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Abstract. The article, reviewing previous study on recidivism prediction model, modeling the
binary outcome of recidivism with linear regression model, probit regression model and logistic
regression model. The application of machine learning techniques support vector machine
(SVM) aids to compare the prediction result of each model and the relationships between recid-
ivism probability and several personal characteristics have been identified. The prediction per-
formances of models are similar with logistic regression model being the most parsimonious one
and SVM method is tested to be not significantly superior in terms of prediction compared with
traditional statistical models.
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1. Introduction
The criminal rate has always been a widely discussed topic all over the world since modern times and
crime prediction has been recognized as an important part of the theoretical system of criminology and
an indispensable prerequisite for crime prevention. The main function of crime prediction has developed
from special prevention to advanced research on crime phenomena and the implementation of social
crime prevention strategy. At present, countries all over the world attach importance to crime prediction
work to varying degrees, and some countries have set up special crime prediction institutions.
Recidivism prediction problem has been studied for a lengthy period and historical literature has
been accumulated, where increasing variables and more complicated models are introduced to better the
prediction result. Not only does the recidivism prediction have practical implication for policy maker
and judicial system to eliminate criminal rate and efficiently budgeting finances as it may guide former
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prisoners who require specific consideration and supervision, but also it may provide evidence for sen-
tencing discrimination research and gender inequality issue.

In the article, a significantly important part of crime analysis that relates to recidivism is explored:
Firstly, the question on recidivism is classified as a classification problem and 6172 pieces of data from
Broward County, Florida are provided to help with analysis, in which we review several previous re-
searches on the same or similar topic and derive some useful ideas from them and then go through the
data visualization. After that, A few of models including linear regression model, logistics model (logit),
probit model, support vector machine model (SVM) are selected and scrutinized to help find the rela-
tionship between the probability of recidivism and the variables included and simultaneously providing
better prediction results. We conclude that there has been significant relationship between recidivism
and gender, age, prior convictions, misdemeanor. We identify age and female has negative effect upon
the probability of recidivism whereas individuals with higher prior convictions or having committed at
least one misdemeanor are more likely to reoffend. The racial difference is large between African Amer-
ican, Asian and other races yet the result is significantly, which is partly attributed to endogeneity. Using
the classification methods and evaluation of machine learning, we then apply confusion matrix to test
and compare between models. The prediction result of each model is similar and logistic model is the
most appropriate and parsimonious model. Finally, we considering our limitations suggest a few im-
provements aspects for further research.

The remainder of this article are as followed. Section 2 traces back relevant researches especially
focusing on comparison between recidivism prediction models. Section 3 exhibits the preliminary data
processing procedure and result in which we discover several rudimentary relationships between varia-
bles. Section 4 outlays the basic mathematical theory upon which we constructed certain models. Section
4 explains the procedure of model construction and evaluation based on confusion matrix, Akaike in-
formation criterion (AIC) and pseudo R square. In this portion, support vector machine is introduced for
complementation and as an advanced algorithms to be juxtaposed with linear model, logistics model
and probability model. Python (version 3.8.6), Stata (version 17), R Studio (version 4.1.3) and other
software are applied for analysis.

2. Literature review

When we analyse classification problems for justice, crime and reoffence related matters many research-
ers tend to use logistic model for determining whether an ex-convict is trying to commit another crime
or merely having the potential of recidivism. Tollenaar and van der Heijden [1] used the data from the
Dutch offender’s index for the purpose of comparing the performance of eleven designated models from
econometric or statistical models and machine learning models on predicting various types of recidivism
based on their performance criteria. Especially, for both general recidivism and violent recidivism, the
logistic model is the best candidate of predicting this type of recidivism for their dataset, as Tollenaar
and van der Heijden mentioned, the logistic model does not require to strictly follow the assumption of
heteroskedasticity. Their findings asserted the reality that the performance of models under machine
learning’s approaches does not have significant strengths over the traditional statistical models such as
logistic regression and Linear Discriminant Analysis [1]. Gottfredson [2] illustrates two crime-control
strategies that incurred many criticisms but increasingly demanded which are collective incapacitation
and selective incapacitation both of which heavily rely on the predictive robustness and accuracy. The
former one tends to impose analogous penalties or sanctions to groups of people who have convictions
of homogenous offenses, providing with the future expectations of offending behavior amongst those
groups. The latter one implies the sentencing guidelines that are derived from the predictive probabilities
of recidivism in which they are generated by some instruments for predictions. Gottfredson also men-
tioned the potential bias and fairness issues that may be raised from the selection of various statistical
approaches for different combinations of independent variables or for the classification result of offend-
ing. Meanwhile, the author raised the question about whether we should make use of those prediction
methods at all or whether it is essential to predict for crime justice decision making. Particularly, it is
very controversial in terms of crime justice decisions for individuals which might be the matter of their
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freedom or common policies that would lead to individual decisions. Gottfredson also summarized some
of the techniques that could enhance the predictive accuracy and their usefulness.

3. Data

3.1. Definition

The definition of recidivism was originally mentioned in the article written by [3]. Since our data source
is a simplified version of their dataset which was modified by Adebayo [4]. Larson et al. [3] used the
definition of recidivism that was provided Northpointe Inc. on their practitioner’s guide as the latest
crime of felony or misdemeanor recorded in the COMPAS administration date within two years. More-
over, Larson et al. exclude some of the circumstances referred as recidivism in which people who were
arrested for failing to appear at their hearings in the courts, people who had infringement of traffic with
tickets, or people has violations of municipal regulation or people who with a crime committed prior to
the screening by the COMPAS but were arrested afterward.

3.2. Data source

We use the simplified version of recidivism data in Broward County, Florida, originally provided by
ProPublica [5], and it was used Larson’s article [3]. Then it was refined by Adebayo [4]. In the dataset
of recidivism, we did not adjust heavily on the structure of the data. We choose variables related to
actuarial recidivism result, gender, age, races, prior conviction number, whether having committed mis-
demeanor and other personal characteristics. Note that we did not make use of the variable “score_fac-
tor” into our models. Since this variable “score_factor” was a set of classification results about the risk
of recidivism generated by a multicollinear-adjusted logistic regression model created by Adebayo as
an approximated model for assessing the performance of the COMPAS model designed by Northpointe
Inc. Now the company which designed the COMPAS is united by another company and renamed as
‘equivant’[6]. Thus, we deleted this variable “score factor” due to redundancy.

Here are the explanations of all variables.

Recid is a dummy variable which is equal to 1 if individual was caught committing another crime
within two years of current offense, otherwise the value is 0.

Female is a dummy variable which is equal to 1 if the gender of a person is female, otherwise the
value is 0.

Age is a categorical variable which is equal to 0 (labeled ‘young’) if the individual is under 25 at
time of offense, to 1 (labeled ‘middle’) if the individual is between 25 and 45 at time of offense, to 2
(labeled ‘old’) if the individual is over 45 at time of offense.

Priors is a discrete variable which represent the number of prior convictions.

Misde is a dummy variable which is equal to 1 if current offense is a misdemeanor, otherwise the
value is 0.

Race is a categorical variable which is equal to 0 if the individual is Caucasian, to 1 if the individual
is African American, to 2 if the individual is Hispanic, to 3 if the individual is Asian, to 4if the individual
is native American, to 5 if the individual is from other races.

3.3. Data pre-process

The method we have adopted is to firstly visualize the data provided. We use R software (R version
4.1.2 - 2021-11-01) as our visualizing tool to draw intuitive graphs. Therefore, we pre-processed the
data in several steps”

Add another column of data for people aged 25 to 45. We separate the data of age into three groups
as ‘older than 45°, ‘between 25 and 45’ and ‘younger than 25°, turning age into several dummy variables.
This is because the previous data only provided two columns of data which represented people who are
below 25 or who are over 45, which is not direct to obtain some main features.
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Separate the main database into recidivism data and non-recidivism data respectively. This will help
us to generate initial ideas on how to select models.
Separate races, age distributions, and gender. This helps us to classify variables.

3.4. Data pre-analysis

We firstly Summarize the main features of priors. As the only discrete random variable, the variable of
prior criminals is used to assess previous criminal level ranging from 0 to 38.

Then, the data are analyzed by separating into three different columns — recidivism, non-recidivism,
total with respect to different categories including age, gender, and races

Here are the tables and graphs for dummy variables.

In total, we have 6172 data, including 2809 recidivisms and 3363 non-recidivisms. Most data follow
the pattern in which the number of recidivisms is generally smaller than non-recidivisms in each cate-
gory because the data contain more information on non-recidivisms than recidivisms (which can be
shown by graphs). However, there are some exceptions for people aged below 25 or people who belong
to African America (according to graphs and tables). The probability of recidivism is especially higher
in those two categories. Therefore, we may assume that age range and race can be significantly crucial
to our analysis. In further analysis, we may find a more specific relationship of those variables.
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Figure 1. Histogram on “Number of Priors”.
Table 1. Summary of data on recidivism, non-recidivism, and the total.

Category Recidivism Non-recidivism Total
Age below 25 754 593 1347
Age between 25 and 45 1641 1891 3532
Age above 45 414 879 1293
Male 2396 2601 4997
Female 413 762 1175
Af_am 1661 1514 3175
Caucasian 822 1281 2103
Hisp 189 320 509
Asian 8 23 31
Nat_am 5 6 11
Other 124 219 343

Misdemeanour 825 1377 2202
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3.5. Linear probability model

The statistical / econometric models we used in this article for the classification and prediction purpose
of identifying the probability of recidivism by ex-convicts in the dataset are the probabilistic model and
the logistic model. Therefore, the review of the theories for the probabilistic and the logistic models is
essential. We will start briefly reviewing from the most basic model, which is applied for the dependent
binary outcome variables, then followed by reviewing the fundamentals of the probabilistic and the
logistic models.

Most of the time, the linear probability model (LPM) is often implemented in economic research for
estimating binary outcome variables [7]. Specifically, it estimates the binary variable of the interest
lying into one of two circumstances with a response probability. That is, suppose a variable y can have
two statuses assigned with either value 1 or 0. Each state is corresponded in terms of a given probability
p or 1-p for an individual i we are referring to. Formally, we can present this in a functional manner.
That is,

yi=1lp -
{yi:O1—pf0“_1'2’3"“’n' @

It is desirable that we are eager to have something to include which could provide some information
on explaining the movement of the variable y. Therefore, the variable y is regressed on a bunch of
independent variables x4, x,, x5, ..., x; (Or regressors, these two terms can be interchangeably used).
Here, we use the lower-case letter k to denote the number of regressors we incorporated in this vector
form linear regression.

y = Bo + P1x1 + Boxz + Paxs + -+ Prxi + e 2)

B, is the unknown intercept of this regression. By, 82, B3, ..., B are the unknown coefficients at-
tached to the regressors xy, x, ..., x5 respectively. e denotes the error we have within a regression to
reflect those unobserved noises which cannot be specified in the construction of a model. Therefore, we
should instead replace those unknown parameters By, B1, 82,03, .-,8; by their estimates
Bo, B1, B2, B3 ---» Br, and write them as

9 = Bo + Pr1xy + Baxy + Paxz + -+ + By 3)

Since the binary outcome variable y can only take discrete values 1 or 0, not any number be-
tween them. So that we instead compute their respective response probability in which it relates
to either one of these two events / status, conditional on the independent variables we observed
and included. Specifically,

P(y =1[x) = E(y = 1|x) = Bo + B1x1 + B2xz + f3x3 + -+ Brexy (4)

In the opposite, P(y = 0|x) =1 — P(y = 1|x). P(y = 1|x) is the response probability of the
variable y in which y takes a status of interest. By default, we denote P(y = 1 |x) as the probability
of “success. Here, the linear regression we specified is in vector form, and we assume that the
error e satisfies the zero conditional mean property. That is, E(e) = E(e|x) = 0, where x =
X1, X, X3, ..., Xx- As a result, we could estimate those unknown parameters using the OLS estima-
tion method [7].

But Woodridge also asserted some of the limitations that the linear probability model will be-
have by construction. At first, the errors are not independently and identically normally distrib-
uted. Instead, they are distributed in terms of Bernoulli Distribution. So that some of the assump-
tions based on the Gauss-Markov theorem are not satisfied anymore. It leads to some relevant
problems and as a result, applying the OLS estimation to the LPM is no longer BLUE (i.e., the OLS
estimator for the parameters in the LPM is not the minimum variance (most efficient) unbiased
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linear estimator among all the other estimators). Secondly, the interval of the response probabil-
ity, P(y = 1|x) or P(y = 0|x) is not guaranteed to be lied between zero and one. In particular, this
happens if we have some combinations of certain values of on these regressors. In addition to that,
the “linear” property of the LPM made some of the interpretation of marginal effects of certain
regressors / independent variables deviated from the real world, as every unit of increment has
identical effect to the dependent variable, ceteris paribus. This does not reflect any reasonable
situations of the realization. Hence, we use the probabilistic model and the logistic model as the
supplements against the LPM for solving the issue of non-unity probability problem raised in the
LPM.

4. Model construction

4.1. Linear regression model

Changes in socioeconomic phenomena are often affected by multiple factors, so multiple regression
analysis is generally used, we refer to regression including two or more independent variables as multi-
ple linear regression.

Considering the data of this study except priors are discrete 0-1 variables, therefore, for regression
model, First by using SPSS software to observe the significance of different variables, then we use
stepwise method to further improve the model, and calculate model AIC value, then introduced interac-
tion terms, using stepwise regression, backward regression, forward regression method, and calculate
the AIC value, observe the model effect, in the end we compare the four AIC values, comprehensively
select the optimal model.

Which according to the regression result, the preliminary regression results that many variables are
not significant, such as af _am, asian, hisp, nat_am and other, so the stepwise regression method is used
to eliminate the variables. The next one is stepwise regression results.

It can be seen from the tablel that the stepwise regression is divided into six models. The observed
VIF values, which is the column that is marked in red, are less than 10, so it can be considered that there
is basically no collinearity, and all variables are significant. Then, we need to do outlier judgement.

4.1.1. The outlier judgement. In terms of outlier, result shows that absolute value of the deleted student
residue is below 3 and cool distance is below 0.05, which implies there is no outliers. The model
selection and self-correlation judgment involves the comparison of Akaike information criterion (AIC)
between models forementioned.

SPSS software arranges the R square of the six models from small to large, and the model at the
bottom is the optimal model, and the DW value is very close to 2. The model does not have self-corre-
lation.

SPSS gives the residue of the model as 1322.213, and the AIC value of the stepwise regression
method was 44370.55 using R software.

Considering that there may be interaction between different variables, interaction terms are intro-
duced to this model and conducted in stepwise regression, forward and backward regression, the steps
are the same as the regression model that interaction terms are not introduced.

The following are the stepwise (interaction term) regression results.

The VIF values are less than 10, and all the variables are significant.

From the result of model selection, The absolute value of Stu. Deleted residuals is below3, and the
cook distance is below 0.05, so there are no outliers.

SPSS gives a residual of 1290.304 and calculates its AIC value of 44227.77 by using R software.
Then, it is the forward method.
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4.1.2. Forward method
Table 2. Forward (interaction terms).

10 (constant) 312 012 26.388 .000
priors 061 003 583 20.736 .000 291 255 243 173 5.767
young 151 023 125 6614 .000 .111 .084 .077 .380 2.629
priorssq 002 000 -291 ,  op 000 208 -133 -124 181 5539
old 130 015 -106 -8.672 .000 -139 -110 -101 .913 1.095
* fa_
i’n‘);:gg fe- 140 035 -055 -3961 .000 -032 -050 -046 .707 1415
young  * 490 oo 76 431 11 446 2.244
Yo . 026 076 4313 .000 .118 .055 .050 .446 2.
*
frﬁg‘gée 041 025 -022 -1.626 .104 -112 -021 -019 .720 1.389
misde * asian -.314 133  -028 -2.363 018 -040 -030 -028 .993 1.007
*
;‘;ma?:]e 056 .023 -032 -2425 015 -054 -031 -028 .773 1.293

misde -028 .014 -027 -2.091 .037 -120 -.027 -.024 .799 1.251
The VIF, DW value given by SPSS are in the acceptable range, no collinearity and self-correlation,
its residual is 1290.605 and by using R software its AIC is calculated which is 44229.21. The last one
is the backward method.

4.1.3. Backward method
Table 3. Backward (interaction terms).

32 (constant) 314 .012 26.482 .000

priors .061 .003 583 20.798 .000 .291 256 .243 174 5.746
old -133 .015 -109 -8.851 .000 -.139 -.112 -103 .907 1.103
young 149 .023 124 6516 .000 .111 .083 .076 .379 2.639
nat_am -330 .173 -.028 -1.910 .056 .000 -.024 -022 .636 1.572
misde -037 .012 -035 -2.934 .003 -.120 -.037 -.034 946 1.057
old * asian 260 .148 .022 1757 .079 -008 .022 .021 .872 1.146
young * 113 .026 .076 4361 .000 .118 .055 .051 .445 2.248
af am

young * 856 .367 .031 2328 .020 .020 .030 .027 .775 1.290
nat_am

young * fe- -140 .035 -055 -3.971 .000 -.032 -051 -046 .714 1.401
male

female * -.070 .022 -040 -3.115 .002 -.054 -.040 -036 .828 1.208
af am

female * 663 .367 .024 1807 .071 .020 .023 .021 .777 1.286
nat_am

female * other -.123 .061 -.024 -2.017 .044 -052 -.026 -024 976 1.024

misde * asian  -.393 141 -035 -2.781 .005 -.040 -.035 -033 .875 1.143

priorssq -002 .000 -291 -10.587 .000 .208 -.134 -124 181 5.525

The VIF and DW value given by the backward model, are also in the acceptable range, the steps are

the same as above, it shows no self-correlation and collinearity, the residual is 1288.123, and its AIC is
44225.33 calculated by R software.
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4.1.4. Summary for linear model
AIC price:
LPM :44370.55>forward(interaction terms):44229.21>stepwise(interaction terms):44227.77
>packward(interaction term):44225.33

After AIC comparison, the AIC of the introduced interaction term is the smallest, and the AIC of the
backward method is very close to that of the stepwise method. Although the AIC of the backward
method is slightly smaller than that of the stepwise method, the disadvantages of the backward method
are obvious. Once a variable is eliminated from the model, it will not be introduced into the model again,
and the variables calculated by the stepwise method are all significant, but some variables in the back-
ward method are not significant. Therefore, for the regression model, The stepwise model with interac-
tion term is effective, but its AIC value is still much larger than the probit and logit models we will
discuss later, so we decide not to use this model.

4.2. Probit regression model

4.2.1. Variable selection

Bo + Bipriors + B,0ld + B3Young + BAfrican American + fsAsian
+fsNative American + ,0ther Race + fgFemale + BoMisdemeanor
+B1oPriors? + By, Priors X Young + By, Priors X Other
+f13Priors X Female + [$1,01ld X Asian + f,50ld X Native American +
+f16Young X African American + 1,Young X Native American +
+p1gYoung X Female + f19African American X Female
+,0Asian X Misdemeanor + f3,;0ther Race X Female
+f,,Female X Misdemeanor

(5)

The probit model we employ in this paper is chosen by the stepwise regression function of minimizing
the Akaike information criterion. We use R square to conduct the sequential procedure of model selec-
tion. By starting with all possible and reasonable combinations of different form of independent varia-
bles, including one squared term (priors”2) and several interaction terms. Furthermore, we realized one
interaction term that may cause the computation of response probability for recidivism being 0 or 1. So
that we exclude that circumstance by dropping that term (Native American x Female). At the end, we
end up with the model which has the following result provided in the table 1. However, there are some
regressors especially in the interaction terms are extremely insignificant even at 10% significance level.
Therefore, we tried to drop those highly insignificant regressors (Asian X Misdemeanor, Old x Native
American and Young X Native American) sequentially from “Probit model adj-2 to “Probit model adj-
4>, It turns out that the McFadden’s Pseudo R? continuously decreasing as we dropped those terms, and
the Akaike information criterion (AIC) increases correspondingly. Noticeably, some standard errors of
interaction terms become tremendously large, which is an undesirable and deteriorating situation. For
instance, the AIC raised from 7495.288 to 7503.867 and the McFadden’s R2across “Probit model adj-
17 to “Probit model adj-4”, even if the Bayesian information criterion (BIC) decreased respectively as
well. Usually, in econometric literatures, the use of AIC is always favored to the BIC, as it is more
commonly used [8], and the AIC tends to be more tolerated in terms of diversification in econometric
models than the BIC. Ultimately, employing the” model adj-1" is the best option so far, although we
consider the possibility of occurring curse of dimensionality and complex computation.
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4.2.2. Marginal effect of probit model. Based on the properties of marginal effect for both probit and
logit model, the computation of the marginal effect of a discrete and a continuous variable for the
response probability of the dependent variable varies a lot in terms of the calculation methods. But in
our data, there is no existence of continuous variable. So that we can use the marginal effect of discrete
variable for the response probability of recidivism only. Providing the median characteristics of each
variable and controlling for other variables when we are evaluating a specific change of any
characteristics, a native American tends to have 2.439% less chance of being identified as a potential
recidivist than a Caucasian for every extra increase of priors. Instead, the chance of being identified as
having the potential of committing another crime with increasing priors do not vary much between
African American and Caucasian groups with only about 0.07353% differences. Asian group tends to
be less identified as recidivists by the model with only 0.4332% lower than the that of Caucasian for
every increment of priors. In terms of other unpresented races, except Hispanic, the chance of being
identified as recidivist is 1.269% smaller than Caucasian when the number of priors increase by one
unit. For other non-race factors, the age determinants for recidivism overall get more prominent than the
gender factor and misdemeanor. The impact of gender ranks at the second place. But having
misdemeanor is not a very deterministic factor for judging the probability of reoffending as number of
priors increased. Those results revealed a fact that the distinction of number of priors for each individuals
regardless of other characteristics may not have important implications on identifying potential
recidivists.

In more general perspective, we also computed the authentic marginal effect of each factor that we
incorporated in the model to the probability of recidivism at median characteristics. But the results
turned out to be quite resemble to the previous marginal effect analysis of priors. Nonetheless, the age
factor becomes more prominent in deciding whether those ex-convicts have the possibility of having
reoffence as the age of being young tends to be identified strongly as recidivists than other age groups,
holding all else constant. In this scenario, our finding under the probit model shows that the marginal
effects of those race factors tend to be not quite distinctive from the age factors and gender.

Table 4. McFadden’s Pseudo R? against the AIC and BIC.

Model adj-1 Model adj-2 Model adj-3 Model adj-4
McFadden’s Pseudo R? 0.1242741 0.1233962 0.1230865 0.1225602
AlIC 7495.2878 7500.7554 7501.3900 7503.8667
BIC 7650.01 7648.7665 7642.6733 7638.4222

Table 5. Impact of number of priors on the marginal effect of changing characteristics from its median
to the response probability of recidivism.

One unit increment in priors

Dummy variables =0 =1

African American 0.04769523 0.04843051
Asian * 0.04336305
Native American * 0.02330555
Other Race * 0.06038978
Old * 0.04050328
Young * 0.06198798
Female * 0.05552961

*

Misdemeanor 0.04666212
(* Indicates the marginal effect of median characteristics of a recidivist on the response probability)
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Table 6. Marginal effect of changing characteristics on the probability of recidivism at its median char-
acteristics.

P(recidivism = 1)

Dummy variables =0 =1

African American 0.3598889 *(0.3873005
Asian *0.3873005 0.2912190
Native American *0.3873005 0.0942548
Other Race *0.3873005 0.3802854
old *0.3873005 0.2490703
Young *0.3873005 0.6421967
Female *0.3873005 0.3016411
Misdemeanor *0.3873005 0.3576093

(* Indicates the median characteristics of a recidivist)
Table 7. Probit model adj-1 (Dropping Native American*female).

Parameter  esti- Standard error  P-value Confidence Interval
mate: (95%)
Intercept -0.50914 0.04271 <2e~16 [-0.5929, -0.4681]
Priors 0.15410 0.00965 <2e~16 [0.1352, 0.1730]
Old -0.39106 0.04523 <2e~16 [-0.4797, -0.3024]
Young 0.35998 0.07315 0.00786 [0.2166, 0.5034]
African American 0.07239 0.04487 0.10669 [-0.0156, 0.1603]
Asian -0.26347 0.38333 0.49189 [-1.0148, 0.4879]
Native American -1.02864 0.61827 0.09616 [-2.2404, 0.1832]
Other race -0.06024 0.09789 0.53834 [-0.2521, 0.1316]
Female 0.04054 0.08538 0.63491 [-0.1268, 0.2079]
Misdemeanor -0.07849 0.04017 0.05071 [-0.1572, 0.0002]
Priors? -0.00372 0.00045 <2e~16 [-0.0046, -0.0028]
Priors X Young 0.04366 0.02318 0.05961 [-0.0018, 0.0890]
Priors x Other Race 0.04187 0.02822 0.13787 [-0.0134, 0.0972]
Priors x Female 0.02241 0.01359 0.09907 [-0.0042, 0.0490]
Old x Asian 1.05635 0.62129 0.08908 [-0.1614, 2.2741]
Old x Native Amer- 5.05951 103.02334 0.96083 [-196.87, 206.99]
ican
Young X African 0.24706 0.08306 0.00293 [0.0843, 0.4099]
American
Young X Native 5.97415 103.03654 0.95376 [-195.98, 207.93]
American
Young x Female -0.30292 0.10868 0.00531 [-0.5159, -0.0899]
African American x -0.29628 0.09185 0.00126 [-0.4763, -0.1163]
Female
Asian x Misde- -4.52393 40.68457 0.91146 [-84.27, 75.22]
meanor
Other Race x Fe- -0.39072 0.22300 0.07976 [-0.8278, 0.0464]
male
Female x Misde- -0.14705 0.09195 0.10978 [-0.3273, 0.0332]

meanor
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4.3. Logistic model

4.3.1. Variable selection

Pr(recidivism)

= By + Bypriors + Bypriors? + f;female + fymisde + ¥ - RACE + 8 - AGE +
o - (AGE X female) + ¢ (6)

Pr(not recidivism)

To form a logistic regression, scholars usually select variables with significant univariate correlation
with the dependent variable and contain them in model simultaneously. By a few regression operations,
we sifted several variables, which is believed to be sufficiently correlated to the probability of recidivism
and contribute to the accuracy of prediction. The model constructed includes basic variables collected
in dataset and we add two other variables for better prediction: the square of priors and the interaction
term between AGE and female. We suppose there is a non-linear relationship between the dependent
variable and the prior conviction numbers and by treating it as a discrete variable, we have confirmed
out thought. The result of treating priors variable discretely and adding quadratic term is similar so we
adjust the logistic model as above for simplification.

4.3.2. Results of logistic model. The logistic regression results are shown in table. The prior conviction
has a significantly positive relationship with the probability of recidivism yet the quadratic term is
significantly negatively correlated with the dependent variable, which corresponds to the trend in figure
which illustrates the marginal predicting probability ranging from no previous conviction to 28: As the
number of previous convictions increasing, the probability of recidivism is closer to 1 yet this increasing
pace is slowed down. The fluctuation at the end when conviction number is over 20 could possibly be
attributed to the misspecification of model caused by lack of data for the distribution of prior conviction
has a long leg. Result also shows that the accuracy of logistic model increased after adding quadratic
term.

Gender is correlated with the probability of recidivism indicating man has an overtly more probable
of committing a crime. However, as the result is not significant and further information for control
variables are excluded in the model, it requires more valid argumentation and results to convince that
there is gender discrimination or gap in terms of criminology or sentencing.

Race discrimination is a widely studied field criminologically and the sentencing data are frequently
used for evidence. Economists distinguish ‘taste-based’ discrimination and statistical discrimination and
we are focus on the latter [9]. Although evidence shows that variables are equally valid from recidivism
prediction and has similar relationship with probability of recidivism between male and female, some
article points out that gender itself leads to different probability of recidivism. For instance, gender-
neutral (or as some remark ‘male-specific’) criminogenic needs are not as equally relevant as assumed
when predicting recidivism [10]. In our model, we though notice some trends for example African
American has remarkably higher probability of recidivism in comparison with his Caucasian counter-
parts and Asian are least likely to reoffend among 6 races group holding other factors fixed but these
results are not statistically significant. The predictive margins of different are also different according
to figure yet with a large difference of confidence interval due to disproportionately racial data, which
is doubted that differences of probability are actually caused by discriminatory sentencing or higher
violence rate.

Table 8. Regression result of logistic regression.

recid Coefficient  Std. err. z P>z [95% conf. interval]
priors 0.268333 0.01465 18.32 0 0.239619 0.297047
priors_sq -0.00649 0.000717 -9.06 0 -0.00789 -0.00508
female -0.11901 0.174735 -0.68 0.496  -0.46148 0.223463
misde -0.18211 0.059406 -3.07 0.002  -0.29854 -0.06567
race
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Table 8. (continued).

African American  0.07889 0.063363 1.25 0.213  -0.0453 0.203078
Hispanic -0.15426 0.110046 -1.4 0.161  -0.36994 0.06143
Asian -0.54369 0.433249 -1.25 0.21 -1.39284 0.305463
native American -0.26066 0.642886 -0.41 0.685  -1.5207 0.999372
others -0.11924 0.129113 -0.92 0.356  -0.3723 0.133814
age

middle -0.92725 0.078103 -11.87 0 -1.08033 -0.77417
old -1.571 0.100481 -15.63 0 -1.76793 -1.37406
female#tyoung -0.68706 0.228918 -3 0.003  -1.13573 -0.23839
female#middle -0.06856 0.197363 -0.35 0.728  -0.45538 0.318267

Predictive margins of age with 95% Cls

Figure 2. Predictive margins of age with 95% CIS.
5. Evaluation

5.1. Comparison between models

We based several information criteria and measurement of performance to assist us selecting the desir-
able model specification that might be appropriate for our dataset as well as for measuring predictability
of recidivism when we implement or fit the model into different sample or different data. Typically, we
would use mainly adopt the Akaike information criteria (AIC) and the hit and miss table for analyzing
the balance between the degree of parsimony and goodness-of-fit as well as the general predictability of
our models.

The initial and the most intuitive way of looking how the goodness of fit of various models that we
have specified is by using the Pseudo R?2. Veall and Zimmermann [11] reasserted the fact that when it
comes to the diagnostic tests for models in the context of either limited dependent variable or continuous
dependent variable, the R? methods should be avoided to use. One of the possible reasons of that advice
is that the underlying mathematical structure of various R? methods require the computation of sum of
the squared residuals (SSR) in which they are mostly derived by the OLS estimation method. However,
in the nonlinear model context such as the probit and logit models, the sum of squared residuals is not
able to be computed, and they typically use the maximum likelihood estimation method. Therefore, as
the alternative measures of goodness-of-fit, various types of Pseudo-R? approaches are increasingly
popular to be used in the diagnostic context when it comes to the case of limited dependent variable
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models, including the models where its dependent variable is discrete such as the probit and logit mod-
els. Generally, a Pseudo-R? is a goodness-of-fit measure applied to the limited dependent variable or
the discrete dependent variable case, which is resemble to the standard R2-approach in the linear regres-
sion or the continuous data scenario [12]. Among these academically proposed methods of Pseudo-R?,
we preliminarily interested in adopting the McKelvey and Zavoina’s Pseudo R? which was proposed by
McKelvey and Zavoina [13]. Since if we evaluate the model performance across the linear probability
model in which it used the OLS estimation method, the logit and probit models in which they both used
the maximum estimation method with the binary dependent variable (i.e., having recidivism or not), the
McKelvey and Zavoina’s Pseudo R? should reflect the best comparability as a good approximation to
the standard R? which is based on the OLS estimation method under the latent variable framework [12].
However, Hagle and Mitchell [14] in his findings demonstrated that the results of the McKelvey and
Zavoina’s Pseudo R? and other R? measures may not necessarily hold when the model misspecification
occurs (i.e., when the errors are no longer normally distributed such as skewed or binomial), compared
to the case of normally distributed error term. Veall and Zimmermann [11] stated that in that situation,
McFadden’s R? might be a better R? measure to be adopted as it is less subject to variation. Our histo-
gram of residuals generated by the probit and logit models illustrated binodal distribution respectively.
Table 9. Robust Jarque-Bera Test for the probit and the logit model.

Model type: Probit model Logit model
Jarque-Bera test statistic: 457.17 459.71
Degrees of freedom: 2 2

P-value: <2.2e16 <2.2e716

We could also observe that both robust Jarque-Bera tests for probit and logit models reject the null
hypothesis that the errors are normally distributed at 5% significance level. These two results together
with the sampling distributions of the residuals justify the fact that the models are misspecified, and they
do not comply with the assumption. Thus, the use of the McFadden’s R? as the measure of goodness-
of-fit could be proposed. To be detailed, the McFadden’s R?s reported for the probit and logit models
are respectively 0.1242741 and 0.1186815. This implies that the probit model fits the data slightly better
than the one fitted by the logit model. Keeping into account the fact that the McFadden’s Pseudo R?
might not be a good approximation (unbiased) to the OLS - R?, mentioned by Veall and Zimmermann
[11], the adjusted R? of the linear probability model that we have specified before is about 0.1556. This
claims that the LPM may have better goodness-of-fit over the probit and the logit model without incor-
porating the correction of potential biasness existed in the Pseudo R2. Thus, it imposes some degree of
difficulties for evaluating model performance across different models with different estimation methods
and different model assumptions based on R2-type measures. However, Hagle and Mitchell [14] as-
serted the importance of joint use of Pseudo R? measure with other types of measures of model perfor-
mance. We also reported the results of Akaike information criteria and Bayesian information criteria as
well as the accuracy of prediction for recidivism under different measures such as the hit and miss tables.

The Akaike information criterion (AIC) and Bayesian information criterion (BIC) both seek a bal-
ance between the goodness-of-fit and parsimony as high level of model complexity is always undesira-
ble due to the curse of dimensionality. Maydeu-Olivares and Garcia-Forero [12] restated the properties
of the AIC and BIC that they aim to penalize for extra addition of parameters. Normally, the smallest
value of the AIC or the BIC should be often preferred. However, the BIC prefers more in terms of model
parsimony with respect to the number of parameters than the AIC. So that the BIC has stricter penalty
on adding additional parameters than the AIC. A very typical set of the AIC and BIC formulae have
been provided below.

AIC = =2 X LogLik + 2 x k (7
BIC = —2 X LogLik + k X In (n) (8
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Where LogLik is the log-likelihood of the estimated model, k is the number of parameters of the
estimated model and n is the sample size or the number of observations in the data. The only situation
where we are indifferent from looking at either the AIC or the BIC is when the number of observations
equal to approximately 7.40, which is unrealistic and unreasonable to have such number and the sample
size corresponding to it.

The AIC favor the probit model (7495.28775) more than the logit model (7524.86056). Because the
conduct of the probit model specification is under the procedure of stepwise regression in which it aims
to minimize the AIC, given the initial provision of different independent variables. Therefore, in con-
junction with the higher McFadden’s Pseudo R? relative to that of the logit model, we may consider that
the probit model might be preferred in accordance with this perspective. In contrast, the BIC favors the
logit model more than the probit model due to parsimonious structure (i.e., a smaller number of param-
eters). Exclusively, the AIC (7879.301) and BIC (7960.034) of the LPM has the largest value among
these three model specifications. Kuha[8] stated that even though both AIC and BIC have their own
objective and motivation of defining a sense of “good model”, they usually have desirable approxima-
tions to their theoretical perspective outcomes, and this typically implies that they could specify a desir-
able model given the observed data of the realization. However, this condition does not always hold.
That is why we are required to provide more realistic measure of the model performance than those
classic measurements (e.g., the prediction accuracy table or the hit and miss table).

The prediction accuracy table is provided below. To better our prediction, we additionally used sup-
port vector machine (SVM) as machine learning algorithms in recidivism prediction for robustness test.
In machine learning, support-vector machines (SVMs, also support-vector network) are supervised
learning category models with associated learning algorithms which analyze data for classification and
regression analysis. Developed at AT&T Bell Laboratories by Vladimir Vapnik and his colleagues
SVMs has been broadly applied in predicting marketing future state [15], credit default [16], regional
economic outcome [17] and many other social and economic domains. SVM is one of the most robust
prediction methods and able to converge at a fast rate [18], being based on statistical learning frame-
works or VC theory proposed by Vapnik and Chervonenkis [15]. SVM learning is superior in handling
the entangled complex relationship between predictors and target variable especially in absence of the-
ory. Despite that there have been numerous articles trying to introduce machine learning method in
criminology, less researchers apply SVM learning machines in recidivism prediction. We compare the
result of this advanced method with traditional statistical model to test the validation and performance
of latter. The application of SVM does not bring apparently superior performance to traditional logit or
linear model measured against confusion matrix which confirm the validation and effectiveness of con-
ventional algorithms as for recidivism prediction.

We apply python for SVM application coding and randomly separate the dataset into two parts: One
with 5000 individuals’ characteristics is training set and the rest is compiled as test set. SVM model
classify by forming several hyperplanes and choose the reasonable one as the best that represents the
largest separation, or margin, between the two classes. In other words, the hyperplane allows the distance
from it to the nearest data point on each side to be maximized. We repeat the above steps several times
and retain the means for comparison.

We could observe that there are some noticeable differences between the overall accuracy and the
recall of specifying recidivism or not with different baselines from the probit and the logit model. To be
specific, the logit model has overall 2.44% higher ability of correct prediction on whether the ex-con-
victs have recidivism or not, and 9.22% higher percentage of correctly identified those ex-convicts who
were having recidivism than that of the logit model at the time of the data collection. But it has a little
bit weaker performance with respect to correctly identifying ex-criminals who have no recidivism than
that of the probit model, which is about 3.81% distinction. In particular, the probit model has relatively
robust performance with respect to correctly identifying those ex-criminals who have not reoffended
with 94.17% of the correctly identified rate, compared to that value of 90.36% predicted by the logit
model. However, all these two models are less capable of identifying true recidivists than correctly
identifying those who had not reoffended at the time of data collection.

265



Proceedings of the 4th International Conference on Computing and Data Science (CONF-CDS 2022)
DOI: 10.54254/2755-2721/2/20220667

The LPM has the highest rate of identifying those true recidivists among other two models with about
55.46%. On the other hand, this model might not be very excellent at the identification of non-recidivists
from the group of ex-convicts that do not have reoffence. Generally, the level of accuracy is not quite
sensitive in the context of different model specifications. But the level of recall and precision do vary
under different model specifications.

SVM model has a precision rate of 53.2% and a recall rate of 41.5%. The accuracy rate, being 63.0%
is not significantly different from logit or probit model. SVM algorithms though invented and proved to
pertain complicated relationship between independent variables and predictive target shows no superi-
ority in our research.

5.2. Model selection

Even though the prediction outcome against the reality was presented most closely in the linear proba-
bility model, due to the limitations of the linear probability model that was discussed by Woodridge [7],
Westin [19] also pointed out some issue that the linear probability model possessed in nature and he
excluded the use of the linear probability model from his paper. This in turn has similar circumstances
that we have already faced in our analysis. Westin [19] also reported the issue that may arise from the
employment of the probit model in which its probabilistic distribution would have the form of inverse
cumulative normal function which would imply intractable prediction computation. Based on these stud-
ies, we have the reasonable ground to employ the logistic model to be the best candidate in our data
analysis as it prevents these potential problems that the linear probability model and the probit model
would suffer from. In addition to that, the logistic model is more parsimonious than the probit model
and we do not observe any significant distinction of the prediction outcome presented in the hit and miss
table or the confusion matrix that we discussed before under these two models. Furthermore, a parsimo-
nious model is more likely to prevent the negative effect from the curse of dimensionality and the com-
putation would be much easier than a complicated model such as the probit model we specified in our
paper. Another well-explained intuition is that a model has perfect fitness to the data would not neces-
sarily imply a robust predictability or forecasting ability on another set of data.
Table 10. Hit-and-Miss table for the LPM

Recidivism Pr(Recidivism=0 |X) Pr(Recidivism=1 |X) Sum
=0 2600 763 3363
=1 1251 1558 2809
Sum 23851 2321 6172
2 _ TP +TN _ 2600 + 1558 _ 4158 06737

Uy = TPYTN+FP+FN 6172 6172
Positi dicti te (Precision) = TP _ 1558 0.6713

ositive predictive rate (Precision) = TP+FP 2321 %
N ti dicti te = ) —2600—06751

egative preaic erTae—TN+FN—3851— .

TP 1558

True positive rate (Recall) = = 0.5546

TP+ FN _ 2809

TN 2600

= = 0.7731
TN+ FP 3363 0.773

True negative rate =
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Table 11. Hit-and-Miss table for the Probit model.

Recidivism Pr(Recidivism=0 |X) Pr(Recidivism=1 |X) Sum
=0 3167 196 3363
=1 2108 701 2809
Sum 5275 897 6172
) ~ TP + TN _701+3167 3868 _ ' _

A TP YTN+FP+FN 6172 6172
Positi dicti te (Precisi L 0.7815

ositive predictive rate (Precision) = TPLFP 897~ %
Negati dicti te = ™ —3167—06004

egative predictive rate = ———m = o= = 0.

701

True positive rate (Recall) = = 0.2496

TP+ FN _ 2809

TN 3167

= = 0.9417
TN +FP 3363 09

True negative rate =

Table 12. Hit-and-Miss table for the Logit model.

Recidivism Pr(Recidivism=0 |X) Pr(Recidivism=1 |X) Sum
=0 3039 324 3363
=1 1849 960 2809
Sum 4888 1284 6172
2 B TP+TN 960 +3039 3999 0.6511

Ay = TP Y TN+FP+FN 6172 6172
Positi dicti te(Precisi __rP 960 = 0.7477

ositive predictive rate(Precision) = TP+FP 1284 "
Negati dicti te = TN —3039—06217

egative predictive rate = TN+ FN 2888~
T iti te (Recall) = TP _ 260 _ 0.3418

rue positive rate (Recall) = TP+ FN 2800 %

TN 3039

True negative rate = = 0.9036

TN + FP 3363

6. Limitations and improvements

We try to construct a model with accuracy to predict one’s probability of recidivism based on his back-
ground and quantify the effect of gender, races, age, misdemeanors and numbers of prior conviction on
probability of recidivism. We achieve a level of approximately 71-72% of prediction accuracy and a
true positive rate (TPR) of XXX which is a considerable result but there are still some improvements to

be made for our prediction model and causal relationship identification.

As for dependent variables, the data collected in the article are mainly whether one have reoffended
in two years. This may be not a perfect predictive indicator of recidivism as it has been statistically
proved that the periods before individuals reoffend vary depending on the multiple level of violence of
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their first crime, behaviors in prison and metal health condition. As a result, survival models or event
history analysis in sociology are generally introduced in recidivism prediction to separate subgroups of
samples (those who reoffend and who not) for creating multiple dependent variables. For instance, split
population of whether one reoffends and the duration between [18]. With the inclusion of further de-
tailed data of recidivists’ duration, we can better our prediction by applying more complicated and ac-
curate models. Another issue is able to be solved by more detailed information requires more specific
classification of crime. Criminologically, recidivism data are generally processed and classified into
different basic division: general recidivism, violent recidivism, sexual recidivism etc. Recent studies
have identified the limitation of certain methods of prediction when apply to different offender popula-
tion for multiple characteristics, which may strongly influence the consequences of recidivism, will be
inappropriately standardized and separate analysis and comparison between different categorized pop-
ulation may better the prediction results [1,20].

The correlation coefficient of most of the races in all of the models are not significant and no valid
evidence of discrimination towards minority group is drawn from our study. However, we do not infer
that the judicial sentences against certain races do not exist as there are other omitted variables for ex-
ample income, social status, educational level and types of crime offended. Omission of theses variables
in model may lead incorrect conclusion of discrimination due to endogeneity and scholars may imple-
ment alternative methods as quasi-experimental approach [21], Difference in difference or regression
discontinuity design. As the probability of reoffending is often self-selection due to personal character-
istics, more advanced experiments must be designed to avoid endogeneity problems.

7. Conclusion

The study reviews previous researches over recidivism prediction ranging from classical regression
models to advanced algorithm and then form three models separately for comparison of econometric
interpretability and predictive performance. The relationships between selected variables relevant to
offenders’ physical and social characteristics and recidivism probability are similar in different models:
negative result shown in female and age whereas misdemeanor has positive relationship. The effect of
number of prior convictions upon reoffending possibility is more accurately depicted by adding quad-
ratic term reflecting a reverse u-shape curve and racial difference are ambiguous due to variable omis-
sion and other possible limits.

To compare between models, a combination of pseudo-R square, AIC and BIC is the basic standard
against which we define whether a model is ‘good enough’. All of the three indices for each model fail
to show distinct disparity with each model performing better in respective index: R square of LPM
model is higher than the pseudo-R square of logit mode and probit model; logit regression has the lowest
AIC and probit has the lowest BIC. None of the differences of the three indices are large enough for us
to jettison any models. By applying SVM machine learning method, we complete a robustness check
and confirm the validity of traditional statistical method in terms of recidivism prediction as machine
learning’s result are similar with few further inductions.
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