
Mathematics and Statistics 7(4): 91-97, 2019 http://www.hrpub.org 
DOI: 10.13189/ms.2019.070401 

Assessing the Effect of Complex Survey Design in the 
Analysis of Child Labour Prevalence Rate in Ghana 

Lucy Twumwaah Afriyie1,*, Bashiru I. I. Saeed2, Abukari Alhassan1 

1Department of Statistics, University for Development Studies, Ghana 
2Department of Mathematics and Statistics, Kumasi Technical University, Ghana 

Copyright©2019 by authors, all rights reserved. Authors agree that this article remains permanently open access under 
the terms of the Creative Commons Attribution License 4.0 International License 

Abstract  Statistical surveys are conducted to estimate 
population parameters where there are reasons restricting 
the use of the total population. In practice, there are two 
different survey strategies (i.e. simple and complex survey 
designs) to be implemented and the choice of a strategy 
depends on several factors including the characteristics of 
the population, the nature of the research questions, etc. 
However, when the complex survey design is used, 
standard statistical methods that do not take into account 
the complex nature of the survey design may lead to 
inaccurate estimates. In Ghana, living standard surveys are 
conducted using complex survey design involving 
stratifications, clustering and estimation of survey weights. 
In this study, bootstrap resampling methods are used to 
explore the effect of complex survey design in the analysis 
of child labour prevalence rate. The relative efficiency of 
the complex survey design approach was determined by 
using design effect (deff). Data from the Ghana Living 
Standard Survey Round 6 (GLSS 6) conducted by the 
Ghana Statistical Service in 2012 was used for the analysis 
and the target population was children aged 5–17 years. 
The results from the simulation study shows that relative 
efficient estimates are obtained when the complex survey 
design characteristics are considered in the analysis. Thus, 
ignoring the characteristics of complex survey design 
could lead to unrealistic estimates. 
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1. Introduction
In many situations, analysis on elements in a target 

population may not be feasible because of different reasons 
including cost, time, difficulty in reaching all elements etc. 
[1]. In such a situation dealing with samples from the 
population becomes the ideal alternative. The selection of 
the samples from the target population for the survey can 

be done using different sampling techniques [1]. In most 
cases simple random sampling approach is typically used 
when the population under consideration is homogeneous. 
However, due to the complex nature of some population, 
many studies result to multi-stage sampling which involves 
the use of more than one approach in selecting the sample. 
That is, the population is divided into groups and 
sub-groups and then select elements at each stage. This 
approach is usually referred to as complex survey design 
(CSD). 

In practice, when complex survey design approach is 
used, the estimates and their associated variances becomes 
different from what would have been obtained if simple 
random sampling approach is used [2, 3]. This is dues to 
the fact that the computation of the estimates in CSD takes 
into consideration the stratification of the population into 
sub-groups and some weights which is calculated to 
expand the results to reflect the population. The uses of 
such weights allow to compute an estimate which is 
unbiased of the population parameter [4]. According to 
Heeringa, West [5], the standard practice in the 
design-based analysis of complex sample survey data 
requires the analysts to identify variables containing final 
survey weights to cater for unequal probabilities of 
selection, nonresponse and also post-stratification 
adjustments. However, many studies use the CSD 
approach but ignore the use of the weight during the 
computation of the estimates. A review by the American 
Public Health Association in 2012 showed that only 60% 
of published articles accounted for the survey weights 
when computing estimates [2]. The occurrence and 
precision of reporting differ among publication in the 
various journals. 

In Ghana, living standard surveys are conducted by the 
Ghana Statistical Services (GSS) at certain time periods to 
support decision making on living conditions of the 
populace. The living standard surveys are conducted using 
CSD due to variability in the different administrative 
regions in Ghana. Although the estimates reported by the 
GSS takes into consideration the complex nature of the 
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survey, the issue under consideration is, which of the two 
approaches lead to less sample-to-sample variability. Such 
information is important to avoid misleading inference in 
the parameter estimates and its uncertainty [6]. This study 
addresses this knowledge gap by conducting simulation 
study to determine which approach is more suitable in 
practice. That is, the study seeks to conduct a simulation 
study using bootstrapping methods to explore the effect of 
complex survey design in the analysis of child labour 
prevalence rate. Through the simulation study the clear 
difference between the variability in each approach can be 
determined and the relative efficiency between the two 
approaches can be calculated.  

2. Materials and Methods 

2.1. Data Description 

In this study, data from the Ghana Living Standard 
Survey Round 6 (GLSS 6) conducted by the Ghana 
Statistical Service (GSS) in 2012 was used for the analysis 
and the target population was children aged 5–17 years [7]. 
A two-stage sampling design was adopted during data 
collection. A total of 18,000 households were selected 
nationwide, out of which 16,772 were finally interviewed, 
yielding a response rate of 93.2%. Within the 16772 
households, information was independently collected for 
24,116 children aged 5–17 years (sampling unit). Each 
sampling unit in the target population had a known, 
non-zero probability of being included in the sample. The 
2010 Population and Housing Census (PHC) conducted by 
the Ghana Statistical Service were used as the sampling 
frame for the GLSS6. Details of the survey can be obtained 
from the GLSS6 report [7]. 

The main variables analyzed in this study were child 
labour (child labour/ not child labour), child’s age (5–9/ 
10–14/ 15 –17), child’s gender (male/female), child’s 
current grade (No basic education/ primary/ junior high 
school, senior high school/ tertiary), presence of the father 
(Yes/ No) and mother in the household (Yes/ No), 
relationship to the household head (son/daughter/other 
relative), educational grade completed by the father and 
mother (formal education/no formal education) and 
locality of residence (urban/rural). 

2.2. Bootstrapping Methods 

Sample from the population can provide all estimates of 
interest and their simulation distribution gives detailed 
insight in their performance. When the sampling 
distribution of a statistic and its characteristics are 
unknown, they need to be estimated or approximated from 
data, which can be done using bootstrap approaches [8, 9]. 
Bootstrapping is a technique used to obtain a description of 
the sampling properties of empirical estimators using the 

sample data themselves, rather than broad theoretical 
results [10-12]. The applications of bootstrapping in 
statistical analysis have been popular because of its ability 
to handle in sample surveys and also easily deal with 
situation that cannot be compared theoretically by analysts 
[13, 14]. The bootstrapping approach is widely used for 
statistical inference [9, 14, 15] and to measure the 
uncertainty associated with an estimator. The concept of 
bootstrapping involves repeatedly drawing independent 
samples from a single population with-replacement to form 
a distribution rather than a single sample [11, 16]. 
Bootstrap population would allow sampling according to 
the sampling plan of interest, be close to the respective 
national population regarding distributions of interesting 
variables.  

Let  represent an independent 
sample of size n drawn from a population P and  be a 
statistic of interest (proportion of child labour in our case) 
that describes P. The value of θ can be estimated by 
calculating  from the sample S [17]. The sampling 
distribution of  can be estimated through bootstrapping 
technique. The general routing of the bootstrapping 
technique is outline as follows: 
1) Generate a simple random sample of size n from S 

with-replacement to obtain a bootstrap sample  

such that each element has  probability of being 

selected.  
2) Calculate the bootstrap version of the statistic of 

interest,  

3) Repeat the process in step 1 and 2 B number of times 

to obtain bootstrap estimates  of the 

parameter of interest θ. 

The estimate of the parameter and the associated 
standard error can be obtained as: 

                 (1) 

           (2) 

For a complex survey design, the stratified bootstrapping 
approach which takes into consideration the weights 
calculated based on the stratification of the sample unit 
within the population is used [18]. The stratified 
bootstrapping routing is outline as follows: 
1) Generate a simple random sample of size  from 

 with-replacement to obtain a bootstrap sample 
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 in stratum  , independently for 
each stratum.  

2) Calculate the bootstrap version of the statistic of 

interest in stratum h, and # #
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 represents the calculated stratum weight. 
3) Independently repeat the process in step 1 and 2 B 

number of times to obtain bootstrap estimates 

 of the parameter of interest θ. 

The estimate of the parameter and the associated 
standard error can be obtained as: 

                    (3) 

              (4) 

The comparison of the two approaches of estimating the 
population parameter is achieved by relative efficiency 
measure called design effect (deff). The deff is the ratio of 
the variances for the two approaches:  

                 (5) 

1<Deff means the bootstrapping estimates under 
multi-stage sampling is relatively efficient than the 
estimate under the simple random sampling, 1>Deff
gives opposite meaning whereas 1=Deff  mean the two 
approaches are equally efficient.  

3. Results 
To investigate the effect of complex survey design in the 

analysis of child labour prevalence rate a Monte Carlo 
simulation experiment was performed. In the simulation 
experiment, 5,000 bootstrap replications were generated 
based on the two approaches described in the previous 
section. In the first approach 5,000 bootstrap samples were 
generated using simple random sampling with-replacement 
(referred to as unweighted) whilst in the other case we 
consider the complex survey design by including the 
stratification and the survey weights in selecting the 
bootstrap samples (referred to as weighted). Large 
bootstrap samples were used because it improves 
estimation performance [19]. Generally, it has been 
observed in the literature that, the value of the design effect 

differ across variables measured in the sample surveys, and 
estimates of design effect are typically provided for the 
major variables of interest but in this paper, variables 
related to the child labour were also considered. 

The results from both experiments are presented in Table 
1. In both cases, the prevalence rate of child labour and the 
associated standard error are presented together with the 
other variables considered. In general, the results show that 
there is no much difference in the estimated proportion of 
child labour by the two approaches. The variations in the 
percentage standard error for both approaches also confirm 
that there is no much difference between the two 
approaches. However, the little differences that exist in the 
two approaches favours the weighted approach in most 
cases. That is, the calculated deffs is lower than 1 in most 
cases suggesting that the weighted approach is relative 
efficient in most cases compared to the unweighted 
approach. For variables child’s age and gender the deffs 
suggest that the unweighted approach is relative efficient 
than the weighted approach whereas the weighted 
approach remains relative efficient for all the remaining 
variables. This result is in agreement with the existing 
literature [4, 20] that concluded that variance estimation 
that takes into account the complex nature of the sampling 
plan leads to less bias estimates. 

On the other hand, the general results contradict the 
findings by Salganik [6]. The study by Salganik [6] found 
that the estimates from CSD are less precise compared to 
simple random sample but not always. The differences in 
the result may be influence by the differences in sample 
sizes. In Salganik [6] study, the sample size used range 
between 69 and 374 whilst the current study used 24,116, 
which is sufficiently large to change the findings. The 
authors further recommended the use of sample size twice 
as large as would be needed under unweighted sampling 
scheme to achieve a better result. 

The densities of the estimated prevalence rate from the 
two approaches were also compared to determine the 
closeness of the center of the two distributions. Figure 1 
describes the densities of the distributions of the bootstrap 
sample for all the variables considered. Since almost all the 
variables are binary, the density plots were displayed for 
only one outcome. The results described by the figure 
suggest that although the estimated proportions and their 
associated standard error do not vary much, the center of 
the two distributions in most cases are distinct. For 
variables child labour and urban residence, the density of 
weighted sample does not significantly contain the center 
of the unweighted density and vice versa. However, for the 
remaining variables the two densities contain the center of 
each one. For variables age (12-17) and mother lived in 
household the two densities nearly coincided with each 
other. 
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Table 1.  Simulation result on percentage distribution of estimate, standard error and deff 

Variable 
Unweighted Weighted 

Deff 
Proportion Std. Error (%) Proportion Std. Error (%) 

Child labour      

Yes 24.28 0.28 25.35 0.27 0.97 

No 75.72 0.28 74.65 0.27 0.97 

Child’s age      

5-9 41.19 0.32 41.45 0.31 1.00 

10-14 39.03 0.31 38.77 0.31 1.05 

15-17 19.78 0.26 19.78 0.26 1.01 

Child’s gender      

Male 51.04 0.32 50.82 0.33 1.01 

Female 48.96 0.32 49.18 0.33 1.01 

Child ever attend school      

Yes 91.98 0.17 92.11 0.17 0.91 

No 8.02 0.17 7.89 0.17 0.91 

Locality of residence      

Urban  35.29 0.31 36.03 0.28 0.83 

Rural 64.71 0.31 63.97 0.28 0.83 

Relationship to household head      

Son/daughter 78.34 0.27 78.25 0.26 0.96 

Other relative 21.66 0.27 21.75 0.26 0.96 

Father lived in household      

Yes 65.20 0.31 65.20 0.31 0.97 

No  34.80 0.31 34.80 0.31 0.97 

Mother lived in household      

Yes 79.11 0.26 79.06 0.26 0.96 

No 20.89 0.26 20.94 0.26 0.96 

Mother’s education      

Formal education 8.45 0.18 8.46 0.18 0.94 

No formal education 91.55 0.18 91.54 0.18 0.94 

Father’s education      

Formal education 18.68 0.25 18.59 0.24 0.93 

No formal education 81.32 0.25 81.41 0.24 0.93 
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Figure 1.  Density plot of the 5,000 unweighted (solid line) and weighted (broken lines) bootstrap samples generated from the GLSS6 data. 
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Figure 1 (Continued).  Density plot of the 5,000 unweighted (solid line) and weighted (broken lines) bootstrap samples generated from the GLSS6 data. 
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4. Conclusions 
Household surveys are commonly designed to produce 

estimates of population totals, means, or proportion. 
Examples of totals might be total population of the number 
of children aged 5-17 years involved in child labour. In 
Ghana, results from the Ghana living standard surveys 
Round 6 are used to support decision making processes 
regarding the situation under consideration. In most cases, 
CSD is applied rather than simple random sampling. 
However, when the complex data sources are not 
accounted for and variances are not estimated 
appropriately, it may leads to an increment in type I errors 
[3]. This has substantial implications for the way in which 
the survey data may be acceptable to the wider community 
and used in policy development [3]. Though this is the case, 
many studies in the literature fail to account for such 
variation due to the complexity of the survey [2]. 

In this study the effect of CSD in the analysis of child 
labour data were explored using bootstrapping resampling 
methods. In the simulation study 5,000 bootstrap samples 
were obtained from the data and the estimated proportion 
of child labour and the associated standard error were 
obtained. In the study two different bootstrap strategies: 
unweighted and weighted were considered. From the 
simulation study it was found that in most cases, the 
estimation is relative efficient when the complex data 
sources are taken into consideration. Although, there are 
differences in the results from the two approaches, the 
design effect suggests small difference. This result may be 
influenced by the fact that the sample size of the survey 
data considered was higher (over 24,000). Due to high 
sample size the variation among the two methods were not 
substantial.  
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