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Abstract


Data from two prisons, one in Ilorin, Kwara State, and the other in Wukari , Taraba  State  were analyzed. In each prison data on Age, Tribe, State of origin, Offence committed and the Jail terms of inn-mates were used. Log linear models, were used to study association between these categorical variables. The Pearson Chi-square test statistic was used to confirm interactions in the fitted models. Interaction between State and Tribe was observed in the models. There are also interaction between offence and Jail term as well as between Age, Offence and Jail term.
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1. Introduction


Methods for the analysis of discrete data arising from categorical variables are generally well known. As the number of variables measured on each individual increases, the resulting multidimensional contingency tables becomes more unwieldy. The investigator is apt to give up on multiway tables and look instead at large number of two-way tables.


The development of multivariate discrete statistical analysis is relatively recent, and occupied a prominent place in the classical development of statistical theory and methodology. A log linear model expresses the logarithm of the expected cell frequencies (or expected cell probabilities) as a linear function of certain parameters in a manner similar to that of analysis variance (ANOVA). An important distinction between ANOVA and log linear modeling is that in the later, the focus is on the need for interaction terms; while in ANOVA, testing for the main effects may be the primary interest. 

The pattern of association between the classificatory variables may be measured by computing some measure of association or by the fitting of a log linear model. The multivariate generalization of Bartlett’s work, beginning with the work of Roy and Kastenbaum (1956) form the basis of the log linear approach to contingency tables though the pioneering work is attributed to Pearson and Yule.


At first sight, it might seem as though a good model is one that fits the data very well, that is, that which makes the predicted value close to the observed. By including enough parameters in our model we can make the fit as close as possible. However, by having as many parameters as observations we would have achieved no reduction in complexity nor produced a simple theoretical pattern to substitute for the ragged data. Thus an important goal in log linear modeling (as in all statistical modeling) is parsimony. Quite often, modelers are faced with a problem of developing a model that is simple to interpret and smoothens rather than over fits the data.


In this paper, log linear models are used to model some prison data, based on the assumption that the data follow the Poisson distribution. This is expected to hold since the total size was not fixed before the study and the occurrence of an observation in a cell is statistically independent of cell counts in other cells.


The aim is to develop an appropriate model for the prison data, based on the available information and also to determine some possible factor influencing crime.


In section 2 we give a brief review of log linear model. Section 3 contains the application of log linear model to data collected. The results are discussed in section 4.


Data from two prisons (the Ilorin Prison in Ilorin, Kwara State and the Wukari Medium Security Prison in Wukari, Taraba State) were used. The data contained information on Age, Tribe State of origin, Type of offences committed and Jail term were collected on inmates of the prisons.

2.
Log Linear Model  
 
The models for contingency table data to be discussed in this section are very similar to those used for quantitative data, particularly in the analysis of variance. Such terms include Main effects and Interaction (first order, second order etc.)
2-Dimensions


Suppose there is a multinomial sample of size n over the N = rc cells of a r x c contingency table. Under this scheme, the expected frequencies 



mij = npij  
where pij is the probability that an observation falls in category i of variable 1 and category j of variable 2, i = 1,…..,r,  j = 1,….,c
Let nij be the corresponding observed frequencies. Under independence, 


pij = pi+ p+j      =>     mij = npi+p+j
(Throughout this work, when we sum over a subscript we replace that subscript by a ‘+’) => 

logmij =  logn + logpi+  + logp+j
Denoting the row variable by 1 and the column variable by 2, we have, the general model for two-way contingency tables given as, 



logmij = U + U1(i) + U12(ij)
Where 
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As explained by Bishop, et al (1975), the u-terms can be regarded as measures of departure from independence for the two variable arrangements. Assuming that mij is the expected value of the independent Poisson random variables X and Y , the U- terms can be estimated as follows:


We know that the joint Poisson mass function of (nij) is
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The kernel of the log likelihood is
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By substitution, we obtain
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Minimizing and equating to zero,
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Taking  
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Minimizing with respect to u1(i) and u2(j) and setting the appropriate terms  to zero, u1(i) and u2(j) can be written as, 
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and  
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3-Dimensions

By extension for the 3 dimensions, the model is


logmij=U+U1(i)+U2(j)+U3(k)+U12(ij)+U13(ik)+U23(jk)+U123(ijk) 

where, 
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 ; i = 1,…..,r , j = 1,…..,c, k = 1,…..,bc
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Similarly,
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and so on.


It can be seen that in going from two to three dimensions we doubled the number of U-terms from 4 to 8 for the saturated models. When we go to four dimensions another doubling brings the number of U-terms to 16. In general, for s dimensions the log linear model has 2s U-terms.

Estimation of Parameters


Two approaches are used in literature to estimate the parameters in the log-linear models; (1) minimum modified chi-square approach attributed to Grizzle et al (1969) and (2) minimum discrimination information approach attributed to Ku and Kullback (1968) and Gokhale and Kullback (1978). Both methods use maximum likelihood approach. For most contingency table problems, the minimum discrimination information approach yields maximum likelihood estimates.


Deming and Stephen (1940) describe an iterative proportional fitting algorithm for hierarchical log linear models, which is currently widely used. The Newton-Raphson method (Kennedy and Gentle, 1980) can also be used to obtain the estimates through iterative procedures.


SPSS (10.0) for Windows, which is used in this study, makes use of iterative proportional fitting. In practice, where we have more than one parameter estimates, we select the estimate that yields the highest value in absolute term.

Hypothesis Testing and Goodness-Of-Fit

The adequacy of a suggested model can be assessed by either the likelihood ratio statistic defined as,
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with appropriate degrees of freedom; where n( and m( are the observed and expected frequencies.


The two statistics (G2 and X2) will take similar values for many tables. However, some authors (Ku and Kullback, 1974 and Williams, 1976) show that in general, G2 is preferred to X2 (Everitt, 1977). 
Method for Model Selection

The selection process becomes harder as the number of variables increases. For instance, in four dimensions, (or with four variables), we have a choice from among 113 hierarchical models that include all four variables (Bishop et al, 1975). Most strategies that have been proposed for selecting a model use the significance level as the criterion for choosing between models.

Stepwise Methods


The methods proposed by Goodman (1971) analogous to forward selection and backward elimination procedures employed in multiple analysis, is used in this work.

The forward selection process adds term (interactions) sequentially to the base model containing terms of order k – 1 until further additions do not improve the fit. At each stage, we select the interaction giving the greatest improvement in fit. The maximum p – value for the resulting model is a sensible criterion, since reductions in the likelihood statistic G2 for different terms may have different degrees of freedom. If each possible term has the same degrees of freedom, we add a term whose G2 (H/H*) is most significant. A stepwise variation of this procedure re-tests, at each stage, terms added at previous stages to see if they are still needed. The backward elimination procedure is the reverse of the forward selection procedure.

Other methods attributed to Brown (1976), Wermuth (1976), Aitkin (1979, 1980) and Jolayemi (1982) are also used in model building. It should be noted that an interaction term cannot be included in a model without including its lower order interactions main effects. 

3.
Data Analysis

Age was classified into two; up to 30 years and about 30 years. Similarly, jail term was grouped into two; up to 24 months and above 24 months. Offence was classified into two; theft cases and other inferences. For data set 1, tribe was classified into four; one for each of the three major ethnic groups and the fourth for the others. For data set 2 it was classified into three; one for each of the two major ethnic groups and the third for others. The combined data was classified into five; one for each of the four ethnic groups (in data set 1 and 2) and the fifth for others. For data from a particular state, the state is categorized 1, while other states are under category 2. However, for the combined state, the states are grouped into three; for the two major states (in data set 1 and 2) and the third for others.

Notations of Model Terms


u
-the overall Mean


u1(i)
-ith levels of Age


u2(j)
-jth levels of Jail Term


u3(k)
-kth levels of Offence


u4(l)
-lth levels of State


u5(r)
-rth levels of Tribe


u12(ij)
-Interaction between the ith level of Age and jth level of Jail term. 
Other interaction terms are defined in a similar manner.

Results for Data Set 1


Using hierarchical modeling, the 3 –way and higher order interactions were not significant. The backward elimination procedure was used to obtain the best two-way model for the data. The final model contains the following generating class, with their corresponding parameter estimates;



       Terms          Estimate     Significant Level

Age x Jail term
-
u12(ij)
   0.67807
 0.044 

Jail term x offence 
- 
u23(jk)
   1.3557
< 0.001

State x Tribe

-
u45(lr)
    1.32619
< 0.001

Age x State x Tribe
-
ul45(ilr)
   -0.84333
 0.015


The test for partial association shows that these interactions are significant, at the 5% levels.


Considering the various 2–way cross tabulation table and carrying out test of association we obtain the following results.
	Effects
	df
	X2 (prob)
	G2 (prob)

	Jails term x Age – (u12(ij))
	1
	4.05 (0.044)
	4.183 (0.041)

	Jail term x Offence – (u23(jk))
	1
	12.73 (0.000)
	14.193 (0.000)

	Age x Offence – (u13(ik))
	1
	0.004 (0.949)
	0.004 (0.948)

	State x Tribe – (u45(ir))
	3
	13.491(0.004)
	14.984 (0.002)


From the above, the fitted model can be written as,


logmijklr = u +u1(i) + u2(j) + u3(k) + u4(l) + u5(r) + u12(ij) + u23(jk) + u45(lr) 

          (3.1)


i = j = k = 1 = 1, 2 and r = 1, 2, 3, 4.

where all the terms are as defined earlier.

Note: The inclusion of u145(ilr) yield no significant improvement on the model, at the 5% level of significant.

Goodness – of- fit – test statistics for the model are

G2 = 35.899
(df = 40; p = 0.655)
X2 = 31.235
(df = 40; p = 0.838)
Result for Data Set 2

The final model for data set 2 contains the following generating class, with their corresponding parameter estimates;


              Terms          Estimate     Significant Level

Age x Tribe

   u5(ir)             -2.25748        0.006     

Jail Term x Offence  
   u23(jk)             -2.35683        0.029 

State x Tribe 
  
   u45(lr)  ​​           2.20619         0.000 


Age x Offence x Tribe   u135(ikl)            -1.12640        0.004


The test for partial association shows that these interactions are significant, at 5% level.

Considering the various 2 – way cross tabulation tables and carrying out test of association, we obtain the following.

	Effects
	Df
	X2 (prob)
	G2 (prob)

	Age x Jails term  – u12(ij)
	1
	0.592 (0.442)
	0.559 (0.445)

	Offence x Jail term – u23(jk)
	1
	5.197 (0.023)
	4.478 (0.034)

	Age x Tribe – u15(ir)
	2
	4.770 (0.092)
	4.843 (0.089)

	Tribe x State – u45(r)
	2
	35.099(0.00)
	37.965 (0.000)


Thus from the above results, the fitted model can be written as,


logMijklr = u + u1(i) + u2(j) + u3(k) + u4(l) + u5(r) + u13(ik) + u15(jr) +u23(jk) + u35(kr) + u45(lr) + 

      u135(ikr)        
i = j = k = l = 1, 2, and r = 1, 2, 3, 4.

          (3.2)

Note: u15 , u13 and u35 are included because u135 is signficant

The Goodness – of – fit test statistics for this model are;

G2 =27.19  (df = 27, p = 0.453)
X2 = 32.31  (df =27, p = 0.221)
Results for the Combined Data

Results from the combined data shows that the fitted model has the generating class,
  



Terms          Estimate     Significant Level
Age x Jail term

u12(ij)

1.31793        0.017 

Age x Tribe


u15(ir)

1.6449          0.003

Jail term x State

u24(jl)
           -1.03314        0.006
State x Tribe


u45(lr) 

0.63972        <0.001
The Goodness – of – fit test statistics for this model are;

G2 =   85.925
 (df = 58, p = 0.010;  df unadj = 86, p = 0.487)
X2 = 104.497
 (df = 58, p < 0.001; df unadj  = 86; p = 0.085)
4. Discussion


The standardized residual show the presence of few outlier cells, two outliers cells exist for each of model (1) and (2) respectively. Moreover, the Pearson Chi-square test confirms that the following variables are indeed related (associated); Age and Jail term, Jail term and Offence, State and Tribe, and Age and Offence.


The three fitted models are not all the same. This is normal with stochastic models of this type, since human behavior cannot be controlled deterministically as in the physical sciences. However, interactions between State and Tribe occur throughout. This is not surprising in the Nigeria context where the tribal composition depends on state. Cross tabulating Age and Tribe shows that more young people across the country are convicted. Another interesting interaction is Age and Jail term. The cross tabulation of this interaction reveals that more people (especially the youth) are associated with short jail terms (24 month or less).


A study of association between Age and Offence shows that youths (30years of age or less) are associated mainly with theft cases. This is an indication for Social Worker and Government Agencies involved in Crime control and Poverty alleviation. 
Interaction of Offence and Jail term could imply the fairness of the judiciary in this regard. The significance of interaction Jail term and State may imply that though the judiciary may be fair within the State, judgments differ form State to State. Interaction between Age, Offence and Tribe, may have been induced by the interaction between Age and Tribe as well as that between Age and Offence.
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