
Thus, not only is the model a good one in theoretical terms, but it is poten- 
tially useful as an operational aid. 

A final consideration is the standard deviation of the random residual 
7.55 in the present example. The standard deviation has nothing to do with 
goodness of the model, but relates to its potential usefulness. Since the ran- 
dora residual, once identified by a good model form, is aninstrinsic part of 
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t h e  c o m p l e t e  t i m e  s e r i e s ,  one  h a s  to  d e a l  w i t h  i t .  If t he  p u r e l y  r a n d o m  
r e s i d u a l  h a s  l a r g e  v a r i a b i l i t y ,  t h e n  t h e r e  i s  a s t r o n g  u n c o r r e l a t e d  e f f e c t  t h a t  
may be difficult to reduce. At least it seems likely that different procedures 
may be required in attacking the purely random part from those that are shown 
to be useful in attacking the correlated and constant parts. Certainly our 
interest here in identifying the different parts is to have an evaluation tool 
that can address those aspects of change that may be expected to be affected 
by a program without having to demand that a program also produce changes 
in processes over which it could not be expected to have the same effect. 

In  c o n t r a s t  to  the  g o o d  a n d  p o t e n t i a l l y  u s e f u l  m o d e l  (1, 1) f o r  b u r g l a r y  
d i s c u s s e d  a b o v e ,  i t  m a y  be n o t e d  t h a t  r a p e  i s  e s s e n t i a l l y a  p u r e l y  r a n d o m  
s e r i e s .  A g o o d  m o d e l  f o r  r a p e  i s  o f  t h e  f o r m  (0, 1) w i t h  O 1 = 0 s o  t h a t  

z t  = ~o ÷ a t . T h e  r e s i d u a l  i s  e s s e n t i a l l y  t he  s e r i e s  i t s e l f  s h i f t e d  f r o m  a m e a n  

of  @ to  a m e a n  of  z e r o .  R e m o v a l  of  t he  a t s e r i e s  g i v e s  p e r f e c t  s m o o t h i n g  
O 

( c o n s t a n t  O v a l u e )  a n d  t he  w h i t e  n o i s e  s p e c t r u m  i s  i d e a l  (a l l  a u t o c o r r e l a f i o n s  
o 

a r e  z e r o ) .  H o w e v e r ,  t h i s  v e r y  g o o d  m o d e l  s e e m s  to  h a v e  l i t t l e  p o t e n t i a l  
u t i l i t y  b e c a u s e  i t  o n l y  b o u n d s  t he  o c c u r r e n c e s  of  r a p e  by  s a m p l e  s t a n d a r d  
d e v i a t i o n  v a l u e  s.  

A n o t h e r  c o m p a r i s o n  w i t h  t h e  b u r g l a r y  m o d e l  i s  p r o v i d e d  by  a b a d  
m o d e l  f o r  p e t t y  l a r c e n y  i n  D1 f o r  t he  8 7 - w e e k  p r e - C O M S E C  p e r i o d  ( in  t h i s  
p e r i o d  t he  d e f i n i t i o n  of p e r t  l a r c e n y  w a s  b a s e d  on  $50 v a l u e ) .  I t  i s  a (0, 1) 
model with @ = 38.98 Y0 and 1 = - " 59. In this model the residual crime level 

o 

e equals the sample mean ~. Sample standard deviation for the larceny 
O 

series is I0.24. 

T h e  r a n d o m  r e s i d u a l  h a s  m e a n  . 01 w h i c h  i s  s a t i s f a c t o r y  b u t  h a s  a 
v e r y  p o o r  a u t o c o r r e l a t i o n  s p e c t r u m  a s  s h o w n  in  F i g u r e  6 . 3 .  T w o  v a l u e s  a r e  
m o r e  t h a n  t w o  s t a n d a r d  d e v i a t i o n  l i m i t s .  T h i s  i s  c o m p l e t e l y  u n s a t i s f a c t o r y  
a u t o c o r r e l a t i o n  a n d  the  r e s i d u a l  c a n n o t  be c o n s i d e r e d  a.s r e p r e s e n t i n g  a w h i t e  
n o i s e  p r o c e s s .  T h u s  the  m o d e l  i s  n o t  g o o d  ( u n a c c e p t a b l e ) .  F o r  t h i s  c a s e  one  
c a n  c o n s i d e r  the  s e r i e s  r e m a i n i n g  a f t e r  r e m o v a l  of  t he  r e s i d u a l  a s  s h o w n  in  
F i g u r e  6 . 4 .  T h e r e  i s  n o t h i n g  l i k e  t h e  s m o o t h i n g  e f f e c t  s e e n  b e f o r e  i n  F i g u r e  
6 . 2 ;  i n  f a c t ,  t h e r e  is  v e r y  l i t t l e  s m o o t h i n g .  

W h e n  the  r a n d o m  r e s i d u a l  h a s  a p o o r  a u t o c o r r e l a t i o n  s p e c t r u m ,  t h e  
s i g n i f i c a n t  p e a k s  m a y  be due  to  p o o r  m o d e l  s e l e c t i o n  (or  p a r a m e t e r  e s t i m a t i o n ) .  
H o w e v e r ,  t h e y  m a y  a l s o  be  due  to  p e r i o d i c  t r e n d s  i n  the  d a t a .  W h e n  t h i s  i s  t h e  
c a s e ,  one  c a n  o f t e n  i d e n t i f y  s i m i l a r  ( i . e . ,  s a m e  l a g  v a l u e s )  p e a k s  in  the  
o r i g i n a l  se :~ ies  a u t o c o r r e l a t i o n .  T h i s  i s  one  m e t h o d  f o r  i d e n t i f i c a t i o n  of  
p e r i o d i c  ( s e a s o n a l )  e f f e c t s .  

Gther difficulties in the model may result from attempting to model a 
nonstationary series or a series that should be transformed in order to yield 
better model representatiol~. 
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S e c t i o n  7.  I l l u s t r a t i o n s  of A R I M A  M o d e l s  

T h i s  s e c t i o n  i l l u s t r a t e s  t h e  m a t h e m a t i c a l  m o d e l  a p p r o a c h  to  s t a t i s t i c a l  
a n a l y s i s  of  t i m e  s e r i e s  c o m p a r i s o n s ,  f o r  e x a m p l e  a s  e m p l o y e d  i n  t he  s t u d y  of  
r e p o r t e d  c r i m e  f o r  e v a l u a t i o n  p u r p o s e s .  A n  A R I M A  m o d e l  m a y  be  d e v e l o p e d  
f o r  e a c h  c r i m e  t y p e  a n d  r e g i o n  of i n t e r e s t  b o t h  b e f o r e  a n d  a f t e r  a p r o g r a m  
i n i t i a t i o n  f o r  w h i c h  e v a l u a t i o n  i s  d e s i r e d .  Due  to  t he  r e l a t i v e  e f f o r t  i n  p r o -  
d u c i n g  g o o d  s t o c h a s t i c  m o d e l s ,  e x a m p l e s  m a y  be  r e s t r i c t e d .  T h e  i l l u s t r a t i o n s  
a r e  f o r  r e p r e s e n t a t i v e  c r i m e  t y p e s  i n  D i s t r i c t  1 (D1) a n d  t h e  r e s t  of  t he  c i t y  
(CDI). The models given were produced without extensive preliminary model 
formulation studies. Thus, the examples do not include such things as data 
transforrnation, differencing for improving stationarity, or the detailed study 
of autocorrelation and partial autocorrelation statistics. These are illustrated 
elsewhere in the report. Instead of the detailed preliminary procedures, a 
number of candidate models having simple form were made and their residual 
properties noted. If a good model could not be found, a more careful study 
was made and some additional candidates were formed for that case. From 
this collection of models, it was possible to obtain a good model in most 
cases under consideration for this illustration. The selected model for each 
case is shown in Tables 7. 1 through 7.5 -- one table for each of the five 
crime types considered. The notation employed in these tables is explained 

below. 

M o d e l  t y p e  d e s c r i b e s  t he  l e v e l  of a u t o r e g r e s s i v e  t e r m s  p a n d  m o v i n g  
a v e r a g e  t e r m s  q by  a n  o r d e r e d  p a i r  ( p , q ) .  S e a s o n a l  v a r i a t i o n  i s  i n d i c a t e d  
a s  a u t o r e g r e s s i v e  l a g  o r  m o v i n g  a v e r a g e  l a g  v a l u e s ,  w r i t t e n  a f t e r  t h e  o r d e r e d  
p a i r .  P a r a m e t e r  v a l u e s  a r e  g i v e n  b e l o w  the  t y p e  d e s c r i p t i o n .  T h e  o r d e r  i s  
i n d i c a t e d  by  a s u b s c r i p t ,  a u t o r e g r e s s i v e  v a l u e s  a r e  d e n o t e d  by  ~ a n d  m o v i n g  
a v e r a g e  v a l u e s  a r e  d e n o t e d  by  @. T h e  m e a n  v a l u e  e s t i m a t e d  by t he  A R I M A  
s o f t w a r e  i s  d e n o t e d  by  ~.  E a c h  s u c h  v a l u e  i s  f o l l o w e d  by  t h e  s a m p l e  m e a n  
x i n  p a r e n t h e s e s  w h i c h  i s  u s e d  a s  a n  i n d i c a t i o n  of  " p r o p e r  c o n v e r g e n c e "  a s  
d i s c u s s e d  b e l o w .  The  q u a n t i t y  c a l l e d  " t r e a d "  i n  t h e  t a b l e s  i s  a c o n s t a n t  
p a r a m e t e r  v a l u e  w h i c h  i s  i n c l u d e d  a s  p a r t  of  t he  o p e r a t i o n a l  s o f t ~ v a r e .  I t  i s  
n o t  t he  @ v a l u e  i n c l u d e d  i n  t h e  m o d e l  f o r m s  g i v e n  p r e v i o u s l y .  The  r e l a t i o n  

o 

b e t % v e e n " t r e n d "  a n d  @ i s  d i s c u s s e d  belov~. 
o 

D e s c r i p t i o n  of  t he  r e s i d u a l  g i v e s  i n d i c a t i o n s  of  h o w  g o o d  t he  m o d e l  i s .  
I n  a n  i d e a l  m o d e l  the  r e s i d u a l  i s  u n c o r r e l a t e d  a n d  h a s  a z e r o  m e a n  v a l u e .  
T h e  s t a n d a r d  d e v i a t i o n  d o e s  n o t  r e l a t e  to  g o o d n e s s  of t he  m o d e l ,  b u t  r a t h e r  
to its utility as a descriptor of the random process. Large standard dex~ia- 
tions in a good residual (uncorrelated, zero mean) indicate considerable 
purely random effects difficult to "control" or predict. The tables show 
residual mean and standard deviation values. They also show autocorrelation 
values of the residual which are greater than i/~/-n, taken to be a measure 
similar to one standard deviation of purely random variation (in autocorrela- 
tionvalues). In practice it is common to use 2/~ as the measure of sig- 
nificant residual autocorrelation, values exceeding this measure are indicated 
by an asterisk (:"-).on the tables. There are a nun]ber of factors that con- 
tribute to the residual autocorrelation values, keeping them from Zero, other 
than actual autoregressi've effects. It is for this reason that only rather 
strong (large) values should be considered significant in evaluating the 
"goodness" of a particular model. 

In many cases the model selected as best from among the candidate 
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TABLE 7. 1 BEST MODELS FOR REPORTED RAPE BY REGION 

REGION GDI 

PIE RIOD Pr e -C OMSEC Post-G OMSEG Pre - G OMSEC 

BES T M O D E  L 
T Y P E  P A R A M E T E R S  

(0, I) 

= . 9  (1 .0)  

t r e n d  = . l l  

O I =. 08 

D1 

i L 

(0, 1) 

= 1 . 0  ( l .  I )  

t r e n d  = . l l  

(1, 1) 

~1 = • 82 

= 3.0 (3.5) 

trend = . 11 

61 = . 72 

Post-COMSEC 
, , ..~ 

@i = -" 07 

(0, I) 

= 3.5 (3.6) 

t r e n d  - .13 

@ = - . I I  
1 

RESIDUAL MEAN . 002 . 001 -. 00Z . 001 
, , .. . .t 

STANDARD 
.97 I.I Z. 0 Z.I 

DE VIA TION 
,. , ,, 

• 36 (3)':: 
• 23 (12);:-" 

- .  16 (18) 

M a r g i n a l  M o d e l  

A U T O C  OP,, RE  LA TION:  
S I G N I F I C A N T  

-. 14 (I) 

• 14 (3) 

-. 17 (4) 

• Z4 (5) 

-. 16 (10) 

• 18 (14) 

G o o d  M o d e l  

-. ]5 (11) 
+. ]5 ( lZ )  

• 1 8  ( 1 4 )  
• 1 6  ( 1 8 )  

-. z3 (4),'-- 

-. 15 (6i 
• zz (7), 
• 16 (15) 

-. 16 (17) 

S a t i s f a c t o r y  M o d e l  G o o d  M o d e l  

VALUES 
W I T ! !  ]JAGS 

COMMENTS 
the . 36 Value at 
Lag 3 is high. 

some autocorrela- 
tions are high. 

::: Indicates a significant residual autocorrelation > Z/J~" 
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TABLE 7.2 BEST MODELS FOR REPORTED ROBBERY BY REGION 

REGION 

P E R I O D  

RESIDUAL M E A N  

S T A N D A R D  
D E  VIA T I O N  

A U T O C O R R E L A T I O N  
S I G N I F I C A N T  

• V A L U E S  
W I T H  L A G S  

COMMENTS 

D1 

Pre-COMSEC 

(I, 0) autoregres- 
sire lag 4 

¢I = . 012 

,~(4} = . 10 

= 9 . 4  ( 9 . 4 )  

: t r e n d  = . 10 

. 0 0 0 9  

3.2. 

- .  16 (I0) 
• 18 (ll) 

- .  18 (13.) 
- .  zz (16), 

Post-COMSEC 
r 

(1,  o) 

(~ = .21 
1 

: s.4 (8.6) 

t r e n d  = . i i  

C D ]  

Pre -C OMSEC Pos t-C OMSEC 

(1, (1, I) 

= .80 
i 

o) 

= .18 

= 2 0 . 4  ( 2 4 . 2 )  

trend = .ii 

= 19.  2 ( 1 8 . 9 )  

t r e n d  = - . 0 3  

. 0 0 0 0  

81 = . 75 

.0002 

3 . 6  

• ] . 8  ( 3 )  

- .  19 (14 )  

S a t i s f a c t o r y  M o d e l  G o o d  M o d e l  

2 . 6  

6 . 8  

• 1 7  ( 3 )  
- .  i 8  ( 7 )  

- .  19 (16) 

G o o d  M o d e l  

5.1 

-. 15 (19) 
-. 29 (20)::-- 

S a t i s f a c t o r y  M o d e l  
h o w e v e r  t h e  l a g  20  
v a l u e  i s  h i g h .  

::-" Indicates a significant residual autocorrelation }> 2/~" 
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TABLE 7.3 BEST MODELS FOR REPORTED AGGRAVATED ASSAULT BY REGION 

REGION 

I']ERIOD 

R E S I D U A L  M E A N  

S T A N D A R D  
]DE VIA TION 

A UTOC ORRELA TION: 
SIGNIFICANT 

VALUES 
WITH LAGS 

Post-COMSEC Pre-COMSEC 

(1, 1) 

= .71 
1 

= 4.4 (4.9) 

trend = . 13 

(1, 1) 

CD1 

Post-COMSEC 

D1 

~I = .Z4 

= 5. I (5.3) 

trend = . i0 

P r e - C O M S E C  i 

(I, 1) 

= .Z2 
1 

~= 9.6 (9.8) 

trend = . 12 

01 =. 25 

(I, I) 

~I = " 8Z 

= 13.3 (13.4) 

trend = . 01 

@I = .54 @l = .65 01 = -.06 

• 05 I "002  - . O i  - . 1 4  
! 

2.7 Z.8 3.5 5.3 

• 17 (6) 

• 17 (8) 

.17 (9) 
-. 21 (18) 

• zo (3) 

-. 17 (4) 

• ?.7 (5), 

. zo (6) 

-. 15 (7) 
• 14 (17) 

• 16 (18) 

(0, 1) u n s a t i s f a c -  
t o r y  h a s  a u t o -  

c o r r e l a t i o n  v a l u e s  
as  h i g h  as  . 37 

• 18 (4) 

• z3 (8), 
• 16 (10) 

-. 14 (11) 
• 16 (12) 

• 14 (17) 
- .  14 (Z0) 

(0, 1) i s  a c c e p t -  
a b l e  

~ = 5 . 1  
t r e n d  = . 15 
01 = - '  05 

L a r g e s t  r e s i d u a l  
a u t o c  o r r e l a t i o n  
• 24 (8) 

(0, i) is accept- 
able 

~=4.7 
trend = . 15 
0 = -. 003 
1 

Largest residual 
a u t o c o r r e l a t i o n  
-. 23 (18) 

-. 15 (12) 

(0, I) is accept- 
able 

p=9.6 
trend = . 19 

81 = " 037 

Largest residual 
a u t o c o r r  e l a t i o n  
-. 17 (iz) 

(1, 1) G o o d  M o d e l  I (1, 1) Good  M o d e l -  (1, 1) G o o d  M o d e l  ( I ,  1) S a t i s f a c t o r y  

::: Indicates a significant residual autocorrelation > 2/,~4~" 
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TABLE 7.4 BEST MODELS FOR REPORTED BURGLARY BY REGION 

L.n 

R E G I O N  

P E R I O D  

]3EST MODEL 
TYPE PARAMETERS 

RESIDUAL MEAN 

STANDARD 
]DE VIA T I O N  

COMMENTS 

D1 
i 

Pre - C OMS EC Pos t- C OMSEC 

(i, 0) 

~I = .30 

~L = 3 2 . 8  (33~ 0) 

t r e n d  = . 1 2  

.0001 

7.8 

-. 15 (8) 
-. 14 (19) 
-. 19 (Z0) 

G o o d  M o d e l  

(1, 0) 

=. 048 
1 

= ZZ. 3 (22. 5) 

trend = . iZ 

.0001 

5.7 

-. 14 (2) 
• zz (3), 
• Zl (6) 

-. 18 (7) 

• 37 (9);: ~ 

• 30 (iz), 
• 1 4  (15) 

-. 19 (16) 
-. 18 (19) 

U n s a t i s f a c t o r y  
Model, b u t  t h e  
b e s t  o b t a i n e d  f r o m  
c a n d i d a t e s .  S e v -  
e r a l  l a g  v a l u e s  
a r e  h i g h .  

CDI 

Pr e - C OMSEC Po st- C OMSEC 

(0, I) 

= 173.3 (163.9) 

trend = -9.4 

81 = -. 23 

-.01 

Z0.4 

• z7 (z), 
• zz (5), 

-. Z0 (15) 
-. 18 (17) 

M a r g i n a l  M o d e l  
M e a n  v a l u e  i s  n o t  
t o o  g o o d .  

(0, I) 

= 226.6 (175.9) 

trend = -50.6 

@ = .61 
1 

• 42 

18.3 

-. 17 (z) 
-. 15 (7) 
-. 14 (].3) 
-.22 (19) ;:= 

Satisfactory Model 
so far as autocor- 
relation goes• The 
,mean and trend val- 
ues indicate prob- 
lems with the 
model. 

<- Indicates significant res idual  autocorre la t ion  > 2/J~" 

&, 
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TABLE 7.5 BEST MODELS FOR REPORTED AUTO THEFT BY REGION 

(3" 

t , ,  , 

REGION 

PE R IOD 

R E S I D U A L  MEAN 

S T A N D A R D  
D E V I A T I O N  

D1 CDI 
..- . .. 

Pre -C OMSEC Post- C OMSEC Pre -C OMSEC Pos t- C OMSEC 

(1 ,  1) 

~)I = .89 

= I0.5 (13.6) 

trend = . 29 

e = .71 
1 

(1, I) 

@ = .19 
1 

= 9.7 (9.8) 

trend = . IZ 

O 1 =. 0 6  

(1, 1) 

@ = .97 
l 

= 109.9 (52.0) 

trend = -2. 0 

O 1 =. 87 
L 

( i ,  i) 

,,~ = .77 
- 1 

= 51.6 (43.9) 

t r e n d  = - I. 6 

e I = . 6 0  

,1 ~ L  , ,  

.065 .001 -.04 .16 

7.8 4 . 2  

I 

3 . 7  

- .  17  ( 5 )  
- .  14  (7)  
- .  15 ( 1 0 )  
- .  23  (14)-',', 
- .  18  ( 1 6 )  

. 2 4  (18)* 
- .  14 ( 2 0 )  

Satisfactory Model 

-. 14 (15) 

10.6 
, L  

• 15 (9) 
.16 (16) 

G o o d  M o d e l  f o r  
autoc orrelations, 
however the mean 
value is not satis- 
facto ry. 

Good M o d e l .  Mean 
value i s  not too 
good 

• 1 9  ( 2 )  
• 17  ( l l )  

- .  17 ( 1 2 )  
. 1 4  ( 1 6 )  

- .  14  ( 2 0 )  

Good Model. Mean 
value is marginal. 

::: Indicatcs a significant residual autocorrelation > 2/j~ 
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m o d e l s  w a s  e i t h e r  s i m p l e r  in  f o r m  or  on ly  s l i g h t l y  b e t t e r  t h a n  o t h e r  c a n d i -  
d a t e s .  T h e r e  a r e  no a b s o l u t e  r u l e s  fo r  s u c h  s e l e c t i o n  and  the  p r o c e d u r e  i s  
to a t t e m p t  to  g e t  a good  m o d e l .  The A R I M A  m o d e l  a p p r o a c h  is  e n t i r e l y  
s a t i s f a c t o r y  for  m a k i n g  f o r e c a s t i n g  m o d e l s .  H o w e v e r ,  i t  c a n  d e c r e a s e  the 
v a l u e  of s u c h  m o d e l s  fo r  e v a l u a t i o n  p u r p o s e s  b e c a u s e  a " c h a n g e d "  m o d e l  n e e d  
no t  r e f l e c t  s i g n i f i c a n t  c h a n g e s  in  the t i m e  s e r i e s .  S t r o n g  c h a n g e s  c a n  be d i s -  
c o v e r e d  v e r y  we l l .  O t h e r  c a s e s  l e a d  to i n d i c a t i o n s  a n d  m e a s u r e s  of p o s s i b l e  
change. The work reported here illustrates an initial investigation of the use 
of ARIIViA models for use in evaluation of police operations. A number of 
questions arise relative to such use. 

The quantity @ specified in Section 6 may be considered as a possible 
o 

indicator of crime level as discussed there. The "trend" term present in the 
operational ARIMA soft%rare indicates actual change or nonstationarity in the 
process. This term should be small in the models because stationarity is a 
basic requirement for ARIMA model methodology. In most of the "selected" 
models, the trend term is in fact small. When this is not so, a major change 
(nonstationarity) is indicated. The crime level expression also includes the 
trend term and must be considered to be changing when the trend is not small. 
These level measures are related as follows: 

P 
8 = (I - Z ~i)U + T 
o i= i ' 

where T is the "trend" term. This relation only applies to nonseasonal models. 
A full study of 6 for seasonal models and application to interpretation of data 

o 
falls beyond the scope of this study. 

Some conclusions and discus sions following from the examples are: 

I. REPORTED CRIME CAN PROVIDE GOOD ARIIvIA MODELS 

Reported crime does lend itself to the formulation of ARIMA models. 

Refefence to the previous tables shows that many satisfactory models 
may be obtained. One model is considered unsatisfactory. This is the model 
for burglary in D1 for the post-COMSEC period (for which data are probably 
nonstationary). 

Considering the complexity of the ARIMA methodology and the limited 
analyses employed (no transformations or differencing), this seems to be a 
positive result. There are i~vo factors that are likely to be contributing to the 
occurrence of the less than good cases: The 78-week post-COMSEC period is 
definitely marginal in sample size for computations of this complexity; better 
results are very likely to be obtained from large time series runs, and the 
parameter estimation procedure itself is a complex numerical analysis problem. 

Convergence of the parameter estimation procedure is determined by 
imposing control values on variables; in some cases these produced models in 
which the mean value was not properly estimated (as seen by its differing from 
the sample mean). In such cases one cannot be confident that good model 
parameters (in the sense of minimum mean square error) have been obtained. 
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2. A R I M A  M O D E L S  I N D I C A T E  P R O B L E M S  O R  C H A N G E S  IN  
REPORTED CRIME 

ARIMA models of reported crime indicate problems or changes in 
reported crime. In many cases this reflects effects identified by detailed 
statistical sOadies of series autocorrelations as discussed in Section 4. How- 
ever, in some cases the model complements or lends additional insights to the 
autocorrelation studies. Examples: 

The failure to achieve good models for rape in the post-COMSEC periods 
in both D1 and CDI indicates some causative effect. It may be the 78-week 
sample size. However, there is also a difference in this effect bei~veen D1 
and CDI with Dl yielding a somewhat worse model. The poor residual auto- 
correlation for rape cannot be overcome by simple changes in the model that 
incorporate seasonal effects because such models were among the candidate 
models and gave even poorer results. It seems that rape may not be a simple 
(0, i) model (random) though such a model is very intuitively acceptable. It is 
close to being such a model but further considerations are in order to deter- 
mine why the (0, I) model is not better. 

Robbery is well represented by simple autoregressive models. There- 
fore, it has relatively little purely random effects and may be expected to 
yield to various actions. It seems to be a statistically well-behaved (under 
control) type of random process. 

Burglary gives some problems in model formulation indicating a lack 
of stationarity in this crime type. More detailed (transformation or differencing) 
studies would be required to de~zelop truly satisfactory models for burglary. It 
is likely (but not assured) that such methods would be successful, but they were 
beyond the scope of the COMSEC study. 

Auto theft shows some problems with model formulation, particularly 
with estimation of the mean values. It is known that the auto data were in 
rather poor shape compared to data for other crime types (e.g. missing or 
improperly reported data). This would present difficulty to the parameter 
estimation program resulting in termination before convergence to proper 
minimum mean square error values for parameters. 

3. A R I M A  M O D E L S  M A Y  C O N T R I B U T E  T O  E V A L U A T I O N  

ARIMA models contribute to evaluation when compared with each other 
within a particular crime type . . . .  

It is felt that the ARh'VIA models are most useful in static evaluation as 
complementary indicators used together with simple and detailed statistical 
studies. The models are relatively sophisticated tools and can only be properly 
used when one has some idea about the case under study. Such additional knowl- 
edge is provided by the other statistical studies. Part of the reason for the 
complementary character of ARIMA models is their newness as evaluation tools,. 
characterizing reported crime. ~ ; 

¢ • 

Reference (2) establishes the potential utility of stochastic models i ' 
illustrated by the examples of this report. It demonstrates their use as corn- ; , 
plements to other studies (e.g., detailed statistics) and provides a background . 
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of methodology and examples upon which to develop further, more detailed 
analyses of reported crime as stochastic processes. 

The forecasting ability of ARIMA models was not utilized in (2) or the 
evaluation s~udies illustrated above, only their representational character was 
used. However, it is likely that once a good ARIMA (or other stochastic) 
model has been developed, for a particular crime type and region, it could be 
used to forecast future crime values with reasonable accuracy. Such forecasts 
would probably be meaningful for only a few time units into the future. This 
capability suggests the utilizatio~ of stochastic models in various operational 
applications, in particular as a quick evaluation technique that could indicate 
changes from "expected" values (as forecast) which might be due to altered 
police operations. This is discussed further in Section 8. 
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Section 8. Utilizing the Forecasting Ability of'Stochastic Models 

Three distinct levels of statistical analysis have been identified and 
described in this report for the study of time series data. The most advanced 
of these levels is the formulation of stochastic models which represent the 
series data. A stochastic model ideally contains all the information present 
in the data used for its formulation. Actually any model will be less than ideal 
but should well represent the data if it is a good model• Thus a model tells as 
much or more about the data than simple or even detailed statistics do by them- 
selves• On the other hand models require considerable additional effort for 
their formulation and for many purposes are not as useful in communicating 
results as the simpler methodologies. 

Forecasting is the one aspect of time series analysis for which some 
kind of mathematical model is required. In order to forecast, the series must 
be represented by a model which can produce values corresponding to future 
time periods. If there exists no theory or deterministic model components the 
best forecasting is based on the data themselves as in an ARIMA type model. 
The concept of forecasting data such as reported crime must be taken in a 
proper perspective• It is very different than forecasting the exact position of 
a space satellite for example. For the satellite a close approximation to its 
position can be obtained by solving detailed equations of motion derived from 
physical laws. The exact position then requires a statistical forecast in the form 
of a correction time series. There is no similar underlying theory for reported 
cri:r~e and the full value must be' forecast from the data alone. Moreover crime 
data are likely to have a much greater degree of purely random components 
than is normally found in engineering data. In such a situation even a theoretically 
good model will yield values of considerable variation often missing the true 
values by a substantial amount. This is in the nature of the data and not a fault 
of the model (provided it is, indeed, a good model)• 

Under these conditions one may consider whether or not it is useful to 
apply the forecasting ability of stochastic models to reported crime or similar 
data. This will depend on the quality of data available, the methodology avail- 
able, and the extent and goals of the proposed study. Forecasting is often felt 
to be desirable but one should clearly understand the effort involved and the 
amount of uncertainty that is likely to be present• When a good forecasting 
model can be constructed, the forecast values can be useful in a number of 
operational activities including planning and evaluation. 

In particular the possibility of what may be called dynamic evaluation 
becomes possible with forecasting. By contrast the usual, static, evaluation 
makes co,~parisons between time data collected over rather extended periods. 
Two major shortcomings with this normal procedure are the necessity for 
\vaitil~g a considerable period before making any meaningful comparison, and 
the possib[l~tv of all sorts of additional effects entering in over such periods. 
If a good model of the time series can be constructed than future values can be 
forecast. As actual values occur they can be compared with the forecast to see 
what changes may be taking place for evaluation indicators. 

Any particular situation must be studied on its own to determine how 
feasible the construction of forecasting models might be. On the basis of the 
tinge series analyses used as exan~ples in this report and described more fully 
in Reference (Z) it seems likely that reported crime data can sometimes be 
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developed into useful forecasting models. The values of such models will 
depend on the quality o~ the data, the crime type, available methodology, and 
often the experience of the analyst as well. It is important to stress that 
even good models may not provide useful forecasts if it is in the nature of the 
data to be highly random as in the case of homicide or aggravated assault. How- 
ever even in such cases one can forecast nominal levels and variations which are 
extremely unlikely to be exceeded. This kind of "control chart" indication of 
expected random activity, though potentially useful, is not the kind of forecasting 
under consideration in this section. 

The kind of results that may be encountered in applying ARIMA method- 
ology to various types of data is illustrated in the remainder of this section. 
First three cases of the artificial Sump example data will be discussed then 
several examples of actual reported crime will be open. 

Examples Sump 1 and Sump 2 have been previously used to illustrate 
concepts in other sections. They differ in that Sump 2 has a linear trend with 
a slope of.2 and a deterministic increase in level of 2 units. In each of the 
illustrations t~vo time origins are used, one at 80 and one at 96. The value 80 
is within the series allowing forecast values to be compared with actual. The 
time origin at 96 does not allow any such comparison because each series is 
96 values long. Since all the ARIMA models used for illustrations in this report 
are simple in structure the forecasts quickly obtain a steady state value near 
the series mean. In fact this happens after three or four time periods. Such 
behavior is common for forecasting models of this type and in practice one 
tries to update forecasts every two or three periods. The models and forecasts 
discussed here are for purpose of illustration so that extensive forecasting 
methodology has not been employed. 

Sump I is a (I, i) ARIMA series generated using parameters . 25 and I. 5 
for the autoregressive and moving average coefficients respectively with a series 
mean of 32.3. The ARIMA model estimated (and used) parameter values of .31 
and 1.7 respectively with an estimated mean of 35.9. It seems rather close to 
the actual series. Table 8. 1 shows the forecast values for the two time origins 
and the actual values when known. 

Periods ahead 

T = 80 time origin 

Forecast 

Actual 

T = 96 time origin 

Forecast 

39.24 

44.02 

40.29 

2 

37.95 

36.88 

38.28 

3 

37.56 

4Z. 3O 

37.66 

4 5 

37.44 37.40 

36.68 37.91 

37.47 37.41 

Table 8. I. Sump l Forecasts 

Sump 2 was generated in the same way as Sump 1 using the same auto- 
re~ress~ve and moving average parameters. However, it had a definite trend 
line build in as well as the deterministic increase in level. The mean of Sump 
2 data is 52.6. The (i, I) ARIMA model estimated the parameters as .95 and 
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1 . 8  w i t h  a n  e s t i m a t e d  m e a n  of  3 9 . 7 Z .  
d u c e d  b y  the  t r e n d  t he  m o d e l  i s  n o t  e x p e c t e d  to  be t oo  g o o d .  
t he  f o r e c a s t s  t h a t  i t  p r o d u c e d .  

P e r i o d s  a h e a d  

T = 80 t i m e  o r i g i n  

F o r e c a s t  

A c t u a l  

T = 96 time origin 

Forecast 

59.31 

68. 19 

61.82 

B e c a u s e  of  t he  n o n - s t a t i o n a r i t y  i n t r o -  
T a b l e  8. Z s h o w s  

59.30 

61. 32 

3 

59. 30 

67.01 

61.56 6 1 . 7 8  

4 

59.30 

61.66 

61.44 

5 

5 9 . 3 0  

63 .15 .  

61.3Z 

T a b l e  8.2. S u m p  Z F o r e c a s t s  

T h e  d a t a  o f  S u m p  2 c a n  be  s u b j e c t e d  to  a d i f f e r e n c e  o p e r a t i o n  to  r e d u c e  
the  e f f e c t  of t he  n o n - s t a t i o n a r y  t r e n d .  W h e n  t h i s  i s  d o n e  t he  r e s u l t i n g  s e r i e s ,  
S u m p  2D h a s  a s o m e w h a t  i m p r o v e d  f o r e c a s t s  a s  s h o w n  i n  T a b l e  8 . 3 .  

P e r i o d s  a h e a d  

T = 80 t i m e  o r i g i n  

F o r e c a s t  

A c t u a l  

T = 96 t i m e  o r i g i n  

F o r e c a s t  

62.01 

68.19 

65.51 

61.80 

61.32 

65.69 

6Z. 13 

67.01 

65.98 

4 

62.41 

61.66 

66.26 

62.68 

63. 15 

66.54 

Table 8.3. Surnp ZD Forecasts 

C o m p a r i s o n ' o f  T a b l e s  8. Z a n d  8 . 3  s h o w s  t h a t  t he  d i f f e r e n c i n g  d o e s  h e l p  p r o -  
d u c e  a m o d e l  w i t h  i m p r o v e d  f o r e c a s t i n g  c a p a b i l i t y .  In  b o t h  c a s e s  t he  s e r i e s  
m e a n  i s  n o t  w e l l  d e f i n e d  b e c a u s e  of t h e  n o n - s t a t i o n a r y  n a t u r e  of  t h e  d a t a  {due 
to t h e  p r e s e n c e  of the  l i n e a r  t r e n d ) .  T h u s  t he  f o r e c a s t  d o e s  n o t  go  to t h e  
s e r i e s  m e a n  a s  i t  d id  i n  the  c a s e  of t he  s t a t i o n a r y  d a t a  o f  S u m p  1. The  m o d e l s  
aide n o t  v e r y  s a t i s f a c t o r y  a n d  s h o u l d  h a v e  the  t r e n d  r e m o v e d  b e f o r e  the  
A R I M A  p r o c e s s  i s  a p p l i e d  to  p r o d u c e  a g o o d  f o r e c a s t i n g  m o d e l .  

S o m e  f o r e c a s t  m o d e l  r e s u l t s  f o r  r e p o r t e d  c r i m e  d a t a  a r e  g i v e n  in  
T a b l e  8 . 4 .  A l l  of the  c a s e s  s h o w n  m a d e  u s e  of the  m o d e l s  i l l u s t r a t e d  in  
S e c t i o n  7 a n d  j u d g e d  to be  g o o d  r e p r e s e n t a t i o n a l  m o d e l s  i n  t h a t  t h e y  e s t i m a t e d  

t o  m e a n  v a l u e s  c l o s e l y  ( i n d i c a t i n g  s a t i s f a c t o r y  p a r a m e t e r  e s t i m a t i o n )  a n d  h a d  
g o o d  w h i t e  n o i s e  p r o p e r t i e s .  H o w e v e r  i n  e a c h  c a s e  the  v a r i a n c e  p r e s e n t  in  t he  
r a n d o m  r e s i d u a l  w a s  f a i r l y  h i g h  a s  one  m u s t  e x p e c t  i n  s u c h  d a t a .  The  r e s i d u a l  
v a r i a n c e s  a r e :  2 . 7 ,  . 9 7 ,  3. 3, 7 . 8 ,  a n d  4. Z fo r  A g g r a v a t e d  A s s a u l t ,  R a p e ,  
R o b b e r y ,  B u r g l a r y ,  a n d  A u t o  T h e f t  r e s p e c t i v e l y .  

Table 8.4 is an illustration of how simple ARIMA models forecast 
when applied to reported crime data. The forecasts are not particularly 
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encouraging since they tend to simply give values close to the series mean. 
However there are several things to observe about the forecasting of reported 
crime data: 

o The effect of purely random variation is great in all crime types 
and this will limit the ability of an ARIMA model to track actual values. 

o Though the ARLXdA forecasts do about the same as a simple mean 
extrapolation bounded by standard deviation ranges, the forecasts are not 
bad. Within statistical variation, induced by the purely random component, 
they are satisfactory. 

® Forecasting of reported crime data needs an enlargement of 
methodology beyond the strictly ARIMA approach. The ARIMA forecasts 
are most successful when the series data have correlated structure. To 
forecast reported crime additional structure must be developed by using other 
(leading indicator) time series or some other theory of crime generation. 

o The forecasting of reported crime is only no\v starting to be 
investigated. The examples show that some reasonable level of forecast is 
possible. It remains to improve on the ARIMA approach. 
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C R I M E  
T Y P E  

, G G R A V A T E D  
A S S A U L T  

RAPE 

ROBBERY 

BURGLARY 

A U T O  
T H E F T  

T I M E  
PERIOD 

1' 
2 
3 
4 
5 

1 
2 
3 
4 
5 

I 
Z 

3 
4 
5 

l 
2 
3 
4 
5 

TIME ORIGIN 

50 60 70 80 

F o r e c a s t  Forecast 

4.99 
4.96 
4.94 
4.92 
4.91 

.78 
1.02 
1.02 
1.02 
1.02 

8.94 
9.35 
9.25 
9.45 
9.44 ' 

32.3 
32.8 
32.9 
32.9 
32.9 

11.7 
11.8 
12.0 
12. I 
12.2 

Actual 

5.0 
2.0 
II.0 
7.0 
2.0 

0.0 
I. 0 
2 . 0  
1 . 0  
1.0 

7.0 
15.0 
12.0 
7.0 
ii.0 

44.0 
40.0 
32.0 
31.0 
42.0 

II.0 
II.0 
6.0 
12.0 
13.0 

Forecast 

4.88 
4.88 
4.88 
4.88 
4.88 

i. I0 
1.02 
1.02 
1.02 
1.02 

9.95 
9.25 
9.86 
9.45 
9.55 

31.5 
32.5 
32.8 
32.9 
32.9 

9.8 
10.2 
10.5 
10.8 
II.I 

Actual 

7.0 
6.0 
6.0 
8.0 
3.0 

1.0 
1.0 
3.0 
3.0 
2.0 

ii.0 
II.0 
9.0 

14.0 
5.0 

26.0 
37.0 
19.0 
34.0 
42.0 

18.0 
7.0 
i0.0 
Ii.0 
7.0 

Forecast 

5.09 
5.03 
4.99 
4.96 
4.94 

1.03 
1.0Z 
1.02 
1.02 
1.02 

9.86 
9.15 
8.84 
9.55 
9.54 

27.9 
31.4 
32.5 
32.8 
32.9 

12.9 
12.9 
13.0 
13.0 
13.0 

A c t u a l  

2.0 
4.0 
7.0 
4.0 
4.0 

2.0 
0.0 
1.0 
0.0 
0.0 

6.0 
II.0 
8.0 
15.0 
12.0 

21.0 
25.0 
32.0 
33.0 
17.0 

16.0 
13.0 
14.0 
18.0 
15.0 

4.50 
4.61 
4.69 
4.74 
4.78 

1.02 
I.. 02 
1.02 
1.02 
1.02 

9.31 
9.85 
9.45 
9.15 
9.48 

29.7 
31.9 
32.6 
32.8 
32.9 

13.2 
13.2 
13.2 
13.2 
13.2 

I 

A c tual 

3.0 
4.0 
5.0 
1.0 
1.0 

2.0 
1.0 
1.0 
0.0 
0.0 

II.0 
9.0 
8.0 
9.0 

ii.0 

39.0 
34.0 
45.0 
33.0 
39.0 

15.0 
6.0 
12.0 
14.0 
8.0 

Table 8.4. Reported Crime Forecasts 
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Section 9. Additional Considerations for Cyclic Trends 

In any stochastic model of time series one aspect that has not been 
discussed in detail is the so-called seasonal variation. Use of this term may 
include cyclic, periodic or repeating variation in the time series• Such vari- 
ation can cause misleading interpretations of time series since one may third< 
a change in values is due to a deterministic or random effect, when in actuality, 
it only reflects a change due to some cyclic effect. (Clothing and toy sales are 
typical examples.) Detection of such variations can be extremely difficult and 
establishing them on significant statistical grounds can be even more difficult. 

Subjective observers are prone to "see" cyclic variations in time series 
plots and often the presence of cycles is reported on the basis of such observation. 
This is unsatisfactory because of the lack of quantitative evidence in many 
cases. As a substitute for such evidence, one often cites "reasons" for the 
variation, but such justification has no real statistical validity and cannot stand 
up against quantitatively based criticism. On the other hand, as previously 
indicated in this report it is possible to accommodate seasonal (cyclic) varia- 
tions in analytic models• 

To do so in the ARIMA technique increases the complexity of the model, 
requires computation of more parameter estimates and, therefore, requires 
longer time series to supply the amount of data necessary for parameter estima- 
tion. Large difference operations, acting over many time units, are the mathe- 
matical expression of seasonal variation. They can be useful in theoretical 
models, but introduce some problems in practice. In particular, the reported 
crime series of length 87 used for illustrations are rather short for seasonal 
variation models• However, in some cases, improved models have been obtained 
by including seasonal variation (indicated by a study of the autocorrelation lag 
value s). 

Seasonal variation is further complicated by the presence of spurious 
data (which should be identified and removed), special events (like major 
holidays), trading day effects (that give a different number of workdays to 
special weeks or months), combination of cyclic variations, etc. Various 
methods have been developed for the analysis of seasonal (cyclic) variation. 
One of the most widely used is the Census Bureau method known as Census 
Two. This method and some other work on seasonal variation is discussed in 
this Section. 

In discussing periodic variation, the possibility of so-called spectral 
analysis comes to mind. Its applicability is mostly to fairly well-behaved 
stochastic processes such as are encountered in the communications and 
engineering control fields• Indeed the major discussions of such methods are 
found in books and articles dealing with such time series. It is a widely held 
view among time series analysts that spectral analysis will not yield satis- 
factory models of time series representing economic, social or similar data. 
It seems that the stochastic features of such series cannot be represented by 
any reasonable form ol spectral model. 

It is interesting to note that the spectral analysis method has been 
employed in another way by Rosenblatt. (Reference 7.) Rather than being used 
as a basis for model formulation, it is used as an evaluation method to test the 
effectiveness of Census Two and an alternative Bureau of Labor Statistics 
procedure for the determination of seasonal variation. 
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One should note that much of the extensive work on seasonal variation 
is directed toward developing good representational models. In that work 
there is essentially no concern with forecasting. This is compatible with static 
evaluation needs. I-Iowever, if one desired a forecasting capability, the basic 
Census Two methodology would require modification. (This has been clone by 

several groups. ) 

Weekly crime data do not show strong cyclic characteristics. For 
this reason monthly data may be investigated in order to look for seasonal 
effects. Though monthly crime data are not very satisfactory for detailed 
analysis of reported crime they do provide a data base for cyclic studies. The 
remainder of this section describes the Census (Method) Two, version X-eleven 
(X-f1) program and illustrates its use on reported crime data. 

THE CENSUS BUREAU X-Ii PROGRAM 

Over the past twenty years the Bureau of the Census has developed a 
number of approaches for detecting and adjusting seasonal variation in time 
series data. Their major approach is widely known as Census II (Method Txvo). 
It has been implemented by a number of computer program versions since 1955. 
The current version, developed by the Census Bureau is called X-ll (X-eleven). 
This program is designed to detect and adjust for seasonal variation and trend. 
it is most widely used in analysis of economic time series. Such use is pre- 
sently under the auspices of the Bureau of Economic Analysis (Departrnen£ of 
Commerce) and is carried out by the Bureau (often for outside.~"customers") 

"" at nominal or by others who have obtained the software from the Bureau, 
cost. The Bureau of Economic Analysis supports use of the X-ll by making 
available expert advice on the use and interpretation of the program. 

The X-I 1 program is designed for use with monthly data (it can deal 
with quarterly data by means of three month aggregates) and such series are 
the only type of time series that can be employed (e. g., weekly series cannot 
be dealt with by X-I I). This is not a trivial limitation that one can easily 
circumvent, the details of the program assume monthly data and built-in 
operations act accordingly. 

The program considers time series to have three basic components: 
seasonal (S), trend cycle (C), and irregular (I). It allows, as an option, 
consideration of a fourth component: trading day (D). 

One can use a multiplicative or additive type model to represent the 
original series data (0) yielding the following two possible forms: (i) Multi- 
plicative 0 = CSID; Additive 0 = C+S+I+D. 

This section gives a brief description of what X-ll does and illustrates 
how its output can be used on reported crime data. A great deal of output can 
be obtained from the program, but, in fact, only a few of the available tables 
and charts are used by most time series analysts. Input and operation of the 

The applications described in this report employed X-11 software obtained 
fron~ the Bureau, operating at the Polytechnic Institute of Ne\v York 

The present section owes a great deal to k4orton Somer of the Bureau who 
gave the author advice and encouragement in the use and interpretation of X-If. 
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program is also described here so that the Section updates, summarizes, and 
complements the basic document describing X-If, Reference (8). 

Use of X-II is illustrated by study of four crime types: Robbery, 
Burglary, Aggravated Assault, and Rape for District 1 in Cincinnati over a 
seven-year period (1968-1974) during which that District was employed in 
testing an innovative change in police operations known as the Community 
Sector Team Policing (COMSEC) program. 

There are two distinct choices one must n~ake in using X-If: multipli- 
cative or additive model and trading day adjustment or not. How to do this is 
described subsequently. Output is similar in all cases and is described below. 
Only those parts of the Standard Output commonly used are discussed. Table 
designations do not follow the normal numbering of this report. Instead they 
reflect standard X-ll usage as described in Reference (8). 

I. OUTPUT WHERE THERE IS NO TRADING DAY ADJUSTMENT 

Table BI. Lists the original data by month and year, it gives yearly 
totals, monthly averages, table total, overall average and overall 
standard deviation (basic sample statistics). 

Table C17. Unusual (extreme) values in the irregular (random) part 
of the data are identified and assigned weights by which they are 
modified in subsequent calculations (rather than disregarding them as 
an alternative). This employs a IZ month moving average technique 
as described in Reference A (under BI7 page 13). This table is the 
same for both multiplicative and additive models. 

--Table D8. Gives comparisons of season (s) to irregular (1) components. 
In the multiplicative model S-I ratio's are given with i00 percent the 
nominal value. In the additive model S-I differences are given with 0 
(value) the nominal value. These measure the relative strength of sea- 
sonal effect to purely random (irregular) values. Unmodified values 
are used with regard to the extreme weights shown in Table C17. 

This table is one place to look for seasonal effects. One considers the 
column for a particular month. If essentially every year entry is above or below 
nominal values there is a strong indication that that month has a seasonal effect. 
Hypotheses can be made and tested on these statistics in an analysis of variance 
(F-test) type table which is included. A statement about seasonality is also 
given by the program (one can question the statistical validity . of such statements j 
relative to given data, however they do supply some level of quantification in the: 
indication of seasonal effect). 

• --Table D9. Shows replacement values used for extreme SI ratios or 
differences. Table D9A is not used. This table indicates the effect on 
calculations of the extreme identification and weighting process. It has 
no direct role in analysis of the data. 

--Table DI0. This is an improved version of Table D8 which uses re- ~' 
placed values for extremes, smooths Over total (years), and forces 
ratio to average 100 (over months of the year) in multiplicative models~ 
It forces differences to average 0 over mdnths in additive models. : 
This forcing renders the above and below nominal values more n~ean- 
ingful and allows one to interpret their significance. It would be :. 
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difficult to do so if the average (nominal) w.as different from the 
nominal (recalling the very basic assumption of seasonality which 
states that above ~ormal values will balance below normal values 

over a comPlete year). 

--Table DIOA. Produces seasonal factors for each month, one year 
ahead. This is done by taking one half the difference between the 
last t~vo values and adding this to the last value (if negative of course 
it is subtracted). 

--Table Dll. Gives data with the seasonal component removed. It is 
divided out in the mu!tiplicative model and subtracted out in the additive 
model. These values still include the trend cycle and irregular com- 
ponents. 

--Table DI2. Gives data with both the seasonal and irregular conaponents 
removed. These values represent the trend cycle part of the time 
series data. 

J 
I 

.I 

--Table Dl3. Gives the irregular component without seasonal or trend 
cycle effects. For multiplicative models it expresses the irregular as 
a weight factor with nominal value of i00. For additive models it gives 
random values with nominal value of 0. 

--Table E4. Is useful as a check on the validity of work done by the X-If 
program. Values of 100 for the multiplicative and 0 for the additive 
indicate meaning results. The second colun~n of printout is redundant 
and should be omitted. 
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--Table Fl. Gives moving average based on the number of months for 
cyclical dominance (MCD) value, discussed under Table F2. Some 
analysts find these values useful. They require a rather detailed appre- 
ciation of the MCD concept. 

Table F2. Is a rather complicated table which may be used by experts 
in K-If type analyses but need not concern others. The MCD value is 
computed within this table. It represents the number of months (span 
in months) required to produce a change over in influence between I and 
C. For some span of months I has a greater effect than C. Then C 
becomes more significant. It is the transition span that determines MCD 
(used in Table FI). The second part of Table F2 is similar but uses 
variance comparison rather than percent change. A changeover effect is 
also to be found in this table. The I/C ratio also shows a transition from 
greater than to less than unity. When MCD is indicated as more than 6 
the value 6 is used because a greater span is assumed to lose too much 
information. The MCD can be used to estimate the trend cycle. A 
Henderson curve may also be used, but it loses some value at end points. 
This material is further developed in Reference 10. 

-Ch~.rt C:l. Gives a usef~d visual display of the seasonally adjusted series, 
and the (Henderson) trend cycle. 

--C~lart G2. Gives several things, particularly the seasonal factors. 
~fhere is one chart for each month. By study of these charts one can 
get an in~pression of the presence of seasona~ factors (by month) and of 
their effect ('increase or decrease). 
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2. OUTPUT WHEN TRADING DAY ADJUSTMENT IS PRESENT 

When the trading day adjustment is active the number of days in each 
month is considered in relation to the position they occupy in the week (Monday, 
Tuesday, etc.). When this option is used many of the tables reflect appropriate 
consideration of the trading day effect D. It is a factor in the multiplicative 
model and a term of the additive model. In addition the standard output includes 
three additional tables: 

--Table C14. Indicates any extreme value (associated with component I) 
to be excluded from the trading day considerations. 

--Table C15. Summarizes statistical analysis of trading day effect. 

--Table C16. Gives the adjustment factors for trading day effects. 

These tables are rather technical and need not be considered when using 
the trading day option. The other tables are properly modified by trading day 
effects when this option is used and provide the analyst with "corrected" values. 

Illustrations Using Reported Crime Data 

As part of the evaluation of COMSEC, an innovative police operation in 
Cincinnati, some examples of X-ll operation on reported crime data were 
developed. These are discussed in this section to illustrate use of X-II output 
and to record the results of those examples. 

Data used were for District 1 in Cincinnati. Monthly data for the period 
January 1968 through December 1974 were used (the COMSEC program started 
in March 1972). Four crime types were selected on the basis of interest and 
available data. Types selected were: Robbery (RB), Burglary (BU), an aggre- 
gate of four reported classes of burglary, Aggravated Assault (AA), and Rape 
(RA). Rape was selected because it is generally felt to be purely random 
(irregular) but some people feel it may contain some seasonal variation. Thus 
it acted as a test case with some possibility of side interest as well. 

In order to find out as much as possible about the'four crime types in 
an X-If study methodology the X-If was used in four different analysis modes 
in each case. This also provides a full range of output examples and guidelines 
for use of the X-11 program. 

Cases are distinguished by letter designation added to the basic letter 
designations for crime types. Cases considered are shown in the following 
table in which their letter designations are specified for easy reference. 

.t. 

Inclusion of trading day effect studies was suggested by Morton Somer of 
the Bureau of Economic Analysis. This effect is often important in economic 
or social scientific time series analyses. 
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MUL TIPLICATIVE MODEL 
Without With 
Trading Trading 
Day Day 

Robbery DIRBP DIRBPT 
Burglary D 1 BUP D 1 B UPT 
Aggravated Assault D IA_&P DIAAPT 
Rape DIRAP D l RAPT 

ADDITIVE MODEL 
Without With 
Trading Trading 

Day 

DIRBS DIRBST 
DIBUS DIBUST 
D I.AAS DIAAST 
DIRAS DIRAST 

.! 
I 

.I 
I 

d 
i 

1 
i 

"1 
I 
I 

. I  
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Letter designation D1 in each case refers to the use of District 1 data. The 
designators are used as titles in X-ll runs; they are not used for series iden- 
tification. Series identification must agree between control (option) card 
(instruc~ons) and data cards specification as described in the next section. 
Thus use of the above titles as identifiers would require four sets of the same 
data to be used. In fact each crime type had one set of data, identified by 
crime type designators only. Each was used in turn for the four distinct X-II 

type runs (P, PT, S, ST). 

Output illustrations will be discussed by crime type. However several 
observations can be made which apply equally well to every case. In addition 
the more important tables and charts can be illustrated for a particular case 
so as to serve as guides to the reader. The case of Aggravated Assault (AA) 
will be used for this purpose. Output for that case is shown in the following 
set of tables and charts with accompanying comments of a general nature. 
Chart G1 is discussed briefly for each crime type case and one example is 
shown, for Aggravated Assault. 

Tables D8 and DI0 are major places to look for seasonal variation. In 
the AA example they are shown for a multiplicative model with nominal value 
I00 percent. Additive models have nominal values of zero in the tables. 
Table Dl0 is the mote reliable since it reflects appropriate modifications for 
extreme values carried out by the X-ll program. To interpret these tables 
one looks for months which consistently, over the span of years, have higher 
or lower values than nominal. For example AA Table DI0 shows low values 
for January and high values for September, while March shows no indication of 
any seasonal effect (some values are high while others are low). Table D8 
gives a statistical test for indication of a seasonal effect at a confidence level 
of one percent. Table DI0 gives one year ahead seasonal factors. This is not 
a forecast (the Bureau is not allowed under the law to do forecasting) but does 
indicate reasonable factors, based upon the available historical data. 

Table DI3 shows the irregular component. Examples for both the 
multiplicative and additive models are shown for AA to illustrate how they 
differ. One is based on a nominal value of i00, the other on zero. A reason- 
able irregular component should roughly divide the number of cases evenly 
be~veen those below and those above the nominal value. One observes this to 
be true for the tables shown. 

Table E4 indicates how well the program corrections and analyses are 
operating. Nominal values should be obtained for each year. Typical examples 
are shown for both the multiplicative and additive models. 
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Tables F1 and F2 are not illustrated here or used in the present set of 
analyses. They do not contribute to these studies but are often useful in analy- 
sis of economic time series. 

Charts G2 are illustrated for AA by two examples. There is one chart 
for each month and the plots show indications of high, low, and transition 
effects. In the examples shown February indicates a low effect, consistent 
over seven years. By contrast June shows a high effect increasing over the 
years. Charts G2 together with Tables D8 and DI0 are the major indicators of 
seasonal effect. Chart GI, shown with the crime case, is a major representa- 
tion of trend effects. 

Before considering the results for specific crime types, some general 
results which apply to each of the four types are given: 

--In each crime type case the seasonal effects and trend values were 
essentially the same for multiplicative and additive models. One 
must interpret the two models from a different point of view and use 
different nominal values. However the basic conclusions do not 
depend on the model form. 

=-Trading day component had no effect on any case for either model. 
There was certainly no effect for the case of Rape. In the other 
cases there were slight effects to be found (most noticeable for 
Burglary). But these were mere hints of effect only, they never had 
any real effect on the seasonal factors or the trend component (or 
the irregular component). 

Illustrative results for eac-h crime type will now be considered. In 
each case, chart G1 will be summarized showing the trend effect and the seasonally 
adjusted series, it will be shown for Aggravated Assault only. 

91 

t ¸ • 

• j 



i . %. g • 
m m m m .-IL i n  Jr- m ° m  m O m  u m 

,,o 
t,o 

D8. F i n a l  

YEAR 

1968 
1969 
1970 
1971 
1972 
1973 
1974 

AVGE 

• TABLE D-8 

D I A A  
U n m o d i f i e d  SI R a t i o s  

SERIES DIAA 

J A N  F E B  M A R  A P R  MAY JUN J U L  AUG S E P  O C T  NOV D E C  A V G E  

8 1 . 0  67".1 112 .7  8 6 . 1  8 3 . 6  123 .7  8Z. 9 1 5 2 . 5  1 3 4 . 4  1 1 0 . 8  55. Z 7 3 . 7  9 7 . 0  
7 1 . 5  149 .2  112 .7  6 1 . 0  1 6 1 . 8  9 5 . 0  9 6 . 2  2 1 8 . 7  1 2 8 . 0  1 0 7 . 0  1 0 3 . 8  7 6 . 3  115 .1  
5 6 . 2  8 6 . 0  123 .6  1 2 8 . 4  7 6 . 0  8 7 . 4  143 .6  1 0 1 . 6  1 0 5 . 3  114 .1  1 1 5 . 0  1 2 1 . 0  1 0 4 . 9  
9 1 . 3  6 0 . 7  7 1 . 6  111 .7  156 .7  9 2 . 8  1 0 6 . 0  8 5 . 3  1 3 9 . 3  128 .1  95. Z 1 1 7 . 6  1 0 4 . 7  
8 6 . 3  91 .1  5 9 . 6  8 3 . 0  6 9 . 8  1 2 2 . 4  1 3 8 . 4  1 0 6 . 6  1 4 2 . 8  1 1 0 . 5  9 7 . 4  6 8 . 5  9 8 . 0  
8 6 . 6  4 4 . 8  1 1 5 . 4  130 .1  84. 1 1 3 2 . 6  8 3 . 9  1 7 5 . 4  9 5 . 9  1 1 2 . 4  5 5 . 5  1 0 8 . 2  10Z. 1 
9 1 . 9  8 1 . 3  99. Z 8 6 . 8  128 .5  1 0 0 . 9  9Z. 0 1 1 9 . 5  1 3 6 . 9  1 1 6 . 6  9 4 . 4  6 5 . 8  101 .1  

80.7 82.9 99. Z 98.1 108.6 107.8 106.1 137.1 126.1 II4. Z 88.1 
TABLE TOTAL- 8673.9 

STABLE SEASONALITY TEST 
SUM OF DGRS. OF MEAN 
SQUARES FREEDOM SQUARE 

BETWEEN MONTHS 22508. 813 11 Z046. Z56 
RESIDUAL 52922. 000 72 735. 028 

TOTAL 75430. 813 83 
• '~STABLE SEASONALITY PRESENT AT THE 1 PER CENT LEVEL 

90. Z 

F 
2. 7845~ 

TABLE D-10 

DIAA 
DI0. Final Seasonal Factors 

YEAR JAN FEB MAR APR MAY JUN JUL AUG SEP OCT N O V  

1968 7Z.4 74.8 108.9 104.6 88.5 100.0 100.3 119.6 IZ4.4 IIZ. 8 99.8 
1969 74.4 75.3 104.5 103.7 87.7 101.3 103.1 117.2 126.5 115.5 99.3 
1970 76.5 75.2 100.1 105.9 ,, 87.1 103. Z 105.9 111.5 IZ5.9 114.3 98.4 
1971 79.0 75.9 96.7 106.3 86.6 105.8 108.1 107.4 IZ5. Z 114.9 97.1 
1972 83.0 74.9 93.8 107.0 88.6 108.7 i07. I 104.2 125.0 116.2 94.7 
1973 86.6 75.0 91.6 103.8 90.2 llZ. l 105.9 105.6 IZ6.9 116.5 9Z.4 
1974 88.9 75. Z 90.6 101.9 91.4 115.3 104.8 107.3 128.0 116.0 90.4 

STD. DEVIATION- 14.4 TABLE TOTAL- 8389.3 MEAN- 99.9 
DIOA. SEASONAL FACTORS, ONE YEAR AHEAD 

YEAR JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV 

1975 90.1 75.3 90.1 100.9 91.9 117.0 104.3 108.1 IZ8.5 115.8 89.4 

S E R I E S  D I A A  

D E C  

94.2 
93.5 
95.4 
95.0 
9 4 . 9  
90.6 
86.8 

A V E G  

1 0 0 . 0  
1 0 0 . 0  
I 0 0 . 0  

9 9 . 8  
9 9 . 8  
9 9 . 8  
9 9 . 7  

D E C  

84. 9 

A V G E  

9 9 . 7  

"~." "-. " ~ -'- .4 --~ 
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FINAL IRREGULAR SERIES 

YEAR JAN FEB MAR APR MAY JUN 

19,%8 1 1 0 . 8  88.7 ' 102.5 8 1 . 6  93.7 123.1 
1969 97.1 199.1 108.0 58.7 183.9 93.6 
1970 73.3 I14. l 123.1 121.0 87.1 84.5 
1971 114.8 79.7 74.2 105.8 182.8 88.5 
1972 102.. 6 120.5 63.2 77.4 78.9 113.0 
1973 99.4 59.4 125.4 125.0 93.2 118.7 
1974 I01. 9 106.2 107.6 83.8 138.8 86.8 

S.D. 12.3 42.6 ZI.8 23.6 47.9 15.3 

TABLE TOTAL- 8679. 1 MEAN- 103.3 

TABLES D-13 

SERIES DIAA 

JUL AUG SEP OCT NOV DEC S.D. 

82.6 128.1 109.1 99.4 56.1 79.3 19.8 
93.0 186.2 101.2 94.4 104.6 81.6 47.0 

134.9 90.6 82.9 98.8 115.5 125.6 20.0 
98.4 79.3 110.4 Ii0. 1 96.6 121.9 28.1 

129.7 102.6 114.3 95.0 102.5 71.7 20.1 
79.8 167.9 76.3 97.0 60.0 118.4 30.0 
87.7 111.8 ]07.9 101.7 106.1 77.1 15.7 

20.8 43.9 13.7 5.0 23.4 ZZ. 6 

DEVIATION- 27.4 STD. 

%. 

,.O 

D I 3 .  FINAL 

YEAR JAN FEB 

1968 0. -3. 
1969 0. 15. 
1970 -4. 3. 
1971 2. -3. 
1972 -0. 4. 
1973 -0. -5. 
1974 I. 2. 

S.D. 1.7 6.4 

TABLE TOTAL- 

DIAAS 
IRREGULAR SERIES 

MAR APR MAY JUN 

I. -3. -I. 0. 
Z. -5. 14. -0. 
4. , 6. -Z. -4. 

-5. ,2. , 15. -3. 
-7. -5. -3. 3. 
4. 4. I. 3. 
3. -3. 12. -2. 

4.3 4. 9 9.2 3.1 

60. MEAN- I. 

S E R I E S  D 1 A A  

JUL AUG SEP OCT NOV DEC S.C. 

-4. 7. Z. -0. -9. -4. 4. 
-0. 15. -I. -Z. I. -4. 8. 
9. -Z. -4. 0. 4. 5. 4. 

-0. -5, 3. 3. -0. 4. 5. 
7. -0. 3. -i. 2. -6. 4. 

-3. 12. -6. -0. -5. 4. 5. 
-3. 3. 4. 0. -I. -13. 6. 

4.8 8.0 3.6 1.3 4.0 6.4 

STD. DEVIATION- 5. 

TABLES E-4 

E 4. 
' Y E A R  

1968 
1969 
1970 
1971 
1972 
1973 
1974 

DIAA 
RATIOS OF ANNUAL TOTALS, 

UNMODIFIED 

I00.0 
98.0 

100.7 
99.3 
99.9 

' I 0 0 . 2  
I00.3 

E 4.. 
DIAAS 

. . . . . . .  DIFFERENCES OF ANNUAL TOTALS 
YEAR UNMODIFIED 

1968 O. 1 
1969 ' O. 0 
• 1970 -0.2 

1971 . - 0 . 4  
1972  - 0 . 5  
1973 - 0 . 6  
1974  - 0 . 7  



J , 

I 

4 
G Z. 

CHARTS G-2 

CHART D1AA 

(x) D 8. F I N A L  U N M O D I F I E D  SI_ RATIOS 

(0) - D 9. FINAL SI RATIOS MODIFIED FOR EXTREMES 

I 

I 
I 
"i 

.i 
I 

. I  
I 

I 

(+) - DI0. FINAL SEASONAL FACTORS 
(*) - COINCIDENCE OF POINTS 

SCALE -ARITHMETIC 

44. 60. 76. 
# * * 

FEBRUARY 

1968 * * 
1969 * 
1970 
1971 * 
1972 * 
1973 x o * 
1974 * 
1975 

44. 6O. 76. 

9Z. 108. 124. 140. 156. 
* * * * * 

* * * * * 

9Z. 108. 124. 140. 156. 

G Z. 

DIAA 

CHART 

(x) - D 8. FINAL UNMODIFIED SI RATIOS 

(0) - D 9. FINAL SI RATIOS MODIFIED FOR EXTREMES 

I 
"I 

.! 
I 

J 
I 
4 

(+) - DI0. FINAL SEASONAL FACTORS 
(*) - COINCIDENCE OF POINTS 

SCALE-ARITHMETIC 

44. 

JUNE 

1968 
1969 
1970 
1971 
197Z 
1973 
1974 
1975 

60. 76. 92. i08. 124. 140. 156. 
* * * * * * * 

# 

* * * * * * * 

44. 60. 76. 92. 108. 124. 140. 156. 
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1. ROBBERY 

® Table D8. Indicated seasonal effect present at one percent level. 
March had low values, Julyand December high values. December 
was particularly high (consistently over the seven year period). 

e Table DI0. Agrees with D8 and hence adds to the strength of the 
effect indicated there. 

@ Table DI3. Shows a reasonable irregular part. The multiplicative 
model has 41 values below nominal (100 percent) and 43 above. The 
additive model has 41 negative and 43 positive values (about a nominal 
zero value). This indicates a good analysis by X-If into the various 
model components. 

• Table E4. Shows values close to nominal, hence indicates reasonable 
analysis procedure. 

Chart GI. The graph of the trend cycle is of major interest on this 
chart. The trend is steady for January 1968 through December 1969 
then rises sharply till January 1.970 where it remains steady until 
March 1973, dropping to a minimum in February 1974. The trend then 
undergoes a rise to the previous high level and remains through December 
1974. From this chart there does not seem to be any significant change in 
the trend cycle component of Robbery after March 1972 (COMSEC initiation 
pariod). The dip in February 1974 is not likely to be an indication of true 
changes in level since it is followed by a rather steep rise to previous high 
levels. 

O Chart G2. Shows February as irregular going from low to no effect 
over the seven year period. March shows some low effect, July some 
high effect. December shows a strong high effect. 

Tables D8 and DI0 together with Chart G2 indicate a highseasonal effect 
for December. A much smaller seasonal effect is indicated for July (somewhat 
high) and March (somewhat low). 

Chart G1 indicates two major levels of the trend component, a steady, 
rather low level prior to December 1969 and a higher level since August 1970 
(with a rapid steady rise bet~veen these periods). The second period is rather 
steady with a few low dips which seem to be a rather insignificant fluctuation 
with the exception of February 1974 which is rather low. 

2. BURGLARY 

e Table D8. Gives no evidence of seasonal effect at the one percent level. 

• Table DI0. Agrees with D8. 
% 

Table DI3. Shows a reasonable irregular component. The multiplcative 
model shows 51 values below and 33 values above normal. The additive 
model shows 46 negative, 5 zero, and 33 positive values. 

O Table E4. 

no n',i hal. 

Indicates a reasonable analysis with all values close to 
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Chart Gl. The trend cycle shows a change in level starting in 
October-November 1969 which reaches a high by May 1971. It 
remains high until August 1972, drops to a low in April 1974, then 
increases until the end of the study period in December 1974. 

Chart G2. Shows some variation effects. There are no consistent high 
or low cases so there is no indication of seasonal effects. The most 
interesting variation over the seven year period shows change over in 
1972, October goes from low to high, November goes from high to low, 
and December goes from high to no effect. 

No seasonal effects are indicated. The trend cycle underwent a definite 
downward movement after March 197Z which started to reverse in April 1974. 
This may be associated with real changes in the nature of Burglary (displace- 
ment effects, shifts to other crime types, etc. ) which in turn may be due to 
COMSEC activity. The upward trend l-nay indicate an accommodation (or 
learning process) by criminals to the new police operations. It may also be a 
reflection that displaced burglary is not as desirable (to the criminal) outside 
of District I. In this sense the rise may be a reverse displacement effect. 

Chart G2 indicates some changes in monthly effects about the 1972 
value. No real seasonal pattern is indicated in any case. 

Though no strong trading day effects were found in any of the studies 
reported on here, the case of Burglary came near to having some trading day 
variation. Values in some cases did differ between models with or without the 
trading day component. However, such variation was not large enough to pro- 
duce significant effects. 

3. AGGRAVATED ASSAULT 

• Tables D8 and Dl0. Show evidence of seasonal effect at the one percent 
level. January is low, February is also low but not as consistently as 
January. August and September are high with the exception of one year 
each. October is consistently high. 

• Table DI3. Indicates a reasonable irregular component. The multipli- 
cative model has 41 values below nominal and 43 above. The additive 
model has 33 negative values, 13 zero, and 38 positive values. 

o Table E4. 
analysis. 

Shows all values near nominal indicating a reasonable 

O 

@ 

Chart GI. Shows the trend cycle to be an irregular cycle moving above 
and below a value of about 24 incidents (recall this is only the trend 
component and does not relate directly to the reported crime values). 
About January 1974 the trend cycle started to increase, reacA~ng what 
appears to be a new, high level by September 1974, where it remained 
to the end of the study period in Decenqber 1974. 

Chart G2. Shows a number of seasonal effects. Low months are: 
January, February, March, and to some degree December. High 
months are: June, August, September, and to some degree October. 
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There is a seasonal effect indicated for Aggravated Assault, low in 
January, rather higher in August and September, remaining high in October. 

The trend cycle shows a significant increase in the 1974 period. 

4. RAPE 

This crime type was included in the present study as a check comparison 
on %he other cases. It is widely felt to be essentially random in nature. How- 
ever some studies have indicated a measure of seasonal effect and a number of 
people have expressed the view that there may be such an effect. 

Actual data for Rape includes zero values so that a multiplicative model 
cannot be used with such data. In this study a multiplicative model was run 
using data with each value increased by unity. The additive model used actual 
data. ]Both models agreed so far as seasonal effect study and general nature 
of the trend cycle were concerned. 

o T a b l e  D8. G i v e s  no e v i d e n c e  of  s e a s o n a l  e f f e c t  a t  the  one  p e r c e n t  l e v e l .  

Table DI0. Shows a rather different situation than Table D8. Though 
there are no very strong effects one can distinguish some months: 
very high (May), high (January, June, October), low (February, July, 
September, and November). 

Table D3. 
m o d e l  h a s  
m o d e l  h a s  
i n d i c a t i o n  
l a r l y  good  

Shows a reasonable irregular component. The multiplicative 
42 values below and 42 values above nominal. The additive 
33 negative, 18 zero, and 33 positive values. This is a strong 
of the rather random nature of Rape which results in a particu- 
irregular part (the major part for this crinae type). 

o Table E4. Gives all cases near nominal indicating a reasonable analysis. 

O Chart GI. The trend cycle i s  irregular showing a very low rise of 
about one oi" two incidents per year added to the level value. Variation 
about that value also shows increase. There is some indication that as 
a random statistical quantity Rape is going "out of control" so that 
extreme values may occur more often than otherwise expected. This is 
seen by contrasting the early period up to January 1971 with the period 
following that date. 

Of c o u r s e  one s h o u l d  c o n s i d e r  the  c o m p l e t e  c o m p o s i t i o n  of  Rape rather 
than the trend cycle only to gain a full appreciation of possible changes. 

O Chart G2. Indicates a number of high and low values with a great deal 
of variation. May is very high consistently over the seven-year period 
June is rather high, July is low. October and December change from 
high to low over the years of study. 

The trend cycle may indicate some changes in the levels qf rape that can 
be expected to occur. 

Though no strong seasonal effect is indicated there is evidence of a high 
tendency in May carrying over to some degree into June. This lends evidence 
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from the data to the view that spring is a time of year in which a crime such as 
Rape might be expectec~ to be unusually high. 

For Rape the trading day effect was particularly absent, having ex~hntially 
no effect at all in analyses (as one would expect). 
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Section I0. Software for Statistical Analysis of Time Series 

One reason for the relatively restricted use of statistical analysis until 
recent times was the extensive calculations required in order to apply theory 
that has long been available. The advent of computers has greatly changed 
this situation. By using computers extensive calculations become feasible. 
However some aspects of time series analysis are so involved that the neces- 
sary con~puter programs, called software, require considerable effort in 
their development. This has limited the use of ARIMA type model analysis 
until the last three or four years during which several versions of appropriate 
softvzare have become available and various com~nercial suppliers of computer 
service are making proprietary software available at a fee. 

All aspects of time series analysis either require or are greatly sim- 
plified by using computers and appropriate software, provided the available 
data are established in a data base useful to computer operation. Data plots 
form an important introduction to any time series study and they are very 
tedious to do by hand, particularly if many cases are under study. Computers 
can make time series plots as illustrated in Section 3. They can Mso calculate 
means, standard deviations, and simple comparison statistics. The calcula- 
tions of autocorrelations almost requires a computer. Though the calculations 
can be done "by hand" (using a calculator), the work is time consuming and 
chances of error are high. 

All of these applications of computers to time series analysis require 
only standard software, available at any computer facility in various forms. 
Therefore such soft,rare need not be given any further consideration here. 
Implementation of the concepts of ARIMA modeling are much more involved. 
The major effort is in calculation of the estimates of the model parameter using 
minimization of the mean square error function. 

This section will describe how some available software may be tested 
for use with one's computer facility and data. It will aslo indicate some of the 
commercial services available." . . . . .  

THE AVAILABILITY AND RELIABILITY OF ARIMA SOFTWARE 

The ARIMA methodology requires rather complicated computer pro- 
grams, called softxvare, for its implementation. A nonseasonal version of 
ARIMA software was written and used by the author in reported crime time 
series analysis. This version used the method of moments (Yule/\Valker) 
for computing estimates of model parameters. A number of satisfactory 
baseline models were obtained by using this software and it provided some 
insights into ARIMA methodology. Those models are described in Reference 9; 
the software will be called the k,larshall version in subsequent discussion. 

Subsequent considerations indicated that it would be useful to have the 
ability to include seasonal differences in the ARIMA model. Furthermore, 
parameter estimation based on a minimum mean square error prozedure is 

The services included are only some of the available services Their inclu- 
sion does not imply any judgments about the services and is meant only to guid¢~ 
pro~D...c~ive = ~" " uses retarding~ the kind of commercial, service available at the . 
present time. 
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considered to be better than the Yule/Walker method. This is due to the very 
pragmatic nature of AI~IIviA model formulation. The goal is to get a good 
model according to stipulated criteria, particularly with white noise residual. 

Minimum mean square techniques use the model structure itself, together 
with the data, to generate estimates of model parameters. The price one must 
pay for the more detailed estimates, over the relatively simple Yule/Walker 
estimates, is increase of computational complexity. The mean square error 
expression is generated by what is called back forecasting and is minimized by 
numerical procedures known as gradient search methods. This is a rather 
extensive computational task which will be discussed further below. 

To employ a seasonal version of ARIMA methodology that uses minimum 
mean square estimation requires one of the follo~ving approaches: 

--develop a con~plete version of ARIMA software 
--obtain appropriate software from some other source, or 
--make use of a commercial system having the desired version of 

ARIMA sol.rare. 

A reason for developing one's own version of ARIMA software is the 
shortage of working versions of ARIMA software available at acceptable cost. 
Bat considerable effort is re qaired and it may be most effective to use existing 
software. A version is available from the University of Wisconsin Computing 
Center as Number 517 of its Supplementary Program Series. At nominal cost, 
the cen+er supplies a report, "Computer Programs for the Analysis of Univariate 
Time Series Using the Methods of Box and Jeff<ins. " This report included 
listings of all assoziated programs. The resulting software will be called the 
Wisconsin version in the following discussion. 

Though it is often not a simple matter to utilize "other people's pro- 
grams," the magnitude of the task required in modifying the Marshall version 
resulted in a decision to make use of the \Visconsin version for the reported 
crime examples. This was done for all the time series analyses and models 
used as examples in this report (given in Sections 7 and 8). It may become 
costly to use a commercial system }laving ARIMA software when many models 
are to be developed, as in the COMSEC study. This is because comi~ercail 
systems charge for each model. Moreover, there are problems with input of 
data to commercial systems that are no~ part of the major system in which one 
has data base storage. One use of the third option is as a check on"in-ho'lse" 
software by using several softxvare forms for a few cases. The availability of 
two commercial systems, both of which were considered for the COMSEC 
studies, v/ill be described below. 

I. NATIONAL COMPUTER SOFTWARE SYSTEMS 

National Computer Software Systems, Inc. (NCSS) is a commercial 
supplier of computer time and software systems. Their services are widely 
used in business ~nd industry in a variety of ways. In the spring o.f 1973, 
NCSS added a soft~vare implementation of the ARLMA technique to their line of 
services. NCSS introduced this service in a series of three seminars con- 
ducted by Box and Jenkins in May 1973. The initial presentation was in New 

300 Westport Avenue, Norwalk, Conn. 06851 
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York City on May 14-17, 1973. At that presentation, t%vo days were devoted 
to lectures in which Box and Jenkins developed a number of the concepts dis- 
cussed in References 6 and ii. The final two days were used to allow poten- 
tial users of the NCSS system, called SPX/Time, to learn about that system 
using their own data on computer terminals. 

The SPX/Time system is based on proprietary products of ISCOL, 
Ltd. (UK) and is copyrighted by NCSS (in 1973). There are indications that 
the software will operate reasonably well to carry out the three major phases 
of the ARIE[A technique as described in Section 6. It also includes transform- 
ing and differencing of data for preliminary analysis. Aspects of seasonal 
modeling are also available as part of the system. The subjective aspects of 
the technique must be supplied by the user and this may limit the general 
commercial use of the system. 

Many people with the training required for making proper subjective 
judgments will also be able to produce their own software implementation 
and are likely to prefer to do so rather than work with a commercial system. 
This is the point of view that was taken for the COMSEC evaluation studies 
and has been expressed by several other groups, both users and nonusers of 
commercial services. There are a number of reasons for this viewpoint: One 
has greater understanding of self-developed systems and can introduce features 
that are particularly appropriate to problems under study, it is convenient and, 
in most situations, will be less costly to use a self-developed system when 
many time series models are required. (These observations also apply to soft- 
ware developed by others, such as the Wisconsin program.) Though the cost 
of developing such a system might seem to indicate that one should employ a 
service such as NCSS, the situation under which the system is developed can 
greatly affect such a consideration. 

Some details on the background of the ARIIVIA technique and on SPX/ 
Time are given in Reference (I0). The software system will be referred to as 
the NCSS version of the ARIMA methodology in the following discussion. 

It should be observed that the lqCSSsystem includes soft-/are imple- 
mentation of the so-called transfer function methods dealing with the study of 
several time series as they relate to each other. These methods (discussed 
in References 4 and I0) show great promise for use in the study of societal 
systems. 

2. C©MNET IMPLEMENTATION 

CON[NET is another computer services company which can provide 
ARIMA software. This is a version developed as part of the "Econometric 
Software Package" (ESP) and will be called the ESP version of ARIMA software. 
This version does not seem to be as general as the NCSS version nor the 
"in-house" version represented by the \Visconsin version. However, it was 
used as a check and for special problems. 

The major disadvantages of both the NCSS and ESP versions are the 
transfer of input data (the time series) and cost for large numbers of time 
series. They are useful systems when studying a few series. 
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Another commercial version is provided by Dialogue Inc. as part of 

their PLATO system• The ARLMA aspects of this system are described in 
Reference (ii). In this system the subjective step of model identification is 
done by the software resulting in what is called automatic ARIMA model build- 
ing. This is an important feature, to the extent that it works, because the 
identification step requires skilland knowledge that are not often found in 
groups otherwise able to utilize ARIMA technology. The success of PLATO 
has been observed in a few simple cases but should be investigated by prospec- 
tlve users on their o\vn. 

The Wisconsin version was implemented for a PDP-10 computer, requiring 
considerable modification of the version~.~upplied. It was used in various sites. 
Due to a number of technical problems, ...... changes had to be made in the version 
as supplied by T~:e University of \Visconsin. Since these were done at the Urban 
Institute the operational system is referred to as the UI (Wisconsin) version• 

George Washington University (GWU) also has implemented the 
Wisconsin version. Material supplied by GWU implies that the Wisconsin 
version is used directly as given. However, this is unlikely to be the case due 
to technical problems similar to those encountered in the UI implementation• 
The actual operational version is referred to as the GW (Wisconsin) version. 

No other versions of the ARIMA software were considered for this study. 
Of course, other versions exist, and more are being developed as the ARIMA 
procedure becomes widely known and applied. A summary of ARIIVIA software 
and its role in reported crime studies is given below to illustrate how several 
versions of complex software may be used to check each other and gain an 
impression of the reliability present in the main operational version (UI Wisconsin 
in the illustration cases). 

--Marshall Version: No seasonal capability, crude estimation method• 
Used for baseline studies in early work. Not used in final analyses 
given as examples in this report. 

--NCSS Version: Very general butrelatively expensive to use. Method- 
ology helpful as backgroundmaterial. System not used in COMSEC 
studies. 

--ESP Version: Fairly general, but expensive for large-scale use. 
Used as a check on several test cases in COMSEC studies. 

---- • I G\V (Wisconsin) Version: Used as a check on several test cases May: 
have some problems related to soft-rare implementation. 

UI (\Visconcin) Version: Used for all COMSEC time series model work. 
Has full (seasonal) capability and uses minimum mean square error 
estimates. May have a few (technical) problems still, but was taken to 
be operational in its present form for development of ARIMA models. 

~I ~- 

233 Broadway, Room 809, New York, N.Y. 10007 ,~ 
t' 

Due primarily to the fact that the Wisconsin versa, on was written for a corn- : 
purer having very different characteristics (e.g., word length) than the PDI °-I 
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The A R I M A  so f t ,  r a r e  is s u f f i c i e n t l y  c o m p l i c a t e d  to  r e q u i r e  s o m e  k i n d  of 
t e s t i n g  b e f o r e  one c a n  'have a r e a s o n a b l e  d e g r e e  of c o n f i d e n c e  in  the  r e s u l t s .  A 
f u l l - s c a l e  t e s t i n g  e f f o r t  of the  UI ( W i s c o n s i n )  v e r s i o n  w a s  b e y o n d  the  s c o p e  of 
w o r k  t h a t  p r o d u c e d  the  e x a m p l e s  of S e c t i o n  7. H o w e v e r ,  a n u m b e r  of t e s t s  w e r e  
m a d e  a s  d e s c r i b e d  b e l o w .  In t h e s e  t e s t s ,  i t  i s  n e c e s s a r y  to  u n d e r s t a n d  two 
major aspects of the software reliability issue: 

- - D e t a i l e d  i n v o l v e m e n t  w i t h  s o f t ,  r a r e  i m p l e m e n t a t i o n ;  i n c l u d i n g  m a k i n g  
c h a n g e s  and  d e b u g  t e s t r u n s ,  l e a d s  to a n  i n f o r m e d  a p p r e c i a t i o n  of w h a t  
the p r o g r a m s  a r e  do ing  a n d  h o w  t h e y  a r e  o p e r a t i n g .  

--Numerical aspects of matrix inversion and gradient search, particularly 
the latter, are not trivial and can have significant effects on the model 
re sults. 

The minimum mean square error is sought by means of a gradicnt 
method of a particularly effective kind (Marquardt Algorithm). In practice, 
the minimum is never found. One specifies when the computation should stop 
by employing one of three rules: 

- - s t i p u l a t e  the n u m b e r  of i t e r a t i o n . s ,  
- - s t i p u l a t e  m i n i m a l  c u t o f f  c h a n g e  i n  the  m e a n  s q u a r e ,  o r  
- - s t i p u l a t e  m i n i m a l  c u t o f f  c h a n g e  in  p a r a m e t e r  v a l u e s .  

T h u s ,  one d o e s  not  k n o w  t h a t  a " b e s t "  s o l u t i o n  ( m i n i m u m  m e a n  s q u a r e  e r r o r )  
h a s  b e e n  o b t a i n e d ,  bu t  o n l y  t h a t  a s o l u t i o n  s a t i s f i e d  the  s t i p u l a t e d  c r i t e r i a .  
R e s i d u a l  m e X n  s q u a r e  v a l u e s  a r e  o b t a i n e d  bu t  t h e s e  do  n o t  g ive  a v e r y  g o o d  
m e a s u r e  of how w e l l  the  p a r a m e t e r  e s t i m a t e s  h a v e  b e e n  i n  m i n i m i z i n g  the  
e r r o r  e x p r e s s i o n .  

In t e r m s  of the  b a c k g r o u n d  m a t e r i a l  a b o v e ,  the  f o l l o w i n g  w i l l  i n d i c a t e  
h o w  the  p r e s e n t  UI ( W i s c o n s i n )  v e r s i o n  w a s  t e s t e d  a n d  w h y  i t  w a s  f e l t  to be 
o p e r a t i o n a l .  

C o n s i d e r a b l e  w o r k  w a s  done  in  i m p l e m e n t i n g  the  v e r s i o n . "  In  the  p r o -  
c e s s ,  a n u m b e r  of c h a n g e s  w e r e  m a d e  in  the  W i s c o n s i n  v e r s i o n .  One m a j o r  
c h a n g e  w a s  m a d e  in  the  m a t r i x  i n v e r s i o n  s u b r o u t i n e  w h i c h  w a s  f e l t  to be a 
t r u e  e r r o r  in  the  o r i g i n a l .  ( T h u s ,  a n y o n e  u s i n g  the  o r i g i n a l  w i t h o u t  d e t a i l e d  
s t u d y  m i g h t  h a v e  e r r o r s . )  S u c h  d e t a i l e d  a s s o c i a t i o n  w i t h  the  s o f t w a r e  l e n d s  
a m e a s u r e  of r e l i a b i l i t y  to i t s  o p e r a t i o n .  

F o u r  t e s t s  c a s e s  w e r e  r u n  u s i n g  UI ( W i s c o n s i n )  v e r s i o n ,  GW ( W i s c o n s i n )  
v e r s i o n ,  and  E S P  v e r s i o n .  In e a c h  c a s e  r a t h e r  d i f f e r e n t  r e s u l t s  w e r e  o b t a i n e d  
f o r  m o d e l  p a r a m e t e r s .  G e n e r a l  c h a r a c t e r i s t i c s  w e r e  s o m e t i m e s  s i m i l a r  a n d  
s o m e t i m e s  not .  The UI ( W i s c o n s i n )  v e r s i o n  w a s  j u d g e d  to be the  m o s t  o p e r a -  
t i o n a l l y  c o r r e c t  fo r  the  f o l l o w i n g  r e a s o n s .  

ESP version does not compute mean values as part of the estimation 
process. Such col]Iputation provides an internal ch~ck on the estimation 
procedure and in particular on its convergence to the minimum mean square 
value as shown by numerical values in the tables of Section7 and discussed there. 

Both GW and UI versions compute the mean, but the GW values do not 
ahvays give correct values (mean values are known from other, elementary, 
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calculations). In most cases the UI version does give a good estimate of the 
mean. Poor values indicate that~convergence has not occurred and indeed 

/ • , . 

the GW version stopped its caluclatxons well before the UI version in most 
f 

cases. ~---- /  

As another operational check, some values were compared with the 
Marshall version which was a completely different set of soft~vare. Values 
were in reasonable agreement. 

In addition to the checks discussed above, a computer program was 
developed to produce simulated time series with known properties. Such 
series data were subjected to the ARL\,IA soft-rare to see how well the result- 
ing model represented the known input series. This approach is discussed in 
Section 1 i. 

It was judged likely, on the basis of the above tests, that the UI 
(Wisconsin) version was reasonably good for developing ARIMA models. This 
illustrates an approach to establishing the reliability of complex software. 
Such considerations should be made whenever software of comparable com- 
plexity is employed in analysis. 
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Section II. Synthetic Time Series 

There are several rcasons for generating synthetic time series with 
specified characteristics. They can be used to form examples such as the 
water level in the boiler sump used throughout this report. When the basic 
form of a reported crime series is established from data, or assumed, 
simulated series can be produced for training purposes. Time series of 
known form can illustrate various statistical characteristics, particularly 
in autocorrelab'ons and partial autoeorrelations. Special features of seasonal 

~: .r ~ can variations and non-s~aL~onary + ~nd be directly related to specific aspects 
Of the synthetic data. An additional use of simulated time series of known 
form is as test cases for complex software to see how well it carries out 
such functions as parameter estimation since the parameter values are known 
for the simulated series. 

A synthetic time series is a set of values that can be thought of as 
representing values occurring at distinct times and that have been generated 
by some completely described deterministic process. Such a series is dis- 
tinct from real time series that are obtained by recording actual values 
occurring in prescribed time intervals such as the number of robbe#ies ina 
police district by week. The major distinction is that the synthetic series is 
artificial rather than "natural" and is reproducible, being based on determin- 
istic generation procedures. One could generate a series that was not repro- 
ducible by employing some form of natural random generation (such as radio- 
active emission or second-hand position on a clock at arbitrary times). Such 
series may be felt to be more realistic as simulations of naturally occurring 
series. However, it is necessary for the scientific use of simulated series 
that they be reproducible while at the same time having features that act like 
true randomness. 

Such series employ so-called random number generators which are, 
in fact, pseudorandom. They have the statistical form of purely random 
number but are completel# reproducible. 

As indicated above there are various applications for synthetic time 
series including: 

o as input to broader simulation studies; 
o to assist in the general study of time series types and how 

various effects in series generation relate to values obtained 
in the series; and 

e in operational testing of computer software designed for analysis 
of time series. 

The simuJai~ed series reported on here were developed for the second 
and third of these applications and used in this re.oort to generate the boiler 
sump data. k4aior interest in having such series was to test software for 
autoregressive calculations and parameter estin~ation in Autoregressive 
Inteoraied~ ~k[oving ~verage (ARIMA) models of time .series and provide 
examples to illustrate the various parts of this report. 

This section describes the way in which time series nlay be simulated 
and reports on the use of such series in testing AP~IMA software. It gives 
conclusions and recommendations for the use of ARINIA software based on a 
limited number of simulation studies. 
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I t  is  b e y o n d  the  s c o p e  of p r e s e n t  w o r k  to u s e  s i m u l a t e d  s e r i e s  i n  
e x t e n s i v e  t e s t i n g  of A R I M A  s o f h v a r e  or  i n  t h e o r e t i c a l  f e a t u r e s  of s t o c h a s t i c  
m o d e l  f o r m s .  H o w e v e r ,  s u c h  s t u d i e s  w o u l d  c o n t r i b u t e  s i g n i f i c a n t  k n o w l e d g e  
to t i m e  s e r i e s  m o d e l  f o r m u l a t i o n .  The  w o r k  r e p o r t e d  h e r e  f o r m s  a n  i n t r o -  
d u c t i o n  to the  b a s i c  m e t h o d o l o g y  f o r  s u c h  e x t e n d e d  s t u d y .  

T i m e  s e r i e s  of i n t e r e s t  f o r  t h i s  s t u d y  a r e  a s s u m e d  to  be  of the  A R I M A  
f o r m .  S i m u l a t e d  s e r i e s  w e r e  no t  p r o d u c e d  f o r  s e a s o n a l  o r  o t h e r  s p e c i a l  
v a r i a t i o n .  ~ The  n o n s e a s o n a l  m a t h e m a t i c a l  s e r i e s  e m p l o y e d  h e r e  e x p r e s s  the  
v a l u e  z t i n  t e r m s  of p r e v i o u s  s e r i e s  v a l u e s  s u c h  as  Z t _ l ,  p u r e l y  r a n d o m  

a m o u n t s  a t ( c a l l e d  r a n d o m  s h o c k s )  t h a t  c a n n o t  be a c c o u n t e d  f o r  by the  p r e -  

v i o u s  s e r i e s  v a l u e s ,  a n d  a n o n - r a n d o m  c o n s t a n t  t e r m .  If the  m o d e l  u s e s  p 
p r e v i o u s  s e r i e s  v a l u e s  a n d  q p r e v i o u s  s h o c k s ,  t h e n  the  v a l u e  of z t i s  e x p r e s s e d  

in the form: 

q 

z t  = L ~° iz t - i  + eo + a t  : ~' 
i= 1 i= 1 

0 i a t _ i  (1) 

To d e f i n e  s u c h  a s e r i e s ,  t h e n  p + q + 1 p a r a m e t e r s  ~ i '  @o' 8i m u s t  be  s p e c i f i e d .  

S e l e c t i o n  of the  s e r i e s  t ype  is a c c o m p l i s h e d  by  c h o o s i n g  the  v a l u e  of p a n d  q 
to be  u s e d .  The  n o t a t i o n  (p ,q )  i s  u s e d  h e r e  f o r  s e r i e s  t y p e .  

T e r m s  a r i s i n g  f r o m  p r e v i o u s  z v a l u e s  a r e  a u t o r e g r e s s i v e  a n d  the  ~i  

a r e  a u t o r e g r e s s i v e  p a r a m e t e r s .  T e r m s  d e p e n d i n g  on  the  r a n d o m  s h o c k s  a r e  
m o v i n g  a v e r a g e  w i t h  O the  m o v i n g  a v e r a g e  p a r a m e t e r s  The  p a r a m e t e r  8 i " o 
r e p r e s e n t s  the  m e a n  l e v e l  of the  s e r i e s  c o r r e c t e d  fo r  a u t o r e g r e s s i v e  e f f e c t s .  
I t  is  r e f e r r e d  to a s  the  m e a n  in  th i s  s e c t i o n •  In  f a c t ,  i t  m a y  i n c l u d e  a t r e n d  

P 
t e r m  a n d  be m o d i f i e d  by  a f a c t o r  1 - r ~0 i .  

i= 1 

F r o m  the  a b o v e  f o r m u l a t i o n ,  i t  i s  s e e n  t h a t  the  d e s i r e d  t i m e  s e r i e s  m a y  
be g e n e r a t e d  u s i n g  a f o r m u l a  i n  the f o r m  of E q u a t i o n  1. I n p u t  to be s u p p l i e d  
a r e  the  p a r a m e t e r s  ~i '  ~i '  a n d  the  s e r i e s  of r a n d o m  s h o c k s  a t . B o t h  the  z t 

v a l u e s  a n d  the  a t s e r i e s  m u s t  be g e n e r a t e d  s e q u e n t i a l l y .  A s i m p l e  c o m p u t e r  

p r o g r a m  w i l l  g e n e r a t e  (z t) f o l l o w i n g  E q u a t i o n  1 if  one p r o v i d e s  f o r  g e n e r a t i o n  

of the  r a n d o m  i m p u t  s e r i e s  (at) .  

The a t values are produced by a standard (built-in) random number 

generator function. These give values in the range zero to unity. Since one 
usually wants larger random values, a scale factor B is included as input to 

J~ 
~'For the boiler sump examples the synthetic series generation programs were 
modified so as to include the fixed subtraction and addition of water at cyclic 
intervals as used in the previously discussed illustrations. Trend effects were 

also included. 
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effectively enlarge the random interval to (O, B). It is also desirable to have 
both positive and negative random values. The algebraic sign of a t can be 

assigned in various ways. In the simulation studies reported on here, the 
sign was determined by giving positive and negative equal likelihood of occur- 
rence. A second random number is used in each case to determine the sign 

of a t . 

P R O G R A M  D E S C R I P T I O N S  

The  c o m p u t e r  p r o g r a m s  u s e d  to c a r r y  o u t  the  f o r m u l a t i o n  of (z t) fol-  
lowing E q u a t i o n  1 a r e  d e s i g n a t e d  S E R .  F 4  a n d  a s u b r o u t i n e  v e r s i o n  d e n o t e d  by  
G S R . F 4  ( s u b r o u t i n e  GNSER)  to be u s e d  w i t h  v a r i o u s  c a l l i n g  p r o g r a m s .  T h e s e  
a r e  u s e d  as  f o l l o w s  ( l i s t i n g s  a r e  s u p p l i e d  a t  the e n d ) .  

I. PROGRAM SER. F4 

T h i s  p r o g r a m  is d e s i g n e d  f o r  t e r m i n a l  u s e .  I t  g e n e r a t e s  a s i m u l a t e d  
time series of the form sho\vn by Equation I. Output is printed out term by 
term. Input is requested as needed. There is an option to supply integer data 
output (in floating point form). 

O In_sp~: NC--number of cases (series to be generated (if negative• 
only get one)); NP--number of autoregressive terms: NQ-number 
of 1-noving average terms; PH(I)--autoregressive parameters; 
TH(I)--moving average parameters; B--scale factor for random 
numbers; A--starting value (z]); XM--mean; N--length of series 
(maximum of 200); and SEITCH--Y or N (integer data or not). 

Z. PROGRAM GSR. F4 

This program is a subroutine version of SER. F4, for terminal use 
with various calling programs. It generates a simulated time series of the 
form shown by Equation I. Output is the series returned to the calling pro- 
gram. Call is to: SUBROUTINE GNSER (X, N, INF, OUTF) where X is a 
one dimensional array of dimension N (dimension limit 200), N is the length 
of series [o be generated (maximum of Z00), INF and OUTF are specified in 
the calling program as the input and output devices. 

O Input :  N P - - n u m b e r  of a u t o r e g r e s s i v e  t e r m s ;  N Q - - n u m b e r  of 
m o v i n g  a v e r a g e  t e r m s :  P H ( I ) - - a u t o r e g r e s s i v e  p a r a m e t e r s ;  
T H ( I ) - - m o v i n g  a v e r a g e  p a r a m e t e r s ;  B - - s c a l e  f a c t o r  f o r  r a n d o m  

n u m b e r s ;  A - - s t a r t i n g  v a l u e s  (Zl) ;  X M - - m e a n ,  a n d  S W I T C H - - Y  or  
N ( i n t e g e r  d a t a  o r  no t ) .  

EXAk[PLE CF USE OF THE ABOVE PROGRAMS 

O Input: NP = I, NQ = I, PH = .05, TH = .2, B = 3, A = 30, 
X--.kT-:= 2'5; SWITCH = Y to give integer data• N = 80. 

The resultin~ series has the following initial 30 terms; 
24, 26, ~, 24, 24, 27, 23, Z4, 26, 24, 25 Z5 24, 25 
26, 25, 28, 25, 27, Z3, 24, 25, Z5, 23, 27, and Z4. 

30, 27,  
23• 25• 
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Greater fluctuation can be introduced by increasing the size of the scale 
factor B. This is illustrated by another example with all input the same as the 
above except that the scale factor B = 8. The first 30 terms are: 30, 28, 21, 
26, 26, 21, 21, 30, 18, 20, 27. 20, 24, 23, 21, 23, 19, 23, 26, 23, 31, 25, 30, 
18, 21, 24, 25, 18, 20, and ZZ which show greater fluctuation than the prveious 
series with a B value of 3. 

The time series of water levels for the boiler sump examples employed 
the synthetic time series program with NP = I, NQ = I, PH = .25, TH= 1.5, 
B = 5, A = 30, and XEi = ?8. The series were all 96 values long. Modifications 
were made to the series which allowed addition or subtraction of fixed amounts 
at intervals six units apart by an~ounts AA and BB respectively. A trend v.,ith 
fixed intercept at AT and slope of CC was also provided. The cases used as 
illustrations employed the values: 

SUMP 1 SUMP 2 SUMP 3 SUMP 4 

AA -5 -5 - i0 - I0 

BB 2 2 2 Z 

AT 0 2 0 0 

CC 0 .2 0 .i 

OPERATIONAL TESTING OF ARIMA SOFTWARE 

ARIMA software consists of programs to calculate autocorrelation and 
partial autocorrelation values for time series data. Such values are used to 
select appropriate model forms and to test the resulting residual series for 
white noise characteristics. The ARIMA sol,rare also employes a minimiza- 
tion of the mean square error to estimate parameters. This is a relatively 
complicated and potentially sensitive type of calculation. Though there are a 
number of operational tests, one may carry out on ARIk,IA software (including 
careful analysis of the computer codes, comparison with other software system 
results, and convergence to known parameters such as the mean), iris desir- 
able to subject it to the common procedure of testing with a known input. Due 
to the recursive nature of the input (as shown by Equation I), one must use a 
simulated time series for this purpose. The parameters and type of series 
are known for such input. One can then test the software by noting how well it 
functions in specifying series characteristics and most particularly in estima- 
tion of model parameter values (which are known for simulated series input). 

Extensive testing of this kind is beyond the scope of the present study. 
However, some tests have been made which illustrate the use and value of such 
techniques. These are described below. 

Because of its complexity (size), the ARIMA software is contained in a 
collection of subroutines known collectively on our system as BOX. F4, de- 
signed for terminal use. To test such sol,rare by using simulated time series 
(generated from SUBROUTINE GNSER), some form of call program is required. 
These are described below. 

Two call programs have been employed for terminal operation of the 
UI-ARIMA (Modified \Visconsin Version discussed in Section I0) software 
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package BOC. F4. One, designated ACT. F4, provides autocorrelation and 
partial autocorrelation values only. The other, designated ARMT. F4, gives 
model parameters and information regarding the residua] series and other 
aspects of the model. 

I. PROGRAM ACT. F4 

This is a call program thatuses GNSER for series input. It is used 
for simulated series input. It calls parts of BOX. F4 to produce autocorrelation 
and partial autcL-orrelationva!ues. Input is GNSERinput together with BOX. F4 
input (briefly specified at the end of this sub-section). ACT. F4 is for terminal 
operation. It can also derive input series from a binary file created by appro- 
priate sol,rare systems, a3 Thus it also requires the following input: 

NOB is the number of observations 
'TGenerate" or "Read" 0 or 1 for GNRD. 

Series name for identification--BOX. F4 input as required. 

Z. PROGRAM AR_A4T. F4 

This program has the option of calling GNSER to generate a simulated 
input series for which parameter estimation is made. It is for terminal opera- 
don and uses BOX. F4 subroutines. 

o Inout: NOB--number of observations; 
• input option; list input or not option; 
required. 

EXAMPLE 

"generate" or "read" series 
series name; BOX. F4 input as 

To test the ARIMA software five Simulated series were used with input 
situations and results as reported below. Even this small number of cases 
provided useful information about the ARIMA software that one would never 
have without employing simulated series input. 

The convergence process to estimate parameters seems to need a 
number of iterations. One must take care not to limit the number of iterations 
when specifying MIT or by giving a condition on EPSI which terminates due to 
small changes in the mean square error while parameter values are still 
changing. This was the situation for Case 5 above and it resulted in a poor 
estimate for PH. 

Starting values for the parameters do not seem critical. In fact, there 
was no difference bet%veen Case 1 and Case 2 even though the actual parameter 
values were used as initial values in Case I. However, due to the high dimen- 
sion of the minimization problem local minima and similar difficulties may 
give trouble. 

The length of the series (sample size) is felt to be important and the 

.u 

Such syste:us should be part of any computer center that provides terminal 
operation. The work illustrated in this report was done on the Brookings 
Institution (\Vashington, 

r 

J. 

D. C. ) computer where the software is called PLANET 
t 
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Inpu t  

i W B  • 

TABLE I I. I ARIMA METHODOLOGY APPLIED.TO SIMULATED INPUT 

C a s e  1 Cage  Z C a s e  3 C a s e  4 C a s e  5 

80 80 6o lOO l zo  

! 

f I T C H  

I X* X X X 

I X X X X 

• 05 X X X X 

.2 X X X X 

3 X X X X 

30 X X X X 

25 X X X X 

y ~. X X X . . . . . . . .  X 

S i m u l a t e  7 S i m u l a t e  8 S i m u l a t e  9 S i m u l a t e  I0  S i m u l a t e  11 ries N a m e  

mLOG, NRD 
NDS, NSEA) 

J C PA 
PA 

PSl, EPS2, 
T, IPDEST, 

IPRES) 

AC, NPAC, 
DAC, MCSE, 

NAPL, IWTPA, 
CHI) 

F ,  N T O ,  N U , I C I ,  
D E S T ,  I W T P F )  

O, O, O, 0 X X X X 

1,0, I,I,I,0 X X X X 

1 , 0 , 0 ,  1 X X X . X 

• 05, . I,. i,. Z . I,. I,.. I,. I X X X 

0.0, . 001, X X X . 00001, . 001, 

60, 0, 0 60, 0, 0 

ZO, 15, O, I .  X X X X 
IZ,0, -I 

3, 1,0,4,0,0 X X X X 

80 X 60 I00 120 
T'• 

~mme nts on 
runs 

II 

F l o a t i n g  F l o a t i n g  S q u a r e  r o o t  F l o a t i n g  F l o a t i n g ,  
u n d e r  f low,  unde  r f l o w ,  of n e g a t i v e  u n d e r f l o w ,  u n d e r  f low,  
one c a s e •  one c a s e •  n u m b e r ,  two " one c a s e .  one c a s e •  

S q u a r e  r o o t  c a s e s •  S q u a r e  r o o t  
of n e g a t i v e  of  n e g a t i v e  
n u m b e r ,  two n u m b e r ,  t~vo 
c a s e s ,  c a s e s .  

m 
E s t i m a t e d  . 0 9  . 0 9  . Z l  . 0 7  . 17 
I r a m e t e r s  25. 16 25. 16 25. 17 2 5 . 3 6  2 5 . 3 5  

• 11 • 1 2  . 1 1  • 12 • 1 2  
• • 2 3  . 2 3  . 2 4  • 1 8  . 2 4  

I ~ p r  o x i m a t e  51 50 38 58 
~,rat ions #* 

47 

~ S  n X m e a n s  tha t '  the s a m e  va lue  was. u s e d  a s  fo r  the c a s e  to the lef t•  

o m e  i t e r a t i o n s  have  m a n y  m o r e  s u b s t e p s  than  o t h e r s  so  t he se  f i g u r e s  do not  i n d i c a t e  e x a c t  d i f f e r e n c e s  in  
c o m p u t a t i o n a l  e f f o r t .  All  c a s e s  e x c e p t  C a s e  5 t e r m i n a t e d  b e c a u s e  p a r a m e t e r  v a l u e  c h a n g e s  b e c a m e  too s m a l l .  

i 
n C a s e  5, t e r m i n a t i o n  w a s  due to too s m a l l  a change  in the s u m  of s q u a r e  v a l u e  (the t e s t  v a l u e  w a s  . 0 0 0 0 1  in 
his  c a s e  and  0 . 0  in o t h e r  c a s e s ) .  

111 
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above  c a s e s  i l l u s t r a t e  th is  f ac t .  F o r  the s i m p l e  c a s e s  c o n s i d e r e d ,  to only  one 
l e v e l  in  e a c h  p a r a m e t e r  type ,  the s e r i e s  of l e n g t h  60 gave  v e r y  poor  r e s u l t s  
for  P H  and  the s e r i e s  of l e n g t h  100 gave  i m p r o v e d  r e s u l t s  o v e r  the 80 po in t s  
in  C a s e s  1 and  Z. The e x t r a  l e n g t h  (1Z0) of C a s e  5 shou ld  have  g i v e n  f u r t h e r  
improvement in PH; however, the change in termination criteria resulted in 

a worse result. 

T h u s ,  e v e n  the r e s t r i c t e d  s tudy  of on ly  f ive c a s e s  p r o v i d e s  the f o l l o w -  
ing conclusions: 

• The operational ARIMA soft, rare used for COMSEC evaluation studies 
and as illustrations in this report seems to be working as desired. 

® T e r m i n a t i o n  of e s t i m a t i o n  too e a r l y  is  a m a j o r  s o u r c e  of poor  
m o d e l  p a r a m e t e r  v a l u e s .  

• S e r i e s  shou ld  be as  long as p o s s i b l e  and  be i n c r e a s e d  for  m o r e  
c o m p l i c a t e d  m o d e l  types  r e q u i r i n g  e s t i m a t i o n  of s e v e r a l  p a r a m e t e r s .  

P R O G R A M  LISTINGS AND ARIMA I N P U T  

The p r o g r a m s ,  SER.  F4 ,  ACT.  F4 ,  and  A R M T .  F4 ,  a r e  l i s t e d  h e r e  to 
i l l u s t r a t e  the n a t u r e  of such  p r o g r a m s .  It c a n  be s e e n  tha t  t h e y  a r e  r e l a t i v e l y  
s i m p l e  in  f o r m .  This  adds  to t h e  d e s i r a b i l i t y  of u s i n g  s i m i l a i  ~ p r o g r a m s  for  
h e l p i n g  to t e s t  c o m p l i c a t e d  ARIMA soft ,  r a r e .  

The l i s t i n g s  a r e  f o l l o w e d  by a s t a t e m e n t  of the inpu t  r e q u i r e m e n t s  for  
the o p e r a t i o n a l  ARIMA s o f t w a r e .  This  w i l l  d e p e n d  on the v e r s i o n  u s e d  but  the 
U I - W i s c o n s i n  v e r s i o n ,  g iven  h e r e ,  is  t y p i c a l  of the n a t u r e  of i npu t  r e q u i r e m e n t s  
to do ARIMA m o d e l  bu i ld ing .  

llZ 
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F o r  c o m p l e t e n e s s  of i l l u s t r a t i o n ,  the  f o l l o w i n g  g i v e s  the  i n p u t  r e q u i r e m e n t s  

i n v o l v e d  in  the A R I M A  S O F T W A R E  (UI v e r s i o n ) :  

S U M M A R Y  OF BOX. F 4  I N P U T  N E E D S  

I n p u t  v a l u e s  a r e  r e q u e s t e d  by c a l l  p r o g r a m s  a n d  u s e d  by BOX.  F 4  s u b r o u t i n e s .  

{ N O B - - N u m b e r  of  d a t a  p o i n t s  in  the  s e r i e s .  

{ Z(I) I = l ,  

{ SERIES(J) 

NOB--Series data. 

J = 1, 1 4 - - N a m e  Of the  s e r i e s  d a t a .  i NLOG--0 original data used ~ 0 log of data used. 
NRD--nurnber of'regular differences (d in (l-B)d). i 
NSD--number of seasonal differences (d I in (l-BS)al. 
NSEA--order of seasonal differences if any (S in (l-BS)). 

INC(J )  J =  l ,  6 - - n u m b e r  of e a c h  of the  s ix  p o s s i b l e  p a r a m e t e r s  
r e g u l a r  a u t o r e g r e s s i v e  (p in  n u m b e r )  INC(1)  = p 
s e a s o n a l  a u t o r e g r e s s i v e  (Pl  i n  n u m b e r )  INC(2)  = P l  
m e a n  of the  s e r i e s ,  INC(3)  = 0 o r  1 
d e t e r m i n i s t i c  t r e n d  c o n s t a n t ,  INC(4)  = 0 o r  1 
r e g u l a r  m o v i n g  a v e r a g e  (q in  n u m b e r )  INC(5)  = q 
s e a s o n a l  m o v i n g  a v e r a g e  (ql  i n  n u m b e r )  INC(6)  = q l "  

I © P A ( J )  J = 1, N P - - . ( c o m p u t e d  f r o m  INC) p o w e r s  of B fo r  e a c h  n o n z e r o  
p a r a m e t e r  (0 v a l u e  f o r  " c o n s t a n t s " )  i n  o r d e r  l e f t  
to r i g h t  i n  the  g e n e r a l  m o d e l ;  i . e . ,  a s  l i s t e d  
a b o y e  f o r  INC i n p u t  ( n o n z e r o  v a l u e s  o n l y ) .  

P A ( J )  J = 1, N P - - i n i t i a l  v a l u e s  of p a r a m e t e r s  f o r  e s t i m a t i o n  ( v a l u e s  
m u s t  be n o n z e r o ) ,  one  f o r  e a c h  s p e c i f i e d  a s  a n  
e n t r y  f o r  I O P A .  

/ 

E P S I - - m a x i m u m  r e I a t i v e  c h a n g e  in  r e s i d u a l  s u m  of s q u a r e s .  
E P S 2 - - m a x i m u m  r e l a t i v e  c h a n g e  i n  e a c h  p a r a m e t e r .  
M I T - - m a x i m u m  n u m b e r  of i t e r a t i o n s  a l l o w e d .  
I P D E S T - - 0  to s u p p r . e s s  p l o t  of d a t a  < - - p l o t .  
I P R E S - - 0  to s u p p r e s s  p lo t  of r e s i d u a l  < - - p l o t .  

i 
- - -  ] 

N A C - - n u m b e r  of a u t o c o r r e l a t i o n s  of r e s i d u a I s .  
N P A C - - n u m b e r  of p a r t i a l  a u t o c o r r e l a t i o n s  of r e s i d u a I s  ( m a x i m u m  of NAC) .  
N R D A C - - n u r a b e r  of d i f f e r e n c e s  of r e s i d u a I s  f o r  w h i c h  a u t o c o r r e l a t i o n s  

calculated. 
MCSE--0 if no standard error of residual autocorrelation. 
NAPL--num~)er of residual autocorrelations per line. 
IWTPA--0 s tppress plots of residual autocorrelation <--plot. 

X2 " N C H I - - n u m k - ~ r  of a u t o c o r r e l a t i o h  to c o m p u t e  s t a t i s t i c < 0  if  no t  w:; 5ed.  
:. 

[. '. 
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NF--number of forecasts desired. 
NTO--number of time origins. 
NU--number of new observations for updating. 
ICI--width of confidence limits: 

1 2 3 4 5 v a l u e s  for  ICI 
50 75 90 95 99 p e r c e n t  c o n f i d e n c e  i n t e r n a l .  

I P D F S T - - 0  to s u p p r e s s  p lo t t ing  of s e r i e s  da ta  < - - p l o t .  
I W T P F - - 0  to s u p p r e s s  p lo t t ing  of f o r e c a s t s  < - - p l o t .  

NT(1) I = I, NTO--forecast time origins. 

ZN(J) J = I, NU--new data for update of forecasts, omit if NU = 0. 

A. PROGRAM SER. F4 

DIMENSION X(200), TH(6), PH(6), RA(Z00) 
INTEGER INF, OUTF 
INTEGER SWITCH, YES 
DATA YES/'Y'/ 
INF=5 
OUTF=5 
WRITE(OU TF, 147) 

READ(INF, 135) NC 
. WRITE(OUTF, 148) 
READ(INF, 135) NP 
WRITE(OU TF, 149) 
READ(INF, 135) NQ 
IF(NP. EQ.O) GO TO 55 
WRITE(OU TF, 150) 
READ(INF, 130) (PH(I), I= I, NP) 
IF(NQ. EQ.O) GO TO 56 
WRITE(OUTF, 15 i) 
READ(INF, 130) (TI-I(I), I=l, NQ) 
WRITE(OUTF, 136) 
READ(INF, 130) B 
WRITE(OU TF, 140) 
READ(INF, 130) A 

WRITE(OU TF, 152) 
READ(INF, 130) XM 
WRITE(OU TF, 145) 

• READ(INF, 135) N 
WRITE(OU TF, 153) 
READ(INF, 154) SWITCH 
X(1) = A 
RA(1)=0.0 
DO I00 1 = I,N 

IF(SWITCH. EQ. YES) X(1)=FLOAT(INT(X(1))) 
WRITE(OUTF,  155) i, xg )  

R= R:~RAN(D) 
Rl= RAN(D) 

IF(RI. LE. 0.5) R=-R 
RA(I+I)=R 

I 1 4  
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ZT=0.0 
ZS =O. 0 
IF(NP. EQ.O) GO TO 85 
IF(I. GE. NP) GO TO 75 
DO 7Z JJ=l,I 
Z T= Z T+PH( JJ)':-~X (I- J J+ I) 

7Z CONTINUE 
GO TO 85 

75 DO 80 J=I, NP 
Z T= Z T+PH(J) ;':-X (I- J+ i) 

80 CONTINUE 
85 IF(NQ. EQ.O) GO TO 95 

IF(I. GE. NQ) GO TO 88 
DO 86 KK=I,I 
ZS= ZS+ TH(KK) ~RA(I- KK+ 1 ) 

86 CONTINUE 
GO TO 95 

88 DO 90 K=I, NQ 
ZS= ZS+ TH(K) ~'.:RA (I- K+ 1 ) 

90 CONTINUE 
95 X(I+I)-- ZT- ZS+R+XM 

Y=X(I+I) 
J= I+ 1 
WRITE(OUTF, IZ0) RI,R 
WRITE(OUTF, 1 I0) J, Y 

I00 CONTINUE 
IF(NC. GT.O) GO TO 50 
CONTINUE .... 

II0 FORMAT(I, 10X, F) 
120 FORMAT(2X, 'RI ', 2X, F, 2X ", 'R ' 
130 FORMAT(6F) 
135 FORMAT(61) 

, I 136 FORMAT(2X, B: ,$) ..... 
I l 

FORMAT(2X, A: , $) 
l , FORMAT(ZX, N: ,$) 

FORMAT(IH-, 2X. 'CASE : $) 
FORMAT(2X, NP: ,$) 

I 
FORMAT(2X, NQ: ,$) 

l I 
FORMAT(2X, PH: ,$) 
F A ' ' ORM T(2X, TH:. , $) 

FORMAT(2X, rXM: ', $) 

140 
145 
147 
148 
149 
150 
151 
152 
153 
154 
155 

FORMAT(2X, INTEGER SERIES 

, 2X, F) 

FORMAT(A1) 
FORMAT(ZX, 'I = 

END 

(Y/N)? 

I, 10X, 'X(I) = ' F) 

',$) 

{' 

l 
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