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Abstract 
Raking is widely used to reduce biases in population estimates in surveys because it is relatively 

simple to implement and requires only marginal control totals of each auxiliary variable. However, 

when the raking margins are highly correlated, the raking process may take numerous iterations to 

converge, and the weights may have higher variability than expected. In such cases, combining the 

two or more variables to form a single margin is one possible solution. This study compares the 

performance of the raking algorithm when using only a single variable for each margin versus using 

the joint distribution of multiple grouping variables. The comparison uses simulated oral health data 

and assesses three weighting schemes—design weights, raking sequentially with each variable, and 

raking with the joint distribution—in terms of weights and point estimates. The raking algorithm 

reduces the average bias and average standard error in estimates compared with design weights. 

Raking with cross-classification, especially when variables are highly correlated, can improve 

sampling weights based on joint distributions available at the population level, which can provide 

an effective way to estimate population parameters by sample statistics. 
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1. Background 

 
Missing data can occur in survey research when a sampled element does not participate in the survey 

(nonresponse), or when an element in the target population is not included on the survey's sampling 

frame (noncoverage).1 Weighting adjustments are commonly applied in surveys to compensate for 

nonresponse and noncoverage, in order to make the weighted sample represent the population of 

inference as closely as possible.2 Raking, also known as raking ratio estimation, or sample-

balancing, is a post-stratification procedure to match marginal distributions of a survey sample to 

known population margins on a specified set of variables. It is an iterative process that usually 

proceeds one variable at a time, applying a proportional adjustment to the weights of the cases that 

belong to the same category of the control variable, and terminates when the convergence criterion 

is achieved. The initial design weights in the raking process are often equal to the inverse of the 

selection probabilities.3 Raking is widely used to reduce nonresponse and noncoverage biases, as 

well as sampling variability.4  

 

Raking offers a distinct advantage in that only the marginal control totals of each auxiliary variable 

are needed, rather than counts for all the cells in the cross-classification such as would be required 

with post-stratification.5 In many applications of raking, it is assumed that two or more sets of 

marginal populations are known, while the joint distribution with respect to all the raking variables 

is known only from a sample.6 One situation that could be problematic is when dependent margins 

are used in raking. With highly correlated margins, the raking process may take numerous iterations 

to converge, and the weights may have higher variability than expected.5 In such cases, combining 



the two or more variables to form a single margin is one possible solution, if feasible. When control 

totals are available, the raking margin can involve multiple control variables (e.g., age categories x 

gender x race), and adjustment to control totals is then achieved by creating a cross-classification of 

the categorical control variables and matching the total of the weights in each cell to the 

corresponding control total.4  

 

The motivation of the study is to compare the performance of raking method when using single 

variable for each margin versus using cross-classifications, in order to identify a more efficient and 

effective way to estimate the population parameter by sample statistics. Tooth decay, also known as 

caries, is the most common chronic disease in children and the most frequent health problem in the 

United States. Poor oral health in children can lead to attention problems, nutrition issues, missed 

school days, and increased dental care costs. In this paper, we conduct a simulation study to compare 

empirical biases, standard errors, and convergence time across different outcome variable models 

with oral health survey data on children.  

 
2. The Basic Raking Algorithm 

 
In a cross-classification that has 𝐽 rows and 𝐾 columns, we denote the sum of individual weights 𝑤𝑖 

(𝑖 = 1, … , 𝑛𝑗𝑘) in cell (𝑗, 𝑘) by 𝑤𝑗𝑘. To indicate further summation, we replace a subscript by a + 

sign. Thus, the initial row totals and column totals of the sample weights are 𝑤𝑗+ and 

𝑤+𝑘  respectively. Similarly, we denote the corresponding population control totals by 𝑇𝑗+ and 𝑇+𝑘. 

 

 
Figure 1. Example of the basic raking algorithm using race/ethnicity and gender. 

 

The iterative raking algorithm produces modified weights, whose sums we denote by a suitably 

subscripted m with a parenthesized superscript for the number of the step. Thus, in the two-variable 

cross-classification we use 𝑚𝑗𝑘
(1)

 for the sum of the modified weights in cell (𝑗, 𝑘) at the end of step 

1. If we begin by matching the control totals for the rows, 𝑇𝑗+, the initial steps of the algorithm are 

 

𝑚𝑗𝑘
(0)

= 𝑤𝑗𝑘    (𝑗 = 1, … , 𝐽; 𝑘 = 1, … , 𝐾) 

𝑚𝑗𝑘
(1)

= 𝑚𝑗𝑘
(0)

(𝑇𝑗+/𝑚𝑗+
(0)

)    (for each 𝑘 within each 𝑗) 

𝑚𝑗𝑘
(2)

= 𝑚𝑗𝑘
(1)

(𝑇+𝑘/𝑚+𝑘
(1)

)    (for each 𝑗 within each 𝑘) 

 

The adjustment factors, 𝑇𝑗+/𝑚𝑗+
(0)

 and 𝑇+𝑘/𝑚+𝑘
(1)

, are applied to the individual weights, which we 

could denote by 𝑚𝑖
(2)

, for example. In the iterative process an iteration rakes both rows and columns. 

Thus, for iteration 𝑠 (𝑠 =  0, 1, …) we may write 

 

𝑚𝑗𝑘
(2𝑠+1)

= 𝑚𝑗𝑘
(2𝑠)

(𝑇𝑗+/𝑚𝑗+
(2𝑠)

)   

𝑚𝑗𝑘
(2𝑠+2)

= 𝑚𝑗𝑘
(2𝑠+1)

(𝑇+𝑘/𝑚+𝑘
(2𝑠+1)

)   

 



The raking algorithm proceeds by proportionately scaling the 𝑚𝑗𝑘 such that the relations 

 

∑ 𝑚𝑗𝑘 = 𝑚𝑗+ = 𝑇𝑗+
𝐾
𝑘   

and 

∑ 𝑚𝑗𝑘 = 𝑚+𝑘 = 𝑇+𝑘
𝐽
𝑗   

 

are satisfied in turn. The process terminates either after a fixed number of iterations or when each 

marginal total of the raked weights is within a specified tolerance of the corresponding population 

control total. In general, raking through a large number of variables slows the convergence process, 

though other factors also play a role.4 These factors include the number of categories of raking 

variables, the sample size in each category of the raking variables, and the size of the difference 

between each control total, and the weighted sample total prior to raking. 

 
3. Simulation Study 

 
In case study analyses using real-world survey data, bias cannot be directly evaluated due to the lack 

of a gold standard or known truth about the outcome measures of interest in the population. 

Therefore, we conduct a simulation study with oral health survey data to assess the performance of 

various weighting schemes, focusing on the magnitude of differences in empirical bias, standard 

error, and convergence time. 

 

3.1 Simulation framework 
In the simulation study, we evaluate the estimates for population prevalences and means for oral 

health outcome variables. We assume that the outcome variable model contains three main effect 

covariates: school district, socioeconomic status (SES; yes and no) and ethnicity (Hispanic and non-

Hispanic). Additionally, all statistically significant two-way interaction terms between the three 

main effect variables are included in the outcome model. We assume a stratified sampling design, 

since practical surveys almost always involve complex sample designs. 

 

The model for the outcome variable 𝑌 is specified as follows. For a binary response, we have 

 

𝑃(𝑌𝑖𝑗𝑠𝑘 = 1) = logit−1(𝜇 + 𝛼𝑖 + 𝛽𝑗 + 𝛾𝑠 + 𝛼𝑖𝛽𝑗 + 𝛼𝑖𝛾𝑠 + 𝛽𝑗𝛾𝑠 + 𝜖𝑖𝑗𝑘) 

𝑖 = 1, 2;  𝑗 =  1, 2;  𝑠 =  1, 2;  𝑘 = 1, . . . , 𝑁𝑖𝑗 

 

where 𝑁𝑖𝑗  is the population size in cell (𝑖, 𝑗) for the survey, and 𝜖𝑖𝑗𝑘~𝑁(0, 𝜎2). In the model, α 

measures the main effect of SES, β measures the main effect of ethnicity, and γ measures the main 

effect of school district. For a count response, we employ a Poisson regression model with a similar 

covariate structure. 

 

The implementation of the simulation is based on the framework and involves the following steps: 

1. Generate an artificial finite population of size 𝑁 that contains 8 subpopulations defined by 

the categories of the three auxiliary variables (2 x 2 x 2). The subpopulation size 𝑁𝑖𝑗 is 

determined based on the joint distribution of Los Angeles County third-grade students from 

population enrollment data. 

2. Generate the value for the outcome variable 𝑌 . The outcome model parameters are 

determined based on the 2020 LA County Smile Survey third-grade data.7  

3. Select a stratified random sample of size 𝑛 from the population, with school districts as the 

strata. 

4. Conduct survey weighting using sampling weights, raking with single-variable margins, 

and raking with joint distribution (school district x SES x ethnicity), respectively. Obtain 

the estimates for the outcome variables and then compare the empirical results. 

We examine the empirical properties using a repeated sampling approach (i.e., averaging results 

across the 10,000 simulation samples). The simulation is conducted in R. Raking was conducted 



based on the marginal totals of each weighting variable and their joint distribution, using the R 

package “survey”.8 

 

3.2 Results 
Table 1 shows that raking helps reduce bias significantly for both the binary outcome and count 

response. Raking with joint distribution performs better both in terms of bias and standard error. 

Moreover, the empirical results demonstrate improved efficiency in the average convergence time 

of raking. For example, for the binary outcome, the average convergence time of each raking process 

for raking with joint distribution (Raking 2) is 0.027 seconds less than that for raking with single-

variable margins (Raking 1). 

 

Table 1. Empirical results for the three weighting schemes over repeated sampling. 

Oral health 

related 

outcomes 

Population or 

weighting 

method 

Mean or 

% 

Standard 

error 

Time 

(secs) 

Relative 

bias (x10-

2) 

Relative 

SE (x10-3) 

Caries 

Experience 

(%) 

Population 65.2790     

Sampling 

weights 66.0003 0.333  1.1050 5.094 

Raking 1 65.2794 0.160 0.042 0.0006 2.456 

Raking 2 65.2793 0.159 0.015 0.0004 2.436 

Caries 

Experience 

(number) 

Population 2.5202     

Sampling 

weights 2.5391 0.014  0.7512 5.388 

Raking 1 2.5203 0.012 0.042 0.0028 4.513 

Raking 2 2.5202 0.011 0.015 0.0018 4.467 

 
4. Discussion 

 
Raking is widely used to reduce biases in estimates in sample surveys. The raking algorithm usually 

proceeds one variable at a time, applying a proportional adjustment to the weights of the cases that 

belong to the same category of the control variable. In this study, we proposed the raking method to 

combine the correlated variables to form a single margin and rake with the joint distribution. We 

showed, both theoretically and empirically, raking through cross-classification, especially when 

variables are correlated, can reduce biases and standard errors, and thus improve sampling weights 

based on joint distributions available at the population level. This modified raking method certainly 

seems to provide an effective way to estimate the population parameters from the sample data.  

 

However, more work on the proposed raking method is needed. For instance, nonresponse issue is 

typically encountered in real-world survey practice, and raking is most often used to reduce such 

potential bias. For our further work, we plan to incorporate a response model that estimates response 

propensity based on available demographic variables, to evaluate the performance of the modified 

raking method in the presence of nonresponse. Other factors that may affect the differences between 

the weighting estimates in the simulation study, such as the number of simulation samples, the 

impact of the interaction effects, and the sample size for stratified random sampling, also deserve to 

be examined for a sensitivity analysis. 
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