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We continue here the series of studies in the predictability of critical phe-
nomena i.e. abrupt overall changes (‘crises’) in complex systems. That prob-
lem is particularly challenging in the absence of fundamental equations gov-
erning the systems’ behavior. The prediction of critical phenomena is impor-
tant both for a fundamental understanding of the systems under considera-
tion and for crisis preparedness and control. Such is the usual twofold goal
of prediction research. The critical phenomenon considered in this study is
a sharp and lasting rise of the homicide rate. Qualitatively, this phenomenon
is illustrated in Fig. 1; and we call it by the acronym SHS, for ‘Start of the
Homicide Surge’. 

This study integrates the professional expertise of the police officers
and of the scientists studying complex systems. 

The problem

Our goal is to develop a method for predicting the surge of homicides
by monitoring the relevant observed indicators. We hope to recognize the
‘premonitory’ patterns formed by such indicators when an SHS approach-
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es. In terms of pattern recognition we look for an algorithm that solves the
following problem.

Given the time series of certain relevant indicators prior to a moment
of time t, to predict whether an episode of SHS will or will not occur during
the subsequent time period (t, t+τ). If the prediction is ‘yes’, this period will
be the ‘period of alarm’, The possible outcomes of such a prediction are
illustrated in Fig. 2. 

The probabilistic component of this prediction is represented by the
estimated probabilities of errors – both false alarms on one side and fail-
ures to predict on the other. That probabilistic component is inevitable,
since we consider a highly complex non-stationary process using imprecise
crime statistics. Moreover, the predictability of a chaotic system is, in prin-
ciple, limited.

Such ‘yes or no’ prediction of specific extraordinary phenomena is dif-
ferent from predictions in a more traditional sense – extrapolation of a
process in time, which is better supported by classical theory.
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Figure 1. Target of prediction: schematic definition. The vertical line shows the target
(the start of the homicides surge, or ‘SHS’). Gray bar marks the whole period of the
homicide surge.
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Methodology

Our methodology is pattern recognition of infrequent events – a method-
ology developed by the artificial intelligence school of I.M. Gelfand [6, 18]
for the analysis of infrequent phenomena of highly complex origin. It has
been successfully applied in many problems of natural [6, 14, 18] and socio-
economic [10-12] sciences, helping to overcome the complexity of phe-
nomena under consideration and the chronic imperfection of observations.
A distinctive feature of this methodology is a robust analysis that provides
‘a clear look at the whole’, which is imperative in a study of complex system
[7-9]. This methodology is, in a way, akin to exploratory data analysis, as
developed by the school of J. Tukey [22].

We also take advantage of mathematical modeling of critical phenome-
na in complex systems [1, 5, 13, 14, 19-21, 23, 24]. 

The data

Among a multitude of relevant indicators we consider, in this initial
analysis, monthly rates of homicides and lesser crimes, including
assaults, burglaries, and robberies (see Table 1). These data are taken
from [3, 4]. 
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Figure 2. Possible outcomes of prediction.
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Our findings can be summed up as follows:

1. We have found that the upward turn of the homicide rate is preced-
ed within 11 months by a specific pattern of the crime statistics: both bur-
glaries and assaults simultaneously escalate, while robberies and homicides
decline. Both changes, the escalation and the decline, are not monotonic,
but rather occur sporadically, each lasting some 2-6 months. 

2. Based on this pattern we have formulated a prediction algorithm, giv-
ing it a robust and unambiguous definition. Its performance is illustrated
in Fig. 3. Data for 1975-1993 have been used for developing the algorithm.
It was then applied as is to the data for 1993-2002. 

It is noteworthy that the performance of the algorithm did not change
through all the years, when Los Angeles has witnessed many changes rele-
vant to crime. This stability is due to the robustness of the algorithm and it
is achieved at a price, in that the time of a homicide surge can be predict-
ed with only limited accuracy.

Fig. 4 shows in more detail the case history of prediction of the last
homicide surge one that continued for more than two years. We see that the
algorithm gave a warning about this rise as early as December 1999.

3. Sensitivity tests [11, 17] demonstrated that these predictions are
stable to variations in the adjustable elements of the algorithm. The
algorithm is self-adapting to average crime statistics, so that we could
test it by application to independent (‘out of sample’) data not used in its
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Homicides Robberies Assaults Burglaries

• All • All

• With firearms

• With knife or
cutting instruments

• With other
dangerous weapons

• Strong-arm
robberies*

• All*

• With firearms

• With knife or
cutting instrument 

• With other
dangerous weapon*

• Aggravated
injury Assaults*

• Unlawful Not
Forcible Entry

• Attempted
Forcible Entry *

* Analyzed in sensitivity tests only.

TABLE 1. CRIME RATES CONSIDERED
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development; The results of that test are also encouraging; however, as
always, the algorithm remains hypothetical until it is validated by
advance prediction.

4. Closer to the surge of homicides, the robberies also turn from decline
to rise. This indicates the possibility of a second approximation to prediction,
with more precise (about twofold shorter) alarms.

What did we learn about crime dynamics?

The existing qualitative portrayals of crime escalation are complement-
ed here by a quantitatively defined set of precursors to homicide surges.
The same set emerges before each surge through the time period under

Figure 3. Performance of prediction algorithm through 1975-2002.
The thin curve shows total monthly rates of homicides in Los Angeles city, per 3,000,000
inhabitants. The thick curve shows the same rates with seasonal variations smoothed away.
The vertical lines show the targets of prediction – upward turns of the smoothed homicide
rate; while the solid and dashed lines show the turns that occurred before and after 1993.
Gray bars are the periods when the rate of homicides remained high. Checkered bars are
the alarms declared by the hypothetical prediction algorithm
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consideration. We give a quantitative definition of this phenomenon that
has been extended to a prediction algorithm. 

It was unexpected that the premonitory pattern of indicators includes a
decline of robberies, simultaneous with the rise of other crimes considered.
That possibly might be explained by the rising influence of the gangs, tem-
porarily suppressing ‘unorganised’ crimes.

The prediction described here is complementary to cause-and-effect
fundamental analysis. The cause that triggered a specific homicide surge is
usually known, at least in retrospect. This might be, for example, a rise in
drug use, a rise in unemployment, etc. Our ‘yes or no’ algorithm captures
the symptoms of an unstable situation when such a cause would trigger a
homicide surge. 
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Fig. 4. Prediction of the last rise of the homicide rate: a case history. Notations are the
same, as in Fig. 3.
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Relevance to the science of chaos

Our findings are in accord with the following ‘universal’ features of
many chaotic or complex systems. 

1) The permanent background activity (‘static’) of the system tends to
rise before a fast major change, one that represents a ‘critical transition’. 

2) That rise, and the other premonitory changes of the static, are not
monotonic, but are realized sporadically, in a sequence of relatively short
intermittent changes. 

The ‘universal’ models of hierarchical complex systems, such as those
developed in theoretical physics and non-linear dynamics, exhibit both of
these features. They are also observed in a variety of real-world systems,
including the seismically active Earth’s crust, the economics of recession,
the labor market, elections, etc. 

In terms of complexity the episodes of SHS might be regarded as crit-
ical transitions, and the changes taking place in the ‘lesser crimes’ – as
static. The universality of the features of complexity is limited and cannot
be taken for granted in studying any specific system. Nevertheless, it is
worth exploring in crime dynamics using other known types of premoni-
tory patterns [14, 23, 24].

Perspective

Altogether, the above findings provide heuristic constraints for the the-
oretical modeling of crime dynamics. They also enhance our capability to
anticipate the possible future homicide surges. It is encouraging for further
research that we used here only a small part of the relevant and available
data. Among these are other types of ‘lesser’ crime [2] and economic and
demographic indicators [16]. Decisive validation of our findings requires
experimentation in advance prediction, for which this study sets up a base. 
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DISCUSSION ON THE PAPER BY KEILIS-BOROK

ZICHICHI: Is the full line your mathematical predictions?

PIETRONERO: I have worked a bit with Volodya on earthquakes, using sim-
ilar methods. The issue is very fascinating and rather complex. I would put it
in the following framework: all the scaling and universality are for asymp-
totic time and space, so you have a distribution which eventually refers to
infinite space and infinite time. Now, this is not good for prediction, but it’s
usually the target of theoreticians like myself. This means that with a renor-
malization group you predict nothing, I mean, in terms of what is useful,
such as earthquakes. You predict other things for physics. Now, the issue that
Volodya raises, and of course by which I have been fascinated, is: can you do
something like the opposite? Can you forget about asymptotia and go into
finite time and finite space predictions? This is essentially the opposite of
what physicists have been doing. So we’ve been disoriented, because that’s
not the usual approach, and recently we’ve tried to invent methods which
may also be good for small time-scales. That’s what they have been doing for
many years. So, I would say this is a new frontier of complexity in which one
does not look at the asymptotic but at the opposite, at short time, at short
space, and I think this is where the frontier is.

ZICHICHI: But the data represented by the grey pieces are supposed to be
in agreement with the predicted derivative. This does not seem to be the case.

PIETRONERO: I think Volodya should answer.

KEILIS-BOROK: Prediction is aimed at increase of time derivatives. And
you see that the smoothed (thick) curves change their trend upwards at
some moment within each gray area. Generally speaking, increased deriv-
ative may still be negative, but actually the trend only flattened once, and
went up in other cases.
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ZICHICHI: You are predicting with your mathematics the behaviour of
the function. In one case it goes up, in the other case it goes down. This is
not a prediction, it’s a contradiction.

KEILIS-BOROK: We predict the sharp upward bend of the smoothed
function (the thick curve). The function first goes down, then it turns
upward. If the turn is strong enough it goes up, otherwise it becomes
nearly horizontal. It could be horizontal first then climb upwards. To pre-
dict specific realization of that bend would be the next approximation, I
can describe it in 15 minutes.

ZICHICHI: No, no, I just want to know if what you show is your predic-
tion. You should only say yes or no.

KEILIS-BOROK: We do not predict derivative of the function (the drop
or the rise). We predict when the derivative will quickly rise. Next ques-
tions are how long will last the new trend, and how steep it will be, we are
doing this piece by piece.

ZICHICHI: Take the grey line, then the function goes down. If this is your
prediction, the same function cannot go up.

KEILIS-BOROK: It can go up after it was going down. We predict the
time of the change.

ZICHICHI: You cannot have a mathematical model which goes up and
down at the same time. The disagreement is between the model and the
data.

KEILIS-BOROK: There is no disagreement – the function goes up and
down not at the same time. It goes first down then it goes up or horizon-
tally, that change is what the model predicts. But it does not predict how
the rise of derivative will be realized; these are major unsolved problems.

HASSAN: Can I just ask you: I know that you’ve developed a model for
predicting earthquakes in the same region. Some time ago I remember you
explained it to us in Trieste. Can you tell us whether that graph that you
developed for earthquake prediction is rather similar to what you have pre-
sented here? What is the correlation between them?
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KEILIS-BOROK: Yes, prediction is based on evolution of background
activity of a complex system prior to a critical transition. Scenarios of
that evolution are partly universal for different systems; but partly they
are system-specific. In case of homicides static consist of the rates of less-
er crimes. Before a homicide surge some rates rise and some drop; police
experts with whom we worked explain that by impact of intruding organ-
ized crime. In case of earthquakes the static we studied consists of small
earthquakes, and their rate grows before a strong one. So, you are right –
a certain similarity exists.

SZCZEKLIK: Professor Keilis-Borok. Predicting or prognosing was always
considered part of an important medical skill, and about ten years ago, an
attempt was made to introduce so-called expert systems into medicine
using computers which were supposed to give right prognoses. They didn’t
work very well, didn’t become much of use. Has there been some progress
in this field very recently?

KEILIS-BOROK: The key to developing expert system is collaboration of
mathematicians with the experts in the field, medicine in your case. A
mathematician cannot take the data from a physician and put them
through pattern recognition algorithm; neither a physician can do the
opposite. There is a culture of interaction with experts for such purposes,
not widely known, but not really new. About 30 years ago Gelfand’s school
developed a very successful expert system for predicting the outcome of
operations on the brain. You might recollect T.S. Eliot: ‘Where is our wis-
dom, lost in knowledge? Where is our knowledge, lost in information?’.
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