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THE DYNAMICS OF A HOMEOS'rATIC PUNISHMENT PROCESS 
by 

Alfred Blumstein, Jacqueline cohen and Daniel Nagin 
Carnegie-Mellon university 

pittsburgh, Pennsylvania 

I. INTRODUCTION 

In his i.1OW classic analysis of crime, Durkheim argues that some level 

of crime is "an integral part of all healthy societies • • • provided that 

it attains and does not exceed a certain level for each social type" 

(Durkheim, 1964, pp. 66-67). He argues that crime is an unavoidable conse-

quence of the very processes which contribute to the maintenance of social 

cohesion. As the set of standards and beliefs which define and bound a 

society are specified, some types of behavior will be prohibited,and those 

engaging in these behaviors will be considered criminals. Furthermore, 

the public condemnation and punishment that follows a criminal act seL~es 

to articulate and re~nforce the common set of norms and sentiments which 

1l1timately guide the actions of the members of the society, thereby further 

enhancing social cohesion. Thus, while crime is a natural outgrowth of 

the processes generating social solidarity, it is the social response to crime 

that particularly sel."Ves to consolidate 'and reinforce that solidarity. 

Blumstein and cohen (1973) have re-examined Durkheim's theory of a stable 

level of crime and pose an alternative position emphasizing the stability 

of punishment. Their argument is that the standards Ot' thresholds 

that define punishable behavior are adjusted in response to overall shifts 

in the behavior of the members of a society so that roughly a constant proportion 

of the population is always undergoing punishment. Thus, if many more individuals 
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engage in behavior defined as punishable, the demarcation between criminal 

and non-crim:i.nal behavior would be adjusted to re-designate at least part 

of the previously criminal behavior as non-criminal, or the intensity or 

duration of punishment for those convicted woul.d be reduced 0 A similar, but 

opposite reassessment would occur when fewer people committed cttrrently 

punishable acts. Their principal evidence 'in support of this hypothesis is the 

stability of imprisonment rates in the U.S.A. over the period 1930-1970 and 

in Norway over the period 1880-1964 (Figure 1). Canadian imprisonment rates 

over the period 1880""1959 have been obtained subsequently, and these (Figure lc) 

show the same stability behavior. 

In this paper, we extend the theoretical st·ructure and the empirical 

basis of thi3 earlier work, and we hypo't:hesize some processes that might generate 

the :,)i:able l'lvel of punishment. First, the time series of the imprisonment 

data ';:or the U.S .A., Norway and canada are nnalyzed to provide an empirical 

doscription ·)f the structure of the data. ~lhese results indicate a striking 

similn :ity i 1 the data strncturcs in the three countries studied. Different 

models of th~ crime and imprisonment process are then explored in an effort to 

characLerizc an underlying process that would generate the kinds of time series 

observed. A sensitivity analysis is then performed to identify how the dif-

ferent param1ters of one such model contributes to national differences in 

observed levols of punishment. 

II. TI-IE BAS'(C HOMEOSTATIC HYPaI'HESIS 

we first review the stability of punishment theory. Blumstein and 

cohen (1973) posit a statistical density function f (x), representing the 
B 

distribution of behavior in a society. The basic concept of such a distribution 



is that there exists a range of behavior which may be viewed at one ex~ 

treme as being compulsively moralistic and at the other as being severely 

criminally deviant (s<:!e Figure 2), and with all shades in between. It is 

then hypothesized that society establishes a boundary, BO' defining the 

limits of legitimate behavior. Individuals who engage in behavior B > BO 

are deemed punishable. 

A punishment probability function, g(B), is introduced which reflects 

the probability that a person engaging in behavior beyond BO will be 

punished, and a punishment intensity function, I(B), reflects the intensity 

of punishment applied to ,6: punished individual at B. Thus, Ci, 'the aggregate 

amount of punishment delivered by socie.lty, is given by: 

co 

Ci = .r fB(x)g(X)I(X)dx 

BO 

It is then hypothes:i.zed that Q' will be relatively stable over time 

ill a given society, even though it may deviate somewhat for seVerely dis-

ruptive periods like wars or depressions. One means Of maintaining the stable 

value of Q' in the face of changing behavior in the society is tltrough 

redefiniti.on of the boundary, BO' between the criminal and the non-criminal 

uncler this homeostatic hypothesis, if behavior were to become less 

criminally deviant, that is, if fB(x) were to shift to the left, BO 

woulc1 be adjusted to BO < BO' so that Ci(BO) = Q"(Ba) = Q'. In terms of the 

integral formulation, the hypothesis can be represented by: 

Cir(B') a 

co 

B' a 
f' (x) g' ex) II (x) dx 

B 

co 

=J fB(X) g(x) I(x) dx =Q' 
BO 



i 
+ 

<----

. \ 

Compulsively 
moralistic 

FIGURE 2 

Criminally 
deviant 

Tim BEHAVIOR DISTRIBUTION 

----t> 



It is argued that the social forces accounting for stability include 

more than simple prison-cell capacity, or even the li~ited willingness 

of society to acce~t the economic burden afprocessing individuals through 

the cJ.;'iminal justice system, cor,lining them and foregoing their productivity. 

Such un explana~ion does not account for the tendency of downward mbVements 

in imprisonment rates to reverse themselves and return to the mean. More 

fundrunental considerations of social structure are probably at work. If 

too l.lrge a portion of the society is declared deviant, then the fundamental 

stahi.l.ity of the society ma.y well be disrupted. Likewise, if too few are 

punis\ed, the basic i.dentifying values of the society will not be adequately 

artic llate(l und re-enforced' again leuding to social instahility.. In the 

fOJ.;'lUt' ~ cas(~ there will be pn~ssures toward de(Jriminalizing some behavior, 

'I'thil(' in th '. lat·ter, there will be pressures for stricter law enforcement 

and p~rhnpr. morc sevore punishments. 

JII. TIME ... · )ERIES l\N\LySIS 

T .me-scn:ies analysis is often directed at a sequence of observations 
cI;:.-~ ~ 

such lS tho~-'~f pig'.lre 1 in brder to discover structures .4..n the data, 
~_~_~._. - I: ,,_~ 

pnrt:i.. :ulnrly relatiollshipsbetween an observution in p(~riod t and those in 

prior periods. In time-serie~ analyses, two basic types of structures are 

typicnlly eXl?lored - autorcgression and moving averagcs. These can b~ 

studied either separately or in combination, and in m~U1y instm ces t can 

explain the systematic behavior Of 'I:he ti~e-series. The autoregrt'ssive 

strvcture is defined by: 

T 
~ ~ 

Yt = v +i~l ~iYt-l + et (1 ) 
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where 

Yt is the observation in period t 

8, ~i are the fixed parameters of the generating process 

e 's are independent and identical1Ly distributed random variables t 
. . 0'2 w~th zero mean and var~ance 

Equat'l.on (l)-states that the observation at t (Yt ) is·a weighted linear 

function of a constant and the observations of T prior periods, plus an 

independent stochastic error, €t" The time series analysis provides a 

mea.ns for estimating the nuntber of prior periods, if any, for which the 

~'s are Significantly different from zero. The "order" of the autoregressive 

process is equal to largest subscript of the non-zero ¢'s. For example, 

if ~3 > 0 and ~i = 0 for all i > 3, the process is calle>.d a "third-order" 

autoregression. 

The autoregressive structure assumes the stoch","stic compone.nt, €t' to 

be independent of the stochastic components of prior observations
o 

In time-

s!~ries data, this is often not the case and the €t' s may be serially 

correlated over one or many periods. 

A moving-average' process is defined by: 

Yt = u +et 

where, now: . ,. 

T 
e = I-1t l: Y. I-1

t
_
l +. 1 t ~= ~ 

\'lhere: 

u, Yi are fixed parameters of the generating process 

I-1 t are independent and identically distributed random variables 

with mean zero and variance 0'2. 

(2) 

(3 ) 

The analyses provide a means for estimating u and the Y. which are 
~ 

different from zero o As with autoregressive processes, the "order" of 
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the moving averag0 is defined by the maximum subscript of the Y.'s 
l. 

which are different from zero. 

Thus, in the moving -average processes, the relat ionship between 

an observation at time t and prior observations occurs through the 

serial correlation of successive realizations of the stochastic com-

ponent, Et. In autoregressive processes, this occurs through serial 

correlation of the observations, Yt " While the difference between these 

two processes in terms of the behavior of the induced time-series may 

not be obvious, their properties are very different. These differences 

permit the wide variety of time-series whic~ are encountered in practice 

to be estimated by making judicious use of autoregressive, moving average, 

or mixed (autoregressive and moving average) processes of proper order. 

In order to gain further insight into the dynamics of the im-

prisonrnent process, time-series analysis was performed on the annual im-

prisonrnent rate data for the U.S.A., Norway and Canada. Briefly, the 

analysis involves the following steps: 

1) using ordinary least squares, estimate an ,autoregressive 

function of arbitrarily high order, say T. If the autoregressive 

coefficient of the Tth subscript is statistically insignificant, 

estimate 'an autoregressive relatj.onship of ol'der T-l. continue 

this pr?cess until a statistically significant auto;r.:,sgress.ive 

coefficient is found o 

2) Two methods a,re available to determine :i.f there is' serial 

correlation of the stochastic component, et (i.e., a moving-average 

process.) First, an insignificant Durban-watson statistic suggests 

_________________________________________________ ~ .. __ ...... ~~.< ...... .u .... ____________________________________________________________ _ 

'.« ··,=~~ .. ~~~ .. ,<c,,'" __ c,_ 
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no serial correlation o One can also run autoregressions 

on the deviations of the actual data from those predicted 

by the estimated autoregression. If no significant 

autoregression coefficients are then found" and if the 

Durban-watson statistic is not significant, there is strong 

evidence of no serial correlation in the stochastic component. 

In the time-series analysis for each c01lntry, 'IIIE! began by estimating 

autoregression functions of order 4 (T = 4) and found no significant 

coefficient ~T until we estimated the second-order autoregression. 

When checking for serial correlations among t'.e stochastic components, 

we found no significant autoregression relatJlonsM.ps among the deviations 

and none of the Durbi.'n-Natson statistics were significant. (Figure 3 

is a plot of the actual Canadian data against the values predicted by the 

second-order autoregression. A visual inspection reveals both the high 

explanatory power of the regression and the seemingly random nature of the 

deviations.) Thus, because the time-series of the imprisonnent 

rates for the U.S.A., Norway, and canada each followed a second-order auto-

regressive process with no moving average component, we can write: 

(4 ) 

\'lhere r t is the imprisonment rate (prisoners/lOO,OOO population) in year t. 

Table 1 presents the estimated autoregression parameters for each country. 

Given the wide range of possible structures for these data, the finding that 

the imprisonment rates in the three different countries follows a second-order 
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Table 1 

Estimated Autoregression parameters for the Annual 
Imprisonment Rate*(rt ) in the USA, Norway and canada 

PARl-\METER USA NORWAY CANADA 

li\ 1.42 1.17 1.25 
(10.35) (10.47) (11.58) 

¢2 -.63 -.35 -.42 
(-4.41 ) (--3.13) (-3.83) 

B 22.74 9.34 7.42 
(2.76 ) (3.15 ) (3.04) 

* Tha imprisonmont rate is the average daily prison population per 
100,000 general population. In the USA and Norway the rate base is 
100,000 total population, while in canada it is 100,000 population 
16 years of age or older •. 
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autoregression strongly suggests that a similar mechanism may be generating 

each, albeit with different driving parameters. It would be desirable to he 

able to identify such a mechanism consistent with these empirical fincJ.ings. 

Differential Equations 

Processes following a second-order linear differential equation (not 

necessarily with constant coefficients) gencrata second-nrder auto-

~egressive functions. This connection may be shown oy approximating the 

derivatives in the differential equation by diffet;encc equations, i.e., if 

r t is the itnprisol'uuent rate at time t, and it~ first two time derivatives are . . •• 
denoted by r t and l"t ' then we approximate r t and r t by: 

'1'he general second-orde:c differential equation with constant coefficients .. 
1s r t + crt + d.rt .... F, and, in the approxitnating difference equation, 

we have: 

• . . 

-E1luntion (5), put into the form of Eqnntion (4), defines the following second-

order autoregressive function: 

,..,here lii'l J lii'2' and 8 are expressed in terms of c r d and F. 

Table 2 presents the parameteJ:'s of the differential equation (o,d, and F) 

derived from the autoregression parameters for each country. 
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Table 2 

Parameters for the Seoond-Order Differential Equation 
which Generates the Estimated Autoregressive 

Process for the Imprisorunen'l:: Rate Time-Series . . • 
r t + crt + drt ::: F 

-~ -2¢ 1 2 
C :::J 

~2 

~ +~ -1 
d 1 2 ::: 

~2 

_0 
F :::-

~2 
41T 

IT ::: periodicity = 0d-c
2 

USA NORWAy • CANADA 

.25 1.34 .98 

.33 .51 .40 

36.10 26.69 17.62 

-

11.2 yrs. 25.4 yrs. 15.7 yrs. 
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n . * characteristic time period ( ) of the cycles for each equat~ono 

Thus, the differential equation (5) is the mathematical characterization 

of a dynamic process that would generate the time series that were observed~ 

An its present form, equation (5) is only an abstract representation that 

could describe any number of physical or social processes. we would now 

like to posit a flow process in and out of prison that would generate a 

differential equation consistent with (5). Such a ~odel will allow a 

sociological interpretation of the stability of imprisonment rates in terms 

of conceptually meaningful characteristics of a society (e.g., the degree 

of punitiveness and the level of conformity). Our first formulation 

is quite simple and requires only that the prison population remain stable 

through a s~~Wle balancing of receptions and releases. This formulation 

will be sh01.m to be inconsistent with the observed behavior of the canadian 

data. A seeJond, more elaborate model which incorporates the homeost"atic 

principles \·lill be shown to be much more satisfactory and consistent with 

the canadian Qatao 

IV. EXPLORATION OF POSSIBLE EXPLANATORY MODELS 

In this section, models of the social mechanism generating impriso~ent 

rates are doveloped and their consistency with the observed stability and 

second-ordel: autoregressive movement of the time series are explored. The 

models are developed by partitioning the total population of a society 

into three groups, one of which is the prison population. The 

flow lates of individuals among these groups is then examined. 

* A differential equation of the specified form results in cyclical behavior 
2 

when c -4d < 0 and the period IT, is obtained from: 

4TT IT =-
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These simultaneous flows generate a system of simultaneous first-order 

differential equations. Such systems can be solved so that each population 

is defined solely as a function of its own derivatives (see Appendix I). 

The result for any population group is in general a second-order differential 

equation (although in some systems, the second-order term vanishes, leaving 

only a first-order equation). We can judge the adequacy of each hypothesized 

structure by comparing the parameters of the autoregressive process implicit 

in the differential equation generated by the model with the autoregressive 

p~rameters estimated from the observed time series. 

A. Prisoner, Ex-convict, and Virgin Model 

The first model to be examined partitions the total. population T (t), into 

a prison pO.PJ.lation P(t), an ex-convict popul:').tion M(t), and a population 

of individuals who have never been to prison (virgins) V (t) 0 'l'he possible 

flows in this structure are shown in Figure 4. wit.hin this structure, the only 

mechanism for maintaining a stable imprisonment rate would be the balancing of 

releases from pet) with receptions from V(t) and M(t). 

Figure 4 

Model I 

The relationship among the flows may be fo~alized as follows: 

• 

(7) 



'1 , 

t 
,,",, 

where 
• • • 
pet), M(t), vet) = rate of change at t of the respective populations 

r l = imprisonment rate of virgins 

r
2 

= release rate from prison 

r3 = imprisonment rate of ex-convicts 

* r 4 = death rate 

r 5 ~ birth rate 

Since the stun of pet), M(t) and vet) is t:he total population at time t,T(t), 

then vet) may be replaced in the first equation of (7) by: 

vet) = T(t) - pet) - M(t) 

The dynamic behavior of pet) can now be expressed by a system of two flow equations 

where: 

M(t) = r pet) 
2 

or, in matrix form 
• 
Y = AY +F 

where 

[PCt

J Y = 
.M(t 

p .= 

* 

(8 ) 

For the purpose of simplicity we have ignored the differences between the 
death rate of ex-cons and of virgins and the small nmnber of deaths of 
prisoners. 
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using the procedure outlined in Appendix I, pet) may be translated 

• • • 
pet) + ap(t) + bP(t) = F 

P 

where 

a = (rl +r2+r
3

+r
4

) 

b = (r3+r4 ) (rl +r2 ) - r 2 (r
3
-rl ) = r

l
(r

2
+r

3
) + r

4
(r

l
+r

2
) 

( 9) 

. 
F P = - (rl +r2) r l T (t) + (rl +r2+r3+r

4
) r l T (t) + r

l 
T (t) == (r

3
+ r

4
)r

l 
T (t) + r

l 
T(t) • 

Equation (9) is a differential equation describing the dynamic behavior 

of the total prison population, pet), whereas the autoregressions and 

their impliod differential equations are expressed in terms of a rate 

of imprisonment per population. However, a translation between the two can 

be mac1o; whnn r (t) is the imprisonment rate per ~ of population: 

pet) = r(t)T(t) 
(10) 

then: 

pet) = r(t)T(t) + r(t)T(t) 
(lOa) . ~ • ... 

pet) = r(t)T(t) + 2r(t)T(t) + r(t)T(t) 
(lOb) 

As a first estimate, we assume that after accounting for "deaths", T(t) grows 
exponentially. Then; 

pet) = '1' e:gtr (t) 
(lOc) 0 

t • 
pet) = T e:

g 
(r(t) + gr (t) ) 

(lOd) 0 
•• t •• 

2 pet) = T e:
g 

(r(t) + 2gr(t) +gr(t» 
(lOe) 0 

We then substitute (lOc), (lOd) and (lOe)into (9) and divide the equation 

by T (t:). Then: 

00 F t 
[ret) + 2gr(t) + g2r (t)] + arret) + gr(t)] + br(.t)= -l? e:-g (11) 

TO 



where 

Rearranging terms, 

•• 
r (t) + or (t) + dr (t) == F I 

c == a + 2g == r l +r
2

+r
3

+r
4

+2g 

2 
d == b + ag- + g == r 1 (r 2 +r 3 ) 
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(12 ) 

, 

+ r 4 (rl +r2) + ag + g2 

To assess the adequacy of this model, est'imutes of c and d generated by 

the model can be compared with the estimates from the observed Canadian 

* time-snries reported in Table 2. The imprisonment rate of virgins, r
l

, 

i:; exceedingly small. In Canada, for example, even if we were to assume 

tllat E.g receptions in prison in a year are of first-time OffsQders, r 1 

\'l' '1.l1d be no laJ~ger than .0004 and (r 2 + r 3) no larger than .73. For the 

poriod 1880 to 1960,g, the exponential growth rate of the Canadian population, 

was about 0.019 and r 4 , the death rate, about .017. Therefore, according to Equa­

tion (12),d is about: 0.027, while c is about .79. In this mOdel,therefore, c must 

be more than twenty-fiv) times larger than d. 

The values Of c and d (Table 2) estimated from Canadian autoregression 

parameters are .98 and .40 respectively. Thus, for Canadac this model yields 

** only a fair estimate of c and dramatically underestimates d. The very 

low estimate of d wilJ. result in the model predicting non-oscillatory 

* 
It shOuld be noted that eqn. (12) is based on the imprisonment rate per unit 

Of population, while the estimated differential equations in Table 2 are baSed 
on the rate I>er 100,000 population. Although the rates differ by a factor of 
10

5
, the coe:;ficients c and d are unaffected and maS be directly compared. The 

constant term lit', however, must be multiplied by 10 when it is compared to the 
constant term F in Table 2. 

? *~hen the predicted values of c and d arc transformed into autoregressive f~rm 
(eqn. (6», the respective values of ~ and ~2 are 1.54 and -.55. The predl.c~ed 

I value of ~l 1.54, is outside a 95% confidence interval of the value 1.25 estl.-
: mated from the actual data. "filii 
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* behavior in ret) • This is, however, completely contrary to the strong 

cyclical behavior actually observed. It thus appears that Model I, which 

considers only a steady-state balance of receptions and release~ does not 

adequately explain the observed dynrunics of the imprisorunent rate. A 

more elaborate flow structure is required. 

B. Prisoner, Criminal, Law-Abider Model 

We now propose an alternative parititoning of the population into three 

subsets (Figure 5), now identified as "law-abiders II, "criminals", and 

IIprisor:ers", with the numbers in each group vary~.ng over time. In 

the context of the behavior distribution of Figure 2, the number of law-abiders 

at time t, L(t), are those individuals whose bnhavior B(t) < Ba(t). Likewise, 

the criminal population, C(t), are those individuals with behavior B(t) > Ba(t). 

The prison population,p(t), are those individuals drawn from the criminal 

population who are confined in institutions at t. 

C(t) 
t----:-:,...,--~ 

k4 (t) 

Figure 5 

-j kS (t) 
L(t) «_ 

Model II - Stable Imprisonment as a Homeostatic Process 

* 2 A necessary condition fOr oscillatory behavior is that (c - 4d) < a. 
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The composition of populations chang~continuously, as shown in the 

flow diagram of Figure 5. Some criminals are arrested, convicted, and 

sent to prison. Prisoners are regularly released from prison, with some 

returning to the oriminal group and others becoming law-abiders. There is 

also an important ~wo-way flow between the criminal and law-abiding popula-

tions., As fB (x), the behavior distribution in Figure 2, shifts to the 

right, for example, C(t) increases and L(t) decreases correspondingly. 

Similarly, , shift to the left, Le., to a pop\11ation that is more law-

abiding, re(ults in a net flow from C(t) to L(t). These changes in the 

population compositions are reflected in chan~Jes in the normal flow rates, 

'k. (t), runong the population groups. 
l. 

'1'ho possibility of flows between the criminal and law-abiding population 

a~e important element:s of the model because these flows permit the incorporation 

0.1; n central theme of the homeostatic notion, namely the redefinition of 

climinal behavior. Suppose, for example, that at time t the system were in o 

equilibrium and pet )IT(t ) was the average long-term imprisonment rate. o 0 

NOW, suppose that at tl the behavior distribution, fB(X) wer.e to shift to the 

right (i.e., the popu1at.ion becomes more criminal by current standards). 

'1'his shift would be reflected in an increase in k3 (t) to k3 (t1 ) > k3 (to) • 

'1'he increase in k3 (t), would result in a net increase in the flow from L(t) 

to C (t) • That increase \'1ould perturb the system from equilibrium and holding 

all other ki (t) constant, would incr.ease p (t) ;r (I:) and C (t ) /T (t) • 

An increase in P(t)~'(t), according to the homeostatic model would set in 

motion the de-criminalization of certain behavior by shifting the demarcation 

between criminal and non-cr.iminal behavior, BO' This shift would be reflected 

by readjustments in k3 (t) and k
4

(t) such that C(t)IT(t) and L(t)IT(t) would 

return toward the equilibrium values. 



, . 
I 

, 
...: 
7 

-23-

Even when fB(X) and BO are stable, there is a regular fl~l between C(t) 

and L(t). A previously law-abiding college student begins dealing in drugs 

or a businessman finds that profits are substantially improved by criminal 

collusion with competitors. An occasional burglar gets married or gets a 

better job, and decides to cease his criminal aotivity. Thus, eaoh population 

is oontinuously feeding the others. We can formali2e the desoription of 

these flows as follows: 

P(t) = -kl (t) pet) + k
2

(t) C(t) 

• 

• . . 
pet), C(t), L(t) = rate of change at t of the re$pective populations 

(i.e .. , their first derivatives) 

kl(t) = release rate from p'xison at t 

k (t) = imprisonment rate of the criminal population at t 2 

k3 (t) = rate at which law-abiders become criminals at t 

k4 (t) = rate at which criminals become law-abiders at t 

kS(t) = net population growth rate at t 

e = portion of the persons released front prison who 
return to criminal activity 

Sin::e the stun of P (t), C (t) and L(t) ~ .. ~ the total population at t, 

T(t), we oan replace L(t) by 

L(t) ~ T(t) - C(t) - pet) 

and the dynamic behavior of pet) can be expressed by the two flow equations: 
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P(,t) :::"'kl (t) pet) + k2 (t) C(t) (17) 

C(t) = [ekl (t) - k3 (t)] pet) - [k2 (t) + k3 (t) + k4 (t)] C(t) + k3 (t) T(t) 

In matrix form: 

Y ::: AY + F 

where: 

Y = [; (t)] 
.~(t) 

Y::: [. pet) ] 

C(t) 

Equation (17) is a first-order system of simultaneous differential 

equations like those examined in the discussion of Model I, but here 

the coefficients are not necessarily constant. In the case of constant 

coefficients each population was defined solely in terms of its own 

derivatives, for instance: 

pet) + ap(t) + bP(t) =.Fp 

and a, band F \'lere determined from the matrix A (Appendix I). A similar P 

solution in tel1nS Of its own derivatives also exists for each population 

when the coefficients are not constant, namely: 

Y + a (t) Y + b (t) Y = F (t) (18 ) 

Iiowever, now the time ""'Varying coefficients, a (t), b (t) and F (t) are in 

general complicated, and in this case elusive,ful1ctions of the ki(t) 

Nevertheless, as a point Of departure we can explore the dynamic character 
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of this model by assuming the ki(t} * are approximately constant. 

under the assumption of constant k., the differential equation 
, ~ 

governing the behavior of pet), the prison population, is~ 

where: 

. . . 
pet) + ap(t) + b pet) = F 

P 

}' = k k T (t) 
P 2 3 

(19) 

We can change (19) into a differential equation describing the behavior 

of the rate of imprisonment per unit of population, ret) using the procedure 

outlined in Equ~tions (9) through (12) to yield: 

r + cr + elr = FI 

where 
c = a + 2U 

d = b + a~f + g2 

FI = k k 
2 3 

(20) 

The dynamic behavior of (20) is determined by the relative magnitudes of 

c,'d, and g. It is therefore important to establish some reasonable bounds 

on their values to determine whether (20) is consistent with the dynamic 

behavior of the actual time series for imprisonment rates. T~ard this end, 

t:he modei will be analyzed using rates associated with canadian penitentiaries ~ 

Visual inspoction of the series in Figure 1c indicates 

that there is no obvious trend from 1880-1959. However, there does appear to 

------
* This assumption of constant k. (t) disregards a central element of the stability 
of punishment tl1eOry, namely tRe changes in k (t) and k4 (t) that accompany the 
adjustment of the standards defining puniShab1e behavior in response to shifts 
in objective behavior. The stntil.l nature of this representation results in 
sGrious limitation in the development and empirical analysis which follow. It 
does not, however, lend it vacuous. If the model,even under the restriction 
of constant· k. (t) can generate coefficients which are 
plausibly clo§e to the actual values, then a rationale for exploring more 
complicated forms where the k. (t) vary will be established. 

~ 
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have been a marked change in its dynamic behavior after 1925. To reduce 

the time variation in the k's (and, therefore, in 0, d and Ff), we re~ 

strict this analysis to the post-l925 series. 

To test the sufficiency of (20), estimates of the k. must be 
J. 

made to generate the theoretical values for c, d, and F'. Equation (20) 

will then be translated into an autoregressive relationship (e.g., r t = 
n 

o +'~1 ~. r t 1) by the approximation shown previously in (6). An 
J.= J. -

autoregression can then be run Oh the aotual data to determine whether the 

parameters estimated from the data are oomparable to those generated by the 

theoretical model. 

The known values of the system character:i.zed by equations (16) (and 

hence by (20»are k1 (the release rate), T(t) and pet). Their values at 

five-year intf;rva1s from 1925 to 1960 are given in 'l'able 3. we chose the' 

year 1940 to generate estimates for the model parameters. That year is about 

mid-way through the series, and its release rate, kl,and imprisonment 

rate/100,000 (pjr x 10-5 ) are the same as the means for the series. 

------------.~~-------------------------------~-
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Table 3 

The Release Rate (kl(t», Average Daily Prison 
* population (p(t»and Total population (T (t» for ':"anada: 1925-1960 

year kl (t) pet) T(t) ** 

1925 .37 2266 ,"'~ 

5,100,000 

1930 .43 2868 6,700,000 

1935 .55 3895 7,350,000 

1940 .50 3736 7,850,000 

1945 .46 3063 8,500,000 

1950 .45 4380 9,400,000 

1955 .52 5204 10,400,000 

1960 .73 6141 11,500,000 

* 

. ~* 

Prisoner statistics were obtained fl.'om unpublished statistics provided 
by the Office Of statistics, Secretariat of the MinistlY of the Solicitor 
General, Government of Canada • 

The total population in'~l udes only persons 16 years of age or older. 
Urquhart, M.C. and I<.A.H. Buckley (1965), Historical Statistics of canada 
(Toronto: Cambridge-Macmillan). 
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The unknown values are: k2 (the imprisonment rate of criminals)~ 

k3 (the rate at which law abiders become criminals)~ k4 (the rate at which 

criminals become law-abiders); (1-9) (rehabilitation rate);and C (the size 

of the criminal population). Estimates for k2, k3, k4 are made for equHib ... 

rium estimates of cIT as 1.5%, 1.0%, and 0.5%. since individuals do not 

continuously behave in a criminal manner, a reasonable convention must be 

established to operationalize the idea of an individual belonging to the 

criminal population. A reasonable definition illight categorize a person as 

a criminal in year t if he has committed an act for which he would have been 

* imprisoned if caught and convicted. Then k , 
2 

the rate of imprisonment 

of the crilninal population, is the ratio of prison receptions (a known 

value) to the estimate of the size of the criminal population. 

The analysis is relatively insensitive to the value of 9, the portion of 

l:eleased p1:isoners returning directly to the criminal population. A plausible 

ostimate i;3 0.33. Given our definition of membership in the criminal popula-

t·.ion, 9 int::ludes all those released prisoners who commit at least one crime 

within a year of their release. In a study of parole success Gottfredson 

(1959) reported that during a two year follow-up period 38% of released 

prisoners returned to prison. In another study cited by Robison and Smith 

(1971) 51~ of released prisoners returned to prison during the three years 

immediately following their release. since recidivism rates decline with each 

additional year following release and not all releasees who retu~n to crime are 

apprehended, it is not unreasonable to assume that 33% of released prisoners 

return immediately to the criminal population. 

* Note that this definition restricts the minimum time spent in the criminal 
population to 1 year. 
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The value of k4 is calculated somewhat differently. If T is the 

average time spent in C, then k4 , the rate at which criminals leave C, 

is the reciprocal of T. T is assigned a value of 2 years for CIT = 1.5%. 

por the other values of cIT, 1.0% and .5%, T is taken to be successively 

larger. The smaller C is assumed to be associated with a larger T to 

reflect a more "hard core" criminal population in C. Thus, for cIT = 1 .. 0%, 

we let T = 3 years and fo:1:' c/T = 0.5%, we let T = 4 years. 

The remaining parameter to be estimated is k3• This parameter .1.'l~1 

be specified as the value which will maintain C(t) at a constant level 

given the values of k1 , k2, and k4 • This is equivalent to assuming C(t) 

to be zero, so that from the second equation in system (16), we have: 

-9kl P(t) + (k2 + k4 )C{t) 

T{t) - pet) - C{t) 

'rhe values of the k's and the resulting differentiul equation and 

autoregression coefficients are given in Table 4 for the three assumed values 

OfC/T.For comparison, the second-order autoregression function estimated 

from the annual Canadian imprisonment rate from 1925-1960 is as follows: 

r t = 1.23 r t _
1 

- .43 r t _
2 

+ 9.17 (21) 

(8.26) (-2.89) (2.25) 

''II,ere the vahles in parentheses are the t-values associated with each of 

tIc coufficients. A comparison of the par.ameter estimates (21) with 

tl,c co~responding autoregression parameters theoretically derived from the 

* k. in Table 4 shO\'I them to be roughly equivalent. The coefficient of 
1. 

r t _1 , ~l' is overestimated by about 5% to 15%, whereas ~2 is underestimated 

* See first footnote, p. 20. 
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Table 4 

Estimates of Flow parameters (k.) for Model II 
l-

and the Associated coefficients for the Autoregression 
and Differential Equations Ge.~erated by Model II using Annual 

Canadian ImprisolUn€:dt Rates from 1925-1960 

.. 
ret) + ret) + diet) = FI 

r t = ~lrt-l + ~2rt-2 + 8 1 

(i) 

(ii) 

CIT = 0.5% 
'T' == 4 

C/l' = 1.0% 
'T' = 3 

FLOW PARAMETERS : 

kl c' .50 kl = 050 kl = .50 

k2 = .046 k2 = 0023 k2 = .015 

k3 = .0014 k3 = .0035 k3 =- .0078 

k4 = .25 k4 = .33 k4 = .50 

(I-e) = .67 (1-9) = .67 (1-9) = .67 

:\ 

r 
I 

t 

* '\ .. DIFFERENTIAL EQUATION COEFFICIENTS: 

c = .84 c = .89 c = 1 0 06 

d 
FI 

P'J. 

P'2 

8 ' 

* 

** 

= .16 d = .i9 d = .28 

6.4 x 10-5 11'1 8.1 -5 F' = 11.7 x 10-5 = = x 10 

= 1042 

= -.50 

= 3.2 x 10-5 

** AUTOREGRESSION COEFFICIENTS: 

~l = 1.39 ~l = 1.31 

~2 = -.4~i P'2 = -.43 

8 ' = 3 09 x 10-5 8 I = 5.0 x 

c/l' = average criminal J?opulation/total population 

'T' = mean. stay in criminal population 

These coefficients are estimated for (i) above using (20). 

10-5 

These coefficients are estimated fOr (ii) above using (6) and the 
results for differential equation (i)o 
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by about the same amount in each case. The relative direction of these 

differences is consistent with the high negative correlation (-.82) between 

the coefficients of r t - l and r t _2 in the autoregression. 

The value of the constant term is underestimated by as much as 60% 

in the theoretical estinates; 5' x 105. However, all of the estimates of 

5 0' x 10 are within a 90% confidence interval of the regression value (2~57,l5.77). 

overall, despite the speculative, albeit plausible, nature of 

some of the parameter estimates, the model appears to do remarkably well 

in generating parameters consistent with those estimated from the actual 

data. The encouraging nature of these results indicates the potential merit 

of this approach to modeling the imprisonment process and justi fies further 

work in this direction, especially effor'ts to examine the process wi'thout 

the restrictive assunwtion of constant flow rates. Furthermore, while 

acknowledging the tentative nature of Model II, we can cautiously begin to 

interpret the flow rates in the model in an effort to characterize those 

features of a society which contribute to its particular imprisonment rate. 

V. VARIATIONS IN IMPRISONMENr RATES 

AS a corollary to the hypothesis of the stability of crime, Durkheim also 

conjectured that the particular level of crime would vary among different 

"SOcial types" and that it might be possible to specify the level appropriate 

to each "social type".* Two of the authors have argued elsewhere (Blmnstein 

and cohen [1973], p. lq9) that Durkheim was not speaking of the 

** the level of actual criminal behavior that occurs, but rather the level Of 

punished criminal acts. Hence, it is the level of punishment meted out 

* Durkheim (1964), pp. 66-67. A "social type" is Simply a collection of 
similar societies. More formally, "social types" may be thought of as equiv­
alence classes ~'lithin the set of societies. 
** This would include any act that is a violation of some criminal statute. 
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which remains stable, but varies in magnitude among different classes 

of societies .. 

A brief inspection of Figure 1 provides visual evidence for this 

corollary. While there is a stable process in each country with the annual 

imprisonment rate fluctuating around the mean, there are substantial diE ferences 

among those means. The mean imprisonment rate fo];: the U.S .A. is 2-3 times 

* greater than either the rate in Norway or Canada. In an effort to account 

for these differences, Model II will be interpreted in terms of some general 

societal characteristics. The ways in which these characteristics generate 

different imprisonment rates can then be examined within the framework 

identified by the model. 

'["'NO cl":\racteristics of societies important to the phenomena of orime and 

purd.':l>.roent are the J.evel of conformity wJ.thJ.n a socie,ty and the degree of punitive-

lIC!:': I,;t, r~w:ame'teril 1<1 and k2 in Figure 5 reflec'!: two aspects of the degree of 

pt1l111:1'."C!ness that .:t'l':e often cited, the severity and oertainty of punishment. When 

other formE> of pWl.iflhment are ignored and only imprisonment is considered, the 

severity Of rn.mi!.Jhment varies with the time actually served in prison. Since 

increase!.'> .in the time served result in decreases in the release rate from 

prison, kl (the release rate) may be regarded as an inverse measure of the 

sev,erity of punishment. The lower the value of k
l

, the more severe the 

punishment meted out. Alternatively, the flow rate of criminals to prison, 

k2, reflects the certainty of punishment for criminal behavior. The highe)~ 

;----------------
The definition of and institutionnl arrangements for prison populations vary 

considerably from country to countJ~. The Canadian and U.S. data include only 
individuals in prisons and penetentiaries which are largely restricted to 
persons serving sentences of one year or more. In Norway, on the other hand, 
the typical :lentence for the prison population rarely exceeds two months. 
Nevertheless, despite these differences, the selected prison statistics refer 
to the most severe penalty imposed in each country, aside from capital 
punishment. Our intention is to gain insight into the reasons for differences 
in the level of only the most severe form of punishment. From this perspective, 
then, the differences in definition allow oautious oomparison of the rates while 
always keeping in mind the potential incompatibilities. 

], 
'I 
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k 2 , :!:'efleots the certai nty of punislunent fOr oriminal behaviOl:'. The higher 

the value of k2, the mo:!:'e criminals are imprisoned. 

parameters k3 and k4 in Figure 5 are the flows between the law-abiding and 

criminal populations and together they :!:'eflect the overall level of con-

formity in a society. The magnitude of the flow from law-abiders to criminals, 

k3, provides some indication of the strength of the conwitment to conformity 

within a society; the stronger the oommitment, the smaller the flow out 

of law-abiders. The level of commitment to conformity in any society is 

probably a complex product of a number of different contributing factors, among 

them the successful internalization of the normative code, the deterrent 

effects asso ciated with penalties, and the he'l:erogeneity of the society. 

These factors affect the commitment to conformity differently and 

opcrnte on very different dimensions of an individual's motivation. The more 

ueeply rooted the norms and values of a society in the individual consciences 

of its members, the stronger will be their commitment to conformity. In 

this case the members conform out of a sense of duty or obligation. Deter-

rence, on the other hand, captures the extent to which individuals respond 

to the costs associated with the penalty structure. Effective deterrence will 

increase the strength Of commitment to conformity. 

Alternatively, greater heterogeneity in a society, be it cultural, ethnic, 

racial, or religious, can weaken the overall commitment to conformity through 

the existence of competing normative systems which may be at odds with the 

insti"cutionalized standards 0 As the members of a society respond to the 

behavioral codes of different sub-cultures, there will be a larger variance 
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in actual behavior and more chances of deviance. While Model II does not 

permit distinguishing t~e contributions of these different factors, the 

effect of the resulting commitment to conformi't~y can be examined through 

parameter k3" 

parameter k4 is the flow from the criminal population to the law-abiding 

population. It reflects the endurance of the criminal role,or the extent to 

which individuals remain active criminals after committing a single crime. 

Thus, k4 may be thought of as an inverse measure of the prevalence of hard­

core criminality in a society. As k4 gets smaller i fev/er criminals return 

to the law-abiding population and the more enduring the criminal role. 

The endurance of the criminal role is undoubtedly the result of a compli-

cated process involving both the availability of opportunities to return to 

the law-abiding population and the existence of disincentives to remain a 

criminal. The opportunities to return are a function of the permanence Of 

of the stigma attached to being labeled a criminal ,as well as any institution-

alized barriers which explicitly exclude former criminals from various 

aspects of a law-abiding life (e.g., laws which bar known criminals from 

cortain types of employment). The disincentives to remaining a criminal 

vary with the effectiveness of deterrents. The only deter~ent explicitly 

identified in Model II is imprisonment. ~everthelesSt a host 

of other unspecified deterrents (e.g., aJ?rest and conviction) may 

also operate on the criminal population and be reflected in variations in 

the value of k40 In general, increases in both legitimate opportunities 

and criminal disincentives will be associated with decreases in the endurance 

of the criminal role and increases in k4 • 
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Having identified each parameter in terms of punitiveness and 

conformity, the differential impaot of these characteristios on the 

imprisonment rate and the level of oriminality in a society oan be explored. 

The flow process in Figure Soan easily be translated into a Markov prooess 

in which the populations are the states of the prooess and the flow rates 

become the transition probabilities of moving from one state to another. 

Assuming the k. (t) are oonstant over time, the transition matrix for 
~ 

Model II is: 

P (t+l) C (t+l) L (t+l) 

P(t) 

[ 
l-k 9kl (1-9)k1 ] 1 

M ::: C (t) k2 l ... k -k k4 2 4 

L(t) 0 k3 l-l{ 
3 

* sinoe this matrix is regular , the equilibrium probability distribution 

among the three states can be obtained by raising the matrix to suocessive 

n powers, M. As n becomes large, each row of M will approach the same 

equilibrium vector and any rOW of the matrix gives the equilibrium distribution. 

This feature of matrix M permits the use of simulation techniques to 

oxamine the equilibrium distribution for different assigned values of the ki 

and 9 in M. By systematically changing the value of one parameter at a time, 

one can investigate the effect of that parameter alone on the equilibrium 

distribution. Each parameter is assigned five values, while holding all other 

parameters constant. The entries in Table 5 are the equilibrium rates/100,OOO 

** total population for each of the three sub-populations of interest. 

* A transition matrix is regular if there is at least one path, perhaps 
multi-step, from each state to every ~ther state. 

** The rates in Table 5 were found by multiplying the equilibrium probability 
Of each state by 105. 



-36'" 

Table 5 

The Equilibrium Distribution Among Prisoners (P 
Criminals (C) and Law-Ab:i.ders (L) Associated 

with Different values of the Parameters of Model II 

~,I ____________ ~p_ar_a_m_e_t_e~r_v~a_l_u_e_s ______________ -4 _____ ~R~a_te_S~/_1_0~0~r~0~OO_Total population 
I , 
,kl 

1:~~1 .,333 
,'SOO 
.:000 
i 
I 

.025 

IJ. 

i r .
0101 . .025 

.500' .050 
! .075 
! .100 

~I 

I 

.005 .333 

.005 

( .001 
.003 

.333 

9 

.. 333 

0333 

[500 .025 ... .005 > .333 
.008 

.333 

I 
I 

i 
5,00 
\ , 

.025 

~oo .025 

.. .U10 ) 

.005 i 

.005 

.200 
0250 
.333 r 
.500 

1 0 000 ) 

0333 

0100 
0250 

.333 ~ .333 
.500 

'" .750 

(J?) 
Prisoners 

J. 75.8 
140.6 
105.5 

70.4 
35.2 

29.0 
7004 

134.3 
192.8 
246.3 

14.2 
42.5 
70.4 

111.7 
138.7 

112.6 
91.9 
70.4 
47.9 
24.5 

69.2 
70.0 
70.4 
71.2 
72.5 

(C) 
Criminals 

1406.1 
1406.5 
1407.0 
1401.5 
1408.1 

1449.0 
140705 
1343.6 
1285.2 
1231.6 

284.9 
849.5 

1407 Q 5 
2232.4 
2774.2 

2253.1 
1838.8 
1407.5 

958.0 
489.3 

1384.9 
1399.4 
1407.5 
1424.3 
1450 0 1 

(L) 
Law-Abidera 

98416.3 
98452.4 
98486.8 
98521.8 
98556.6 

98521.7 
98521.8 
98521.8 
98522.0 
98521.8 

99700.7 
99107.9 
98521.8 
97657.5 
97087.1 

97633.7 
98068.9 
98521.8 
98993.9 
99486.2 

98545.7 
98530.4 
98521.8 
98504.2 
98477.1 

~---,----------------------------~-----------------------------------
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section I of Table 5 indicates the effects Of varying the severity of 

punishment,llkl • As kl increases, punishments become less severe and 

the average imprisonment rate decreases. sharply. In faet, as the average 

time served drops from 5 years' to 1 year, the imprisonment rate also 

der.1reases five-fold. However, the proport.ion of criminals among 'che 

total population is virt.ually unaffected by changes in k
l

• This is largely 

due to piS comparatively small size with respect to both C and, more ob~ 

vio'1sly, L. In fact, for all values of kl in the table, P is never even 

0.2% of the total population and it represents at most only 12.5% Of the 

* criminal population. Thus, changes in k
1

, which affect the flow out of P, 

will have very little effect on the size Of c. Any variations in the 

deterrent effect associated with changes in the release rate, k~~ ~ill be 

manifested in changes in k3 and k4 , the flows between criminals and. law­

abiders. since these flows are held constant as k1 varies, th~s effect cannot 

be detected in this analysis. 

The variations in k2 (~ection II, Table 5) reflect changes in the cer­

tainty of punishment. As k2 incr~ases, a higher proportion of criminals 

are imprisoned and the imprisonment rate increases. There is also some change 

in the relative size of the criminal population which decreases by 15% fram 

1449 to 1212 oriminals/100,aaa population as k2 increases f);,om .01 to .10. To the 

extent that the level of crime is a function of the numbe);' of criminals, the re-

Sponse of the criminal population to changes in kl and k2 is consistent with the 

currently popular notion that it is th.e certainty of punishment and not it,s 

* These are not unreasonable bounds on the rl)lative size of P. In the U.S.A. 
in 1970, for example, there were slightly less than 200,000 state and federal 
prisoners, Or about 0.1% of the total population. (National Prisoner statistics, 
1968, 69 & 70). During the'same year there were 1,273,783 reported arrests tor 
Index Crimes (unifL~m crime Reports, 1970). sir.~e the arrests of all pOlice 
agencies are not contained in the reported figures and not e-:ll criminals are 
arrested, 2,500,000 is not an unreasonable ('stimate of the size Of the criminal 
population. In this cas~ the prisoner population ~s only 8% of the crimi~al 
population. 
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severity, which has the greatest deterrent effect on crime (wilson [1975a] 

and [1975b] ) • 

parameter k3 is assumed to vary with the strength of the commitment to 

conformity in a society. The larger k3, the weaker that commitment and the 

more frequently law-abiders commit crimes. As section III of Table 5 re-

veals, increases in k3 are accompanied by similar increases in both the 

relative size of the criminal population and the imprisonment rate. 

The magnitude of parameter k4 reflects the prevalence of '{occasional" 

criminals as opposed to hard-core "professionals II in the cri minal population. 

AS k4 increases mo:;:,e criminals return to the law...,abiding popuJa tion indicating 

criminality of a more transitory nature. It is thus no surprise that as k4 

increases (section IV, Table 5) 6 both the rE~lative size of the criminal 

population and the imprisonment rate decrease. In fact, a five-fold increase 

in k4 from .2 to 1.0 is accompanied by a five-fold decrease :i.n the rates of 

criminals and prisoners in the pOI'ulation • 

. The last section of Table 5 presents the effects of changes in 8, the 

recidivism rate of released prisoners. It is clear that the populations 

are virtually insensitive to changes in recidivism. Sizeable increases in 

9 have very little effect on the size of the criminal and prison populations o 

As with parameter k
l

, the lack of effect on the criminal population is due to 

the extremely small size of P, which in section V of the Table is less than 

0.1% of the total population and represents only 5% of the criminal popula-

tion. '1'he variations in the number flowing from this small P to C that 

result from changes in e will hardly be noticed in C. Furthermore, since 9 

determines the distribution of the flow out of P and not the magnitude of that 

flow, changes in e have virtually no effe,t on the size of P • 
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with the exception of 8, changes in anyone parameter of the ~odel 

J:'esult in important differences in the imprisonment rate. t.l'he' !i'lost 

striking consequence of the model, however, is the predominant effect of 

k3 or k4 alone on the criminal population. This has important policy 

implications fOr the control of crime. If Model II is an accurate representa-

tion of the flow process among law-abiders, criminals, and prisoners, -the results 

in Table 5 suggest that the activities of the criminal justice system reflected 

in isolated changes in parameters kl , k2 or 9 alc~e have very little impact 

on the size of the criminal popula.tion. 

According to Model II manipluations Of only the time served ~n prison 

(llkl ) or the various efforts in prisons to reduce recidivism (9) will not 

affect the incidence of criminals. Furthermore, singly increasing the rate at 

which criminals ,go to prison (k2) has only a marginal effect on the criminal 

population, while greatly e~anding the prison population. so, although the 

imprisonment policies of a society are clearly important in determining the im-

prisonment rate, it is much more difficult to relate them to the extent of 

criminality in a sooiety. 

The size of the criminal population is most responsive to the parameters 

reflecting the level of cOl1formity, namely 1<::3 and 1<::4. To the extent that 

conformity is a function of an effective socialization process and/or the 

homeogeneity ~f a society, very little, in the form of implenentable policies, 

can .be done to reduce the proportion of criminals. However, to the extent 

that deterrence and opportunities fOr retULn to the law-abiders are operating, 

more reasonable attempts can be made to reduce criminality. certainly, any 

efforts to remove barriers to a return to the law-abiding population which 
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increase the value of k4 will decrease the level of criminality. The 

more interesting policy implication, however, is the important role of 

deterrence in reducing crime. Inasmuch as effective general deterrence 

increases incentives to remain a law-abider (decreases k
3
), while effective 

special deterrence increases incentives to leave the criminal population (inM
' 

creases k4 ), the level of conformity increases and the proportion of 

criminals decreases. The exact mechanisms involved in optimizing these 

deterrence effects are then vital to efforts to reduce .crime. 

The results in Table 5 identify only the effects of "pure" changes in 

the parameters and as such they are necessarily artificial. Undoubtedly, 

several of the parameters will vary at. the same time , and 

the actual population distributions will reflect the cumulative effect of 

these different parameters, as well as any interactive effects due to 

functional relationships among the parameters. Nevertheless, looking at 

the effects of each parameter alone does provide sQUe opportunity for accounting 

for observed differences in inwrisonment rates. 

within the constraints of Model II we can conclude from Table 5 that more 

punitive societies, either in terms of the severity or certainty of 

punishment, have higher imprisonment rates. Also, more conforming societies 

have lower imprisonment rates. We will now explore the success of these 

factors in accounting for the reported differences in imprisonment rates in 

the U.S.A., Norway and canada. Three attributes of these societies have been 

chosen for comparison, the average time served in prison, the probability of 

a prison sentence for convicted individuals and the homogeneity/heterogeneity 

of the society. 
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Table 6 reports each country's values for the punishment variables. The 

U.S.A. and canada are quite similar in their use of prison sentences for 

convicted offenders, although the length of time served is 'somewhat higher in the 

U.S.A. Norway is quite distinct ~rom the two NOrth American countries. The 

average sentence served in Norway is much shorter (only about 3 months) and 
, 

the imprisonment option is used more often. Despite the dramatic differenoes 

on the individual punishment variables, the expected sentences for convicted 

individuals are more similar. Furthermore, to the extent that this expected 

sentence varies with the overall level of punitiveness, Model II would prediot 

that the imprisoi1ll1ent rates in these three countries would be order ed from 

* high(~st to lowest as follows: U.S .A. > Norway> c;·nada. This is in fact the 

order which is observed. 

The prevalence of ethnic and religiOUS differences in a society will 

be used as a measure of the degree of heterogeneity (cultural differenoes) of 

that society. Table 7 reports da~a on tl1ese variables for the three countries 

of interest. with respect to the religious variables, the U.S.A. is the most 

heterogeneous, followed by Canada and then Norway, which is strikingly homo-

geneous. The evidence on ethnic differences is less apparent. The dif-

ferences among the proportion of immigrants to each country are quite small. 

However, since the populations of all three countries are predominently 

Northern European in origin, immigrants of southern or Eastel:n European, Asian, 

African or South American origin represent a sharper contrast to the dominant 

cultl1re. Here the immigrants to the U.S.A. uontribute more to the heterogeneity, 

agaill followed by Canada and then Norway. Furthermore, although exaot 

figures are not reported in th~ Table, the population of the U.S.A. is also 

mOre racially heterogeneous than either canada or Norway. 

*The Canadian imprisonment rate is computed fir the population 16 years of age 
or older. using the total population would only decrease the imprisonment 
rate and therefore not ohange the result. 
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Table 6 

variations in Punitiveness in the 
USA, Norway and canada 

* VARIABLE USA 
(1970) 

Average time served 
in prison (S) 2 0 5 yrs. 

(Avg • Erison ~oE'n ) (3 0 5 yrs) 
# Receptions in Prison 

probability of a prison 
sentence given a conviction(p) 

( it Rece.etions in Frison ) 
(.062 ) 

# convictions 

Expected sentence given a 
conviction (pS) (.22 yrs.) 

** *** NORWAY CANADA 
(i9711 ~1960) 

.26 yrs. 1.9 Yl!!'s. 

~567 .051 

• 15 yrs. .10 yrs • 

* Data for convictions are not available t'or the USA. Therefore, the figures for 
th~ state of pennsylvania (whose imprisonment rate is comparable to the USA's) 
were used as proxies for the national figures. These numbers are reported in 
pa't'entheses and refer to individuals convicted in criminal court and/or sentenced 
to state pris'ms. Sources: Statistical Abstract of the united states :1972 (U.S. 
Department of Commerce) and the pennsylvania StatIstical Abstract: 1969 (comnlon­
wealth of pennsylvania, Bureau of publications) 0 

** . The figures for Norway refer to individuals convicted of "crimes" (excludes minor 
offenses and misdemeanors) and/or sentenced to prison for "cr imes". Source: 
~~atistical yearbook of Norway: 1973 (Norway's central Bureau of Statistics). 

*** 
The Canadian figures refeJ: to individuals > 16 years old who were convicted of 

indictable offenses and/or sentenced to pen~tentiarieso Source: Historical 
statistics of Canada, M.C. Urquhart & K.A.H; Buckley (eds) (cambridge-MacMillan, 
19(5) • 
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Table 7 

Variatior •.. ' in Cultural Heterogeneity in the USA, Non-my and canada 

VAlUABLE USA NORWAY 

% of Population in 36.8% 97% 
dominant religion (Roman catholic) (Norwegian Church) 

(1971) (1972) 

# Religions including 9 1 
at least 75% of the (1972) 
population 

r.; of population 4.7% 
that 
born 

is foreign (1970) 

Totol Immigrants as 0.2% O.s!;; 
t1. ':, Of T(ltal (1970) (1971) 
I'opulatlon 

"; of Immigrants of 81r:; 17% 
Southern or Bastern (1970) (1971) 
Buropean, Asian, or 
African origin 

Sources: Statistical Abstract of the united states: 1973 
(U • S. De partmcnt of Conunerce), Stat:i.stical Y~arbook 

9£ Norway: 1973 (Norway central Bureau of Statistics), 
Historical Statistics of Canada, M.C., Urquhart & K.A.H. 
Buckley (eds.) cambridge-Macmillan 1965) 

CANADA 

43% 
(Roman catholic) 

(1951) 

3 
(1951 ) 

8% 
(1960 ) 

(excluding those 
born in British 
Commonwealth 
Countries) 

0.6% 
(1960) 

44% 
(196'0) 

• 
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Now using heterogeneit:y as an indication of the level of confo:t'mity in a 

society, Model II would predict that the U.S.A. wnuld have the highest im-

prisonment rate followed by canada and then Norway. This conflicts with the 

observed order of rates for Norway and Canada. In part this disagreement 

may be a reflectit::>n of real differences in the punishments compared. The rate 

for canada i.!wludEls only the most serious criminals who are sentenced ":0 

penetentiaries and exclu(i(;!s sentences to other penal institutions. No such 

discrimination is made il1 Norwayts data, which includes sentences to any type 

* of prison. It is also possible, however, that homogeneity is 6 4.mply a poor 

indicator of the level of conformity! especially if homogeneity is generated by 

effective socialization or if conformity is dominated by other factors like 

deterrence. 

All things considered, the interpreted model provides a satisfactory 

account of differences in imprisonment rates. The model is interpretable in 

terms of punitiveness and conformity, and l.eads to predictio~s about the 

magnitude of imprisc'l1ment rates which are consistent with prior intu':"tions on 

the matter. . However, th .. ~ model is les8 adequate when it comes to actual 

differences in observed imprisonment rates. 'J:.'his is largely due to difficulties 

in identifying and measuring the level of conformity. The model can be im-

proved by further refining and clarifying the processes involved in the k3 

and k4 flows between criminals and law-abiders. 

* If the canadian data were changed to include other penal institutions, the 
:'10a::mres ofpunitiveness would ellso change as the average daily population and 
receptions to other institutions are considered. TaLs may well alter the 
predicted order of the imprisonment rates based on the level of punitiveness. 
Such a comparison is not possible with the data available. 
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VI SUMMARY 

It has beenoonjectured that a homeostatic process operates within 

a society to maintain i'l stable level of punislunent. This prooess is presumed 

to work through adaptive responses to changes in criminal behavior. In the 

short run these responses might involve changes in sentencing policies (e.g., 

an increase in"the number of persons sentenced to prison, or a decrease in the 

length of sentences imposed). In the long run, the limits of criminal behavior 

may actually be redefined through changes in law and/or in practice. The 

result is either the decriminalization of previously criminal acts or the 

addition of newly prohibited acts to the criminal code. 

Evidence of the stability of punishment, especially imprisonment, has 

been presenbsd. The national imprisonment rates in three countries \'lere shown 

to be trend.less time-series, each generated by a second-order autoregressive 

process. TWo models specifying the flow of individuals among diffGrent 

population groups were specified in an effort to identify the underlying 

dynamic process responsible for this stability. 

Model I which requires only a simple balancing of prison receptions and 

releases was shown to be inadequate. For reasonable estimates of the parameter 

values this process does not yield the observed cyclical behavior in imprison-

ment rates. A second model, which includes movements between the law-abiding 

and criminal populations, results in a better fit between the predicted and 

actual time-series. Furthermore, Model.II can be interpreted in terms of the 

levels of punitiveness and conformity in a society, thereby integrating the 

model into the existing body of work on deviance and social control. 

The model, however, requires furthe~ development if its adequacy is to be 

fully explored. The major limitation in the development presented here 
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is the assumption of constant flow rates among the populations. A central 

feature of the stability of punishment theory is adaptive behavior. In the 

: i context of our model, incorporation of adaptive behavio:c would require time-

varying kls. The incorporation of time-varying k. 's into the model in a 
~ 

manner that is consistent with t.he theory would reprosent a major 

extension to our work. Also, the model does not explicitly incorporate 

deterrent effects. A further elaboration Of the relationship of the flow 

rates to the deterrence process would further enhance the generality of the 

I model by providing some synthesis of the stability of punishment with the Ii 
~ I 
Ii notion of deterrence. 
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APPENDIX I 

Suppose we have a system of simultaneous flows among 'three populations, 

A{t), B(t), C(t), where: 

A(t) = al1A(t) +a12B(t) + a
13

c (t) (a) 

B (t) =a21A(t) + a22B (t) + a23c(t) (1) (b) 

C(t) = a3lA(t) + a32B(t) + a
33

c(t) (c) 

such that 
A (t) + B(t) + C(t) = T(t) (2 ) 

~ I 

i; with: 
I' 

I' 
!; 

I 
II 
il 
!I 
" I' 

H 
li 
!I 
II 
Ii 
II 
tI 

II 
11 

~ 
\ 
! 

I 
\: 

T(t) = total population at t 

a,. may possibly be zero. 
11 

Since C(t) = T(t) - A(t) - B(t), syste~ (1) may be re-written as: 

or in matrix notation: 

Y = AY + F 

where: 

Y =[A (t)] 
B(t) 

. [(all -a13 ) 
A = 

(a2l-a23 ) 

; = [ ~ (t)] 
B(t) 

F =[a13T(t) J 
a.L' (t) 23 

(3 ) 

(4 ) 
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Taking the derivative of (4)1 we get: 

Y == AY + F (5 ) 

Substituting (4) for Y 

•• 2 
Y=AY+AF+F (6 ) 

Let a and b be the coefficients of the quadratic equation resulting 

from taking the dete~inant of [A - AI) : 

(a11-a13 ) - A (a12-a13 ) 

== 
(a

22
-a

23
) - A 

or 

(cll - h) (c22 - h) - 021c12 == 0 

2 
A - (0Il + °22»)" + (°11°22 - °21c12) 

Thus, 

* == 0 

Adding the sum (aY + by) to both sides 

.. 
(A2y Y + ay + bY == + ay + bY) + AF + F 

of 

= (A2y + aAY + bY) +aF+AF 

(6 ) 

+F 

= [A2 + aA ,. bI)Y +aF+AF+F 

== 0 (7) 

(8 ) 

i) (9) II == aF+AF+F 

Ii 
!: since A2 + aA + bI == 0 and cqn. (9) are no longer simultaneous 0 

1: 

\\ 

Ii 
, ~ 

\' 
II 

1 
* Note: the values of )., which satisfy (8) are the eigenvalues of A. 
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