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Abstract 
This paper discusses the methods used to develop a generalized variance function (GVF) 

to properly compute standard errors (SEs) for recidivism rates for a cohort of inmates 

released from prison in 2005. GVFs use model-based parameters in a relatively simple 

function to calculate the SEs for an estimate while properly taking into account the complex 

survey design without requiring the use of statistical software. Thus, GVFs provide users 

a computationally easy method to calculate SEs for estimates from a survey with a complex 

design. The Bureau of Justice Statistics (BJS) has developed an online tool for estimating 

recidivism rates over time for a cohort of inmates released in 2005. The cohort of inmates 

was selected using a stratified design. Due to computational constraints the online tool 

could not use a statistical software package to dynamically compute requested SEs. 

Therefore, BJS wanted to incorporate a GVF into the tool to produce SEs along with the 

recidivism estimates. We discuss the models considered and the challenges associated with 

developing three parameter GVFs for each estimate type for this population. 
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1. Introduction 

 
Estimating sampling variances from complex survey data can be done through one of two 

broad methods: (1) direct estimation, or (2) generalized variance functions (GVFs). Direct 

estimation use point variance estimators or conduct replication procedures to obtain 

variance estimates individually for survey statistics (Salvucci, Weng, & Kaufman, 

1995). GVFs attempt to model the variance of a survey estimator as a function of the 

estimate and possibly other variables (Wolter, 1985). As such the GVF model will depend 

on the type of estimate – total, mean, or proportion. 
 

Survey statisticians develop GVFs for three main reasons: (1) statistical software that could 

account for a complex survey design is not readily available, (2) computational time 

required to process complex survey data is too onerous in some circumstances, and (3) 

allow analysts that may not be statistically savvy to account for the complex survey design 

through a simple formula. Given these reasons, unlike direct variance estimates, a single 

GVF will apply to an entire class of estimates for a given survey (e.g., all proportions) 

(Salvucci, Weng, Kaufman, 1995). Furthermore, if the modeling is successful then direct 

variance techniques for each individual estimate is unnecessary potentially resulting in 

considerable cost savings (Johnson & King, 1987). Moreover, for published reports, GVFs 

reduce the volume of what needs to be included because standard errors can be calculated 

directly from the published point estimates (Bieler & Williams, 1990).  
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2. Understanding the problem 
 

2.1 Background 
The Bureau of Justice Statistics (BJS) periodically does a retrospective study of a cohort 

of released inmates from prison to determine the rate of recidivism in the United States. 

The latest iteration of the study reviewed a cohort released from prison in 2005. The study 

determined the recidivism rates over a 60 month period. The results from this study can be 

found in Recidivism of Prisoners Released in 30 States in 2005: Patterns from 2005 to 

2010 (Durose, Cooper & Snyder, 2014).  

 

The 2005 cohort came from 30 states. The states included in the study can be seen in Figure 

1. Rather than tracking all inmates released in 2005, BJS drew a stratified simple random 

sample of inmates. Inmates were stratified by state, gender, and controlling offense. 

Inmates released for more violent crimes (e.g., inmates released for homicide) were 

selected with a higher probability of selection (i.e., the analysis weights across inmates are 

not equal).   

 

 
Figure 1: States included in the 2005 Recidivism Cohort Study 

 

 

The outcome of interest in the study was the time until the released inmate recidivated. 

During the 60 month period, BJS recorded five different points within the criminal justice 

process a person in the cohort would experience if they committed another crime – (1) 

arrested, (2) adjudicated (3) convicted (4) incarcerated, and (5) imprisoned,. 

 

2.2 Need for a GVF 
In addition to the published report, BJS wanted to develop an online data analysis tool to 

allow users the ability to obtain recidivism rates and corresponding standard errors for all 

subsets of the data possible. Given the number of estimates possible (over one million) it 

was not possible to preload the estimates and corresponding standard errors into tables the 
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tool would utilize as needed (see Figure 2 for listing of all characteristic types from which 

a user can select). Therefore, the online tool houses the survey data and dynamically 

calculates the requested recidivism rate.  

 

 
Figure 2: Demographic, Criminal History, and Sentence Characteristics Available on 2005 

Recidivism Cohort Online Tool 

 

Ideally, the tool would dynamically calculate the corresponding standard errors to mimic 

the methods used in Durose, Cooper & Snyder (2014). While computing rates is relatively 

simple and does not require special software, calculating the standard error directly requires 

running a software package that can account for the complex survey design (e.g., 

SUDAAN, Stata) in the background of the tool. After investigating this possibility, it was 

determined that the online tool did not have sufficient power to run one of these software 

packages.  

 

Therefore, BJS determined that a GVF was the best option to provide standard errors that 

properly account for the complex survey design. The GVF and accompanying parameters 

can be written into the online tool without causing any computational problems.  

 

2.3 Recidivism Outcomes 
The 2005 Recidivism Cohort online tool provides two general classes of outcomes: (1) 

cumulative recidivism rates, and (2) failure rates. The cumulative recidivism rates are the 

proportion of released prisoners who recidivated by the end of each month during the 5-

year follow-up period. In other words, for month m, the cumulative recidivism rate (CR) is 

defined as 
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where ��� is the number of released prisoners in characteristic set j who recidivated by 

month m and �� is the total number of released prisoners in characteristic set j. The failure 

rate is the number of released prisoners who recidivated in year Y divided by the number 

of released prisoners who had not recidivated by year Y-1. In other words, for year Y, the 

failure rate (FR) is defined as  
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where ��� is the number of released prisoners in characteristic set j who recidivated in year 

Y and �� is the number of released prisoners in characteristic set j.  

 

2.3 Study goals 
Given the need for a GVF, BJS had the following goals 

 

1. Determine the most appropriate GVF model for each of the outcome types  

2. Determine the simplest set of covariates for the model that provide accurate 

standard errors and compared to the corresponding direct estimate.  

 

3. Methods 
 

The methods to achieve our study goals consisted of three components: (1) determining a 

set of potential models for the GVF, (2) estimating the variances directly and determining 

the model parameters for each GVF model, (3) assessing the fit of the resulting GVF 

standard errors for each potential GVF model. 

 

3.1 Potential GVF Models 
In order to determine potential models to use for the GVF we first determined that both 

outcomes of interest (i.e., the cumulative recidivism rate and failure rate) are proportions. 

Given this, we reviewed GVF models used for similar types of outcomes; namely, we 

looked at the models used in the National Crime Victimization Survey (NCVS) (see, Ash 

et. al.,, 2008 for review of the NCVS GVF models). In addition we considered more 

traditional models used for proportions. Based on this review we identified three potential 

models.  

 

Two-parameter Census Model (Tomlin, 1974): ���̂� � � × ���
����
��

 

Three-parameter Census Model (Chand, 1993): ���̂� � � × ���
����
��

+ � × ����������

���
 

Log-transform of proportion (Bieler & Williams, 1990): 

 � !���̂�" � # + � × � !�̂�1 − �̂�" + � × � ���� 
 

3.2 Estimation Variances Directly 
To estimate the standard errors, for each outcome type, all possible estimates and their 

resulting standard errors were computed (i.e., all characteristic sets by time periods) using 

SUDAAN. Standard errors for cumulative recidivism rates were estimated using PROC 

DESCRIPT. Standard errors for failure rates were estimated using PROC KAPMEIER 

(while there was no censoring in the recidivism data, the outcome was treated as a time to 

event outcome for ease of programming).  
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Once the directly estimated standard errors were computed, the direct standard errors were 

regressed against each GVF formula to obtain model parameters.  

 

3.3 Assessing Model Fit 
In order to assess each of the models, fit statistics were produced based on all possible 

estimate domains. This included 

• 734 non-gender specific domains; 

• 1,458 male specific domains; and 

• 1,458 female specific domains. 

 

Plots comparing the log variances computed directly and through the GVF models were 

produced. For these plots, estimates that fall along the 45-degree line have the same 

variance under both approaches (direct and GVF). Estimates above the 45-degree line 

indicate that the direct variance is larger. Estimates below the 45-degree line indicate the 

GVF model produced larger variances.  

 

4. Results 
 

4.1 Initial Results 
The initial results found that the log-transform of proportions model fit the data the best. 

However, as Figure 3 shows, the fit of even this model shows an upward curve as the log 

variance gets larger.  
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Figure 3: Initial Results comparing Direct Variance Estimates to Log-Transformation 

GVF Estimates for Cumulative Recidivism Rate Estimates. 

 

After investigating which estimates were causing the upward curve, it was determined that 

prisoners released for homicide had variances that did not fit as well as the variances for 

estimates from non-homicide offense prisoners (see Figure 4). The variance estimates for 

estimates involving homicide were consistently overestimated by the GVF. Furthermore, 

when isolated, the estimates involving non-homicide prisoners fit very well. In reviewing 

the differences between the homicide cohort and the non-homicide cohort, two differences 

appear to be the cause for the difference in model fit: (1) the homicide cohort was selected 

with certainty from all states giving these inmates very different weights than non-

homicide cohort members, and (2) the recidivism rate for persons in the homicide cohort 

appear to be consistently lower than other persons. Since more persons are in the non-

homicide cohort the GVF model parameters produced may not be appropriate for the 

homicide cohort.  
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Figure 4: Comparison of Log Variances between Direct Variance and GVF Variance by 

Homicide and non-Homicide Characteristics for Cumulative Recidivism Rate Estimates 

 

Based on this finding, an alternative model for estimates involving homicide was 

developed. Namely, a four-parameter log-transformation model was assessed. This model 

had the form: 

 

� !���̂�" � # + � × �̂�1 − �̂� + � × � ���� + % × � ����
&
 

 

4.2 Final Results 
Based on the dual models – three parameter log-transform for estimates involving non-

homicide prisoners and four parameter log transform for estimates involving homicide 

prisoners – the models fit the data well. Figure 5 and Figure 6 display the final fit for non-

homicide and homicide cumulative recidivism rate estimates, respectively. The estimates 

for failure rates had a similar fit.  
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Figure 5: Comparison of Log Variances for Direct Estimates and GVF Estimates (Based 

on Three-Parameter Log-Transform Model) for Non-Homicide Cumulative Recidivism 

Rate Estimates  
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Figure 6: Comparison of Log Variances for Direct Estimates and GVF Estimates (Based 

on Four-Parameter Log-Transform Model) for Non-Homicide Cumulative Recidivism 

Rate Estimates  

 

Based on these findings parameters for four models were produced: 

 

• Cumulative recidivism rate – non-homicide  

• Cumulative recidivism rate – homicide  

• Failure rate – non-homicide 

• Failure rate – homicide 

 

5. Conclusions 
 

GVFs can be a useful tool for producing variance estimates that account for the complex 

survey design when direct methods are not feasible. For the 2005 recidivism cohort online 

analysis tool, producing direct variance estimates for all possible estimates was not possible 

JSM2015 - Survey Research Methods Section

1771



without compromising the website’s performance. This paper illustrates how a GVF can 

be developed for such a web tool. 

 

Our results found that a single model may not be possible for all estimates. Therefore, it is 

important to assess the models fit and see if any subdomains cause outlier results. In the 

case of the recidivism data, GVF variance estimates involving homicide prisoners were 

being over estimated by the initial model.  
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