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ABSTRACT

There is an extensive literature on the m odelling of property crim e but
little of this literature has attempted t© use the estin ated m odels for
forecasting. A 1ecent exception is the published Home O ffice
predictions of recorded burglary and theft for 1999 t© 2001. These
Home O ffice predictions which are for a reversal of the recent
downward trend n recorded offerres) are compared here with
altermative econom etric and m ultivariate tim e seres predictions. The
crucial wle of the enmor comection stucture of the econom etric
estin ates com pared w ith the forecast profiles which come from tme
series gpproaches is highlighted. D iaggregation of theft nto vehicle and
non vehicle crine is seen as potentially a fruitful area for further
research.



htroduction

This study is concemed w ith forecasting issues relating t© the recorded offences of
Burglary and of Theftand H andling of Stolen G oods n England and W ales betw een
1999 and 2001 . The forecasting exercise is ntended:

1) To develop econom etric m odels, based upon pastresearch in PSERC , but
applied t© the sam e burglary and theft categories analysed by Dhird etal
(1999), hereafter referred to asHORS 198.

2) To use thesem odels o produce forecasts directly com parable w ith those in
HORS 198.

3) To isolate the m ain elam ents underlying the projcted change I crim e and the
difference 1 the projectionsm ade by the Hom e O ffice and PSERC team s.

Statstical tim e—seres forecasting m ethods B oxJenkinsARIM A m odelling and
transfer finction analysis) are used as com parators for the econom etric enror-
correction approach. Transfer fimction m odellng is used t© ilate the contribution of
econom ic and dem ographic influences from other factors (such as the feedback
dynam ics built into econom etric enor-correction m odels) .

A 11 forecasts for recorded crim e have been m ade under the ‘old miles’ for
counting offences rather than the ‘new miles’ recently mtroduced. C rim Inal Statistics
(1998, p 31) suggests that the effectof the new counting mulesw illlbem inin al for
recorded Burglary but that for 1998 have raised Theftby 65,000 recorded offences
com pared o the old rules.

Daausd

Form al definitons of data usad in this study are given in an A ppendix to this paper.
From 1969 (thatis, follow ing the TheftA ct, 1968), data used for Burglary and Theft
and H andling of Stolen Goodswereasused nHORS 198.Dat@a firom Crim nal
Statistics for1950-1968 inclusive on the Investigated crin e categories w as used for
the earlierperiod mather than the ‘adjusted’ seriesused M HORS 198. The analysis
here uses a dumm y variable to m odel the break In the series, an approach used In our
earlierw ork (Pudney, D eadm an and Pyle (2000)). The consum ption series used in
HORS 198 was al=n used in this study . O ur dan ographic variable isbased on the
num ber of young m en in England and W ales aged 1524 as a proportion of the
population of England and W ales. C rim inal justice variables (oolice num bers,
conviction rates, probability of In prisonm entand Jength of sentence) follow those
usad In Pudney, D eadm an and Pyle (2000) and by D eadm an and Pyle in M acdonald
and Pyle 2000).

Problan s dentified m HORS 198

W ithin this study and In Pudney (2000) w e have also considered several problan s
dentified In the HOR S 198 study, nam ely:



1) W hether ‘single equation’ m odelling approaches w hich ignore potential
feedback betw een recorded crim e and the setof crin nal justce variables
are appropriate I this area. (This is related t© the Policy V ariable’ issue
HORS 198,pp 11/12).

2) The relative w eakness of the Theftm odel com pared t© that for Burglary
and the possible nead t© disaggregate this category HORS 198,p21)

3) Theproblan of the w ide confidence mntervals for forecastsm aking the
forecasting ofm ore than 3 years ahead problam atical HORS 198,p 18).

Econom etric E stim ation

The use of single-equation enror-correction econom etric approaches to m odel and
forecast crim e has now becom e quite comm on. Such m odelling is nom ally preceded
by an exam nation of the orders of Integration of the variables used. The orders of
htegration of the variables used here have been previously establiched (@enerally
I(1)) mMHORS 198 ard In Pudney, D eadm an and Pyle 2000).Pudney, D eadm an and
Pyle (1997) dem onstrated the superiority of the Sim s, Stock and W atson estim ation
technique over the Engle-G rangerm ethod form odels w ith a single cointegrating
vector. Tt isw orth considerng, how ever, w hether single-equation approaches are
appropriate form odelling crim e.

A s isnow generally accepted, residuaboased contegration tests such as the
Engle-G ranger procedure w hich assum e am axim um of one contegrating vectorare
less efficient than the m ulovariate approach of Johansen w hich allow s form ulbple
contegrating vectors. A dditionally, the developm entof the Johansen testdescribed in
Pesaran and Pesaran (1997) which allow s for the determ nation of the num berof
contegrating vectors In the presence of ‘long min foreing varebles’ — ie. exogenous
varables — seam s particularly suited t© the problam s considered here. That is, the
suggestion that the crim nal jistice variables m ay exhibit feedback effects w ith
recorded crin e @End ndead, each other) m ay be Investigated In the presence of other
varables — consum ption, unem ploym entand the dem ographic variable — which are
clearly determ ined outside of the system being investigated. The rather short series of
data en ployed I this study (@nnualdata 1950 — 1998) precludes extensive testing, but
the results of the econom etric exercise stll appear nmform atire.

Burglary

The Johansen approach nvolres the estin ation of a V ector A utoregressive M odel
(VAR ).The selection of the orderof thisVAR is the first consideration .. Even if one
starts w ith an overparam etized @iven the sam ple length) unrestricted VAR @) m odel,
the Schw arz B ayesian C riterion (SBC ) uniform Iy points to aVAR (1) m odel being
appropriate. A s is often the case, the A kaike nform ation Criterion @ IC ) pontsto a
highervalue for the orderof the VAR , butexperim ents w ith higher orders Jead to an
am biguous oruninformm ative choice for the num ber of contegrating vectors. Peseran
and Pesaran (1997, 277 and p 297) suggestchoosing the low ervalue for the orderof
the VAR where there are Jow degrees of freedom . Serial correlation n the residuals of



the individual unrestricted VAR equations w as notgenerally indicated, though the
burglary equation was an excaption (¢? () = 7257).

H ow ever, fora contegrating VAR (1) m odel, the num ber of cointegrating
vectors is Indicated as one by all the prim ary test statistics (ace, elgenvalue, A I and
SBC) foram odel estm ated w ith restricted intercepts and no determ inistic trends. The
enor-conection equations suggest thata sensiblem odelm ay be constructed for
recorded Burglary butnot for the otherpotentially endogenous crin nal jastice
variables. This parallels the finding established for R esidential Burglary reported In
Deadman (2000).Sin uleneity w ithin the crim inal justice variables does notappear to
be aproblem here and thus there is Justification forbuilding a sihgle-equation error-
correction m odel for Burglary D amell (1994, p 116 orCharaem za and D eadm an

(1997,p178)).

One approach to building such am odel is to start from a com pletely general
Autoregressive D istrbuted Lag @ DL ) m odelw hich includes lags forall variables in
them odel. G wen the shortdata series and the num ber of explanatory variables usad,
an nidalm odel nvolving two Jags in the level of the dependentvariable and a single
lag foreach explanatory variable w as adopted . This w as recast nto an eror correction
form and then estam ated using the Sin s, Stock and W atson m ethod. Table 1 reports
this estim ated m odel.



TABLE 1

O rdinary Lieast Squares E stim ation
D ependentV ariable is ABurglary

G eneralM odel

A 1l variables in natural logarithm s

C oefficient tato P-value
A C onsum ption 09744 -1.6627 0108
A Conviction -04517 31553 0.004
A Dunmy 02098 32994 0.003
A T prisonm ent -02093 24978 0.019
A Police 21641 26622 0013
A Sentence 0.0557 06192 0541
A Unem ploym ent 02128 34079 0.002
A Y ouths 16759 15695 0128
Burglary (1) -02425 105313 0.000
A Burglary (1) 02167 26835 0.012
Consum ption 1) 11791 38425 0.001
Convicton (1) 0.0065 0.0453 0964
Dunmy 01252 21019 0.045
Tn prisonm ent (-1) -0.1038 -1.1905 0244
Thtercept -11 4531 -2 8815 0.008
Police (-1) 15199 -2 4540 0021
Sentence (-1) -0 2550 21056 0.044
Unem ploym ent (-1) 0.0291 05714 0572
Y ouths 1) 03037 10971 0282
N otes:

47 O bsarvations used forestm ation from 1952 t© 1998.

A 1l varables in natural logarittm s.

R® = 090105
S E.ofRegression

M ean ofDep Var= 0.04558

RSS = 0055343

A kaike Info.Crterion = 72 802
DW Statdstc 21343

Serial C onrelation
Functional Form

N om ality
H eteroscedasticity

RBar-Squared = 0.83743

= 004446

F-Stat. F(@18,28) 141645 (000)
SD.ofDepVar= 011027

Equation Log-likelihood = 91 802

c? () = 043939 (507)
c? () = 05896 (443)
c? @)= 07704 (680)
c? (L) = 0.04229 (837)

Schw arz Bayesian C riterion = 55 2256
Durbin’s hstatstic = -5528 (580)

F@,27) = 0255 (618)
F(,27) = 03430 (563)
N otA pplicable

F(1,45) = 0041 (841)



Thism odel provides a good fitto the sam ple data and passes the standard
diagnostic tests. The estim ated coefficients of the crim inal justice variables ndicate a
significantdeterrence role for these variables, and both unem ploym entand
consum ption appear to have som e explanatory pow er.

Forprediction from this estin ated m odel and those used subsequently, som e
assum ptions need t© bem ade regarding the values of the explanatory variables outside
of the sam ple period. These w ere as follow s:

Assumption 1. Al crinnal justice variEbles (convicton mate, probabiliyy of
In prisonm ent, sentence Jength, num ber of police) w ere setat theirvalues in 1998.

A ssum ption2 . Population projctions (ooth for totals and for the num ber of m ales
aged 15-24) were tgken from GAD (1999).

Totals:

UK 1996 (base) 58,801,000 2001 59,618,000
England and W ales 1996 ase) 52,010,000 2001 52,818,000
M ale Youths:

England and W ales 1996 ase) 3,290,000 2001 3,297,000

A ssum ption 3. Forecasts for housshold consum ption are Treasury forecasts used in
HORS 198.

H ouschold consum ption (percentage change from previous year)
1999 225% 2000 2.75% 2001 3%

A ssum ption 4. Forecasts for unem ploym ent are those m ade by the N ational Insttute
of Econom ic and SocialResearch WIESR, 2000)).

Unemploym ent (C Jain antC ount)
1999 1,246,000 2000 1,180,000 2001 1,212,000

W hilst the dem ographic forecasts suggestonly a an all rise in the toalnum ber
ofm ales aged 15-24 years over the forecastperiod, this conceals a predicted 6% rise
I the 15-19 yearold age band com pared to a 5% fall in the 2024 yearageband. If
the form er age group has a higher propensity t© comm itBurglary and Theft, the
forecasts from  this and subsequentm odels w i1l tend t© understate the dem ographic
effect.

The dynam ic forecasts for Burglary which result from the use of the
assum ptions and values above for the explanatory variables are given in Table 2 w ith
the H om e O ffice projections for Burglary In Table 3 . The forecasts reported here and
n Jater @bles arem ade under the ‘old mules’ operated by the police for counting of
offences rather than the new rules ntroduced in 1998.



TABLE 2

Burglary: Projctions 1999-2001 (Thousands)
G eneralM odel

PlusM mus Tw o Stendard Enors of Forecast)

Lower Median Upper AnnualChange & )

1999 906 0 10151 11374 +46

2000 903 2 10978 13344 +82

2001 942 6 1228 2 1600 4 +119
TABLE 3

HomeO ffice:HORS 198
Burglary : Projections 19992001

Number (m illions) AnnualChange & )

1997 102 (actual)

1998 097 (@ctual) -50
1999 1.02 +60
2000 114 +110
2001 128 +120

The m odel presentad here predicts recorded Burglary offences closely in Ine
w ith those given m HORS 198. The predictions for R esidential Burglary In D eadm an
(2000) Indicated a am aller rate of ncrease (though a sin ilar pattem) from a m odel
which, how ever, excluded the lagged dependent variable. This suggests that the
prokctons m ightbe quite sensitive t© m odel specification, an issue nvestigated here
and n Pudney (2000).

W ith a short data set of a m ulbcollnear nature, the general dangers of daa
m ining to select a final m odel are well known (eg. see Charam za and D eadm an
(1997, Chapter?2)).D egpite this, such activites are w idespread and m ay be perform ed
n anum berofw ays. Forexam ple, if a specification search is conducted starting from
the general model above which successively om its varidbles (or lnked pairs of
varables i both are ‘nsignificant’) based on the low est Studenttvalues (rbitarily
under 2 00), then the general model loses (n tum) the lagged conviction rate, the
change I the Jength of sentence variable, lagged unemployment, and the lagged
probability of Imprisonment. (The change in lagged consumption, m argnally
suggested for exclusion at stage four, was ret@ined because of other evidence
foarticulary from the tin e series m odelling) of its In portance.) This results n am odel
(Tablk 4) n which all variables are ‘significant’ at conventional levels and which
cany signs ‘expected’ from theory. (It appears from the exclusion of various lagged
term s that the m odel reported n HORS 198 for Burglary m ay also be the resultof a
soecification search). The inplications of gpecification searches for the confidence
htervals of forecasts have been explorad explicitly for Residential Buwglry by
Pudney 2000).



TABLE 4
O rdinary Lieast Squares E stim ation
Reduced M odel
D ependentV ariable is A Burglary
A 1l variables in natural logarittm s

C oefficient trato P-value
A C onsum ption -1.0390 21069 0.043
A Conviction -04811 -4 4745 0.000
A Dunmy 01828 32695 0.003
A T prisonm ent -01855 -2 5737 0.015
A Police -2 4589 34292 0.002
A Unem ploym ent 02203 41769 0.000
A Y ouths 14628 2.7586 0.010
Burglary (1) -02166 -4 2781 0.000
A Burglary (1) 02275 3.0032 0.005
Consum ption (1) 11473 52926 0.000
Dunmy 01857 39236 0.000
Thtercept -11 2330 38381 0.001
Police (-1) -16175 -3 4315 0.002
Sentence (-1) -02759 2.7292 0010
Y ouths 1) 04420 24674 0.019
N otes:

47 O bsarvations used forestm ation from 1952 t© 1998.
A 1l variables 1n natural logarittm s.

R? = 088941 R-Bar-Squared = 0.84103

S E.ofRegression = 0.04396 F-Stat. F(14,32) 18383(000)

M ean of DepVar= 0.04558 SD.ofDepVar= 011027

RSS = 0.06185 Equation Log-likelihood = 89 1895
Akaike Info. C riterion = 74 1895 Schw arz Bayesian C riterion = 60 3134
DW Stadstic 2.0451 Durbin’s h-statistc = 018107 (856)
Serial C orrelation c?® (L) = 00775 (781) F(,31) = 0051 (822)
Functional Form c? () = 00282 (867) F(,31) = 00186 (892)
N o ality c? @)= 020134 (904) N otA pplicable

H eteroscedasticity c? (@) = 0.0148 (903) F(,45) = 0142 (906)

Thism odel predicts Increases (T'able 5) 1 recorded Burglary som ew hat
greater than either those from  the general, unrestricted m odel above or those given in
HORS 198.



TABLE 5

Burglary: Projections 1999- 2001 (Thousands)
Reduced M odel

PlusM mus Tw o Stendard Enors of Forecast)

Lower Median Upper AnnualChange & )

1999 9416 10459 1246 2 +78
2000 9816 11696 13935 +118
2001 10702 13487 1699.7 +153

Tt is the presence of the enor conrection term  (represented by the presence of
the Jagged Jevel values of the variables m these m odels) which is driving up the
predictions of recorded Burglary from  the values experienced In them id 1990s. Tt is
notdue to the predictionsm ade for the consum ption, unem ploym entand dem ographic
variables (the crim nal justice variables w ere assum ed t© be unchanging over the
forecastperiod) . This can be dem onstrated by the estin atbon of a shortrun m odel
expressed purely n differences. Shortrun m odels of this type have been used by
others follow Ing the nfluentialw ork of Field (1990). Such m odels receive support
from several published exam ples I the em pirical literature relating t© econom ic
activity and crim e w hich have failed t© find the stable Jong run equilioriim
(cointegrating) relationship which isneeded to justify the use of enor-conrection
m odels. Exam ples of m odelswhich failed to find contegrating relationships mclude
Hale and Sabbagh (1991) forEngland and W ales and Beki, Zeclerberg and M ontfort

(1999) forthe N etherlands. Scorcu and C ellini (1998) only established sable long
mn relationships betw een econom ic activity and crin e for Ttialy when endogenously
determ ned regin e shifisw ere ncluded In the analysis.

A shortrun m odel excluding the ernror correction term butreaining an
hterceptw as estim ated for recorded Burglary as follow s (Table 6).



TABLE 6

O rdinary Lieast Squares E stim ation

ShortRun M odel

D ependentV ariable is A Burglary
A 1l variables in natural logarithm s

C oefficient tato P-value

A C onsum ption 24699 51252 0.000

A Conviction -05096 -4 0100 0.000

A Dunmy 02321 37173 0.001

A T prisonm ent -02598 31767 0.003

A Police -05956 -0.8552 0398

A Unem ploym ent 00751 13465 0186

A Y ouths 12335 24626 0018

A Burglary (1) 01615 17717 0.084
Thitercept 00733 41371 0.000
N otes:

47 O bsarvations used forestim ation from 1952 to 1998.
A 1l variables in natural logarittm s.

R? = 076156 R-Bar-Squared = 071136

S E.ofRegression = 0.0592 F-S@at. F@8,38) 15171 (000)
M ean of Dep Var= 0.0456 SD.ofDepVar= 011027
RSS=01334 Equation Log-likelihood = 71 134
Akailke Info.Criterion = 62 1343 Schw arz Bayesian C riterion = 53 8086
DW Statistic 14964 Durbin’s hrstatistic = 2 2109 (027)
Serial C onelation c? () = 4591 (032) F@,37) = 4005 (053)
Functional Form c* () = 0777 (780) F@,37) = 0613 (806)
N om ality c’ @)= 15795 (454) N otA pplicable

H eteroscedasticity c? (@) = 7981 (372) F@,45) = 7773 (383)

The forecasts which result from the use of thism odel togetherw ith the
assum ptions above for the values for the explanatory variables are (Table 7):
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TABLE 7
Burglary : Projections 1999-2001 (Thousands)
ShortRun M odel
PlusM mus Tw o Stendard Enors of Forecast)

Lower Median Upper AnnualChange & )

1999 8651 9773 11041 +038
2000 8695 983.7 11129 +0.7
2001 881.7 998 3 11302 +15

The predictions above are quantiatively quite different from those which have
nvolved the use of error correction . W ithout the assum ption thatBurglary w i1l retum
o a Jong nun path, even the forecast rise In unem ploym entand the num ber of youths
n the selected age band are insufficient to do m uch m ore than give a an all predicted
rise In the num ber of recorded Burglaries from the level ataned 1n 1998.

The pattermn of predictions from the shortun m odel is sensitive t© w hether or
notan ntercepttem is ncluded In the shortrun m odel. For com parison, Table 8
repors pradictions w hen the ntercept term  is excluded from  the m odel reported In
Table 6.

TABLE 8
Burglary : Projectons 1999- 2001 (Thousands)
ShortRun M odel: InterceptExcluded
PlusM nus Tw o Standard Enors of Forecast)

Lower Median Upper AnnualChange & )

1999 8059 9289 10706 42
2000 7683 889 8 10305 -4 2
2001 7399 8581 9950 36

W ithout the effect of a positive htercept, the predictions reflect the recent falls
n recorded Burglary . H ow ever, as w ith the shortmun m odelw ith an ntercept, the
pradicted changes are relatively an all, egpecially In com parison w ith those generated
by m odels which inclide an enror correction term .

W hether it is an outcom e from a shortun m odel or thatpredicted by the enror
correction m odels which com es o pass (orneither!) can be seen as a testof the utdlity
of enor correction m odels in the m odelling of recorded Burglary goecifically, and
perhaps recorded crin e In general.

C onclusions from econom etric estim ation

1) Sihgle equation eror correction m odels to m odel recorded Burglary are justified
on the basis of contegration analysis.

2) Both econom ic variables ({Unem ploym entand H ocusehold C onsum ption) and
crin inal justice variables have a role 1 this sihgle equation m odelling.

11



3) The dissggregation of recorded Burglary into R esidential Burglary and N on-
R esidential Burglary is relatively unin porant in the forecastprofile of this
category, as Judged by the results here in com parison w ith those in D eadm an

(2000).

4) Theprocessof ‘reducing’ generalm odels through specification searches results
n m odelsw ith quite different forecast levels over the forecastperiod, and Jeads t©
forecasts w ith w ide confidence ntervals.

5) The error correction specification h the single equation m odels is the principal
reason for these m odels predicting rising recorded Burglary over the forecast
period rather than the assum ptionsm ade about the future path of explanatory
variables.

6) The differences betw een the variablesused m HORS 198 and those used here in
ernor correction m odels do not Jead to substantial differences in the forecasts from
the m odels. This suggests it is the dynam ic stuctures of them odelswhich is
driving the forecasts.

Theft and H andling of Stolen G oods

HORS 198 (20) states that there is Jess confidence in the Theftm odel com pared t©
that for Burglary . This finding is replicated in the results below .

C ontegration analysis

This analysis, carred outas described forBurglary above, failed t© delivera clear
resulton the num ber of contegrating vectors involved in Theft. The analysis
conductad w ith unrestricted tercepts and no trends provided no hterpretable choice
for the num ber of colntegrating vectors () n any case where the orderof the VAR

w as greater than one, and conflicting results = 1 orr= 2) forthe VAR (1) m odel.
The analysis for the preferred specification (that is, preferred on technical grounds
(see Peseran and Peseran (1997), p 436)) which has restricted intercepts and no ttends

pointed t© tw o cointegrating vectors, suggesting thata single equation approach to

m odelling Theft could be nappropriate.

R ather than pursue the analysis for the ‘all theft! category (though for
com parison, single equation results for this are inclided at the end of this section), it
w as thought to be potentially m ore rew arding to disaggregate  this heterogeneous
category. V ehicle crim e is currently 50% of the total, butwas only 12% i 1950.

A dditionally, vehicle crim e typically does not nvolve prison sentences so that the
crim nal justice variables used when m odelling ‘all theft! are napproprate foran
In porantsub-group w ithnn the category .

A ccordingly, besides producing forecasts for ‘all theft’ using whatm ay be an
happropriate enor correction single equation approach, w e have done som e
ntoductory m odelling of ‘non vehicle theftr @1l theftm nus vehicle theft) and
vehicle theft separately. M ore w ork neads to be done on these sub-groups, probably
using a finer disaggregation than thatconsidered here. A s data on neither sentence
Jength norprobability of in prisonm entw ere available fornon vehicle theft, the

12



corresponding data for ‘all theft! w ere used as proxies. B oth variables w ere excluded
forvehicle crim e.

C omtegration analysis fornon vehicle theft follow ed a pattem sin ilar to that
for the aggregate category . Fora contegrating VAR (1) m odelw ith restricted
htercepts and no trends, tw o contegrating vectors w ere Indicated by elgenvalue,
trace, SBC and HQC tests. Further analysis hdicated thatan enror-correction equation
fornon vehicle theft could be established, but that the enor-correction m odels for the
otherpotentially ‘endogencus’ variables w ere uninform ative. A parallel analysis of a
m odelw ith unrestricted Intercepts and no trends yielded sim ilar results. A Jthough the
resuls Indicate thata shgle equation m odelm ay be happropriate n this case,

w hether Avhere the sim ultaneity exists w ithin the group of crim inal justce variables
ram ains an unresolved issue.

The results of the estim ation of a ‘general’ single equation enror- correction
m odel fornon vehicle theft is given In Table 9 w ith the associated forecasts In Table
10. The coregponding results foram odel fornon vehicle theftanrived ataftera
specification search of the type discussed earlier are reported In Table 11 w ith
corresponding forecasts n Table 12.

13



TABLE 9

O rdinary Lieast Squares E stim ation

D ependentV ariable is A Non V ehicle Theft

G eneralM odel

A 1l variables in natural logarithm s

C oefficient tato P-value

A C onsum ption -1.0316 -3.1290 0.004
A Conviction -01246 -0.8306 0413
A Dunmy -0.1666 34873 0.002
A T prisonm ent -01345 25325 0.017
A Police -09880 -1.8544 0074
A Sentence -0.0594 -04833 0633
A Unem ploym ent 0.0326 08418 0407
A Y ouths 22130 43259 0.000
Consum ption (1) 04223 20243 0.053
Conviction (-1) -0.1285 -11599 0256
Dunmy 00573 0.8999 0376
Tn prisonm ent (1) -0.1447 -3.0892 0.004
Thitercept -35333 12089 0237
Non Veh Theft (1) -03023 -4 2893 0.000
A NonVeh Thit(1) 01786 13018 0.082
Police (-1) -03800 -0.8097 0425
Sentence (-1) 01194 -1.0661 0295
Unem ploym ent (-1) -0.0270 -09100 0371
Y ouths 1) 04257 31640 0.004
N otes:

47 O bservations used forestim ation from 1952 t© 1998.

A 1l variables in natural logarittm s.

R? = 086594

S E.ofRegression = 0.02938
M eanofDepVar= 0022

RSS = 0024171

Akaike Info.C riterion = 92 27

DW Statstic 23673

Serial C onrelation
Functional Form

N om ality
H eteroscedasticity

R-Bar-Squared = 0.77977

F-Stat. F(18,28) 10.048 (000)

SD.ofDepVar= 00626
Equation Liog-likelihood = 111 270

Schw arz Bayesian C riterion = 74 69

Durbin’s h-statistic = -1.7163 (361)

c’ () = 31344 (077)
c® () = 06509 (420)
c’ @)= 04339 (805)
c’ () = 00322 (858)
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F@,27) = 1929
F@,27) = 03792
N otA pplicable

F(,45) = 0031

(176)
(543)

(861)



TABLE 10
N on V ehicle Theft Projections 1999- 2001 (Thousands)
G eneralM odel
(PlusM nus Tw o Standard Enors of Forecast)

Lower Median Upper AnnualChange & )

1999 10179 11111 1212 8 +4 4%

2000 995 8 11577 13458 +4 2%

2001 9850 1204 5 1472 8 +4 0%
TABLE 11

O rdinary Least Squares E stm atbon
D ependentV ariable is A Non V ehicle Theft
Reduced M odel
A 1l variables In natural Jogarittm s

C oefficient trato P-valie
A Consum ption -13021 54383 0.000
ADunmy -0.0820 25133 0017
A T prisonm ent -01394 32794 0.002
A Y ouths 1.8359 56423 0.000
Consum ption 1) 04328 6.7765 0.000
Dunmy -0.0568 22269 0.032
T prisonm ent(-1) 01117 39452 0.000
Thtercept -16142 -5.0328 0.000
Non Veh Theft (1) -03254 -6 9166 0.000
A NonVeh Thit (1) 02158 27274 0010
Y ouths (1) 02860 33817 0.002

N otes:

47 O bsarvations used forestm ation from 1952 t© 1998.
A 1l variables in natural logarittm s.

R” = 082484 R-Bar-Squared = 077618

S E.ofRegression = 0.02962 F-Stat. F(10,36) 16952 (000)

M ean of Dep Var= 0.022 SD.ofDepVar= 00626

RSS = 0.03158 Equation Log-likelihood = 104 985

A kaike Info.Criterion = 93 985 Schw arz Bayesian C riterion = 83 809
DW Statstc 21494 Durbin’s h-statstc = -0.6097 (542)
Serial C onrelation c? () = 05357 (464) F(,35) = 0404 (529)
Functional Form c? @) = 1582 (209) F(,35) = 12187 (277)
N orm ality c? @)= 00673 (967) N otA pplicable

H eteroscedasticity c’ () = 00227 (880) F@,45) = 00217 (884)
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TABLE 12
N on V ehicle Theft Projections 1999- 2001 (Thousands)
Reduced M odel
PlusM mus Tw o Stendard Enors of Forecast)

Lower Median Upper AnnualChange & )

1999 10172 1094 6 12285 +2 8
2000 9979 11200 12570 +23
2001 997.7 11482 13214 +25

Com pared o the generalm odel, this reduced m odel in parts am ore m ild uptum t©
forecasted recorded net theft values tow ards the end of the forecastperiod.

T a fashion sim ilar to that fornon vehicle theft, a contegrating VAR analysis
forvehicle crine (theftof and theft from a vehicle) w as undertaken, treating the
conviction rate and the num ber of police as potentially endogenously determ ined w ith
the num ber of recorded offences. A s explained above, the probability of
In prisonm entand Jength of sentence variables w ere excluded from  the analysis. Two
contegrating vectors w ere Indicated for VAR (1) m odels w ith unrestricted or
restricted ntercepts and no trend. The estdeterm hed’ unrestricted VAR equations
(Judged by tratos) w ere forvehicle crim e and the conviction rate forvehicle crim e.
W hether this is the source of the apparent sim ultaneity betw een the variables requires
further study .

Follow Ing the approach fornon vehicle crim e, single equation eror correction
forecasts w ere m ade forvehicle crim e, both w ithoutand follow Ing a specification
search.

Tables 13 and 14 report the estim ated generalm odel and forecasts from thism odel,
and Tables 15 and 16 do the sam e for the m odel resulting from a gpecification search.
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TABLE 13

O rdinary Least Squares Estm atbon

D ependentV ariable isA VehicleCrin e

G eneralM odel

A 1l variables in natural logarithm s

C oefficient tato P-value

A C onsum ption 02191 -03127 0.757
A Conviction -03948 -2 4983 0018
A Dunmy 05336 4 6463 0.000
A Police 18236 -19683 0.058
A Unem ploym ent 0.0877 12874 0207
A Y ouths 19343 22421 0.032
Consum ption (1) 11406 42582 0.000
Conviction (-1) 01564 15226 0138
Dunmy 00113 01071 0915
Thitercept -6 8672 -13434 0189
Police (-1) -0.7194 -09017 0374
Unean ploym ent (-1) -0.0019 -0.0282 0978
VehicleCrime (-1) -0.1589 -1.8914 0.068
AVeéhCrme (1) 01950 16593 0107
Y ouths 1) 03514 1.0823 0287

N otes:

47 O bsarvations used forestim ation from 1952 to 1998.

A 1l variables n natural Jogarithm s.

R” = 079455 R-Bar-Squared = 0.70466

S E.ofRegression = 0.05543 F-Stat. F(14,32) 88396 (000)

M ean ofDepVar= 006222 SD.ofDepVar= 01020

RSS = 0.09832 Equation Log-likelihood = 78 296

A kaike Info.Crterion = 63 296 Schw arz B ayesian C riterion = 49 420

DW Statstic 2.0844

Serial C ornelation c® (@) = 05600 (454)
Functional Fom c’ () = 0271 (603)
N om ality c’ Q)= 03865 (824)
Heteroscedasticity ¢ (1) = 06183 (432)
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F(@,31) = 0374
F(@,31) = 01797
N otA pplicable

F(,45) = 5999

Durbin’s hrstatistic = -0 4883 (625)

(545)
(675)

(443)



TABLE 14
V éhicle C rim e Projections 1999- 2001 (Thousands)
G eneralM odel
(PlusM nus Tw o Stendard Enors of Forecast)

Lower Median Upper AnnualChange & )

1999 10698 12344 14245 +152

2000 11393 14755 19110 +195

2001 12558 17861 25404 +211
TABLE 15

O rdinary Least Squares E stm atbon
D ependentV ariable isA VehicleCrin e
Reduced M odel
A 1l variables In natural Jogarittm s

C oefficient tato P-value
A Conviction -04689 -4 6927 0.000
A Dunmy 06596 8.7553 0.000
A Y ouths 15776 25521 0015
Consum ption (1) 09626 52023 0.000
Conviction (-1) 01851 3.7906 0.001
Dummy -0.0659 -12105 0234
Thitercept -3 2157 54133 0.000
VehicleCrine (1) 01764 -4 2439 0.000
AVehCrme 1) 02336 26039 0013

N otes:

47 O bservations used forestm ation from 1952 t© 1998.
A 1l variables In natural Jogarittm s.

R* = 076609 R-Bar—Squared = 0.71684

S E.ofRegression = 005428 F-Stat. F(8,38) 15557 (000)

M ean of DepVar= 006222 SD.ofDepVar= 01020

RSS=01119 Equation Log-likelihood = 75 248
Akaike Info.Criterion = 66 248 Schw arz Bayesian C riterion = 57 923
DW Statstc 20773 Durbin’s hstatistic = -0 3360 (408)
Serial C onelation c® () = 04006 (527) F(@,37) = 0318 (576)
Functional Form c? () = 04429 (506) F(,37) = 03520 (557)

N om ality c’ @)= 03690 (832) N otA pplicable
Hetmroscedasticlty  ¢® () = 07171 (397) F(@,45) = 0697 (408)
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TABLE 16
V éhicle C rim e Projections 1999- 2001 (Thousands)
Reduced M odel
(PlusM Tnus Tw o Standard Erors of Forecast)

Lower Median Upper AnnualChange & )

1999 10814 12320 15378 +14 9
2000 1178 2 14707 18357 +194
2001 13106 17574 2356 5 +195

Forboth non vehicle theftand vehicle crim e, purely shortun m odels
(excluding the error correction term but ncluding an htercept) m ay be estim ated and
used for forecasting. Tables 17 and 18 give the m odel and forecasts fornon vehicle

theftand Tables 19 and 20 forvehicle crin e.
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TABLE 17
O rdinary Lieast Squares Estim ation
D ependentV ariable is A Non V ehicle Theft
ShortRun M odel
A 1l variables in natural logarithm s

C oefficient trato P-value
A C onsum ption -1.8426 -4 6359 0.000
A Conviction -01628 -13730 0178
A Dunmy -01168 24176 0021
A T prisonm ent -01585 -2 6855 0011
A Police -0.0447 -0.0857 0932
A Sentence -0.0918 06122 0544
A Unem ploym ent -0.0353 -0.8104 0423
A Y ouths 08205 20906 0.043
Thtercept 0.0583 44788 0.000
A NonVehThit (1) 01615 12483 0220

N otes:

47 O bservations used for estim ation from 1952 t© 1998.
A 1l variables in natural logarittm s.

R? = 060322 R-Bar—-Squared = 0 50671

S E.ofRegression = 0.04397 F-Stat. F(©,37) 62501 (000)

M ean of DepVar= 0.0220 SD.ofDepVar= 00626

RSS =0.07154 Equation Log-likelihood = 85.7695

A kaike Info.Crterion = 75.7695 Schw arz Bayesian C riterion = 66 5187

DW Statstic 1.0988 Durbin’s h-statistic = 6 6938 (0.000)

Serial C onelation c? @) = 1291 (000) F(,36) = 1364 (001)

Functional Form c’ (@) = 351 (061) F(,36) = 29052 (097)

N om ality c? Q)= 7638 (022) N otA pplicable

H eteroscedasticity c? () = 08146 (367) F(,45) = 0794 (378)
TABLE 18

N on V ehicle TheftProjections 1999-2001 (Thousands)
ShortRun M odel
(PlusM Tnus Tw o Stendard Errors of Forecast

Lower Median Upper AnnualChange & )
1999 10016 1080.7 11985 +15
2000 10035 10995 1204 7 +17
2001 10196 1117 4 1224 4 +16
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TABLE 19
O rdinary Least Squares E stim atbon
D ependentV arieble isA VehicleCrin e
ShortRun M odel
A llvariables n natural logarithm s

C oefficient tratio P-value
A Consum ption -09004 14591 0153
A Conviction -04408 33270 0.002
A Dunmy 05586 51727 0.000
A Police -03075 -03499 0.728
A Unem ploym ent -0.0309 -04815 0633
A Y ouths 1.7648 28723 0.007
Thtercept 0.0480 21186 0.041
AVéehicleCrime (-1) 02040 1.7812 0.083

N otes:

47 O bsarvations used forestm ation from 1952 t© 1998.
A 1l variables in natural Jogarittm s.

R? = 057935 R-Bar-Squared = 050384

S E.ofRegression = 00718 F-Stat. F(7,39) 76733 (000)

M ean ofDepVar= 00622 SD.ofDepVar= 01020

RSS = 020131 Equation Log-likelihood = 61 456

Akaike Info. Criterion = 53 456 Schw arz Bayesian C riterion = 46 056

DW Stadstic 12965 Durbin’s h-statistdc = 3 .895 (000)

Serial C onrelation c? () = 92502 (002) F(,38) = 9312 (004)

Functional Form c? () = 0466 (495) F(,38) = 03805 (541)

N omm ality c’R)= 09279 (629) N otA pplicable

H eteroscedasticity c? () = 13406 (247) F(,45) = 1321 (256)
TABLE 20

V eéhicle C rin e Projections 1999- 2001 (Thousands)
ShortRun M odel
PlusM mus Tw o Stendard Enors of Forecast

Lower Median Upper AnnualChange & )
1999 945 4 1096 2 12711 +23
2000 9716 11299 13139 +31
2001 9983 11620 13525 +2 8
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Ttisusefiil to com pare the forecasts cbtained from disaggregation to those
obtained from the use of aggregate Theft directly . The total forecasted recorded Theft
and H andling offences from shortrun m odels w hich disaggregate this category Into
non vehicle and vehicle crim e is sin ilarto thatobtaned from a shortn m odelof the
com plete category (* Theft’) directly. Tables 21 and 22 report the estim ated shortmun
m odel and associated projections for Theftand H andling of Stolen G oods.

TABLE 21
O rdinary Least Squares E stm atbon
D ependentV ariable isA Theft
ShortRun M odel
A 1l variables in natural logarittm s

C oefficient trato P-valie
A C onsum ption -1.7133 -4 2878 0.000
A Conviction -03756 32963 0.002
A Dunmy 0.0380 0.7659 0449
A T prisonm ent -01928 31168 0.004
A Police -0.0551 -0.0995 0921
A Sentence 01621 -1.0406 0305
A Unem ploym ent -0.0428 -0 9696 0339
A Y ouths 08226 20357 0.049
Tntercept 0.0502 36594 0.001
A Theft 1) 03083 25785 0014

N otes:

47 O bsarvations used forestm ation from 1954 t© 1998.
A 1l variables in natural Jogarithm s.

R? = 064656 R-Bar—Squared = 0 56059

S E.ofRegression = 0.04561 F-Stat. F©,37) 75208 (000)

M ean ofDepVar= 0.0338 SD.ofDepVar= 00688

RSS =0.07698 Equation Log-likelihood = 84 0482

A kaike Tnfo.Crterion = 74 048 Schw arz B ayesian C riterion = 64.797
DW Statstc 11621 Durbin’s hstatstic = 50147 (297)
Serial C onelation c’ @) = 1003 (002) F(,36) = 9763 (004)
Functional Form c? () = 4066 (044) F(@,36) = 3410 (073)
N om ality c’ @)= 3294 (193) N otA pplicable

H eteroscedasticity c’ (@) =1135 (287) F@,45) = 1114 (297)

22



TABLE 22
Theft Projctions 1999-2001 (Thousands)
ShortRun M odel
PlusM nus Tw o Standard Enors of Forecast)

Lower Median Upper AnnualChange & )

1999 19780 21700 23850 +15
2000 19939 22002 24279 +13
2001 20158  2226.7 2459 8 +12

A sw ith recorded Burglary, thism ild uptum n forecast Theft from am odel
w hich om its the enror-conrection term but includes an Interceptm ay e com pared w ith
a short mun m odelw hich om its the intercept. Table 23 reports the predictions from  this
ltterm odel.

TABLE 23
Theft Projections 1999- 2001 (Thousands)
ShortRun M odel: Ihtercept Excluded
(PlusM dnus Tw o Standard Enors of Forecast)

Lower Median Upper AnnualChange & )

1999 18902 21010 23351 138
2000 182377 20502 23047 24
2001 17690 1995.7 22514 2.7

Forecasts from either of these shortrun m odelsm ay be com pared w ith the
forecasts fiom a general (unrestricted) single equation error- correction m odelora
m odel resultng from a specification search . Tables 24 and 25 report the estim ated
generalm odel for Theftand associated forecasts and Tables 26 and 27 those for the
recduced m odel.
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TABLE 24

O rdinary Least Squares E stim ation
D ependentV ariable is A Theft

G eneralm odel

A 1l variables in natural logarithm s

C oefficient tratio P-value
A C onsum ption -1.0465 31592 0.004
A Conviction -03186 23381 0.027
A Dunmy -0.0688 -14596 0156
A T prisonm ent -01708 32572 0.003
A Police -1.0096 -1.7867 0.085
A Sentence -0.1096 -0.8592 0398
A Unem ploym ent 0.0407 1.0039 0324
A Y ouths 23616 40858 0.000
Consum ption (1) 04819 20340 0.052
Conviction (-1) 01714 -14737 0152
Dummy 01049 16917 0102
Tn prisonm ent (1) -01628 -33903 0.002
Thitercept 42508 -13639 0183
Police (-1) 04728 -09521 0349
Sentence (-1) -01070 -09436 0353
Theft (-1) -03201 -4 3456 0.000
A Theft 1) 02436 26373 0013
Unem ploym ent (-1) -0.0116 -03350 0.740
Y ouths 1) 04833 31971 0.003
N otes:

47 O bsarvations used forestm ation from 1952 t© 1998.

A 1l varables in natural logarittm s.

R? = 088331

S E.ofRegression =
M ean ofDepVar= 0.0338

RSS = 002541

A kaike Info.Crterion = 91 091
DW Statstic 23021

Serial C onrelation
Functional Form

N om ality
H eteroscedasticity

RBar-Squared = 0.8083

003012

F-Stat. F(18,28) 11.775 (000)
SD.ofDepVar= 00688

Equation Log-likelihood = 110.091

c? () = 22412 (134)
c’ () = 00274 (869)
c’ @)= 2173 (337)
c’ () = 01511 (697)
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Schw arz Bayesian C riterion = 73 514
Durbin’s h-statistic = -1 3378

F@,27) = 1352 (255)
F@,27) = 00157 (901)
N otA pplicable

F(1,45) = 0145 (.705)



TABLE 25
Theft Projections 1999-2001 (Thousands)
G eneralM odel
PlusM mus Tw o Stendard Enors of Forecast)

Lower Median Upper AnnualChange & )

1999 20026 21990 2414 8 +29

2000 19301 22808 26952 +37

2001 18933 23723 29725 +4 0
TABLE 26

O rdinary Least Squares E stim ation
D ependentV ariable is A Theft
Reduced M odel
A 1l variables in natural logarithm s

C oefficient trato P-value
A Consum ption -1 2568 54093 0.000
A Conviction -03563 -39554 0.000
A Dunmy -0.0463 -11133 0273
A Tn prisonm ent -0.1702 -3.9300 0.000
A Y ouths 26167 56267 0.000
C onsum pton (-1) 03000 23553 0024
C onviction (-1) 02266 26979 0011
Dunmy 0.0868 18696 0070
Thtercept -1 6600 51712 0.000
Tm prisonm ent (-1) 01431 47465 0.000
Theft (1) 03693 72858 0.000
A Theft 1) 02576 34471 0.002
Y ouths 1) 04074 35982 0.001

N otes:

47 O bsarvations used forestm ation from 1952 t© 1998.
A 1l variables 1 natural logarittm s.

R? = 086616 R-Bar-Squared = 0.81892

S E.of Regression = 0.02928 F-Stat. F(12,34) 18336 (000)

M ean of DepVar= 0.03382 SD.ofDepVar= 064881

RSS = 0.02915 Equation Log-likelihood = 106 868
Akaike fo.Criterbn = 93 868 Schw arz Bayesian C riterion = 81 841
DW Statistic 21596 Durbin‘s hstatistic = -0 6369 (524)
Serial C onelaton c® () = 08618 (353) F(,33) = 0616 (438)
Functional Form c’ ) = 0217 (642) F(@,33) = 01526 (699)
N om ality c’ @)= 11277 (569) N otA pplicable

H eteroscedasticity c’ () = 0660 (417) F@,45) = 0641 (428)
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TABLE 27
Theft Projctions 1999-2001 (Thousands)
Reduced M odel
(PlusM nus Tw o Standard Enrors of Forecast)

Lower Median Upper AnnualChange & )

1999 19847 21480 2324 6 +05
2000 19013  2166.7 24693 +08
2001 18545 21892 2584 4 +10

For com parison w ith the forecasts presented in this section, HORS 198 (o 15)

repors the follow Ing central projctions for Theftand H andling of Stolen G oods
(Table 28):

TABLE 28
HomeO ffice:HORS 198
Theft: Projections 19992001

Number m illions) AnnualChange & )

1997 217 actual)

1998 214 (ctual) -10

1999 233 +90

2000 265 +140
2001 305 +150

C onclusions from econom etric estm ation

1)

Sngle equation error correction m odels for Theftand H andling of Stolen
G oodsm ay be happropriate on the basis of comtegration tests.

W hy this category of recorded crim e appears t© exhibitm ore than one
contegrating vector ram ains unclear. D isaggregating the category into non
vehicle theftand vehicle crim e fails to resolve the issue.

T sihgle equation enor correction m odels, both econom ic varables and
crim nal justice variables gppear to have a ole to ply.

Looking atm edian projctons, forecasts of Theftlbased on aggregating
forecasts from enror correction m odels of non vehicle theftand vehicle crim e
separately are sin ilbr to the Jevels reported n HORS 198 whetherornot
soecification searches are utilised. From them odels estim ated, Vehicle Crin e
is forecast to rise m ore rapidly than N on V ehicle Theft, though m ore w ork is
needed on this breakdown.

26



5) E conom etric error correction m odels of Theftbased on aggregate data directly
produce m edian forecastsw ellbelow those n HORS 198.

6) Short Run m odels w hich exclide enor correction term s generally give rise t©
Jow er forecast values than m odels w hich include such temm s.

7) N o m odels gave rise to forecastvalues as large as those N HORS 198 by the
end of the forecastperiod.

8) A I1m odels produce stendard errors of forecastw hich in ply a large range of
uncerainty for the forecastvalues

Tin e SerdesM odelling

O new ould notexpect traditional tim e-seres forecasting m odels, such as B ox-Jenkins
m odels, t© replicate the above predicted pattems for recorded crim e given the

assum ptionsm ade about the future sate of the econom v (consum ption and

unem ploym ent) and the relatively an all forecast increase In the num ber of m ales aged
15 to 24 over the forecastperiod. Stationary univariate B ox-Jenkins ARIM A ) m odels
produce optdm al m inin um m ean squared enor) forecasts that revertquickly o the

m ean of the process, which are therefore only intended for short mun forecasts.

H owever, such m odels are useful for cbtaining an inital specification of the noise
com ponentofm ultivariate ttansfer fimction m odelswhich allow for the influence of
hdependent variables and hence are available for lJonger min forecasting.

The autoconelation fincton (@ct) of the Jog of Burglary show s a clearly
nonstationary series and the tin e series plotreveals the structural (recordng) break I
1968. A Tthough the break is Jess evident In the Theft series, it is still the case that this
seriesm ay have been affected by the change In recording practice follow ing the Theft
Actof1968.Deadman (2000) has shown that the identification of tin e seriesm odels
forR esidential Burglary wasm ore sttaightforw ard if the series used had been adjusted
for the effects of the Theft A ctprior to analysis. A ccordingly, in the dentification
stages of tim e serles m odelling below , the series for Burglary and Theftused n
HORS 198 w ere utilised . H ow ever, the estin ation of the finalm odels selected and the
forecasting from these m odels w as done using the original unadjusted) series
togetherw ith a dumm vy variable t© allow for the break @End is therefore consistent
w ith the econom etric results above) . A 11 tin e seresm odels w ere centered before
estin ation.

Follow ing the m ethodology firstproposed by Box and Jenkins (1970) (see
also M cl.eod (1982) and Vandaele (1983)), separate univariate m odels w ere built for
each of the Independentvariables. These w ere used forprew hitening the output
variable In the dentification stage ofm odelling in a ‘piece-m eal’ fachion to gpecify
the com plete transfer finction m odel. This approach m ay be expected t© w ork quite
w ell in the m ultple nputcase provided the independentvariables are only w eakly
related (seeM dlls (1990, p 261). A s each variable is differenced for stationarity, this
requiram ent is generally m et, asm ay be seen from  the sam ple conelations of the
differences of the natural Jogarittim s of the variables in Table 30:
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TABLE 30
Sam ple C onelations of explanatory variables, 1951-98

Un [Con|Men|Pol |Bcr |Bin | Bse | Ter | Tin | Tse
Un |100|-36]| 30 58 | 02 | 16 | -08| 08 | -05| 03
Con|-36(100| 04 |-20| 11 | -07|-01|-10]|-06]| 18
Men| 30 | -04|100]| 22 09 | -04| -26| 08 | -00 | -29
Pol | 58 | -20| 22 [100| 28 | 07 | -22| 25 | -01]| -08
Bcr | 02 | 11 | 09 28 [100|-08]| 12
Bin | 16 [ -07 | -04 | 07 | -08|100| -05
Be | -08| 01 |-26|-22| 12 |-05|1.00

Tcr | 11 [ -10] 08 | 25 100 03 | 11
Tin | -05]|-06| 00 | -01 03 | 1.00| -48
Tse | 03 | 18 | -29 | -08 11 | -48 100

Key: Un:Unenployment
C on:C onsum ption
M en:M alesaged 1524
Pol: Police N um bers
Bcr (Tcr): Burglry (Theft) Conviction rate
Bin (Tin):Burlary (Theft) In prisonm entrate
Bese (T'se): Burglary (Theft) Sentence Length

Transfer function m odelling is particularly suited to situations w here there is
onew ay causation betw een Inputs and the outputvariable, w ith no possibility of
feedback effects. A Irerations In consum ption, unem ploym entand the age structure
variable m ay have contam poraneous or future effects on recorded crim e, butw illnot
them selves be affected by it. H ence, for these variables, w hen using cross conrelation
fimctions (ccf’s) betw een prew hitened Inputand outputvariables form odel
dentification, only the pattem of cross conelation coefficients at zero and positive
lagsw ill be of nterest. H ow ever, cross conrelation coefficients atboth negative and
positive Jagsw ill be of nterest for the crim nal Justice variables if feedback effects are
present.

T In e Series Analysis of Burglary

U sing sam ple data from 1950 to 1998, a parsin onious choice fora univariate m odel
for the Jogarittm s of the firstdifferences of the series used by the Hom e O ffice for
Burmglary couldbea sinple AR (1) process. H ow ever thism odel exhibited a slight
problem of ‘large’ (though satistically insignificant) spikes n the acf and pacf of the
residuals atlag 4. Thisproblam is easily ‘solved’ by m eans of the inclusion of an
MA 4) mm I them odel. The resulting m odel’s residuals are acceptable as white
noise’, as they exhibited no significant acf orpartial autoconelation finction act)
coefficients, no pattem, and a statistically significantL.BQ (L jung-Box) statistic of
12 atlag 20.Thism odel isusad t form the noise specification of the mitbial tansfer
fimction m odel chosen afterprew hitening analysis for the explanatory variables in
the m odel has been undertaken . Tnclusion ofan M A @) term in the finalm odel
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specification left forecast values virtually unchanged com pared w ith m odels which
excluded this term how ever.

Unwarate models w ere constructed and estim ated for the Jogarittm s of the
first differences of each of the econom ic, dem ographic and crim inal justice variables
used In the earlier econom etric analysis. These m odels w ere used in tum to filter the
Jogarithm s of the firstdifferences of the H om e O ffice Burglary series to identify

(clarify) the dynam ics betw een the explanatory variables and Burglary .

Unem ploym entand the Y ouths variable w erem odelled by AR ) processes, and
Consum ption by an AR (1) process. The approprate m odel for Police w as Jess clear,
and a num ber of autoregressive altermatives w ere adopted. An AR (2) m odel for the
conviction rate w as possibly Indicated, butno convincing m odels for either the
probability of im prisonm ent or sentence Jength suggestad them selves. ‘Best! m odels
appeared o bean AR (1) m odel for the form erand a satistically sound but
unconvincing M A (5) m odel for the Jatter. The Jack of convincing univariate m odels
for the crim inal justice variables does not mile out their appearance in a m odel t©
explain Burglary as thesem odels are only used t© provide an hital view ofm odel
soecification. Subsegquentm odelling m ay w ell alter the nitial view s about the form
and In pact (ifany) of any of the explanatory varables nvestigated at this stage.

The adopted univarate m odels w ere used to prew hiten the Burglary series
used N HORS 198 and the cross conrelation finctons  (ccfs) betw een the prew hitened
Tputs and outputs calculated . For the unem ploym entvariable there w ere significant
positive ccf coefficients at Jags —1 and 0. U nless recorded crim e rises are a Jeading
ndicator forunem ploym ent, only the contam poraneous effect is of nterest for the
transferm odelling . For consum ption, there is a m arked contam poraneous effect
ndicated, w ith other ‘large’ butnot significant coefficients at Jow positive lags. This
suggests that the effects of this variablem ay be soread outover tim e. The only
significant ccf coefficient for the dam ographic variable is an unconvincing negative
coefficient at g 2 . There w ere no significant ccf coefficients for the police variable
which is om ited from the transfer finction m odelling . The conviction rate exhibited a
significantnegative ccf coefficientatlag 0, a result thatw as constantacross a variety
ofm odels usad for this variable In the prew hitening exercise. The ccf for the
probability of im prisonm ent suggested effects at lags 0 and 1, and the sentence length
ccf suggested a one period lag for the nitalm odel. W ith these in plied effects
togetherw ith an nitdal AR (1) noise process suggested by the univariate m odel for
recorded Burglary, the nitial tramsferm odelw as estim ated and is given in Table 31.
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TABLE 31
Transfer Function E stim ation
D ependentV arieble is ABurglary
Thital M odel
A 1l variables n natural logarittm s

C oefficient trato
A Burglary (-1) 0.7390 622
A Consum ption -18730 355
A Conviction -05153 515
A Dunmy 02287 352
A Tm prisonm ent -01810 207
A T prsonm ent (1) -0.1798 -1 96
A Sentence (-1) -02024 235
A Unemploym ent 01009 223

Sample: 1951-1998
RM S=0.003718
LBQ =31 atlag 20.

Forthism odel, the ResidualM ean Square RM S) is substentially below that
for the univariate m odel for recorded Burglary . There w ere no high conelation
coefficients betw een the param eter estim ates (the highestw as —0 386) o that
'm ultcollnearity does notappear to be a problan . H ow ever, the m odel fails to pass
several of the diagnostic checks carried out, particularly those which require the
estim ated m odel to exhibit white noise’ residuals w hich digplay no significantccf
coefficients w hen calculated w ith the prew hitened nputs. For future reference
how ever, the projections for thism odelw ere (Table 32):

TABLE 32
Burglary : Projections 1999-2001 (Thousands)
Thital Transfer Function M odel
PlusM mus Tw o Stendard Enors of Forecast)

Lower Median Upper AnnualChange & )

1999 856 5 967 6 10931 02
2000 747 2 954 3 12188 14
2001 651 2 943 5 13671 11

Thism odelw as sequentially re-estim ated, om itting the demographic variable
and respecifying the noise structure @s w as necessary I the parallel study for
Resdential Burglry Deadman 2000)), Jleading t© them odel presented n Table 33.
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TABLE 33
Transfer Function E stim ation
D ependentV arieble is ABurglary
Fnal M odel
A 1l variables in natural logarittm s

C oefficient trato
A Burglary (-1) 04740 291
A Burglhry (2) 03928 237
A C onsum ption 21620 -4 46
A Conviction -0 4567 416
A Dummy 02755 401
A T prisonm ent -01421 -181
A T prisorm ent (-1) -0.1428 -1 .66
A Sentence (-1) -02024 205
A Unem ploym ent 01027 263

Sample: 1951-1998
RM S =0.003423
LBQ =18 atlag 20.

C om pared w ith the Tnitialm odel, thism odelhas an in proved fit’, a low er
LBQ statstic and residuals w ith no significant ccf coefficients w ith the prew hitened
Tnputs. There w ere no significantact orpact coefficients for the residuals. The
stendard enrors of forecast are substantially am aller than those for the initdalm odel.
Them edian projctons for thism odel are, how ever, very sin ilar to those from the
Titalm odel and are given n Table 34.

TABLE 34
Burglary: Projections 1999-2001 (Thousands)
Final Transfer Function M odel
(PlusM mus Tw o Stendard Enors of Forecast)

Lower Median Upper AnnualChange & )

1999 8676 9752 1096 3 +05
2000 7902 9733 11988 02
2001 709 1 9779 13486 +04

C onclusions from Transfer Function M odelling for recorded Burglary

1) The esttim ated m odels confirm the role of econom ic variables in determ ining the
Jevel of recorded Burglary . Both consum ption and unem ploym ent appear in the
finalm odelw ith expected signs and ‘significant’ coefficients.

2) The conviction rate appears to exertan inm ediate and statistically significant
effecton recorded Burglary, but the effects of the other crim Inal jistice variables
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T them odel (sentence Jength and the probability of im prisonm ent) are Jesswell
determ ned.

3) The tin e seres m odelling exercise results n a flnalm odel not too dissim ilar to the
short run econom etric m odel reported earlier (Tabk 6) and, therefore, produces
forecasts in line w ith thatm odel.

4) U shg predicted values for consum ption and unem ploym ent for the forecastperiod
w hich are not far ram oved from those existing at the end of the sam ple period, the
tin e series m odel predicts m edian values of recorded Burglary w hich are little
changed to 2001.

T in e Series Analysis of R ecorded Theftand H andling of Stolen G oods

A parsin onijous univariate m odel for the H om e O ffice series on recorded Theftw as
established asan AR (1) process. U shg the sam e univarate m odels for
unem ploym ent, consum ption, the dam ographic variable and police num bers
established in the analysis of Burglary above, the ccfs using the prew hitened seres for
nputand outputvariables w ere calculated . These indicated a contam poraneous effect
forunem ploym ent (though asw ith the Burglary series, w ith a significant coefficient
atleg —1), and at Jeasta contam poraneous effect for consum ption w ith the possibility
of the effect of this variable being soread outovertim e. A contam poraneous effect for
the conviction rate w as Indicated, but no significanteffect for the dam ographic
variable. E stablishing w ell determ ned univariate m odels for the other crim nal justice
variables (probability of in prisonm ent, Jength of sentence and num berof police) w as
difficult. H ow ever, even fora range of such m odels, the cefsw ith the prew hitened
output nvariably failed to ndicate any significant coefficients and allw ere excluded
from the transfer finction m odelling.

From an initalteansfer functon m odel inform ed by the prew hitening
exercises described above, a structured analysis using the usual B ox-Jdenkns
m ethodology of dentification, estim ation and diagnostic checking resulted In the
follow Ing finalm odel (Table 35) w ith associated forecasts (T'able 36).

Table 35
D ependentV ariable is ATheft
Fnal M odel
A 1l variables in natural logarittm s

C oefficient tato
A Consum ption -1 9530 611
A Consum ption (1) -0.0786 027
A Consum ption (2) 06670 218
A Conviction -03456 396
ADunmy -0.0321 096
A Theft(1) 08577 997

Sample:1951-1998
RM S =0.001828
LBQ =16 atlag 20.
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TABLE 36
Theft Projctions 1998-2001 (Thousands)
Final Transfer Function M odel
PlusM mus Tw o Stendard Enors of Forecast)

Lower Median Upper AnnualChange & )

1999 19886 21661 23595 +14
2000 17852 21382 25610 -13
2001 15850 21096 2807 8 -13

G wen the assum ptions about the course of consum ption over the forecastperiod, the
transfer fimction m odel Indicates a slight a1l in recorded theft over the forecast
period, albeitw ith Jarge associated confidence ntervals of forecast.

C onclusions from the tin e series analysisof Theft

1) The central role of consum ption In the determ nation of recorded Theft is
confim ed. This effect appears to be distributed over tim e.

2) O fthe crin nal justice variables considered, only the conviction 1ate appears to
ply armle.

3) Unless there is am arked change 1n the state of the econom v over the forecast
period, (m edian) recorded Theft i predicted t© decline gradually from the levels
experienced at the end of the sam ple period.

Conclusions

Sgle equation enror-correction m odels Involying econom ic, dem ographic and

crim inal justice variables predict rising Jevels of recorded Burglary and Theftover the
forecastperiod, albeitw ithin w ide confidence intervals. Th general, these predicted
ncreases are sin ar for Burglary but Jow er for Theft than the ncreases presented In
HORS 198. The predictions are sensitive to m odel specification, how ever, and 1n the
case of Theft, also sensitive o the degree of disaggregation adopted In them odelling .
A separate analysis by Pudney (2000) has shown thatattem pting t© selectbetw een
econom etric m odels on the basis of specification searches can notbe expectad t©
enhance the quality of the resulting forecasts. Purely short min econom etric m odels or
tim e series (T'ransfer Function) m odels generally predict little change n recorded
Burglry and Theftgiven the assum ptionsm ade about the future sate of the econom y
(ncluding the persistence of relatively Jow m easured unem ploym ent) and

dem ographic change.

The choice betw een sngle equation m odels of crim e w hich assum e Jong run

equilibrim Jevels of recorded crim e t which 1998 levelsw ill retum, and shortrin
m odels (including tim e seriesm odels) w hich em phasise the inertial qualities Inherent
n the data appears to be crucial. Enor-correction m odels are justified by comntegration
analysis (particulary for Burglary) butalso nead the supportof a convine ng theory of
how , In practice, the system w orks t© restore equilibrim Jevels. Shortun ortim e
seriesm odelsm ay be expectad to produce superior forecasts com pared w ith ernror-
correction m odels if in portant factors (such as successuul crin e reduction
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programm es) are om itted from the analysis, or if the relationships are subjctto
stmuctural changes. The actual path of recorded Burglary and Theftto 2001 from the

Jevels experienced n 1998 w illbe highly suggestive as to the utility of these wo
typesof m odel for crim e forecasting.
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DATA APPEND IX
D efinitions of V ariables and Sources of D ata

Burglry BURG PC ): Num berof recorded offences of Burglary (C ategories 28 to
31) percapia n England and W ales. C rim nal Statistics.

Theft (THFTPC ): Num berof recorded offences of Theftand H andling of Stolen
G oods (Categories 37,3949 and 54) percapia n England and W ales.Crin mal
Statistics.

VehicleCrin e (VCPC ): Num berof recorded offences of theft from a vehicle and
theftofa vehicle (categories 45 and 48) per capia n Englend and W ales: Crin nal
Statstcs.

V ehicle C rin e C onviction Rate VCCR ):V ehicle Crin e C onvictons divided by
num ber of recorded offences of Vehicle Crim e 1000).

Non Vehicle Theft NTPC ): Theftm nusV ehicle C rim e per capia n Englend and
W ales.

Non Vehicle TheftC onvicton Rate NTCR ):Non V ehicle TheftC onvictions
divided by num ber of recorded N on V ehicle Thefts.

Uneam ploym ent UNEM ): Num ber ragisterad as unem ployed in the UK excluding
adultstudents per capia. Econom ic Trends

Consum ption CONS): TomlUK Houschold Final C onsum ption Expenditure per
capia at1995 prices. Econom ic Trends.

Convictdon Rate BURGC and THFTC ) :Num berof convictions for burglary
(theft) in England and W ales divided by the num ber of recorded burglaries (theft).
C rin Inal Statistcs.

Sentence Length BURGLS and THFTLS) : A verage length (m onths) of prison
sentence for burglary (theft) convictions. C rin inal Statistics and unpublished data
provided by the H om e O ffice.

Prison BPO Iand TPO I):Number in prisoned forburglary (theft) divided by
num ber convicted forburglary (theft) . C rin hal Statistics.

Police (PO L):End of Y ear Strength (excluding special constables) . England and
W ales. Annual Abstractof Statstics.

Youths (YOUTH ):Numberof m ales aged 15-24 years as a proportion of population
of England and W ales. Population Trends.

Dummy (O ):TheftAct (1968) dummy.D = 0 fort= 1950 -68.
D =1 fort> 1968
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Econom ic, Den ographic and Burglary Data

Date D UNEM POL YOUTH BURGLS BURGPC BPOI BURGC CONS

1950 0 5.88750 0.00142 0.06733 16.400000.00209 0.18325 020761 338670
1951 0 411610 0.00144 0.06281 18.800000.00217 0.18182 022000 335610
1952 0 666257 0.00149 0.06186 17.300000.00221 021963 022062 334472
1953 0 6.14722 0.00149 0.06196 17.900000.00199 023077 020729 347759
1954 0 5.00345 0.00149 0.06135 17.100000.00170 022222 021543 3.60744
1955 0 412193 0.00148 0.06159 17.000000.00167 020370 021833 3.74080
1956 0 420053 0.00153 0.06116 17.100000.00190 019672 021529 3.73970
1957 0 536652 0.00156 0.06139 16.600000.00232 0.18341 021998 3.79527
1958 0 7.86030 0.00158 0.06225 16.100000.00288 0.19217 021632 3.88353
1959 0 8.08376 0.00160 0.06379 15.300000.00292 0.19113 022080 4.02540
1960 0 622470 0.00158 0.06497 15400000.00343 021474 0.19860 4.14169
1961 0 543489 0.00163 0.06667 14.500000.00354 0.18310 021686 4.19220
1962 0 762098 0.00167 0.06940 14.200000.00409 018750 021814 424024
1963 0 926185 0.00169 0.07081 12.000000.00462 0.16739 021179 439197
1964 0 647676 0.00170 0.07172 11.800000.00490 0.16425 0.17845 449336
1965 0 551477 0.00175 0.07227 11.900000.00526 0.16782 017358 451012
1966 0 515596 0.00174 0.07295 12.900000.00570 0.17089 017331 455963
1967 0 917883 0.00186 0.07317 12.900000.00546 0.16274 017710 4.63728
1968 0 9.84577 0.00185 0.07324 15300000.00586 0.11531 0.17693 4.74398
19691 937336 0.00184 0.07302 13.600000.00851 0.11820 0.15498 4.74375
19701 10.01426 0.00190 0.07294 14.000000.00867 0.11323 017296 4.86263
19711 1350477 0.00195 0.07269 14.300000.00900 0.10858 0.16866 4.99327
19721 15.00188 0.00200 0.07106 15.500000.00868 0.10496 016472 529684
1973 1 10.65561 0.00201 0.07050 10.500000.00776 0.09219 016667 557442
1974 1 10.72041 0.00204 0.07065 11.900000.00957 0.08062 0.16241 548290
19751 16.73930 0.00214 0.07134 12.000000.01042 0.10383 0.15694 546636
1976 1 23.16479 0.00218 0.07277 11.000000.01031 0.11658 0.15137 548893
19771 2497375 0.00216 0.07423 11.000000.01210 0.11985 0.13386 546994
1978 1 24.76897 0.00218 0.07550 11.100000.01133 013161 013837 5.76221
19791 23.04943 0.00226 0.07698 8.70000 0.01099 0.14114 0.12240 6.00818
1980 1 2956636 0.00234 0.07905 820000 0.01247 013838 0.12387 5.99270
1981 1 44.71891 0.00238 0.08079 7.80000 0.01447 0.14994 011790 5.98858
1982 1 51.77953 0.00241 0.08193 7.70000 0.01623 0.16232 0.10479 6.04297
1983 1 55.07565 0.00241 0.08271 8.60000 0.01627 0.14145 0.10058 631324
1984 1 5594109 0.00239 0.08306 940000 0.01793 0.11673 0.09307 641150
19851 57.77315 0.00238 0.08292 10.000000.01734 0.12748 0.09323 6.62941
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Econom ic, D em ographic and Burglary Data C ontthued

Date D UNEM POL YOUTH BURGLS BURGPC BPOI BURGC CONS

1986 1 57.85197 0.00239 0.08243 10.800000.01857 0.13102 0.07128 7.05377
1987 1 52.06394 0.00243 0.08138 11.700000.01789 0.13690 0.07466 740448
1988 1 4251292 0.00243 0.07962 12.200000.01620 0.14026 0.07410 7.93129
19891 3216507 0.00245 0.07711 12.400000.01630 0.13924 0.06696 8.15932
19901 28.69999 0.00246 0.07462 12.000000.01979 0.11744 0.05750 817370
1991 1 3852408 0.00245 0.07205 11.400000.02386 0.12458 0.04871 7.99039
1992 1 47.09858 0.00248 0.06994 11.500000.02645 0.12436 0.04331 8.00410
1993 1 50.09366 0.00248 0.06758 11.100000.02663 0.13559 0.03876 8.16659
1994 1 4526072 0.00247 0.06579 11.400000.02434 0.16364 0.03939 835827
19951 3955715 0.00245 0.06461 12.000000.02392 0.18341 0.03695 846108
1996 1 36.09122 0.00245 0.06323 13.800000.02238 0.19858 0.03633 8.73791
1997 1 2717544 0.00244 0.06308 15.800000.01947 022141 0.04046 95.06223
1998 1 23.04080 0.00243 0.06293 15.500000.01847 023274 0.04046 928090
19991 21.13160 0.00243 0.06276 1550000 023274 0.04046 946030
20001 20.75340 0.00242 0.06271 1550000 023274 0.04046 95.70880
20011 2150360 0.00241 0.06242 1550000 023274 0.04046 9.94990
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TheftData

Date THFTLS

THFTPC TPO I

THFTC NTPC

NTCR

VCPC

VCCR

1950 630000
1951 6.80000
1952 710000
1953 6.80000
1954 7.10000
1955 6.90000
1956 6.80000
1957 650000
1958 650000
1959 650000
1960 650000
1961 6.70000
1962 640000
1963 640000
1964 590000
1965 5.90000
1966 610000
1967 620000
1968 7.10000
1969 730000
1970 7.70000
1971 7.70000
1972 8.50000
1973 810000
1974 740000
1975 740000
1976 720000
1977 7.00000
1978 6.80000
1979 5.70000
1980 520000
1981 4.80000
1982 4.70000
1983 520000
1984 5.70000
1985 5.90000

0.00696
0.00833
0.00791
0.00711
0.00652
0.00673
0.00733
0.00817
0.00923
0.00997
0.01087
0.01171
0.01286
0.01382
0.01516
0.01590
0.01654
0.01665
0.01751
0.01870
0.01948
0.02042
0.02047
0.02020
0.02405
0.02563
0.02600
0.03009
0.02915
0.02860
0.02950
0.03230
0.03539
0.03434
0.03630
0.03769

012629
012203
012640
012094
011571
010935
010223
010059
0.09709
010178
0.09500
0.09019
0.09363
0.07585
0.08372
0.07893
0.08180
0.07227
0.04650
0.04764
0.04335
0.04008
0.03656
0.03329
0.03064
0.04094
0.04478
0.04413
0.04651
0.05076
0.05119
0.05361
0.05424
0.04556
0.04077
0.04089

025318
025370
025704
024530
024255
023236
023291
023031
022257
021065
020514
021105
021183
0.19908
017812
018217
0.18492
0.19107
0.18988
020494
025184
024609
024656
024357
023313
022931
022929
021479
021182
020867
021223
019430
0.18481
0.18272
017229
017266

0.00607
0.00723
0.00686
0.00611
0.00554
0.00566
0.00606
0.00678
0.00750
0.00792
0.00848
0.00905
0.00984
0.01049
0.01125
0.01177
0.01224
0.01247
0.01318
0.01226
0.01288
0.01314
0.01283
0.01247
0.01454
0.01543
0.01577
0.01784
0.01680
0.01673
0.01702
0.01795
0.01926
0.01924
0.02024
0.02076

027477
027742
028191
026885
026839
025815
026244
025856
025230
024021
023838
024686
025086
023594
021674
022302
022559
023127
022941
025323
032091
032360
033179
032648
032527
0.31933
031818
030717
030641
029357
030243
028914
028328
027537
026391
026885

0.00089
0.00110
0.00105
0.00100
0.00098
0.00107
0.00127
0.00139
0.00174
0.00205
0.00239
0.00267
0.00302
0.00333
0.00391
0.00413
0.00430
0.00418
0.00433
0.00644
0.00661
0.00728
0.00763
0.00773
0.00952
0.01019
0.01023
0.01225
0.01235
0.01187
0.01249
0.01435
0.01613
0.01509
0.01606
0.01693

106 4122
97.80080
94.74026
101.7647
95.74074
96 45702
92 40773
92.68800
94 15070
96 59506
87.29680
8959416
84.79433
8295396
67.03944
65.87012
6927810
7111992
69.50000
1129914
117.1889
106.0543
1033218
109.7907
92 38530
93.05374
92 28306
8030048
83.13954
88.96528
8927176
75.64308
6722354
64 .60595
56.76754
54.71527
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TheftData Continued

Date THFTLS

THFTPC TPOI

THFTC NTPC

NTCR

VCPC

VCCR

1986 620000
1987 650000
1988 6.80000
1989 6.80000
1990 6.70000
1991 630000
1992 6.70000
1993 6.80000
1994 650000
1995 630000
1996 6.00000
1997 590000
1998 510000
1999 510000
2000 510000
2001 510000

0.03995
0.04078
0.03825
0.03972
0.04668
0.05403
0.05567
0.05354
0.04957
0.04732
0.04580
0.04152
0.04083

0.04162
0.04106
0.04178
0.04205
0.03417
0.03594
0.03137
0.03015
0.04088
0.05249
0.06007
0.07306
0.07975
0.07975
0.07975
0.07975

014147
013767
013260
010751
0.09859
0.08768
0.09055
0.08671
0.09082
0.09013
0.08733
0.09286
0.09802
0.09802
0.09802
0.09802

0.02024
0.01995
0.01870
0.01954
0.02176
0.02477
0.02542
0.02392
0.02275
0.02182
0.02095
0.02011
0.02035

023505
023191
021925
017476
016904
015385
016722
016828
017368
017316
0.16844
017018
017067
017067
017067
017067

0.01971
0.02083
0.01956
0.02017
0.02491
0.02926
0.03024
0.02961
0.02682
0.02550
0.02485
0.02142
0.02048

45 35559
4741939
49.75894
42 36036
37.04963
31.66132
26.08701
20.81862
2050780
19.10405
18.95050
2027649
2584720
2584720
2584720
2584720
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