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¢ The performance of criminal justice systems is often approached in
;5 rather global terms through some set of loasely defined objectives.
E Suzh efforts have been thoroughly criticized by Deutsch (1977) among
others as lacking a clear and comprehensive conceptual basis. Hypothetical _
’ constructs are poorly formulated, and there are few concrete mechanisms
g linking the inputs of the criminal justice. syétem to the outputs of
i the criminal justice system. Clearance rates, for example, are assumed
* t6 resp&md to police budgets,"b.ut even if empirical relationships are
found, their meaning is often ambiquous. It should come as no surprise
f;  then, that evaluations employing such pers'pectives are rarely compeﬂing..
? A second difficulty with most criminal .justice evé‘1 uations is that
qf even when a clear, formal model is posed, policy assessments are
v . typ.cally“undertaken in static terms. We learn about the relationship
) ‘between inputs and outputs at the margin, but Tittle of the sequential
nature of criminal justice functioning. We may discover thro‘L.:gh static
comparisons how an increase in police p;ersonneT can affect the "supply"
of crime, for instance, but Tittle about longitudinal processes by
i% which police officers may affect crime rates. While we would not
deny the usefulness of stat‘ié models, we also believe that .much can be
| ' learned from dynamic approaches.
i e i e il ‘ ' of c:ourse, it is one thing"to argue for f,;zrmﬂ dynamic approaches in
xﬁbm‘:mn‘:’%"{’?‘?m o the A principle, and quite another to put such preaching into practice. To \
s dn s e ) ST LS | i e mode] aina? ustice syste
ﬁiﬁ%&ﬂ?gﬁﬂfm&mﬁ3:‘?“?‘;‘2:‘“ oatiote of begin, one must develop dyn.armc mg els of the crimina Ju?tu:e system .
Mﬁ:;,mmwwoduumwmmnteﬂﬂ'wbm * | ; which, though abstract, do not seriously d1sto?~t the empirical phenomena in
"’“m%lli)g mmﬁ?crustice . 5' “t question. Then, one must operatioqaﬁze a lar'ge number of hypothetical
m:::,;mcﬁmlw,mﬂwHofownoeSmlco{NCJﬁS>~ | @ } ' vaﬁa.b]es so that.their epistemic correlations are well above zero. This is,
,Q‘t,’,‘,*?:;,' &@uw@ g,.muma- of the NCJRS ;{L::m roquiras permis. "
o _“_M___iwmvw B
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of course, a non-trivial problem on which even the best dynamic model
may founder. But,éiven the set of operationalized variables, one still
needs to return to the empirical world to obtain adaquate measures.
Here a range of practical constraints are 1likely to intervene, perhaps
undermining the entire enterprise. Finally, assuming that adaquate
data may be obtained, the system's parameter§ remain to be estimated.
Often this introduces yet another group of difficulties.

While we would be among the last to é1aim that solutions for these
and other prublems are readily available, we will attempt to demonstrate
in this paper that the application of dynamic models to evaluations of
criminal justice performance is more than fantasy. .le will focus on
a subsystem within the criminal justice system, the police, propose a
broad theoretical framework, operationalize many of its key concepts,
and then, suggest how it may be applied in practice. In the process, ve
hope to not only document -the variety of likely pitfalls, but also
demonstrate the‘promise of dynamic approaches to assessments of criminal
Jjustice performance.

" The viewpoint adopted in the present paper is that part of the
problem with attempts to measure the performance of'the criminal justice
system is the very macroscopic level at which they are undertgken. The
criminal justice system is a mu1ticomponept social organiiation. When
it is viewed as a whole, an fmplicit Essumptibn is made that the goals
one ascribes to the system, reflect the goals of individual decision.
makers within that system. There is consistency in the objectives of all
those who transform inputé into performance. This is clearly a heroic
assumption. If one views the system at a more micro;copic level by

choosing a particular component ahd studying it in some detail then

there is a better chance that the .objectives of individual decision
makers will be -consistent with the objectives of policy makers within
the subsystem. -In addition, one can begin to discuss the'objectives in
a more concrete fashion, one can identify factors which affect system
performance (and these are‘1ike1y to be more than just inputs), one

can begin to conceptualize what a model of the system will ook 1%ke,

and finally one c;n begin to déve]op a measurement strategy. It is the

latter component which is the ultimate goal of our analysis, but

it is our view that measurement in the absence of a formal conceptualization
of the sys?em we are dealing with and the use to which that measurement
will be put, is 1ikely to be less useful than a measurement that ds

oriented to the particular needs of a particular problem.
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IT. A DECISION THEORETIC FRAMEWORK FOR THE ANALYSIS OF POLICE BEHAVIOR -
The subsystem we have chosen to consider in this paper is the
behavior of on-duty police officers. This is clearly one of the most
micro level subsystems of the criminal justice system, and so it seems
an appropriate level at wﬁich to begin. _
Our first task is to describe the nature of decision making §n such

a system and the generally accepted framewark for decision theory consists

" of the following:

1. A set of agents (decision makers, controllers, actors).

2. A preference order{ng for each agent (utility function, per-
férmance criterion, pay-off function).

3. A set of permissible décisions for each agent (sanctioned
actions).

4. Agents make some observations regarding the state of the world

“1in which they are operating. The relation between the actual

‘state of the worid and the obseryations is called the information

structure.

. 5. Each agent has a model of the system which is a formal
description of the way in which the state of the world and the
decisions of the agent affect the outcomes pf the system.

The behavior of agents is characterized by a set of decision rules
or.coﬁtrol rules which describe the decisions to be taken when certain
observations are made. Ve assume that préferences and the set of
permissible decisions are exqgenous'to the system being studied. There:
are a numbér of possible ways one could furthgr specify the decision
problem at this point. The three most prominant ones are:

1. There is only one agent with one preference function.

* . 4 - ' .
2. There are many agents with the same prefgrence function

ESTNC——
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3. There_are many agents w{th different prefe}ence functions.

The third category is usually called a game and it is clearly
not appropriate for the'situation vie are considering. In addition;
mathematical descriptions of such problems do not lend themselves
easily to measurement strategies and empiricaﬁ impiementatioh. The
second category is further divisible into a) Team Theory, and b)
Hierarchical systems.

While there is a substantial 1iterature on team theory (Marschak
and Radner 1972; Marschak 1855) it is the most abstract and formal
treatment of thg problem of decision making in large systems, and
does not lend itself easily to.empirical applications. Oné reason may
be that optimal decision rules for teams are considerably more
complex (analytically and computationally) than they are for systems
with centralized decision making (one agent). It is also not clear to
what extent one would want to endow an individual on-duty police officer
with decentralized decis{on‘making despite the informational and
computational efficiencies which might result (although it is also
quife apparent that the very nature of their environment requires that
they often function this way).

.Clearly, however, there is a definite hierarchy to the system ve
are describing, and it would appear that a hierarchical multi-agent
system is a good place to begin. Such a syslem would consist of a number
of interacting subsystems each under the control of one agent. The
subsystems wéu]d be arrangad ‘in a hierarchy of levels. Communication
would be lateral as well as. hierarchical. Unfortunately, while such
systems have been discussed ahd_c1as§ified (Simon 1962), the forma]

mathematical treatment of such systems is still relatively undeveloped.]
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Finally then we are left with category 1, which, while not
comp]eteTy'satisfactory as a descfiption of the decisjon environment ve

are addressing, is certainly more promising thar most of the others. The

one agent/one preference function has well formulated mathematical theory

in both continuous time and discrete time, which shou?d lead us tp a

much clearer understanding of objectives, policies or decision.ru1es, and
finally to a measurement étrategy that is appropriate for articulating
optimal decision rules. The requisite mathematical tools can be found
within optimal control theory on which there is by now a vast Titerature
in mathematics, engineering and economics. In subsequent sections then
we will envision the problem of controlling the performance of on-duty
police officers as one of formylating rules or control signals which may
be communicated to them from a central decision maker on the basis of
information about their "states" at different times. The rules will be
designedugo maximize police performance in.terms of centrally determined

objectives given the environment in which they operate. These issues are

discussed in detail in the next section.

III. OPTIMAL CONTROL OF THE POLICE .

One of the ba;ic.premises of the decision problem is that agents
possess a mode? of the system which formally describes the way the.state
of the world and the decisions of agents affect system outcoﬁes. More
formally, we assume that the fﬁnctiqns of an on-duty police officer can

be described by a system of discrete time, linear difference equations of

‘ the form:

Yp = Aypoq FBzy o+ Cxp U, (1)

where Ye js a vector of outputs, Y1 is the same vector of outputs in

K X s g e
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the previously observed period, zy is a vector of variables which are
exogenous to the system (that is they are not determined by the actions
or outputs of the police) but which describe the environment in which
they operate, X, represents a vector of inputs or palicy variables
which are subject to contro] (also Eal?ed control variables or instruments),
A.,B,C are known matrices of coefficients, and U is a vector of unobserved
stochastic shocks to the s_ystgm.2 By outputs we mean the set of -
measureab]e activities which represent the functions of police o%ficers.'

For example, we might include among the Yy arrests, bobkings, security
‘checks, mutual aid assists and arrivals at given locations. The variables
Zy describe the "environment" in which police operaté. If the unit of
analysis is a city precinct, 2t might include thé ethnic and demographic
makeup of the precinct, the presence of parks, mix of'pusfic transportation
and other exogenous factors which are correlated with outputs. The variables
Xy inc1u§g policy variables which affect police performance such as the |
number of officers, patrol cars, routings, and rules governing apprehensibn
and arrests. The Ui represents the random unpredictablé occurenées which
affect the outputs of the system, and which are unknown.

The essence of the opt%ma] control problem is to choose an appropriate

set of policies to drive the outputs of the system. The model, as we have

* expressed it does not explain how policy variables are determined. If

we specify a rule or equation for the policy variables, they will become
endoéenous to the system. f

.There gre two kinds of policies ihat can be considered. The first
is a set of policies which are specified at ihe beginning of a planning
period and are not altered by future.events, these are called control

rules. The second Kind of policy is one in which future policies depend
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8.
on future events according to some rule. These are called Teedback
policies, described in the form of an equation .

Xg =@ te . (2)

where Xy is a vector of policy variables, G is a matrix of coefficients

and g is a vector of constants: Both kinds of policies will be relevant

- for the problem at hand. Clearly, some of ‘the police functions are

best governed by rules which are essentially invariant to the occurances
on my given day. There are some, howaver, which are best determined . | J
as the result of the function%ng'of the system at a point in time.

We now need some means of judging the outcomes of a given
policy or set of policies. What we want is some way to assess whether

the outputs of a policy (the Yt elements or a subset of the elements of ‘

yt) are .desirable. An objective function.is a scalar function which
measures the desirabi]itx of the outputs or their characteristics
(such as the means, variances or covarianées). When the variables are
stoghastic the abjective function will also be stochastic and some
parameter in the distribution of this stochastic fuhction must be
selected as the criterion (e.g. the mean). One of the most mathematically
convenient and tractable forms of the objective funciion is the ex-
pectation of a gquadratic function of the stochastic outputs of our model.
Let us assume a quadratic-objective function, aﬁd then we can
state the optimal control problem. Specifically, the problem is to
minimize
X T

E(C) = E ] (yy - ¥)'Hly, - y%) (3)
=l

subject to the constraints of equation (1) (the model of the system), where -

.

T

N
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the y% (t=1,..:T) are exogenous]y'determined performance targets for the
outputs Y thg expectation E is conditional on the initial state of the’
system (yo), and where Y is a symmetric positive semi-definite matrix
which weights the different objectives and establishes their relative
importance in the criterion function. Thus, fhe opfima] contral problem

is to choose values of the x's (policies) which minimize the deviations

. of the output variables 2 from their target or desired levels Ye subject

to the constraint of the equations of the model which describe how the
policies determine the outputs.b The exogenously determined elements of
W reflect the relative importance of the different targets. The number
of arrests, for.instancg, may be twice as important as the number of
apprehensions. |

The optimal control prob1ém as we have stafed it has two components,
one deterTinistic and one stochastic. The deterministic part of the
control problem is obtained by setting the random disturbances in our

model of police behavior'eqyal to zero, their assumed mean value. We can

write the deterministic model as
Yi T Ayt_] + Bz, + Cxt . . (4)

where the bars indicate that we are dealing with the deterministic part
of the model. HNow let yi = yt.- &t and xz =Xy - it; then the stochastic
part of the control problem uses the stochastic model

L}

S _ S S
Yo = Mg *Bzp F Oxp ot Uy (%)

which is derived by subtraction of (4) from (1). Many researchers have

considered only the deterministic control problem even in situations
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where the system is known to be stochastic (see P1ndjck 1972) arguing
that the added costs and comp]ex1ty of cons1der1ng the stochast1c control
problem may not be warranted given the insensitivity of the model to
random shocks. This seems inappropriate for the police, however,
because tﬁe relevant systems are likely to‘be'extremely sensitfve.to
the stochastic components of the model.

If the control problem is treated as deterministic -then the problem

is reduced to one of minimizing

T
D3, -y WG, -vh) | (6)
=1

with respect to Et subject to the constraint of the model in deterministic

form (4). The shocks to the system, however, make it necessary to

modify the deterministic control solution x, by xi .in order to compensate

for the deviations of yt_from &t. To ref}ect this, the objective functioh

is decomposed as

T T
EE) = 1 (5, - vy M(F, - vD) +E D yg Wy = G+ E(C) (7)
t=1 t=1

The two parts of the control problem then are to minimize C] with respect

to- xt subject to (4) and to minimize E(Cz) with respect to xt subject

to (5) The optimal policy X¢ then 1is def1ned as the sum of xt and xt
There‘is not sufficient space in this paper to go into a detailed

discussion'o% the various mefhods of solution of the optimal control

problem. The most common method of 561ution is to apply dynamic

programming (see for example Bryson gnd Ho, 1969; Chow, 1975; and Aoki,

1967) é1though the problem can also be solved by -the method of lagrangian

11.

mu1t1p11ers or a discrete version of the Pontryagin minimum principle.

What we have done in this section is to Tay out the conceptua] basis
for finding decision rules to govern the performance pf on-duty police-
officers. We have articulated a method for finding rules (policies)
vhich are.optima], given an objective function which represents desired
levels of performance of the system and weights them according to their
relative importance. An essential characteri#tic pf thi§ concéptua]
framework is that it treats the problem in a'dynamic fraﬁework. Policies
and performance are viewed as a dyﬁamic sequence unfolding in time which
js the way the system of policing evolves in real time.

There are many issues which we have not discussed or have treated
lightly in laying out the problém, and we must now proyide some added
dimension to the problem. The next section discusses in more detail the
formulation of objective funct%ons. This is followed by a discuSsion
of the osfﬁma] control problem which suagests some more complex control
pfécedures and algorithms. Ue then discuss the sorts of measprement and
sampling strategies that are implied by the optimal control framework.
The final section presents some conclusions and suggestions for future

research.

IV: 0BJECTIVE FUNCTIONS

-In section III we introduced the noéion;qf an objective function
which represents the desirahility of the outputs or their characte%istics
in terms of their Qaighted deviations from target values. The notion that
such targets exist may seem naive given likely disagreemant on what the
targets are and =ven greater disagréermnet on fheir relative importance.

Nevertheless, it must be recognized that virtually all bureaucratic
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systems will in fact function with implicit objective functions and implicit
vieightings of objectives. ' .
It is also important to recognize an objective function is only an
approximation of the preferences of the policy maker just as the model
described in equation (1) is only a statistical approximétion of the
functioning of police officers. Yet, if an objective function i§ found
to be imperfect, the function can be revised and the resulting impact
on policy performance can be re-evaluated. . The crucial point is that
explicit statements impose a discipline on the formation of policy that.
is Tikely to be missing otherwise. 1In the best of circumstances, they
may Tead to substantial improvements in the performgnce of the system.
The objective function presented in section II is really the most
elementary we could have ocnsidered and it will be useful to expand on
that basic framework. One of the immiediate extensions that can be made
is to réé;;nize that there may be costs associated with policies and that
the resulting benefits may not ocutweigh the cogts. Far example, if the
state of the system is such that more arrests cou]d‘be,made or crimes
could be reduced by having a more extensive coverage of a given area,
then the implied optimal policy might be to have police travel singley
rather than in pairs. There may be a cost to such a policy, however,
if the personal risk to the police fs increased subétantiaily! Even if
the optimal policy would be to simply put'more pairs of police on duty,
this is not done costlessly since there are increased payroll costs, or
costs in terms of coverage of other shifts. The costs of manipu]ating
instruments can be incorporated by changing the specification of the . . ;

objective function to the form

s e ot

Al
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EO =B L -y Welyg ~wp) +E T (x - x8)'Ry(x, -x¥)  (8)
t=1 t=1

where X, are the policy instruments, x; are ‘the targets for those
instruments, and Rt is 2 positive definite matrix, the diagonal elements
of which give the relative costs of deviatiné from the nominal or target
paths of the policy variable. The relative magnitudes of ¥ and R
represent the relative costs of contro] versus the objectives of control.
The great advantage of the quadratic form of the objective function

is that it is computationally tractible and yields 1linear decision rules
when applied to linear models. .It does have some defects however. One
important shortcoming is that it is symmetric. Consequent]y, it implies
that the costs of overshooting a target are the same as the costs of
undershooting a target. This may not be a v1a51e assumption for the N
problem‘ﬂ? are studying. It could well be that the costs of achieving |
too few apprehensions of suspects (for example) are greater than the
costs of achieving too ménx. Another perhaps Tess important shortcoming
is that it is additive. This implies that the expected cost of
ach%eving objectives jS‘essentially independent between periods. We
may wish to penalize positive or negative covariance of outcomes between
two periods.

. The symmetry problem can be resolved by considering objective
functions that are piecewise quadratic. For‘each output variable

and each policy variable the range of possible values can be divided

into three regions; in the middle region no cost is assigned, but

in the two extreme regions costs are aﬁsigned‘quadratically but

asymmetrically. Let Yigs i=1,...K represent the K componenté of the

1

vector ! and Tet Ei.and o represent the maximum upper and lower allowable
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deviations from the target trajectory y?t respectively. Then, the

objective function can be expressed as

. .K
c= gl - g

) (9)
i=1
where fi(yit - ygt) has.the form
( T ( . " 2 . *
%3 -tz] Yig ~Yip V&) P Y5 S T &
* * J -
Filyie = ¥ied = € 08 ¥yg - 5 < ¥y < Vi ¥ | : (10)
T R .
. 2 . * -
: \\Wzi tZ1 (Yig = Yig = &) ¥qp 2 Y5 +

In this example vy and Wo are the quadratic penalties for deviations
below and above the target range respactively. Similar functional forms
can be applied to the cost associated with manipulating policy variab1é§.
Thé use of piecewise quadratic objectiVe functions complicates somewhat
the computational probiems, but not greatly sa.

The additivify and temporal indepandance of'the objective function
can also be remedied by including intertemporal covariance terms in the
quction. This is a more complicated prbceqdre and will lead to more
complicated optimization algorithms., The.seriousness of this problem
wi11l depend on the particular circumstances.and it is not clear at this
speculative state that it is a squect of much concern for the problem
at hand. § " ' J

There may be functional forrs other than the quadratic that are

more representative of the true social costs:of not obtaining adequate

e SPTEI
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performance from the policy system. However, the definition of societal
goals in any parameterizable form is the most pressing problem at this
stage, and the quadratic function does not seem especially unreasonable

as a first approximation of the objectives to be pursued.

V.  ALTERNATIVE CONTROL PROCEDURES

In the development of the optimal control problem presented in
Section III it was assuméé the agents had full knowledge of the linear
system of equations which describe the functions of the police up
to the additive stochastic errors. In this‘section ve discuss briefly
some of the possible extensions-of the basic control problem which
account for uncertainty about the structure of the model.

The basic equation describing the functioning of the police is
Yy = Ayg_q *+ Bzy + Cxg *ug’ | (1)

where all variables are defined as in section III. In that section,
hoviever, we assumed that the matrices of parameters n, B and C viere known.
This is clearly not going to be the case for the system we are studying.
The most 1ikely assumption is that the coefficient matyices will be
estimated on the basis of observed data and so the céefficients themselves
wj]ﬁ be random variables.

This additional element of uncertainty in the syétem must be
accounted for in the computatﬁon of the solution to the optimal control
problem. The uncertainty in the prob]gmis expressed in terms of the
variances and cavariances of the parameters ahd the optimal control
policie; and the associated expected minimum expected cost can Be
derived by the method of dynamic programmind'as in the origfna] problem.

The optimal feedback control policies will, turn out to depend on the
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mean vectors and variance-covariance matrices of the estimated parameters.

The optimal po]%cies under these circumstance; will differ from the
policies with known parameters but it is.difficult éo determine a
priori what the nature of the differences will be. The exact computational
ﬁrocedures for this case need not concern us here (see Chow 1975 for an
extensive discussion of the computational details), but it is important
to be aware of the necessary modifications.

Explicit recognition of the uncertainty about the structure of the
system leads to another interesting possible formulation of the optimal
control problem, .one 1in which decision makers improve their knowledge

of the structure of the system through the process of trying to control

"it. The basic premise of our conceptual picture of the performance of the

policing system is that the measurable outputs are caused {in statistical
sense) by the policies. Knowledge of the stati;tica] Tink between the
policies ;;d the outputs, however, is imperfect because it s based
on estimates that are obtained from historica]ldata. éuppose that
historical policies have been relatively paséive and.have not shown much
variation, while outputs have varied considerably. Then, the statistical
1ink between the policies and the outputs will be weak. It 1is easy to
see that under these circumstances the pursuit of active and varied
policies, could lead to improved knoW]edge of the functional relationship
between decision rules and policies. Indéed,jwhatever the histbriﬁa]
pattern of policies and outputs it is possible te improve knowledge of
the functioning of the system by introducing learning behavior into the
model of decision making. -

The optimal control problem can be formulated ac an adaptive
decision rule problem in which learning takes. place on the part of the

decision makers. There are a number of alternative ways in which the

¢« wrens dmady
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problem has been formulated. MacRae, (1972) and Prescott (1972) have
developed numerical approximate solutions to the adaptive decision rule
problem, Tse and Bar-Shalom (1973) and Tse (1974) have developed solution
methods which rely on conceptuaT approximations to the principle of
optimality. One of the interesting charac?eriétics of all of the'

solution methods is that adaptive policies are often more conservative -

. (Tess active) than non-adaptive policies. That is, the future gains from

active experimentation may not offset the costs incurred by the uncertain
impact of experimentation. This result, however, depends on the structure
of the objectiv%/function and system being cantrolled. It may well be
the case that active experimentation will prove beneficial in the case
of controlling the police system.

Finally, it should be noted that we have consideread only the case
in whichnﬁhe model of the system is linear. This restriction vas intentioné]
because %ge 1inear model is the ba;ic bui]&ing block of stochastic
decision theory. A1l of fhg optimal control procedures discussed can
be extended to deal with non-linear models but at some cost in terms of
complexity and computational difficulty. It is unknown at this stage,
whether the 1ineaf framework will be adequate for modelling police
behavior. |
VI. DATA COLLECTION FOR OPTIM@L CONTROL APPLICATIONS

Even the most sophisticated prescriptive models are of 1ittle
practical use without empirical information on the phenomena in question.
In the absence of data, links between-the model and the "real" world
cannot be established. For our purposes therefore, collection of
appropriate data is critical; if there are no data, estirates of

the coefficients in equations 4 and 5 cannot be obtainad.

’
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The observation that applications of optimal control theory require
data states Tittle more than the obvious without some consideration of the
kinds of data one should obtain. UWhile it is difficult to provide a
firm game plan in the abstract (for reasons that will soon become clear),
there are nevertheless several importént issues which always must be
broached.

Some General Definitional Issues

Looking back at equation 1, it is apparent that four basic kinds
of data are required. The first, represented by Ye {and yt_1) includes

indjcators of system outputs.. For police, measures of direct contact

with citizens, the speed of response to calls, reported crimes cleared

by arrests are perhaps good examp]es although there are som2 non-trivial
difficulties to be surmounted.. To begin, it is often not clear a priori
what is to,be treated as an end in itself and what is to be treated as
the means to that end. 1Is a large number of face-to-face contacts

with citizens a good thing (or maybe a bad thing) or siﬁp]y a vehicle
for better police community relations? To some degree, the difference
between means and gnds 1iés.in the eye of the bsholder or a bit more
formally, how one chooses to bound the system. And system boundaries
are at least as wmuch political decisions as technical decisions.

* A second complication in obtaining output measures is determining
the proper unit of analysis. Sometimes appf&priate units may reflect
rather arbitrary but hardly mutually exclusive levels of aagregation.
One might consider, for 1nstance,’citizen_cémp]aints about "unnecessary"
force directed at particular police officers or aggregated to the precinct
level. On the other hand, one mﬁst not be blinded by conventiona?
measurement decisions and under closer scrutiéy, it may not be apparent

what the proper units should be. For example, should one measure: of

.
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police performapce be arrests or some of the components that go into
making arrests? The latter might include thé.speed with which information
is relayed to patrol cars, the thoroughness of that information, the
speed with which police arrive at the scene, the'tethniques used in
""hot pursuit® of a suspect, and so on. |

A third and related difficulty is determining the time intervals by -
which data on outputs should be organized: by minute, haur, day, week, )
month or some other period. The issues here are often quite subtle and
depend not only on earlier decisions about the proper units of analysis,
but on a theoretical perspective about the system under study. In other
words, a committment to the part1cu1ar system one 1ntends to monitor and
control implies a theoretical vwew on the system's djnam1cs and in turn
the time intervals at which measures should be CO]]ECLEd and reported.
A system that changes slowly over:time may not need frequent soundings
since 11tt1e variance of 3nterest will be obtained. A system. that changes
rapidly, in contrast, will require more frequent measﬁres cr important
phenomena will be lost. Too often, however, output measures come in

time 1nterva1s based on convent1on or organ1zat1ona] convenience. A

‘detailed consideration of the performance of police on patrol, for instance,

may be best viewed over five minute intervals rather than summary figures
for an eight hour shift. .

A second kind of data one must co]]éct'is representad by zy it
equation land stands for‘factors that are, from the perspective of police
departments, beyond control. These describe the environment in which
patro1lin§ police operate: physical characteristics of neighborhoods
(e.g. kinds of housing), statutes and ordinances affecting the behaviout

of police and citizens (e.g. stop-and-frisk laws), the kinds of po]ice’
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"technoTogy available in principle (e.g. communications equipment), and

other exogenous tactors. Note that exogenous factors may be fixed (e.g.
street layouts) or stochastic (e.g. weather)., but in either instance,
they are in principle observable and immutable.

As in the case of outputs, the definition of What is really exogenous,

what the proper units of measurement should be, and the time‘interva1s at

- which data should be collected are often ambiguous.

For example, the

yearly budget (once provided) is basically exogenous and clearly

. places important constraints on how police departments function.

- budgets may be endogenous.

However, from year to year police départments may have significant impact
on their appropriations and therefore, with a longer time.horizon,
Indeed, in the lohg run, almost any factor
affecting the functioning of police is to some degree endogenous. Thinking |
a bit more abou; budgets, one could alternatively (or in addition)
consider the monthly allocation of department resources to different
components of police aepa}tments and, for éxamp]e, the kinds of difficulties
thét might arise when unusual needs for particular divisions in particular
months are not easily met. .

A third kind of data required for optimal control is represented by
X and measures factors over which police departments have control.
These are the inputs or policy varijables whose manipulation allow police
fo alter their performance. Again, there are a host of difficult
definitional problems to be surmounted, but examples might.inc1ude the
allocation of personnel to véggghs assignments (e.g. the number of police
on patrol on weekends), the~re;ruitmeﬁt and hfring of personnel (e.g. the

number of minority officers), administrative regulations (e.g. guidelines

on the use of firearms), and dress codes (e.g. when short sleeve shirts may

i st i
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projected by the system model and the observed outputs.
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be worn). Noté_that with some other perspective on the system under study,

even varijables such as the allocation of police personnel may be exogenous.
If one were examining the detailed actions of police over a particular eight-
hour shift, for instance, ‘the number of officers on patrol is exogenous and
therefore a fixed parameter. | |
Finally, there are events that are stochastic in nature and about which’

-no independent and obsgrvabTe information really exists. These are repre-

sented in equation (1) by Uy and result from the difference between outputs
In other words, the
up are simply thefresidugls and are subject to a range of possible assump-
tions. For our purposes, we rely on the usual assumptions fmp]ying that the

residuals result from a large number of small perturbations to Y not cap-
tured by the model. We also assume that the expected value of ut.is Zero
and depengjhg on the application, one must also make assumptions about the
variance-covariance matrix of uy (e.g., the covariances are zero).

To recap1tu]ate briefly, we have been arguing for dynamic perspect1ves
on Lhe criminal justice system and particularly the police. This implies
not on]y models in which time plays a critical role, but measures that per-
mit concrete applications. Equally important,.one cannot sensibly undertake
measurement without one or more' a priori models of the system under study.

In the absence of a EIlQE_ models, it will not be clear what to measure,
whether the "what" shou]d be treated as output, 1nput, exogenous constraints,
or stachastic perturbatwons, and how often observations shou]d be made.
Finally, the eX1stence of a range of popular conventions speak1ng 1mp11c1t1y

to such 1ssues should not be al]o“ed to obscure their prob]enatmc nature.
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‘pifficulties with the Usual Data

1t should be painfully apparent that a dynamic approach to criminal

justice agencies places heavy demands in the quality of available data.

‘One must obtain a sensible array of disaggregated indicators in inputs, out-

puts, and exogenaus constraints. In addition, it js absolutely essential

that indicators of each and every variable be collected over time and fre-

quently enough to capture impartant, policy-relevant longitudinal variation.

Typically, therefore, data of requisite quality will not be readily avail-
able, and a data-collection effort must be mounted.

Perhaps nowhere is this more obvious than in efforts to develop prac-
ticai models for monitoring and.controliing the behavior of police officers
on patrol. While monthly summary statistics, often by precinct, are com-
monly available, these are usualily inadequate.

Consider the following example. Suppgse a local police qepartment
institut;; a policy to aggressively stop-and-frisk any "suspicious” 1qok1ng
jndividuals on the streets in commercial districts after midnight. The im-
mediate goal is to decrease burglaries. Also suppose that the only input
measure is when this change in policy occurred and the unly output measure
is the number of reported burglaries, the latter organized into aggregate
monthly figures by precinct. One potential problem is éhat a wide variety
of factors may also affect the number of reported burglaries'in any given
month and that therefore changes in the number of reported burglaries as a
function of changes in stop-and-frisk policies will be impossible to isolate.
At best these other factors may be treated as "noise,” but even under this
convenient assumption, it is likely that the ratio of noise to signal will’
be so high 'that accuraté-paraméter estimates will be impossible to obtain.

in contrést, a time series of daily observatjons at least provides for the

possibility of disentangling palice effects from noise. Put in other terms,
aggregate monthly figures are actually the product of'ad hoc smoothing, and
are difficult to justify especially when statistical procedurgs exist which
may model both the signal and the noise (e.g., Box-Tiao, 1975).
Assuming that despite using aggregate monfh]y figures a reduction in
burglaries is found, one may still be seriously misled by insufficient under-
_standing about the precise mechanisms by which the reduction occurred. One’
explanation for the reduction may be that prospectiva burglars are arrested
{presumably with burglar tools) and are effectively put out of circulation.
Another explanation may be that the stop-and-frisk policy effectively inter;
venes in time to prevent burglaries from occurring. Suspect§ are frisked
and told to go home. Finally, stop-and-frisk policies may simply increase
the visibility of police in commercial districté, and this alone may deter
wou]d-be:erg]ars. Note that each explanation has different policy implica-
tions. The first implies that stopping and frisking suspicious individuals
basically catches them wifh‘incriminating evidence froﬁwypich they may be
convicted of a felony. The secon&:équéstdfhét;ér%ﬁg;gare prevented fn
part'by postponing them and perﬁaps by changing the calculus by which bur-
glars operate (Lei&emann, 1973). The third suggests that prospective burglars
are deterred simply by.the presence of police, and that~stop-and~frisk prac-
tices per se may be beside the point. Note thét.the first two explanations
may be interpreted as support tor stop-and-frisk policies. The last explan-
ation means that one may obtain the same result by simply patroling commercial
areas moré-fréquent]y after midnight. In any case, if detailed information
were available about wha}*pqlice actually did on patrol, such confusions

could be e]iminated.'
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Now consider an extension of the stop-and-frisk exaﬁp]e in which what
police do on paérol must be linked to when they do it. Suppose one finds
that after the new stop-and-frisk policy has been in effect for several
months, there is a marked increase in the number of police-citizen encounters
leading to violence. On one hand, such violence may result directly from
heightened face-to-face contact between police and the kinds of_"suspicious"
individuals who frequent commercial districts after midnight. Stop-and-
frisk practices may be 1ess'important than siﬁp]y more numerous contacts
between police and particular kinde of citizens. On the other hand, the

stop~-and-frisk practices themselves may cause the violence. Police may

occasionally use the sfop-and-frisk policy to rough up "undesirables" and/or '

citizens may respond to aggressive police practices with aggression of their
own. One could begin to separate these two compct1ng explanations by know1ng

vihether the violence occurred 1mmed1ate1y after the initial contact between

police and c1t1zens or whether the violence occurred after the frisking was

iﬁitiated. In other words, ore could determine whether the "stopping" or the
Mfrisking” was the source of the vio]enee, but to do so, one would have to

have detailed information on the sequence of activities preceding violence.

It is important to emphasize that.thes kinds gf agaregate figures routinely

available from official records are typically tacking because both the longi-
tudinal and cross-sectional dimansions have been aggregated. For any given
time period, aggregating acroes individuais encouragas the "ecological fal-
{acy." Just because there are more arrests for burglary after stop-and-frisk
policies are initiated, for ins%anee, does not neeessari1y @ean that it is
the'officers who are dping the stopping and frisking who are also making the
burglary arrests. For avgiven police officer, aggregating across time may

lead to analogous errors. If one finds that the first "burglary in progress"
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call to which the officer responds each night occurs on the average at 1:45 a.m.
and the first burglary arrest of the night occurs on the average at 2:00 a.m.
does not mean that the firsf burglary call necessarily precedes the first

arrest (i.e., these may typicaily occur on different days). To make matters

worse, in the usual official data both the cross-sectional and longitudinal

dimensions are aggregated. : f

Collecting Better Data

It should be apparent that the usual data available from official recerds
are inadequate for dynamic models of police patrolling practices. We turn
now to some suggestions of how one might do better.

.To beg1n, one must determine what variables in principle need to be in-
cluded in one's system modal. This implies returning to equation (1) and
considering more thoroughly how the system is organized. With this accomp-
Tished, one may then turn to the practical matter of finding empiricaf indi-
cators. Below are some‘examgles of the kjnds of variables one might include.

Note, however, that these will necessarily depend en a kind of prior decision

described above.

I. Outputs
A.  ‘Enforcement of Laws
1.  arrests
2. citations
B. Maintenance of Irder
1. crowd dispersaf~5§-crowd cqnt}o] )
2 dispersing ]oiterers.
3. quieting neighborhood disturbapces (e.g., rowdy parties)
4, breaking up family fights .
5

. directing traffic
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F.

G.

Crime Prevention

1. &hecking commercial and residential premises |
2. -patroling : ;
3. educating the public (e.g., about proper door 1ocks)
Social Services .

1. convoy or transportation services (e.g., to hospitals)

2. finding missing adults, chi]dren and/or pets

3. firsf aid | ‘

4. counselling (e.g., on whether charges may be pressed)

5. providing information (e.gl, directions to lost motorists)
6. referrals to other public agencies

Community Relations

1. meetings with gcﬁoo] children

2. meetings with citizens '

3. recreational services (e.g., the Police Athletic League)
Assistance to Other Criminal Justice Personnel

1. testifying at trials '

é. providing information to prosecutors

3. providing information to detectives

Assistance tq Other Public Agencies

1. referrals (e.g., to welfare workers)

2. protection (e.g., patroling in. schools)

3. ’convoy services (e.g., for fire trucks)

4. crowd control (e.g.,, at public meetings)

5. calling in emergencies (e.g., fires)

S—
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II. Fixed Exogenous Factors

A.
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.Lega1-Mandate

T. . definitions of illegal activity by citizens

2. definitions of T1legal activity by police (e.g., legal search
and seizure) .

Resources

1. budgets

2. technology

3. personriel

"Supply" of Crime

1. demographic factors (e.g., age distributions)

2. economic climate.

3. local "tastes" for crime (e.g., norms about marijuana use)

s

Physical Environment
;?. Tocation and mi# of neighboréood types (e.q., commercial versus
residential) ‘
2. layout of streets
street Tiéhting

3
4. location and nature of parks and other open spaces
5.  public transportation routes

6

- architectural features of structures (e.g.3 highrises versus
;ing]e—fami]y homes) |
7.  location of schools
Community Support ‘“—-
1. amount and Kind of crime reported

2. willingness of witnesses to testify

* 3. willingness of witnesses to provide information
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4, availability of informers

D. Climate

4 1. xemperatuke
5. respect for police doing their duty

. . . i ‘precipitation
6. willingness of citizens to report police misbehavior :

2.
! | 3. wind (which affects fires, for example)
(e.g., on graft) ‘ . ; ;
: ‘ i 4. humidity
F.  Support from Other Public Agencies
: Situational Factors
1. cooperation from schools

. Lo 1.  number of citizens present
2. " information from hospitals (e.g., about "suspicious" injuries)

2. whether drinking is involved

3. information from building inspectors

' ] . 3. whether police response is police or citizen initiated .
G.  Support from Other Criminal Justice Agencies .

' ' (i.e., was there a complaint)
1. cooperation from prosecutors (e.g., in deciding which cases ? P

4. whether weapons are involved
to prosecute)

: . . . . 5. density of vehicular traffic
2. cooperation from judges (e.g., in setting bail, granting

6. relationships betweén citizens present (e.g., spouses)
search warrants and sentencing) ' ‘

) . 1V. Endogenous Factors - . .
:.3. cooperation from prison officials (e.g., in granting parole) . e ,

: A. Administrative Policies and Guidelines about Policing
I11. Stochastic Exogenous Factors . .

. : 1. definitions of "necessary" force
A. VYhere the Need for Police Services 0Occurs :

‘ 2. dress codes
1. visible from street or not

3.  protection of citizen rights (e.g., informing arrested suspects

of their rights)

2. what neighborhood

3. accessibility : : ;

. .. definitions of "good manners"
4. inside or outside

. - proper record keeping (e.g., filling out arrest forms)
B. that Individuals Need Police Services
1.  which particular citizens |

. physical fitness

4
5
i }? - 6. testifying properly at heafings and trials
2.  wvhich particu]gf_pub]ic officials (e.g., a schoo] teacher) ;

( ‘8. dispatching procedures
C. VWhen the Need for Police Services Occurs

. B. Training of Police
' 1. time of day ° N

1. knowledge of the law
day of week

2. use of firearms '

S e O S

2
3. month-
4

. season




10.

EO?J\IO\U'I#N

e . + s b et i i b E Mk ¥

30

§e1f—defense and restraining sgspects
gathering evidence

fi1ling out forms

human felations

first aid

crowd control ' -

- use of nightsticks, gas, mace and other social control devices

high-speed driving

Recruitment of Personnel

health requiremants

age requirements

educational requirements

residential requirements

affirmative action

phychological screening

biographical background (e.g., previous convictions for felonies)

aptitude and achievement testing

Organizational Structure

chains of command

centralized or decentralized structure

grievénce procedures for citizens

disciplinary procedures fof police )
promotion practicas‘

Jjob descriptions and backgrounds required

communicatidns networks

on o w ek e A

20kt ekt 5 b o ek Mk b bt 0 o N L

31

E. Allocation of Personnel .

1. . by kind of task (e.g., patrol versus detective work)

2. by time of day

3. by neighborhood (or other geographical unit)

4. by time of year

5. in response to special eventsl(e.g., parades)
F. Allocation of Hardware

1. patrol cars, paddy wagons,’énd ambulances

communications equipment
. firearms, handcuffs and other equipment carried by officers

. technical equipment in crime laborateries

2

3

4

5. data-processing equipment
6 outfitting of offices and station houses )
7. clerical equipment (e.g., typewriters)

8

. emergency equipment (e.g., riot gear)

It is perhaps worth stressing once again that the variables we have just_
listed are examples of the kinds of things one might want to consider and

depend fundamentally on how the system in question is bounded and at what

" level of aggregation one is working. Nevertheless, it is easy to demonstrate

that at‘1east many common policy interventions with po1iée,can be roughly
described with the framework suggested. For gxamp]e, the Kansas City Pre=
ventive Patrol fxperiment (Kellog et al., 1974) involved primarily a change
in the allocation of personnai-and transportation equipment coupled with
an alteration in the procedures by which police were dispatched. Simi]ay?y,
thé Rochester experiment"in which patrol officers were allowed to play a
targer role in investigatibe work .can be chatacterized'by somewhat new job

descriptions for ‘police officers.

)
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Unfortunately, even with decisions made ebout vhat to measure for
the app]icatiod of optimal control theory, dne must sti]i address when to
measure. Since time figures fundamentally in any dynamic models, the
longitudinal arrangement of observations s absd1ute]y critical.

To begin, we shall assume discrete time as the subscripts in our
equations imply, a]fhough for the kinds of variables invo]ved,’bne typically:
has no choice. In addition, we will require that regardless of when
obse5vations are actually taken, the data are ultimately arrayed so that
the time intervals between observations is constant. If, for example,
time is only recorded when a partfcu]ar kind of event occurs, one would
assume that at other times the event did not occur and simply record the
absence of the event for those times (as if one weee taking measures,
and it was not observed). Were this not the manner in which the data are
organ1zed the va]ues of Ye and Yeq would tap different t1me lags as
one stepped through the data and for any given value of Yis the values of '
the other time dependent variables with the same subscr1pts would often
correspond to different moments in time. The alternative of leaving @
"hole" in the data for moments in thch no observaeions were taken would
Yirtua11y'ru1e ou; conventional statistical procedures for dynamic systems
of equations.

The requirement of discrete, equal interval units of time suggests

that within the bounds of to and tT, some form of seampling must be undertaken.

%ven a decision to collect micro-level data on a particular officer on
patrol at 2 m1nute 1nterva1s ~for example, implies a form of "systematlc
sampling" (depend1ng on how one starts the sampling sequence) in which
events between the 2 minute intervals are missed.

The recognition that one must necessarily ;amp1e in time introduces

a range of subtle questions for which no simple answers are 1ikely to exist.

B
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Perhaps most 1mportant one must choose the frequency w1th which observations
w1]1 be taken. This implies some formal conception of how often the .
system must be measured to accurately and efficiently capture the

phenomena of concern. Sampling infrequently may obscur important dynamic
relationships while observations taken too close together may provide a
great deal of redundant information. If one wished to consider the sequence
of significant events occur1ng during a typ1ca1 8 hours shitt, for examp]e,
would one sample at § m1nute 1nterva1s, 15 minute intervals, 30 minute
intervals or what? 30 minute intervals may miss, for instance, the T1inks
between a "burglary in progress" call and what police actually did upon
arriving at the scene. 5 minute intervals might provide a wealth of'

virtually worthless information about an uneventful patrol, perhaps'1ate

. at night.

Ry

Inﬁerincip]e, one possible solution might rest on sampling different
time intervals for different kinds of processes. One might sample at 15
munute intervals, for example, during uneventful periods and more intensively
during .periods when events were more densely packed. Assuming this were
feasible (more on that shortly), one could then analyze the sparce and dense
periods separately or insert reasonable values in the observation gaps in

the sparce period (e.g. "nothing" happened). This Teaves unanswered, of

- course, which periods will be deemed sparce and which dense and wvth1n

them, how frequently to samp1e

If a decision is made to sample with different intensities at
different times, there are several strateg1es one m1ght 1n1t1ate First,
one might determine 1in advance that some per1ods during patrol are
Tikely to be linked to dense sequences of events (e.g. betwaen 3 PM and

4 PM, when school lets out). Second, onglnfght make the collection of
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more frequent data collection contingent on some partjcu]ar event,
regardless af when it occurs. For example, one might begin collecting
more frequent gbservations as a patrol car is dispatched to the scene
of a crime. Third, one might space-%requent and infrequent observations.
regularly throughout a patrol period. Data could be collected, for example,
at fifteen minute intervals with a 15 minute period o% 2 minute intervals
inserted once an hour. Finally, one might insert these more intense
data collection intervals at randem throughout an 8 hour shift. A choice
among these strategies clearly depends on what one knows a priori about the
system in question.' If one knows, for instance, which kinds of events are .
Tikely toibe followed by important and dense sequences of activities, the _‘
second approach might be preferred. At the other extreme of total ignorance,
one might rely on the last approach of random insertion of more intense
data co]]ect1on periods. .

Assum1ng that one decided about how twme will be samp]ea, one is st111
Teft the knotty prob]em of ectua]]y obtaining the sequence of observations
across a range of variables. Basically, there are four possible sources
of such information: first hand reports, eata from observers, "traces"
of events or techqo]ogica] "fixes." First hapd reports involve information
from participants ‘at the scene (e.g. police officers, c}tizens, éuspects,
vietiﬁs, etc.). Observation data implies the collection of information
by “outsiders".who are strateqica]ly located (e.g. in police cars) to
record weat occurs when. "Traces" refers to data "left behind" by
events of interest. Dispatcher"s logs are perhaps a good example. Finally,
technological "fixes" Speak to monitoring devices which record sequences
of events. One might,. for example, place small radio transmitters in

police ‘cars which send out signals on some regular basis. Then, it would
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be possible to monitor the Jocation of patrol cars wwthout requiring
police officers to call in.

Each of tbe four modes of data collection suggest a variety of
tradeoffs. Data from traces is perhaps the most easily obtained, but more
Tikely to speak to the needs of police departm°nts than the needs of
researchers. Collecting first hand reports would in pr1nc1p]e provide a
wealth of detail, but would in practice have to be recorded after the
fact. It is difficult to imagine police producing a narrative of a

high speed chase as it occurred. Consequently, first hand reports would

be squect to errors in recall. Technological fixes have the potential

advantage of unintrusijveness, .but only some kinds of events may be
accurately monitored. Even if individual police officers carried small
transmitters that allowed one to 1isten in to ongoing conversations, physica]
surroudings would be lost (unless police tried to report on them as we]])
In the best of all possible wor]ds, of course one would design the data
collection to capitalize on the strength of each data collection strategy
and therefore use some mix of approaches.

It should be clear by now that the application of optimal coetro1 theory

to police patroling practices is not an easy matter. One needs some a

priori model of the system in question;, a priori decisions of what and when '

to measure and then some feasible means to collect the necessary data.
Siven consuderab]e ignorance of precisely what police do on patrol and

no compe]]wng systems of mode] of patroling activity, the practical use
of optimal contro} approaches-will Tikely remain an elusive goal for some

time to come. Nevertheless, we have some suggestions about how one might-

initially proceed.
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Data Collection Through Systematic Longitudinal Qbservation

Decades of experience in sociology and anthropology have deﬁonstrated
that a range of important phenomena can be effective]y.measured through
first hand observation. Variously characterized as "field work" or °
"participant obgervafion", this approach rests on a)careful observations,.‘
b)the use of on-tha-scene memoﬁy.assisting devices (e.g. notes), and .
c) the later construction of detailed descriptions of what was observed
(McCall and Simmons, 1969;.Junker, 1960; Schétzman and Strauss, 1973).
While field work efforts are ofteﬂ-characterized as "on]yé a "case study",
in fact, effective field work researchers‘capita1ize on many of the more
powerful quasi-experimental designs describad by Campbell and Stanley (i963)7
To take a simple example, in his important study of police on patrol,

Reiss 1968, employed (implicitly) a matched, multiple non-eﬁuiva]ent control
group design to compare how p&]ice treated black and white suspects. In ’ ‘
essence,iﬁeiss collected observational data on a number of police-citizen
eﬁcounters which were as simiiar as possible except that some suspects

wére black andhsome were white. Similar approaches have been advocated by
Glaser (1965). '

To date, however, field work researchers haye not fully capitalized on
the‘1ongi?udina1 potential of their techniques. Analyses tend to emphasize
cross-sectional comparisons in which events in one setting are contrasted
to events in another, despité the fact that.frequently the sources of
such contrasts are sats of chronoiogical narratives. Here we propose to
build directly on ability of on-the-scene observations to capture
longitudinal sequences of events.

In essence, the kinas of data necessary for the application of optimal
control theory could probably be collected by'“simp1y" attaching an

observer to po1i&e as they go about their business. One could imagine the

e
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observer riding in police.cars or.wa1kihg a beat with police officers and
recording when various events occured. Perhaps the most straightforward
pracedure would rest on first noting the event and the time (actually

the time at which it began and the time at which it ended) and both

could later be transcribed in the form of a chronological log of events.
Roughly similar approaches have been successfully employed by several
students of police behavior (e.g. Reiss, 1971; Skolnick, 1966; Rubinstein,

1973), although all have stopped short of subjecting the data to a quantitative

~dynamic analysis. Note that one would not be Timited only to what occured

when, and a variety of other sorts of data could be collected (e.g. the
number of citizens observing a-po1ice—suspéct encounter, the location of
the event, the weather, etc.) -

At first blush, one might imagine that the presence of dbservers vould
substantially alter the ways in which police beﬁave; normal activity pattérns
viould be consciously adjusted to what police believe observers should be
af]owed to see. While f%eld work critics have indeed raised such questions

under the label of “reactivity”, considerable experience indicates that

after some initial awkwardness, police (and other kinds of subjects)

"habituate". Obéervers are in fact a very small part of the environment
in which police operate, and the regular forces affecting the day-to-

day behavior of police soon re-assert themselves. Reiss (1968), for
éxamp1e, was easily able to ohserve a large number of police "brutality"
incidents which police would have no doubt preferred to hide from external
scrutiny. 'Iﬁ short, within gm;éasonable interval, observers either fade
in the background or are inducﬁed into the "club" and treated as insiders;

Given all of the other things police have to think about on patro]land

large blocks of habitual behavior, observers.appear to have little impact.
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(See Manning, 1972, for a review of observational issues in studying police) Note that use of observationally generated logs circumvents many of

. - : , T -
What might a typical data set generated through observational methods ; ‘the difficulties described earlier. In particular, many of the more

5 . S tines | ; | | - T
took Tike? Imagine a log with times drranged down the left margin, L troubling problems involved in sampling time are largely eliminated. The

perhqp; at~9ng_¢jpute‘interya]s. Across the top of the log would be

log provides a regular, discrete metric on which events can be located as

—

variable names including such things as the event, the starting time, the they occur. More dense periods would not require any alteration in data .

ending time, and the locatijon (variously defined). Later, a range of - collection methods, but would simply appear as periods of more dense entries

other variables could be appended such as weather conditions, the day of on the log.

I [y
%

the week, and most important, policy relevant indicators (e.g. one person On the other hand, the practical use of observer genarated logs is far

or two person patrol cars, weapons carried by police officers, stop-and- from trouble-free. For example, one needs a way to code "events” so that

frisk guidelines). The crossing of times hyvatiabTeSWOUTd result in a they may be organized into broader categories. Clearly one cannot permit

matrix of time bound observations in which some variables would vary over each distinct event to be uniquely represented, but at the same time, one

time and some would not. Also, some variables would be nominal (e.g. would not want to collapse events into categories which significantly

[3 1t 1 . 13 0 . . . . .
whether the "event® was a motorist running a red Tight, whether police distort their meaning. Thus, one would probably choose to keep arrests for

policies allow the use of mace) ard some would be equal interval (e.g. auto thefts distinct from arrests for burglaries, but thé difference

?ime, temperature). To illustrate, the Tog entry for 8:45 PM might show between arrests for auto thefts by makes of cars would Tikely swémp any

’ - - ' - |l L3 - . s . .- . -
{reading horuzon?al]y across variables) “used mace an resisting suspect, serijous analytic effort. However, such decisions clearly rest on the kinds

raining, 64 degrees, 1500 block Main Street, light traffic, crowd present, of issues raised earlier and the policy variables of interest. As

two officers, Monday, July’2lst.® If a police department were interested we have emphasized throughout, different systems applied to different substantive

in the deterrent value of mace, such information across a number of incidents concerns will require alterations in one's analytic strategy.

would be of great use. Inserted in a dynamic model of police patrol behavior, A second complication involves the precision needed in events initially

one could in principle not only describ? what typically occurred, but also recorded on the Tog. For example, one would probably want to treat the

provide recommgndat1ons in an optimal control context on when mace should appfehension of a suspect as an "event", but what about the actions that.

be used. One might find, for example, that in the presence of crowds ‘ compose ‘the apprehension? One could imagine recording a seqdence something

(a stochastic exogenous event);-mace is less effective on.1ndividua] ot [ Tike “"spotted suspect, took chase on foot, cornered the suspect, wrestled

suspects because.suspecfs feel compelled to visably demonstrate their ' i suspect to ‘the ground, applied handcuffs, led suspect to waiting patrol car.”

bravery. Hence, one might recommend that mace not be used with crowds Should each of these be recorded as distinct events or would the overall

[ ' - # i . . . . : .
present. _ . ' ' event "apprehended suspect" suffice? Again, there is no answer without

first considering the system under study and the policy variables of interest.
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If, for instance, orie wished to model the broad iﬁpact of patroling on

foot versus patroling in cars, perhaps “apbrehension“ is sufficiently. precise.
In contrast, if one wanted to model the impact of one person versu5'fwo

persbn patrols on the apprehension of resisting suspects, more detail is
probably required.

Given these and other likely difficu]ties? one might wonder if the_
data‘co11ection procedures we are suggesting are.really'feasible and uséfu1..
Our response is cautiously affirmative. We have had considerable experience
{Berk and Berk, 1979) developing dynamic models for household activities
using data much like suggested here. Indee&, those data, based on self-

report diéries, are in many ways weaker than the Qata we propose collecting

for police. Similarly, urban geographers (Lenntorp, 1976) have recently

been modeling the movement of people in time and space using chronological-

repo}tstof people's behavior. (They have also déveloped a number of
interesting descriptive representations of time-space movement.) Finaljy,
our suggestions should not be viewed &s anything but a general description
of how‘one might in principle build dynamic models of police behavior.
Clearly, a great deal of additional thought is required, especia]ly
coupled with small, pilot studies in which first hand experience may be

obtafned.

VII.  CONCLUSIONS

Given all of the difficulties we have outlined, we would argue against
any large scale effort to apply optimal ﬁontro] theory to police behavior.
On the other hand, the'time may be'right to attempt a number of small

scale studies employing one of tvio simplification strategies. First, it

e b
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may be feasible to focus on some relatively narrow dimensions of police

behavior and apply optimal contro] theory at a very micro-level. For
example, it may be possible to build dynamic models of po]ice-citizen'
encounters ]asfing ]itt1e more than 30 minutes. Observational data

might be adaquate, and the short time interval would in practice hold a
range of confounding factors constant. If one were able to nlaceg observers
in a small number of patrol cars for several week;, for instance, sufficient
data of the requisite quaiity might well be generated. .Second, one might .

‘attempt to work with models at a much higher Tevel of aggregation if the

- phenomena in question were relatively simple. For example, one could

imagine a dynamic model of the "migration" of crime away from heavily

patfo]ed neighborhoods, with the idea of developing optimal reallocation

_po]icies to deal with this phenomenon. Clearly, however, even this would

require a closely controlled aata gathering effort over a longer period
of time. ' It is unlikely that existing data sources could prévide all of
the requisite information'needed to derive optimal policies.

Finé]]y, howaver, we would like to argue that the adoption of control
theory as a conceptual framework for éna]ysis and data collection has
certain intrinsic merits. If the process of police behavior is viewed as
one of discrete time, dynamic decision making, then the foundation has been
laid for improving daté collection and ultimately, the performance of the
system. Only by viewing the system in a way which reflects the logic of
decision makin§ in that system can we come to an understanding of the

processes we would-1ike to improve.
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FOOTNOTES

1. Some special cases of this sort of system have been considered
jn which individual agents are responsible for specific kinds of
decisions, ie. agent i is responsible for cont}olling the ith policy
variabie. %his is called the assignment problem and has been

discussed by McFadden- 1969.

2.. The model as written, is what is referred to as the reduced form of

Ve e v sk

a system of simultaneous equations. Even though there may be contemporaneous

interactions amona the elements of Yisany system with such interactions

can be represented in terms of a reduced form model. (See Theil, 1971)

43.
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