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Abstract 

Optimizing Cluster Survey Designs for Trachomatous Inflammation-Follicular in 

Amhara Region, Ethiopia 

 

By Julia Gallini 

 
Background: Trachoma is the leading infectious cause of blindness globally, with some 

of the highest rates observed in Amhara National Regional State, Ethiopia. An 

international effort led by the World Health Organization (WHO) aims to reduce the 

prevalence of the trachomatous inflammation-follicular (TF) among children ages 1 to 9 

years to below 5% globally by 2020. A key component of the strategy to eliminate 

trachoma as a health problem is the mass drug administration (MDA) of the antibiotic 

azithromycin. MDA decisions are made based on prevalence estimates from two stage 

cluster surveys. Work remains to formally mathematically evaluate the WHO 

recommended trachoma survey design. 

 

Objective: Characterize the effects of the number of clusters and the number of 

households sampled on the precision and accuracy of TF estimates as well as costs of 

surveying in Amhara. 

 

Methods: We simulated a population from which samples of varying numbers of clusters 

and households were selected. Bootstrapping techniques were used for variance 

estimation. Sampling schemes were evaluated on the following metrics: precision 

(through 95% uncertainty intervals), proportion of incorrect and low MDA decisions 

made (less MDA prescribed than warranted), design effect, effective sample size, and 

percent of sample efficiently used. Costs for each design were estimated based on 

previous work. 

 

Results: The number of clusters sampled has a greater impact on the precision of the 

estimate than the number of households. Increasing households sampled yields a 

diminishing return in precision beyond 30 households. In low prevalence regions, cluster 

number has a lesser impact on precision than in higher prevalence regions. Samples are 

most mathematically and cost efficient used when sampling less than 30 clusters and 

households. The number of clusters drives survey cost more than the number of 

households sampled. 

 

Conclusions: We recommend that past data on a region inform the survey design 

decision. For lower prevalence areas (less than 10%) we recommend 20 clusters of 20-30 

households; for moderate to high prevalence regions (greater than 10%) we recommend 

15 clusters of 20-30 households. Efficient use of surveying funds now will allow 

sustained surveying as Amhara approaches TF elimination as a public health problem. 
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I. Introduction 
 

Trachoma (a neglected tropical disease or NTD) is the world’s leading infectious 

cause of blindness[1]. It is a bacterial infection spread from person to person and the 

active infection is both preventable and treatable. After repeated infection over many 

years scarring on the eyelids causes the eyelashes to turn inwards (entropian), scratching 

the cornea. Without treatment this scratching will eventually cause corneal opacity, or 

irreversible blindness[1]. Trachoma is endemic in areas of the world where crowded 

living conditions and inadequate sanitation are common, with 85% of cases (roughly 18 

million) occurring in Africa [1]. In 1996, the World Health Organization (WHO) adopted 

the four-part intervention strategy to eliminate trachoma as a public health problem which 

includes Surgery for trachomatous trichiasis, Antibiotics for the infection, Facial 

cleanliness (to reduce transmission), and Environmental improvement (to better 

sanitation infrastructure) (SAFE). In recent years, several countries have successfully 

eliminated trachoma as a public health problem such as Cambodia, Ghana, Nepal, and 

Mexico[2].  

In countries where the disease remains endemic like Ethiopia and South Sudan[1], 

trachoma prevalence is monitored through regular sample-based surveying performed by 

the governments of the countries often with the support of nonprofit organizations. Based 

on the WHO simplified grading scheme there are five grades of trachoma: trachomatous 

inflammation- follicular (TF), trachomatous inflammation- intense (TI), trachomatous 

scarring (TS), trachomatous trichiasis (TT), and corneal opacity (irreversible 

blindness)[1]. The WHO hopes to eliminate trachoma as a public health problem by 
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2020, meaning that in every country in the world, the prevalence of TF will be below 5% 

among children aged 1-9 years, and the prevalence of TT will be below 0.1% among 

individuals of all ages[3]. Accurate and precise prevalence estimates are necessary not 

only for the justified validation of the eventual elimination of the disease, but also for 

program evaluation to determine the efficacy of interventions. While formal analysis of 

optimal survey design has been performed for other NTD’s [4-6] there has been less 

formal analysis conducted on trachoma survey design. 

 

II. Background 
Ethiopia is one of the relatively few remaining countries with consequentially 

high trachoma rates. In particular, the Ethiopian region of Amhara is considered 

hyperendemic for trachoma, [7, 8] and has been since the area was first surveyed in 2001 

[9]. Early surveys estimated that 45% of TT in all of Ethiopia was estimated to occur in 

Amhara, with roughly 1 in 20 adults suffering [9]. The SAFE strategy was implemented 

throughout the region starting in 2007. Despite the effort, surveys conducted between 

2011 and 2015 demonstrated that 94% of woredas (similar to districts) remained above 

the TF elimination threshold, suggesting that trachoma will remain a problem in Amhara 

for many years to come [8].  

The antibiotic portion of the SAFE strategy is designed combat ocular infection 

with Chlamydia trachomatis, and thus to reduce the clinical sign TF. [10]. The WHO has 

established guidelines recommending mass drug administration (MDA) in woredas where 

the TF prevalence is above the threshold (5% in children ages 1-9 years). MDA entails 

administering azithromycin to all residents 1 year and above of a woreda regardless of 
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their disease status with a goal of 80% coverage; the idea being that the drug will reach 

even those that are asymptomatic at the moment [11]. The guidelines recommend that in 

woredas where the TF prevalence in children 1-9 years is 5%-10% one year of MDA be 

implemented, with the area being resurveyed the following year. In woredas where the 

prevalence is 10%-30%, the recommendation is that MDA be implemented for 3 years 

before resurveying, and in woredas with a TF prevalence above 30%, the 

recommendation is that MDA be implemented for 5 years before resurveying. In woredas 

where TF prevalence is below the 5% threshold, no MDA is recommended, as this is 

considered to be a low enough prevalence that the disease is not a public health or 

economic burden [12]. Typically, woredas that come in below the 5% TF threshold are 

resurveyed after 2 years or more to ensure that trachoma has not reappeared [12]. TF 

reappearance is an issue faced in hyperendemic areas such as Ethiopia. 

Sampling schemes for determining TF prevalence are relatively similar across 

countries, though there are some differences due to varying administrative structures. The 

Global Trachoma Mapping Project (GTMP) set a precedent with a 2015 paper that 

discusses sample size calculations for TF surveys. Aiming for ±3% precision and 

assuming 10% prevalence and a design effect of 2.65 the authors calculated a necessary 

sample size of roughly 1200 children aged 1-9 years in each evaluation unit (in Amhara, 

a woreda)[13]. Building on the GTMP paper, the WHO published survey design 

recommendations for TF in 2018. Survey designs assume 10% prevalence with ±3% 

precision in woredas where TF is believed to be above the 5% threshold, and assume 4% 

prevalence with ±2% precision in woredas where TF is believed to be near the 5% 
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threshold [14]. Because of this assumption the example of a woreda (district) with TF 

prevalence is 4% is used throughout this study (among other examples). 

In Ethiopia, the currently implemented sampling design is a two-stage cluster 

design. Trachoma prevalence is measured at the woreda level, meaning that a prevalence 

estimate is obtained for every woreda in the country. In order to reach the required 

number of children (usually about 1200) and taking into account what percentage of the 

population is aged 1-9 years, the following sampling plan is implemented. In the first 

stage, 30 gotts (villages) are randomly selected from a comprehensive list of gotts within 

the woreda. In this paper, “cluster” (the general sampling term) and “gott” (the specific 

Ethiopian term for these analyses) are used interchangeably. In the second stage, one 

development team (similar to a neighborhood) is randomly selected from each sampled 

gott (development teams are also referred to as “segments”). Field teams go to all 

households in the segment that they can reach in one day: usually about 30 households 

[15]. Teams evaluate every individual over 1 year old for TF, though WHO TF thresholds 

are based on the prevalence in children aged 1-9 years[16]. By this process, a woreda 

level TF prevalence is determined and MDA guidelines are followed as appropriate. 

The cost of trachoma surveys is based on a large number of factors including field 

team training costs, supplies, transportation, data technology support, etc.  A 2011 study 

examined the average cost of trachoma surveys in 8 African countries, including 

Ethiopia. The authors found that of the four cost domains studied (training, field work, 

supervision, data entry), fieldwork, specifically personnel and transportation during 

fieldwork, were the main cost drivers. The median cost per cluster was found to be $311, 

while the median cost per survey was found to be $4,784 [17]. A 2017 study by the 
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Global Trachoma Mapping Project (GTMP) found an average per cluster cost of $692 

across all of the countries monitored [18] by GTMP, including Ethiopia, Uganda, 

Pakistan, Laos, and many others [18]. A 2019 cost study of Amhara alone also found that 

personnel and transportation were the main drivers of cost. On the other hand, the study 

found an average per cluster cost of $752, a considerable increase from the previous 

studies [5, 18, 19]. The increase is likely due to the study being 8 years later, as TF 

survey costs have greatly increased over time [19]. 

 In general NTD surveillance is an expensive endeavor, given their rarity as well 

as their tendency to exist in remote areas that are often difficult and/or time-consuming to 

access. To design cost-efficient surveys without sacrificing quality of results, simulation 

studies have been performed for a number of NTD’s such as schistosomiasis, soil-

transmitted helminths, and trachomatous trichiasis [4-6]. Using a computer simulated 

population dataset based on empirical data, a 2017 schistosomiasis study examined the 

number of schools sampled as well as the number of students sampled within each 

school, and optimized relative to the cost of the survey. The researchers found an optimal 

number of 15-20 schools sampled per district and 20-30 children per school such that the 

cost of the survey remained relatively low, while the precision of the prevalence estimate 

remained adequate [5]. While the specifics of what constitutes “low” cost and “adequate” 

precision are different for each NTD, the underlying idea of mathematically optimizing 

cost and survey design has potential to greatly inform the decision of what sampling 

scheme to use for trachoma surveillance. While some simulation-based work comparing 

sampling methods in trachoma has been done, one such work compared cluster random 

sampling to integrated threshold mapping [20], while the other looked only at TT [6]. 
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Additionally, trachomatous trichiasis (TT) has much lower prevalence than trachomatous 

inflammation-follicular (TF), so sampling analyses for TF alone would be beneficial to 

the trachoma community. The body of work comparing different cluster random sample 

designs in TF is lacking. The currently recommended design (nicknamed “30 by 30”) 

needs to be further mathematically analyzed to determine the potential for substantial 

improvement in the realm of cost-efficiency.  

Therefore, there are three main aims of this study. The first aim is to examine the 

relationship between the number of gotts (villages) sampled and the precision of the TF 

prevalence estimates, relative to the MDA thresholds as per the WHO recommendations. 

The second aim is to build upon the first aim by adding the element of varying the 

number of development teams (neighborhoods) sampled within each gott (and thus 

number of households), and again examine the precision of the TF prevalence estimates. 

Finally, the third aim is to optimize the cost of the survey design with the precision of the 

TF prevalence estimate, and subsequently inform the decision of what sampling scheme 

to use in TF surveillance from a mathematical standpoint. 

 

III. Methods 
Generation of Population Dataset 

To compare the precision and cost of different sampling schemes, we created a 

population database using SAS 9.4 to represent the population of Amhara, Ethiopia. The 

distribution of TF in the population was characterized using empirical surveys supported 

by The Carter Center in late 2017 and conducted using the Tropical Data system [21]. 

Empirical distributions of gott level prevalence within various woreda can be seen in 

Figure 1 side by side with simulated gott level prevalence rates.  
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Each observation in the dataset represented an individual aged 1-9 years in the 

population, since this age group is used to determine the district prevalence of TF. In all, 

there were 1,012,474 children aged 1-9 years in the dataset representing 30 woredas. 

There are actually 165 woredas in Amhara [22], but it was determined that 30 woreda 

were sufficient to be representative of possible TF distributions for the simulation, and 

that representing all 165 woreda would become unnecessarily repetitive. The SAS macro 

written to create the dataset can be seen in the Appendix. User inputs to the macro 

include the potential for 14 different prevalence rates at the woreda level.  
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Figure 1. Gott Level Prevalence in Empirical Woredas versus Simulated Woredas 
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For 24 woredas we set the default prevalence between 8% and 40% and for 6 

woredas we set the default prevalence between 0 and 5%. These values were chosen to 

represent probable woreda prevalence rates in Amhara as of 2017[23]. As the TF rates 

are expected to drop over time on account of the MDA pressure, the same macro can be 

used to simulate a more realistic Amhara population, and recreate the analyses seen in 

this study. 

We used the following procedure to randomly generate the population dataset.  

First, 30 woredas were generated numbered 1-30. Within each woreda a random number 

of gotts were generated using the generalized negative binomial distribution. The 

traditional negative binomial distribution is defined: 

𝑃𝑟,𝑝(𝑥) = (
𝑥 + 𝑟 − 1

𝑟 − 1
) 𝑝𝑟(1 − 𝑝)𝑥 

and models the probability of 𝑟 − 1 successes and 𝑥 failures in 𝑥 + 𝑟 − 1 trials, with the 

𝑥 + 𝑟 trial being a success [24]. Its advantage in modeling discrete events over other 

distributions, like Poisson, lies in the fact that the variance is not required to be the same 

as the mean. The mean of the negative binomial distribution is 𝑟
1−𝑝

𝑝
, and the variance is 

𝑟
1−𝑝

𝑝2 .  

The generalized negative binomial distribution (defined by Jain and Consul in 

1971)[25] allows for even further flexibility in the shape of the distribution by permitting 

a non-integer form of 𝑥, which takes the form 𝑛 + 𝛽𝑢 − 𝑢 in the generalized distribution 

function:  

𝑃𝛽(𝑢,𝑛,𝑜)

𝑛Γ[𝑛 + 𝛽𝑢]

𝑢! Γ[𝑛 + 𝛽𝑢 − 𝑢 + 1]
𝑝𝑢(1 − 𝑝)𝑛+𝛽𝑢−𝑢 
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where 𝑛 > 0, 𝑢 = 0,1,2, … and |𝛽𝑝| < 1. Thus, the term 𝑛 + 𝛽𝑢 − 𝑢 has the ability to 

take on non-integer values. Since the definitions of 𝑝 and 1 − 𝑝 are arbitrary, we see that 

𝑢 itself can take on non-integer values. The generalized negative binomial distribution 

reduces to the traditional negative binomial distribution when 𝛽 = 1. The parameters 𝑝, 𝑟, 

and 𝑥 are more recognizable with the negative binomial distribution so this paper will 

maintain this symbology for the use of the generalized negative binomial.  

Using the parameters 𝑝 = 0.01 and 𝑟 = 1.51 in the generalized negative binomial 

distribution (𝑥 being the outcome in this case), an expected value of 𝑥 = 150 gotts per 

woreda was achieved, as in the surveys performed in late 2017[23], with a variance of 

14,949. 

To generate a random value for TF prevalence for each gott, the beta distribution 

was used. The beta probability function takes the form: 

𝑃(𝑥) =
Γ(𝛼 + 𝛽)

Γ(α)Γ(β)
(1 − 𝑥)𝛽−1𝑥𝛼−1 

The beta distribution function takes on values between 0 and 1 as does prevalence, and 

like the negative binomial distribution, the mean and variance are not dependent on one 

another[24]. The mean of the beta distribution is
𝛼

𝛼+𝛽
, while the variance is

𝛼𝛽

(𝛼+𝛽)2(𝛼+𝛽+1)
. 

As a result, the distribution of TF prevalence can be adjusted to the user’s liking, though 

currently, it mimics the distribution seen in late 2017 surveys. As for parameter values, 

the TF prevalence was generated follow a beta distribution around a mean prevalence 

assigned to the respective woreda (also a user input value). The first parameter, α, was 

defined as equal to the prevalence, and β was defined as equal to (1 - prevalence). 

Woreda level prevalences, as discussed above, ranged from 0.4 to 0.002 for this study. 
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The variance of each beta distribution was designed to vary by prevalence: woredas with 

higher prevalence tend to have higher variance, and woredas with lower prevalence tend 

to have smaller variance, as seen in the 2017 data available[23]. To implement differing 

variances, in high prevalence woredas (prevalence ≥ 0.3), a multiplier of 20 was used for 

both the α and β parameters. In moderate prevalence woredas (0.1 ≤ prevalence ≤ 0.3) 

and low prevalence woredas (prevalence < 0.1), a multiplier of 25 was used, resulting in 

substantially less variation in individual gott level prevalence rates. Figure 1 depicts the 

resulting distributions of gott level TF prevalence rates within several woredas from the 

simulated data compared to empirical data from 2017. 

Next, within each gott a random number of segments were generated using the 

generalized negative binomial distribution with an expected value of 3.24, the calculated 

average number of segments per gott as of late 2017 (𝑝 = 0.1, 𝑟 = 0.25).  There is 

expected to be some degree of correlation of TF rates within segments since they are 

geographically determined units, and TF is the clinical manifestation of an infectious 

disease. To account for this correlation, a random segment level prevalence was 

generated for each segment using the beta distribution with an expected value of the 

corresponding gott level prevalence. A multiplier of 200 was used for beta distribution 

parameters such that the variance was relatively small, since while there is some variation 

of prevalence rates within gotts, the variance is limited in comparison to the variation 

between gotts (as mentioned above, multipliers of 20 and 25 were used for this 

component of variance).  Though some segments in Amhara do not contain exactly 30 

households, this portion is relatively small and thus exactly 30 was used for simplicity’s 

sake.   
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A random number of children aged 1-9 were for each household using the Poisson 

distribution with expected value 1.107 (and consequently variance 1.107 since both the 

mean and the variance of the Poisson and 𝜆). The mean value was calculated as the 

number of children per household from the late 2017 surveys. The Poisson distribution 

takes the form: 

𝑃(𝑥) =  
𝑒−𝜆𝜆𝑥

𝑥!
 

In this case, based on 2017 data[23], the variance of children per household is similar to 

the mean, so the Poisson distribution was utilized to most closely approximate the 

empirical distribution[24]. 

Finally, a random indicator variable for presence of TF was generated using the 

Bernoulli distribution, which takes the form: 

𝑃(𝑥) =  𝑝𝑥(1 − 𝑝)1−𝑥 

where 𝑥 is equal to 0 or 1[24]. The Bernoulli distribution allows the simulation to assign 

an indicator (0 or 1; no or yes) to each observation (child) with probability 𝑝. In this case, 

𝑝 was set equal to the segment level prevalence rate. The mean of the distribution is 𝑝 

and the variance is 𝑝(1 − 𝑝). 

The preceding procedure resulted in the 1,012,474 children aged 1-9 years and 

their TF status comprising the simulated Amhara population. Samples were drawn from 

this population for purposes of comparing precision and cost effectiveness across 

sampling designs. 

 



13 

 

Methods for Cluster Level Analysis 
 As mentioned previously, the currently implemented sampling scheme for TF 

surveillance in Amhara is a two-stage cluster design stratified by woreda. In the first 

stage, 30 gotts are sampled from each woreda; in the second stage, one segment (roughly 

30 households) is sampled per gott. All children aged 1-9 in sampled households are 

evaluated for signs of active TF. 

The first aim sought to evaluate the extent to which adjusting the number of gotts 

selected affected the precision of the TF prevalence estimate obtained. Instead of only 

selecting samples with 30 gotts, samples were drawn with 14, 16, 18, 20, 22, 24, 26, 28, 

30, 32, and 34 gotts. The high number of values was selected to be able to see a trend in 

prevalence precision as number of gotts increased relative to the default value of 30. 

There may be woredas in which even 34 clusters does not provide the desired precision. 

In the second stage, for all sampling iterations, one segment (30 households exactly for 

this simulation) was selected and all children ages 1-9 were used in the sample. Weighted 

TF prevalence estimates were calculated for each of the 30 woreda for all samples.  

Survey weights were calculated by first determining the probability of selection at 

each stage of the design. In first stage, the probability of selection reduces to: 

𝑝𝑆𝑡𝑎𝑔𝑒1 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐺𝑜𝑡𝑡𝑠 𝑆𝑒𝑙𝑒𝑐𝑡𝑒𝑑

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐺𝑜𝑡𝑡𝑠 𝑖𝑛 𝑊𝑜𝑟𝑒𝑑𝑎
 

Similarly, the probability of selection in the second stage reduces to: 

𝑝𝑆𝑡𝑎𝑔𝑒2 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐻𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑𝑠 𝑆𝑒𝑙𝑒𝑐𝑡𝑒𝑑

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐻𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑𝑠 𝑖𝑛 𝐺𝑜𝑡𝑡
 

The weight for each selected unit is then calculated as the inverse of the overall 

probability of selection[26]: 
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𝑊𝑒𝑖𝑔ℎ𝑡 =
1

𝑝𝑆𝑡𝑎𝑔𝑒1 ∗ 𝑝𝑆𝑡𝑎𝑔𝑒2
 

Solely examining the relative precision of sampling designs with varying numbers 

of clusters was not expected to yield mathematically interesting results on its own: the 

precision of estimates should improve as more clusters are included in the sample. 

However, this analysis becomes interesting when evaluated relative to the current MDA 

cutoff guidelines, which will be addressed in chapter IV. 

The following metrics were used to assess the cluster level analysis: the width of 

the 95% uncertainty interval, the proportion of incorrect MDA decisions made, the 

proportion of low MDA decisions made, the design effect, the effective sample size, and 

the percent of sample size used efficiently. Methods for each of these metrics are 

discussed later in this section. 

 

Methods for Household Level Analysis 
 To evaluate the second aim and analyze the effect of the number of second stage 

units selected (households), the segment structure was temporarily ignored. To simplify 

the process and observe the overall trend, samples were drawn using only 15, 20, 25, and 

30 gotts in the first stage, as opposed to all values used in the cluster level analysis. 

Iterations for the second stage were 10, 20, 30, 40, 50, and 60 households. All possible 

combinations of these two stages resulted in 24 different sampling schemes.  

 From past surveys done in Amhara, the average survey team can evaluate about 

30 households in one day with respect to time[15].  Many gotts in Amhara have less than 

60 households[23], therefore, this analysis did not explore beyond two days’ worth of 

surveying as it was deemed impractical and unrealistic. When sampling 40, 50, or 60 

households in gotts with only 30 households, all units were selected. Weighted TF 
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prevalence estimates were calculated for each of the 30 woreda across all 24 sampling 

combinations using the same sampling weights described in earlier methods. When all 

units were selected from a gott, 𝑝𝑠𝑡𝑎𝑔𝑒2 reduces to 1. 

The following metrics were used to assess the household level analysis: the width 

of the 95% uncertainty interval, the proportion of incorrect MDA decisions made while 

holding the number of clusters constant, the proportion of low MDA decisions made 

while holding the number of clusters constant, the design effect, the effective sample size, 

and the percent of sample size used efficiently. Methods for each of these metrics are 

discussed later in this section. 

 

Statistical Methods for Cost Analysis 
 In general, the cost of surveys is comprised of a fixed cost (that of getting to the 

cluster) and a variable cost (varying based on the number of secondary units selected). To 

calculate an estimated cost for each sample design, two components were needed: the 

cost of measuring one household, and the cost of measuring a gott (aside from the cost of 

measuring households within the gott). As mentioned previously, the work that has been 

done on trachoma survey costs has not been extensive, nor has it been conclusive [17-19]. 

Therefore, to estimate costs for this analysis, several assumptions were made. The burden 

of these assumptions is somewhat lessened by the fact that relative cost of sampling 

designs is of interest for this study, and not exact cost. 

 The basis for cost estimates for this study came from work done by Slaven et al. 

in 2019. The authors calculated an average per cluster (gott) cost of $752 in Amhara.  Of 

this cost, an estimated 86.4% was spent on field work, of which as estimated 4.6% was 

spent of TF evaluation supplies [19], and thus after simple calculations it was estimated 
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for this study that $29.87 worth of supplies was needed to sample one household. Slaven 

found that personnel incurred an average of 37.2% of fieldwork costs, so for this study a 

value of $241.70 per day spent sampling was used. Although the travel time within a 

village most likely differs widely by setting, in Amhara, it takes most field teams one day 

to measure 30 households [15]. Therefore, for this study we assumed that when sampling 

30 or fewer households, the sampling would theoretically take one day per gott, and when 

sampling more than 30 households, the sampling would take 2 days per gott. To estimate 

the cost per gott apart from the cost of measuring individual households, it was assumed 

that a negligible percentage of transportation costs were accrued from household to 

household, and that the grand majority came from traveling to and from the gott. Thus, 

using Slaven’s estimate of 58% of fieldwork costs being due to travel, and 13.6% of the 

overall cost per cluster coming from training, for this study it was estimated that $479.11 

is spent per gott, apart from the costs incurred by sampling households. In summary, the 

following function was used to calculate overall cost of a given sampling design: 

𝐶𝑜𝑠𝑡 = 479.11 ∗ 𝑔𝑜𝑡𝑡𝑠 + 29.87 ∗ ℎ𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑𝑠 + 241.70(1 + 𝐼>30 ℎ𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑𝑠) 

The notation 𝐼>30 ℎ𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑𝑠  represents an indicator variable for sampling beyond the first 

30 households in the gott. Using this formula, the approximate cost was calculated for 

each of the aforementioned sampling schemes[19].  

 The following metrics were used to assess the cost level analysis: cost range, the 

relationship between uncertainty interval width and cost, and cost wasted. The cost range 

was calculated by adding and subtracting $20 to the per household cost, and adding and 

subtracting $100 to the per cluster cost, such that a range of possible costs was calculated 

for each sampling scheme given that all reference costs used are approximations, and not 
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exact. Cost waste was calculated using the percentage of the sample efficiently used 

(discussed later in this chapter) and the cost estimates derived above for each sampling 

scheme using the following formula: 𝑊𝑎𝑠𝑡𝑒 = 𝐶𝑜𝑠𝑡 ∗ (1 − 𝑝𝑢𝑠𝑒𝑑), where 𝑝𝑢𝑠𝑒𝑑  is the 

percentage of the sample used efficiently. 

 

Bootstrapping Methodology 
To determine relative precision of prevalence estimates, bootstrapping techniques 

were used. Bootstrapping allows for estimation of parameters like the mean and variance, 

and consequently the calculation of empirical confidence intervals, referred to here as 

uncertainty intervals (UI). The advantage of bootstrapping lies in the limited assumptions 

related to normality compared to the standard confidence interval. Additionally, 

bootstraps are asymptotically more accurate than standard intervals using sample 

standard error[27]. 

1,000 samples were drawn for each sampling scheme, i.e. 1,000 samples of 30 

households in each of 14 gotts were drawn; 1,000 samples of 40 households in each of 20 

gotts were draw, etc. Weighted prevalence estimates were calculated for each of the 30 

woredas across each of the 1,000 samples. Within each woreda, the 1,000 estimates were 

sorted from highest to lowest. The 2.5th percentile and the 97.5th percentile were used as 

the lower and upper bounds of 95% uncertainty intervals. The width of the intervals was 

compared across sampling schemes as the metric for comparing precision. 

 

Proportion Incorrect and Low Methodology 
Knowles et al. used the following methods in analyzing schistosomiasis survey 

designs [5]. They have been replicated here for TF. 
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To compare sampling schemes to one another relative to MDA guidelines, the 

proportion of the 1000 samples that resulted in an incorrect MDA decision relative to the 

true woreda level prevalence was calculated. For instance, if the true prevalence of the 

woreda fell within the range for 3 rounds of MDA (population prevalence of 0.1-0.3) but 

the sample yielded an estimate that warranted 5 round of MDA (sample prevalence of 

>0.3), this was considered an incorrect MDA decision.  

Additionally, the proportion of incorrect and low MDA decisions was calculated. 

The example given above is consequential as far as supplying excessive antibiotics before 

resurveying, but unproblematic relative to the actual elimination of the disease. Thus, 

estimating the prevalence at lower than it truly is more problematic than overestimating, 

so the proportion of the 1000 samples in which a low incorrect MDA decision was made 

(i.e., 1 round of MDA instead of 3 rounds) was calculated for each sampling scheme as 

an additional metric.  

 

Design Effect and Effective Sample Size Methodology 
 The design effect (often “𝑑𝑒𝑓𝑓”) is a quantification of the amount of survey error 

induced by using an alternative sampling scheme in place of the gold standard simple 

random sample. A design effect of 1 indicates the sampling scheme is mathematically 

identical to a simple random sample. There are many formulas for determining the design 

effect of a sampling scheme, including: 

𝐷𝑒𝑓𝑓 = 1 + (𝑚 − 1)𝜌, 

where 𝑚 is the number of observations in each cluster and 𝜌 is the intra-cluster 

correlation coefficient, a measure of the correlation between observations within a 

cluster. Another (mathematically identical) formula for the design effect is: 
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𝐷𝑒𝑓𝑓 =
𝑉𝑎𝑟𝐷𝑒𝑠𝑖𝑔𝑛

𝑉𝑎𝑟𝑆𝑅𝑆
 

offering an additional interpretation of the design effect as the ratio of variance of the 

estimates between the implemented design and a simple random sample[26].  

An empirical version of the design effect, denoted 𝐷𝑒𝑓�̆�, was calculated for each 

sampling scheme such that the precision of each scheme relative to a simple random 

sample could be compared. The empirical design effect was calculated as follows: 

𝐷𝑒𝑓�̆� =  
𝑉𝑎𝑟(𝑝)̆

𝑉𝑎𝑟𝑆𝑅𝑆
  

In the above equation, 𝑉𝑎𝑟(𝑝)̆  denotes the empirical variance of the prevalence estimates 

across the 1,000 replications for each sampling design within each woreda, serving as an 

estimator for the variance of the sampling design. Thus, the variance of each sampling 

scheme was calculated empirically rather than theoretically. 𝑉𝑎𝑟𝑆𝑅𝑆 denotes the 

theoretical variance of the prevalence estimate were the same sample size to have been 

selected using a simple random sample instead of a two-stage cluster design. The 

theoretical variance of the prevalence estimate from simple random sample is calculated: 

𝑉𝑎𝑟𝑆𝑅𝑆 =  (
𝑁 − 𝑛

𝑁 − 1
) (

𝑝(1 − 𝑝)

𝑛
) 

In the above equation, 𝑁 represents the total population size, 𝑛 represents the sample 

size, and 𝑝 represents the true population level prevalence for the given woreda[26, 28]. 

 The total size of the simulated Amhara population dataset was 𝑁 = 1,012,474 

individuals. The true woreda level prevalences 𝑝 were derived from the simulated data. 

Across the 1,000 samples drawn for each scheme, there was some degree of variation in 

sample size due to the variation in number of children per household. However, this 
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difference was assumed to be negligible, and thus the mean sample size across the 1,000 

samples for each scheme was used as 𝑛.  

 Empirical design effects were compared for each woreda for all sampling 

schemes, such that the precision could be compared from scheme to scheme. 

Additionally, the effective sample size was calculated for each sampling scheme as: 

𝑛𝑒𝑓𝑓 =
𝑛

𝐷𝑒𝑓�̆�
, where 𝑛 is the actual sample size. The effective sample size measures what 

sample size under a simple random sample would be equivalent to the actual sample 

size[26]. Thus, the higher the effective sample size, the more precise the point estimate. 

Effective sample sizes were calculated for all sampling schemes as well.  

 Additionally, the “percent of the sample size effectively used” was calculated to 

compare sampling schemes in terms of their efficiency design-wise. This metric was 

calculated as the inverse of the design effect multiplied by 100.  

𝑝𝑢𝑠𝑒𝑑 =  
100

𝐷𝑒𝑓�̌�

 

It essentially represents the percent of each sample that is actually used in estimating the 

prevalence. It will always be less than 100% in a cluster sampling design since cluster 

designs do not achieve perfect efficiency relative to a simple random sample[26, 28]. 

 

IV. Results: Gott Level 
The length of the 95% uncertainty interval was examined relative to the number of 

clusters drawn in the first stage of the sample. Relative to the MDA guidelines, woredas 

with TF prevalence over 0.3 were considered high prevalence; woredas with prevalence 

between 0.1 and 0.3 were considered moderate prevalence, and woredas with prevalence 
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less than 0.1 were considered low prevalence. Figures 2a-2c illustrate the relationship 

between clusters and precision in these three progressive tiers. 

In general, the width of the uncertainty interval decreases as clusters increase across 

all three tiers of prevalence, implying an improvement in precision as clusters increase. 

Mathematically, this is expected, as precision of point estimates should improve as more 

of the population is selected for sampling. The high prevalence woredas have the widest 

uncertainty intervals, while the low prevalence woredas have the narrowest. Additionally, 

the relationship between width of uncertainty interval and number of clusters appears to 

be much stronger in high prevalence woredas compared to moderate prevalence woredas, 

and higher in moderate prevalence woredas compared to low prevalence woredas. 

Figures 3a-3e display the upper and lower bounds of the 95% uncertainty intervals for 

the prevalence estimate, as well as the true woreda level prevalence and MDA guideline 

cut points. While only five woredas are represented by these five figures, the other 25 

figures can be seen in the appendix. Figure 3a illustrates the progression of the upper and 

lower bounds of the 95% uncertainty interval as more clusters are drawn in a woreda with 

TF prevalence 0.38. Between drawing 16 clusters and 18 clusters, the lower bound of the 

confidence limit crosses the MDA cut point of 0.3 (below 0.3 warrants 3 rounds of MDA; 

above 0.3 warrants 5 rounds of MDA). Essentially, in this theoretical woreda, if at least 

18 clusters are sampled, 95% of samples will result in the correct decision for MDA per 

the WHO guidelines.  

Figure 3b illustrated the same progression as Figure 3a, but with a prevalence rate of 

0.31. Regardless of how many clusters are sampled, even when sampling beyond 30 

clusters, the incorrect decision (3 rounds of MDA instead of 5 rounds of MDA) would be 
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made with a proportion of samples given how close the true prevalence is to the MDA cut 

point of 0.3. The proportion will be more precisely characterized later in the chapter. 

Figure 3c displays a woreda with prevalence 0.075. Depending on the sample, one of 

three MDA decisions could be made: 3 rounds of MDA, 1 round of MDA (the correct 

decision according to the WHO) or terminate MDA programs. No matter the number of 

clusters sampled, any of these three decisions is possible. 

Figure 3d illustrates a woreda with prevalence rate 0.04. Here, no matter the number 

of clusters sampled there is a risk of making an incorrect MDA decision and performing a 

year of MDA when in reality the prevalence is below the elimination threshold. 

Figure 3e displays an example of the final woreda classification for this analysis. Due 

to the low prevalence, regardless of how many clusters are sampled, the correct decision 

to terminate MDA programs will be made 95% of the time.  
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Figure 2a. High Prevalence Woredas 

Figure 2c. Low Prevalence Woredas 

Figure 2b. Moderate Prevalence 

Woredas 

Note: Lines that end prematurely represent 

woredas that contain less than 34 gotts, 

and thus achieve perfect precision prior to 

reaching 34 clusters sampled 



24 

 

 

 

Figure 3e. Woreda with True Prevalence 0.01 

Figure 3a. Woreda with True Prevalence 0.38 Figure 3b. Woreda with True Prevalence 0.31 

Figure 3d. Woreda with True Prevalence 0.04 Figure 3c. Woreda with True Prevalence 0.08 
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Proportion of Incorrect and Low Decisions Results 
Figure 4 displays the proportion of times in the 1000 samples the incorrect MDA 

decision was made relative to the true woreda level prevalence. Designs using 14, 20, 24, 

30, and 34 clusters are displayed. The proportion of wrong decisions peaks around 

treatment decision cut points (0.05, 0.10, 0.30), which is to be expected given that no 

amount of precision 

(unless the entire 

population is 

selected) will yield a 

consistently correct 

decision when the 

true prevalence itself 

is on the borderline. 

The proportion of 

wrong decisions 

drops to its lowest 

point among all cluster levels midway in between treatment decision cut points. As far as 

differing results across number of clusters selected, there is some visible separation 

between 0.10 and 0.30 true prevalence. Selecting 34 clusters, while impractical, yields a 

lower proportion of wrong decisions, while selecting only 14 clusters yields the highest 

proportion of wrong decisions in this range, as would be expected. However, the 

separation amongst the cluster levels is minimal, and likely inconsequential given the 

potential cost savings (to be discussed in Chapter X). 

Figure 4. Proportion of Wrong MDA Decisions by Cluster 

Number and True Prevalence 
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Figure 5 displays the proportion of the 1000 samples that made not only an incorrect 

MDA decision 

given the true 

prevalence, but also 

a low MDA 

decision, i.e., the 

true prevalence 

warranted 3 rounds 

of MDA and the 

sample suggested 1 

round of MDA was sufficient. Again, peaks are seen near treatment decision cut points as 

expected, with the proportion of wrong decisions dropping off between cut points. There 

is some separation seen at certain prevalence levels across number of clusters, but even 

less than seen when looking at the incorrect decision plot. 

 

Design Effect Results 
Figure 6 illustrates the relationship between the design effect and the number of 

clusters sampled. Three examples of woreda are displayed, though the trend remains 

consistent throughout all woredas. The empirical design effect stays relatively consistent 

as the number of clusters increases, which is what is mathematically expected given the 

formula for the theoretical design effect. Only the number of units in each cluster is a 

term, the number of clusters selected is not accounted for at all (see design effect 

methodology). The same does not hold for the effective sample size, displayed in the 

same way in Figure 7.  As the number of clusters increase, the effective sample size 

 Figure 5. Proportion of Low MDA Decisions by Cluster 

Number and True Prevalence 
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increases as well, which predictable given that the overall sample size is increasing. 

However, the effective sample size increasing does not ensure that the sample is being 

used efficiently in 

terms of providing a 

precise estimate. For 

instance, measuring 

many more 

individuals in a 

cluster with high 

prevalence of TF 

will increase the 

actual sample size 

and subsequently 

the effective sample 

size, but may not 

necessarily inform 

the overall woreda 

prevalence estimate 

any more than 

selecting half that number of individuals in the cluster. Therefore, the percent of the 

sample used efficiently was calculated for each sampling scheme and is displayed in 

Figure 8. While there is some fluctuation, in general, there is no clear trend in percentage 

of the sample used efficiently as the number of clusters increase. Additionally, the 
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Figure 6. Empirical Design Effect versus Number of 

Clusters 

Figure 7. Effective Sample Size versus Number of Clusters 
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percentages observed in the three example woredas are quite low due to the highly 

correlated nature of TF clusters. 

 

 

V. Results: Household Level 
Figure 9a displays the proportion of incorrect MDA decisions made across the 1000 

samples held constant at 30 clusters sampled. Similarly to Figure 4, peaks in incorrect 

decisions occur close to treatment decision cut points and decrease between treatment cut 

points. There is very little separation across number of households selected (clusters 

selected held constant at 30), though the highest amount of separation occurs between 

prevalence levels of 0.10 and 0.30. Figure 9b displays the proportion of low MDA 

decisions made, where similar trends are seen compared to Figure 5. Very little 

separation occurs across number of households selected. 

Figure 8. Percent of Sample Size Used Efficiently versus 
Clusters 
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 24 different sampling schemes were used to address the second main aim. These 

24 schemes were comprised of all combinations of drawing 15, 20, 25, and 30 clusters in 

the first stage and 10, 20, 30, 40, 50, 60 households in the second stage across all 30 

woredas. 

 Figure 9a. Proportion of Incorrect Decisions by Household Number and True 
Prevalence   

 

True Prevalence 

P
ro

p
o
rt

io
n
 I

n
co

rr
ec

t 



30 

 

 Figures 10a-10d display several representative examples of trends in precision 

across the 24 sampling schemes within 4 woredas. The rest of the figures for the 

additional 26 woredas can be seen in the Appendix. Figure 10a illustrates the trends for a 

woreda with TF prevalence of 0.38. The improvement in precision as a result of 

increasing number of households selected is minimal in comparison to the improvement 

in precision as a result of selecting higher numbers of gotts, especially after 30 

households. Figure 10b illustrates the trends for a woreda with TF prevalence of 0.10. In 

this case, increasing the number of clusters beyond 20 does not substantially improve 

precision. We observe the same diminishing return beyond 30 households. Figure 10c 

displays a woreda with true prevalence 0.04. Here, we again see that increasing the 

number of clusters beyond 25 does not make a substantial difference in terms of 

precision. Finally, Figure 10d illustrates the trends for a woreda with TF prevalence 0.01. 

 Figure 9b. Proportion of Low Decisions by Household Number and True 

Prevalence 
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The number of clusters selected does not appear to have a great influence on precision, 

nor does the number of households given that the length of the confidence intervals only 

drop by less than 0.02 from 10 households to 60 households. Especially beyond 30 

households, the improvement in precision is negligible. 

 

  

Figure 10d. Woreda with True Prevalence 0.01 Figure 10c. Woreda with True Prevalence 0.04 

Figure 10a. Woreda with True Prevalence 0.38 Figure 10b. Woreda with True Prevalence 0.10  
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Design Effect and Effective Sample Size Results 
The design effect and effective sample size were calculated for each sampling scheme 

in each woreda. Figures 11a-11c display heat maps of design effect by number of clusters 

selected and number of households selected for three example woredas; the rest of the  

 

 

figures for the remaining 27 woredas 

can be seen in the Appendix. In the 

first two example woredas, the design 

effects increase substantially as the 

number of households increase, and 

less substantially as the number of 

clusters increase. In Figure 11c, there 

is not a real trend seen in the design effects, with the high design effects at 20 clusters 

likely being due to a unique but random TF distribution within this particular woreda. 

We repeated this analysis with different samples and saw a similar trend. This brings 

up an important point: in practice, particular woredas may deviate from the trends 

Figure 11b. Design Effects for Woreda 
with True Prevalence 0.15 

Figure 11a. Design Effects for Woreda 

With True Prevalence 0.38 
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Figure 11c. Design Effects for Woreda with 
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reported in this thesis. We plan to investigate the unique distribution of design effects 

in this woreda in future research. In general, the design effect is much lower in low 

prevalence woredas compared to 

moderate and high prevalence woredas as 

seen in woredas displayed in the 

Appendix.. The magnitude of the design 

effects is noteworthy as they are all much 

larger than the assumed 2.65 in the GTMP 

paper[13], which may be due to higher 

intra-cluster correlation in the simulated population than were assumed for the GTMP 

calculation.  

Figures 12a-12c display heat maps for the effective sample size by cluster and 

households for the same three woredas (the additional 27 heat maps can be seen in the 

Appendix part b).  In general, the effective sample size increases with both higher 

numbers of clusters and higher numbers of households selected.  The relative increase 

in effective sample size is greater in low prevalence woredas (Figure 12c) due to 
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Figure 12b. Effective Sample Size for 

Woreda with True Prevalence 0.15 

Figure 12a. Effective Sample Size for 

Woreda with True Prevalence 0.38 

Figure 12c. Effective Sample Size for 
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lower variance between clusters. As a result, the effective sample size increases at a 

much quicker rate when selecting more units. In contrast, in high prevalence woredas 

(Figure 12a), while the effective sample size increases when selecting more units, the 

increase is not as substantial. However, for the same reasons as discussed in the 

previous chapter, the effective sample size is not the best indicator of the most 

efficient sampling scheme.  

Therefore, the percent of sample 

efficiently used (
100

𝐷𝑒𝑓�̌�
) is displayed in 

Figures 13a-13c for the same three 

woredas. In the woredas with 

prevalence 0.38 and 0.15, it is clear the 

sample size is used most efficiently 

when sampling only 10 households per gott. In the low prevalence woreda, while the 

trend remains the same, all percentages are somewhat similar to one another in 

magnitude. Sampling schemes do not differ much in terms of efficiency in this woreda. 
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Figure 13b. Percent of Sample Efficiently 

Used for Woreda with True Prevalence 0.29 
Figure 13a. Percent of Sample Efficiently 

Used for Woreda with True Prevalence 0.38 

Figure 13c. Percent of Sample Efficiently 
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VI. Cost Analysis Results 
Figure 14 displays the approximate costs of sampling schemes using 15, 20, 25, 30 

clusters and 10, 20, 30, 40, 50 households, while allowing for a range of per cluster and 

per household costs. As expected, overall cost increases with higher numbers of clusters 

as well as with higher numbers of households. In general, the per cluster cost has a much 

greater influence on the overall cost of the design in comparison to the per household 

cost. Additionally, there is significant overlap between costs of sampling schemes when 

taking into account the potential range of costs. 

 
Figure 14. Range of Cost of Sampling Schemes by Number of Clusters and Households 
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Figure 15 illustrates the relationship between cost and the width of the uncertainty 

interval for prevalence estimate for 5 different example woredas (ranging from high 

prevalence to extremely low prevalence). As cost increases, the overall improvement in 

precision is limited in all woredas, but especially so in low prevalence woredas. The 

width of the uncertainty interval spikes in each woreda when the design transitions to a 

higher number of clusters selected (the main driver of the cost). This trend is suggestive 

of the high potential to wastefully spend money with the intent of improving precision of 

estimates. In reality, arbitrarily sampling more individuals does not automatically 

improve precision due to the intra-cluster correlation of TF, but inarguably increases 

costs.  

 

 

 

 

 

 

 

 

 

 

 

Figure 15. Width of Confidence Interval versus Cost: 5 Example Woredas 
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Next, cost waste was calculated for each sampling design in each woreda. Cost waste 

was calculated based on the cost estimates and the percentage of the sample size used 

efficiently using the following formula 𝑊𝑎𝑠𝑡𝑒 = 𝐶𝑜𝑠𝑡 ∗ (1 − 𝑝𝑢𝑠𝑒𝑑 ), where 𝑝𝑢𝑠𝑒𝑑  is the 

percentage of the sample used efficiently. Figures 16a-16c display cost waste for woredas 

with true prevalence of 0.38, 0.15, and 0.04 respectively. Across the board, the most cost 

is wasted in sampling when more 

clusters are selected. Additionally, 

more cost is wasted when more 

households are selected as well, though 

this effect is much smaller in 

magnitude since households are 

cheaper to sample than clusters. Cost 

waste rates increase more quickly in the higher prevalence woredas compared to the 

lower prevalence woreda. 
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Figure 16a. Cost Waste by Sampling Design 
in Woreda with True Prevalence 0.38 

Figure 16c. Cost Waste by Sampling Design 
in Woreda with True Prevalence 0.04 

Figure 16b. Cost Waste by Sampling Design 
in Woreda with True Prevalence 0.15 
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VII. Future Directions 
There are many possible expansions of this work. First, we only addressed woredas 

with adequate sample size for sampling up to 34 gotts and up to 60 households per gott. 

In practice, there are several woredas with less than 30 gotts. From a mathematical 

perspective, it is clearly unnecessary to sample the entire population of the woreda to get 

an adequately precise prevalence estimate to determine the best MDA course. However, 

there has been limited statistical analysis with regard to exactly what proportion of the 

gotts need to be sampled to achieve this precision. 

Additionally, the metric of percent of sample used efficiently could be used to 

evaluate sampling schemes in other neglected tropical diseases such as schistosomiasis 

and soil-transmitted helminths. While precision and cost-efficiency have been evaluated 

for these diseases using other metrics [4, 5], percent of sample used efficiently is a novel 

method for comparing the efficiency of sampling schemes that would greatly inform 

those funding the monitoring of these diseases.  

The unique distribution of design effects as seen in Figure 11c is worthy of further 

investigation. Since other woredas display a more expected distribution of design effects 

and the same procedure was sued to calculate design effects for each woreda, it is 

possible that there is particularly unique TF distribution within this woreda. 

Only TF was evaluated in this paper. Also monitored is the prevalence of TT, the 

stage of trachoma just before irreversible blindness. Prevalence rates of TT are 

considerably lower compared to TF[1], resulting in difficulty finding cases with random 

samples. However, the implications of TT are great enough that just a few cases going 

unnoticed is considered a public health burden[29]. Therefore, mathematical evaluation 
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of sampling methods for TT should be performed in future work and should consider the 

use of non-random samples. 

Non-random samples should also be considered for TF surveillance. For instance, as 

opposed to randomly selecting households to measure within a randomly selected gott, 

announcing that antibiotics will be available at a certain location and allowing parents 

and children to come on their own accord would save considerable time and resources. 

Furthermore, gotts with high prevalence would quickly be determined after several 

children are positive for TF, at which point evaluation could stop and MDA could be 

implemented. Spending time and resources to determine whether the gott level 

prevalence is 0.32 versus 0.38 is a waste: many years of MDA will be implemented 

regardless. 

Lastly, as the prevalence of trachoma in Amhara drops over the coming years, the 

methods presented in this paper in addition to the SAS macros written to perform the 

simulations (see the Appendix) will be invaluable tools to reevaluate trachoma sampling 

methodology.  

 

 

VIII. Discussion 
Cluster Level Analysis 
 As is mathematically expected, improved precision was observed with the more 

clusters (gotts) selected. However, these trends yield important results when examined 

relative to MDA decision cut points. In high prevalence woredas that warrant 5 rounds of 

MDA before re-surveying (greater than 30% prevalence), 95% uncertainty intervals 

remain as wide as 20% even when sampling an unrealistically high 34 clusters. While 
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this observation is initially frustrating to trachoma teams attempting to achieve at least 

3% precision in all woredas [13], in practice 3% precision is not needed when the TF 

prevalence is as high as 35%. The difference between a woreda with 30% TF prevalence 

and 40% TF prevalence is negligible: both woredas will need MDA for many years to 

come if past trends in Amhara are any indication [30]. Thus, the question arises why 

surveying teams are attempting to achieve 3% precision in all woredas by sampling large 

numbers of gotts when 1) this precision is unrealistic to achieve in the first place, and 2) 

if it could be achieved, does not substantially improve the quality of treatment decisions 

in high prevalence woredas. On that note, assuming the prevalence of TF is 10% in 

suspected high and moderate prevalence woredas is unrealistic given the high burden of 

TF in much of Amhara. Instead of basing sample size calculations off of 10% ± 3% for 

moderate and high prevalence woredas, sample size calculations should be based on more 

realistic numbers for each woreda using past data. 

 In moderate prevalence woredas (10%-30% prevalence), uncertainty intervals 

(created using bootstrapping) get down to widths of 10%-15% when sampling 34 

clusters, which is still quite wide relative to treatment decisions (Figures 2a and 2b). 

However, the point remains that if MDA is to continue in a woreda, spending money to 

resurvey regularly and determine the exact prevalence is likely a high-cost low-reward 

scenario with respect to precision. Repercussions for making a low MDA decision are 

limited compared to the cost savings given that the area will be resurveyed in future 

years.  

Getting precise estimates becomes most relevant when determining if a woreda is 

under the 5% TF threshold, when TF is no longer considered to be a public health 
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problem. Encouragingly, in the lowest prevalence woredas where TF is almost non-

existent, 2% precision is achieved. In these same woredas, precision of estimates barely 

improves between sampling 14 clusters and sampling 34 clusters due to how little 

variation there is in prevalence among gotts. Therefore, while it is understandably 

tempting to lean towards sampling as many gotts as possible in low prevalence woredas 

to ensure that TF is in fact beneath the 5% threshold, this tendency does not actually 

result in substantially more precise estimates, as seen in Figure 2c. There will always be a 

degree of error in sampling. It is a question of how to optimize the resources available to 

achieve the most precise results, not a question of achieving highly precise results no 

matter the cost. 

Figure 4 gives more insight as to the effect of number of clusters on prevalence 

estimates. When the true prevalence is near an MDA decision cut point, an incorrect 

decision will be made in around 50% of samples regardless of how many clusters are 

selected. When the true prevalence is between treatment cut points, there is some 

separation seen between number of clusters sampled, but not substantial. While sampling 

30 clusters makes more correct decisions than sampling 14 clusters, the increased cost is 

not always worth the minor improvement in precision, especially when the prevalence is 

above 10%. When the prevalence is below 10% the separation between numbers of 

clusters is more distinct, so sampling higher numbers of clusters is more justified. 

Though, sampling 30 clusters remains inefficient in terms of cost. 

 

Household Level Analysis 
 As seen in Figures 8 and 9 there is very little separation between household values 

in the proportion of samples making an incorrect MDA decision, as well as in the 
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proportion of samples making a low MDA decision. Number of households selected has 

very little impact on the accuracy of the sample, especially when the true prevalence is 

low. Sampling more than 30 households has little impact on precision in woredas of all 

prevalence rates, as seen in Figures 10a-10d. The number of clusters has more of an 

impact on precision in moderate and high prevalence woredas, while in low prevalence 

woredas neither number of households nor number of clusters has a great impact on the 

precision given the general uniformity of low prevalence woredas. 

 The above results suggest that having an estimate of prevalence in a given woreda 

may greatly inform the most efficient sampling scheme since the most efficient scheme 

varies based on the true prevalence in the woreda. These results suggest that not using 

available past information on TF in a woreda results in unnecessarily inefficient samples 

and funds wasted.  

 As we would expect, the number of clusters selected has little impact on the 

design effect, while the number of households selected has a major impact. In moderate 

and high prevalence woredas, the smallest design effect is seen when sampling only 10 

households per gott. In low prevalence woredas, there is no trend with respect to design 

effect and units sampled due to the limited intra cluster correlation in low prevalence 

woredas. To have an overall TF prevalence below 5%, an overwhelming percentage of 

gotts must be TF free; thus, continuing to sample households that are TF free causes the 

sample to become less and less efficient. 

 With regard to effective sample size, the highest values are seen when sampling 

the most number of households: 30 clusters of 60 households each. However, this statistic 

is misleading and does not imply that 30 clusters of 60 households each is the most 
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efficient sampling scheme. It merely implies that this is the sampling scheme in which 

the most individuals are sampled. The more useful metric for optimization purposes is the 

percent of sample effective used, seen in Figures 13a-13c. Across all tiers of prevalence, 

the sample is used most efficiently when only ten households are sampled per gott. Due 

to the high intra-cluster correlation, sampling many households per gott is not yielding 

any more information about the prevalence in that gott, and thus incites inefficiency. It 

could certainly be argued that sampling another ten or 20 households in a day is not much 

extra effort or cost for the field team, who likely cannot survey another gott that day 

anyway. This practicality should be taken into account when making survey design 

decisions, but so should the mathematical inefficiencies of these schemes demonstrated in 

this thesis. It should be noted that in order to sample individual households instead of 

segments, the structure of the sampling process would need to change, though this change 

would likely be worth the slightly more representative sample achieved by randomly 

selecting households. 

 

Reappearance of Trachoma 
 It is a relatively common dilemma that trachoma seems to reappear in woredas 

where TF was below the 5% elimination threshold in the previous survey. The results 

from this study provide strong evidence that concluding TF has resurged in these woredas 

is misguided. Far more likely is one of the two following scenarios: TF was never below 

the threshold to begin with and the previous survey happened to be a bit low, or TF is still 

below the threshold and the current survey happens to be a bit high. Even using the 30 by 

30 design in woredas with TF around 5% allows 2% or 3% precision, meaning that 
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surveys returning 4% prevalence and 7% prevalence in consecutive years (for example) 

would hardly be surprising.  

 To truly understand the TF prevalence in an area many years of surveying are 

necessary. If a woreda remains below the 5% threshold for several consecutive years, our 

confidence that TF is in fact below the threshold increases in accordance with the number 

of surveys yielding this result. 

 

Cost Analysis 
 Costs of survey designs are significantly more affected by the number of clusters 

sampled compared to the number of households. Additionally, overlap between sampling 

designs when accounting for a range of costs suggests that more conclusive cost analyses 

may be performed in the future when more is understood on the cost of TF surveys in 

Amhara. Research on the cost of surveys is crucial to using funding efficiently in 

Amhara, which will be essential to continuing the fight against trachoma in Amhara for 

years to come. 

 Spending more on surveys does not necessarily result in better TF estimates. In 

high prevalence woredas, there is improvement in precision, but this improvement is 

negligible given that surveys will be needed in these woredas for many years regardless 

of whether the prevalence is (for example) 25% or 35%. In low prevalence woredas, the 

precision hardly improves at all as cost increases, suggesting that cheaper surveys are 

adequate in woredas where TF is below threshold, as most survey sizes will reflect the 

absence of TF if TF is truly gone. Surveys must be designed efficiently in order to ensure 

funds are used effectively. Additionally, the most funding was wasted in designs with 

high numbers of clusters and households selected. Understanding how to efficiently 
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spend money on trachoma surveys is crucial not only from a statistical perspective, but 

from the perspective of potential donors. 

 

Recommendations 
 Context matters in TF surveillance. Taking all of the above analyses into 

consideration, we recommend that TF survey designs in Amhara be based on previous 

information about each woreda. For woredas that are suspected to have TF prevalence 

below 10%, we recommend 20 clusters in the first stage and 20-30 households in the 

second stage. 20 clusters yield adequately precise estimates in woredas below the 5% 

threshold in comparison to 30 clusters. Sampling beyond 30 households does not greatly 

improve precision, but does require field teams to spend an extra day in the gott. 

In moderate and high prevalence woredas (suspected above 10%), we recommend 

sampling 15 clusters and 20-30 households per cluster. 15 clusters constitute a significant 

cost savings compared to 30 while still yielding comparable results with respect to 

precision and probability of making correct MDA decisions. 

In woredas where little is known about the TF prevalence, we recommend 

sampling 20 gotts and 20-30 households. If the woreda is low prevalence, then we 

achieve adequate precision. If the woreda is high or moderate prevalence, we achieve 

unnecessarily high precision, but can adjust accordingly for future surveys.  

  

Limitations 
 There were several limitations to this study. One of the primary limitations was 

the design of the population dataset and the assumptions associated with it. Only data 

Amhara were used to approximate prevalence distributions, though other non-profit 
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groups and governmental agencies have collected many more data on TF in other regions.  

As a result, the distributions may not be as accurate a representation of the population as 

desired if these data from other areas differ in their distributions. However, given the 

empirical data available to us for this project, the simulated population is representative. 

 An additional limitation was ignoring the segment structure in the household level 

analysis. Due to the nature of infectious disease, there is a slight clustering effect within 

neighborhoods (segments) within the gotts themselves. Ignoring the segment structure 

and taking a simple random sample of households ignores a degree of intra-cluster 

correlation, resulting in slightly more accurate prevalence estimates than might be seen in 

practice. However, since the estimates seen would only be less precise in practice, this 

limitation does not change any of the conclusions reached in this paper. 

Furthermore, in this study we ignored sources of non-sampling error such as 

missingness in measurement error. These errors play a very real role in TF sampling, and 

can lead to higher chances of incorrect MDA decisions. Due to the direction of this trend, 

this limitation also does not affect any of the conclusions reached in this thesis. 

 Another limitation was the lack of substantial information on cost of TF surveys. 

Exact cost estimates reported in this paper should be regarded with caution, as we made 

many assumptions in calculating costs that may or may not hold for future sampling 

surveys. For instance, the per cluster cost may be over or under estimated, as well as the 

per household cost. However, we expect the relative cost conclusions to more or less hold 

for future surveys. The number of gotts should have a much greater impact on the cost 

than number of households in the sample. 
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Conclusion 
 Overall, this study provides substantial and pragmatic information on optimal TF 

survey sampling in Amhara. The methods used in this thesis including the SAS macros 

can be applied to survey design in TF in areas beyond Amhara as well as to other NTD’s.  

 TF surveys designs in Amhara should take into account previous TF data from the 

woreda to achieve the most efficient use of funds. Achieving 3% precision in high and 

moderate prevalence woredas is unrealistic in practice. However, in many instances lack 

of precision will not affect the MDA decision, and when it does, the difference between 3 

and 5 rounds of MDA is not particularly consequential in terms of public health of the 

region. Additionally, the assumption of a prevalence of 10% in unrealistic in many 

woredas in Amhara: it is better to use past survey information to inform the prevalence 

assumption. TF is not going to disappear from high prevalence woredas in a year, or even 

in three years, so resurveying will be necessary in high prevalence woredas for many 

years to come. Surveying costs will be incurred in future years regardless of how many 

gotts are sampled in these high prevalence woredas. Consequently, it makes more sense 

to save funds for future surveys when TF is close to being eliminated in these woredas 

than to waste the funds now on unnecessarily precise TF estimates. 

 In woredas with low prevalence near the elimination threshold of 5%, high 

precision is possible, but does not substantially improve by sampling more clusters or 

more households. If TF is essentially eliminated, it will become clear when sampling 

only 20 gotts and only 20-30 households per gott because the huge majority of children 

aged 1-9 years will not have TF in a woreda with overall prevalence this low. Given the 

ability of most survey teams to complete 30 households in one day, the limited costs 

associated with surveying more households on the same day, and the noticeable 
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diminishing return in precision beyond 30 households, we recommend continuing to 

sample 20-30 households per gott. 

Additionally, even when using the 30 by 30 design, incorrect MDA decisions are 

made a portion of the time. Therefore, when woredas that have previously come in below 

the 5% threshold rise above it in later years, caution should be used in concluding a 

resurgence of TF. Multiple years of surveys should be used to make program decisions 

with respect to elimination, not a single survey. 

 Furthermore, throwing funding at a survey will not guarantee more precise 

samples if they are not designed to be efficient. Samples should be designed with past 

evidence of the TF prevalence in mind. To achieve the most mathematically efficient 

surveys, sampling fewer households is better, allowing more funds to be spent on visiting 

additional clusters. Further, sampling 30 clusters is not necessary in the grand majority of 

woredas. This study found that designs with 20 clusters in low prevalence woredas and 

15 clusters in high prevalence woredas are likely sufficient for making MDA decisions. 

This will substantially lower survey costs. Ideally, funds should be used incrementally 

over many years, since in all practical terms TF is going to be in Amhara for a long time. 

Overspending funds now may result in decreased donor interest in trachoma when results 

don’t come quickly. Until TF prevalence estimates in most of Amhara drop considerably, 

it does not make sense to implement samples designed to achieve large sample sizes since 

doing so is a waste of funds.  

 Using the methods and metrics described in this study to continue to evaluate TF 

survey design will greatly increase the efficiency of trachoma sampling in Amhara and 
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around the world. Ultimately, by evaluating and improving the systems already in place 

to fight trachoma, we can achieve our trachoma elimination goals.  
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IX. Appendix 
Supplemental Figures to Gott Level Results 
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Supplemental Figures for Household Level Results 
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SAS Macros 
 

 
Population Simulation Macro 

 

/*The following macro simulates a TF dataset at the individual level for Amhara, 
Ethiopia 
 
User inputs: seed -> randomizes data, can be any integer (default=983758932) 

numgott -> randomized number of gotts (villages) per woreda, can be any positive 
integer (default=100) 
high1-3,mid1-4,low1-7 -> average prevalence levels in each gott (randomized), 14 
levels in total, can be any number in range (0,1)  

   (defaults=0.4,0.35,0.3,0.25,0.2,0.15,0.1,0.08,0.05,0.04,0.03,0.02,0.01,0.005)  
 
   A segment prevalence is randomized for each segment based on the gott prevalence. 
   There are exactly 30 households per segment, with an average of 1.1 children aged 1-9 
per household (# of children randomized).*/ 
 
 
libname prac "H:\Thesis_Practicum"; 
 
%macro 
tfdata(seed=983758932,/*numgott=100*/high1=0.4,high2=0.35,high3=0.3,mid1=0.25,m
id2=0.2,mid3=0.15,mid4=0.10,low1=0.08, 
low2=0.05,low3=0.04,low4=0.03,low5=0.02,low6=0.01,low7=0.005); 
 
data prac.population; 
 
call streaminit(&seed); /*setting seed so data is reproduceable*/ 
 
do woreda=1 to 30; /*30 woredas*/ 
 
do gott=1 to rand("negbinomial",0.01,1.51);  /* distributed around average number 
(156) of specified gotts per woreda*/ 
unique_gott=(woreda*1000)+gott; /*creating unique id for each gott*/ 
 
/*high prevalence districts*/ 
if 1<=woreda<=3 then do; 
tf_gott=rand("beta",20*&high1,20*(1-&high1)); end; /*default mean of 0.4*/ 
else if 4<=woreda=<6 then do; 
tf_gott=rand("beta",20*&high2,20*(1-&high2)); end; /*default mean of 0.35*/ 
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else if 7<=woreda<=9 then do; 
tf_gott=rand("beta",20*&high3,20*(1-&high3)); end; /*default mean of 0.3*/ 
 
/*middle prevalence districts*/ 
else if 10<=woreda<=12 then do; 
tf_gott=rand("beta",25*&mid1,25*(1-&mid1)); end; /*default mean of 0.25*/ 
else if 13=<woreda=<15 then do; 
tf_gott=rand("beta",25*&mid2,25*(1-&mid2)); end; /*default mean of 0.2*/ 
else if 16<=woreda<=18 then do; 
tf_gott=rand("beta",25*&mid3,25*(1-&mid3)); end; /*default mean of 0.15*/ 
else if 19<=woreda<=21 then do; 
tf_gott=rand("beta",25*&mid4,25*(1-&mid4)); end; /*default mean of 0.10*/ 
 
/*low prevalence districts*/ 
else if 22<=woreda<=24 then do; 
tf_gott=rand("beta",25*&low1,25*(1-&low1)); end; /*default mean of 0.08*/ 
else if woreda=25 then do; 
tf_gott=rand("beta",25*&low2,25*(1-&low2)); end; /*default mean of 0.05*/ 
else if woreda=26 then do; 
tf_gott=rand("beta",25*&low3,25*(1-&low3)); end; /*default mean of 0.04*/ 
else if woreda=27 then do; 
tf_gott=rand("beta",25*&low4,25*(1-&low4)); end; /*default mean of 0.03*/ 
else if woreda=28 then do; 
tf_gott=rand("beta",25*&low5,25*(1-&low5)); end; /*default mean of 0.02*/ 
else if woreda=29 then do; 
tf_gott=rand("beta",25*&low6,25*(1-&low6)); end; /*default mean of 0.01*/ 
else if woreda=30 then do; 
tf_gott=rand("beta",25*&low7,25*(1-&low7)); end; /*default mean of 0.005*/ 
 
 do segment=1 to (rand("negbinomial",0.1,0.25)+1); /*average number of segments per 
gott is 3.24, this gives expected value of about 3.24 with signficant variance*/ 
 unique_seg=(unique_gott*10)+segment; /*creating unique value for each segment*/ 
 
 tf_segment=rand("beta?",(200*tf_gott),(200*(1-tf_gott))); /*creating segment level 
prevalence to account for correlation within segments, want small variance so use 200 
as multiplier*/ 
 
 randnum=rand("uniform"); 
 
  do household=1 to 30; /*30 houses per segment*/ 
  unique_house=(unique_seg*100)+household; /*creating unique value for each 
household*/ 
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   do member_1to9=0 to rand("Poisson",1.107); /*Poisson distributed number of kids 1-
9 per household, mean calculated as 1.107=(.27*4.1)*/ 
   unique_mem=(unique_house*10)+member_1to9; 
 
   if member_1to9>0 then do; 
    tf_ind=rand("Bernoulli",tf_segment); /*Indicator variable for TF based on prevalence 
of TF in the gott*/ 
   end; 
   else do; 
    tf_ind=.; 
   end; 
 
   output; 
   end; end; end; end; end; 
 
run; 
 
%mend tfdata; 
 
 

 

Drawing Samples of 30 Households (Using Segment Structure) Macro 

 
libname prac "H:\Thesis_Practicum"; 
 
/*creating variable for number of gotts per woreda*/ 
proc sql; 
create table t1 
as select *, max(gott) as numgott 
from prac.population 
group by woreda; 
 
/*creating variable for number of segment in each gott*/ 
proc sql; 
create table t2 
as select *, max(segment) as numseg 
from t1  
group by unique_gott; 
 
/*tabulating woreda by gott by segment*/ 
proc freq data=t2 noprint; 
   tables woreda*gott*segment / out=x; 
run; 
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proc sort data=x; 
   by woreda gott segment; 
run; 
 
/*creating data set with one observation for each gott, with variable that is total 
number of segments per gott*/ 
data frame; 
   set x; 
   by woreda gott segment; 
   drop count percent; 
   if last.gott; 
run; 
 

 

/*The following macro draws 1000 samples from the population data set created by the 
previous macro. It also calculates 95% uncertainty intervals. It uses the segment 
structure, so only one segment or 30 households can be selected using this macro. The 
user inputs the cluster number desired.*/ 
 
 
%macro sample(cluster=14); 
 
/*selecting user input number of clusters (gotts) within each of the 17 woredas*/ 
proc surveyselect data=frame method=sys N=&cluster out=sample_&cluster 
seed=6212018 rep=1000; 
samplingunit gott; 
strata woreda; 
run; 
 
proc sort data=sample_&cluster; 
   by woreda gott segment; 
run; 
 
/*expanding data set to the segment level so that we can randomly select a segment*/ 
data sampseg_&cluster; 
   set sample_&cluster; 
   do segment=1 to segment; output; 
   end; 
run; 
 
/*creating random number for each segment*/ 
data sseg_&cluster; 
set sampseg_&cluster; 
rand=ranuni(123456); 
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run; 
 
/*sorting by random number within replicate, woreda, and gott*/ 
proc sort data=sseg_&cluster; 
   by replicate woreda gott rand; 
run; 
 
/*selecting only the first segment within each replicate, woreda, and gott to get 1 
segment per cluster*/ 
data full_&cluster; 
   set sseg_&cluster; 
   by replicate woreda gott; 
   if first.gott; 
   do household=1 to 30; /*expanding to the household level for future merging*/ 
      output; 
   end; 
   drop samplingweight; 
run; 
 
proc sort data=full_&cluster; 
   by woreda gott segment household; 
run; 
 
proc sort data=t2; 
   by woreda gott segment household; 
run; 
 
/*merging population clinical data to sample data from above*/ 
proc sql; 
create table sql_sample_&cluster as 
select f.replicate, f.woreda, p.woreda, f.gott, p.gott, f.segment, p.segment, f.household, 
p.household,  
p.member_1to9, p.tf_ind, f.selectionprob, p.numseg, p.numgott 
from work.full_&cluster f 
left join work.t2 p 
on f.woreda=p.woreda AND f.gott=p.gott AND f.segment=p.segment AND 
f.household=p.household 
; 
quit; 
 
proc sort data=sql_sample_&cluster; 
by replicate woreda gott segment household member_1to9; 
run; 
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/*calculating true weights by multiplying selection prob from both stages*/ 
data prac.sample_&cluster; 
set sql_sample_&cluster; 
finalprob=(1/numseg)*selectionprob; 
final_weight=1/finalprob; 
run; 
 
/*getting bootstrap confidence intervals for each woreda*/ 
 
/*calculating prevalence for each replicate and each woreda weighted based on 
sampling weights*/ 
proc means data=prac.sample_&cluster noprint;  
weight final_weight;  
class replicate woreda; 
var tf_ind; 
output out=means_&cluster; 
run; 
 
proc sort data=prac.sample_&cluster; 
by gott segment; 
run; 
 
proc descript data=prac.sample_&cluster filetype=SAS design=uneqwor conf_lim=95; 
/*won't calculate variance with only 1 segment available - need to change sample 
design?*/ 
nest gott segment; 
totcnt numgott numseg; 
weight final_weight; 
jointprob _one_; 
var tf_ind; 
subgroup woreda; 
levels      30; 
print mean semean lowmean upmean; 
run; 
 
/*manipulating data set of prevalences*/ 
data mn_&cluster; 
set means_&cluster; 
if _STAT_ ne "MEAN" then delete; 
drop _TYPE_ _FREQ_ _STAT_; 
rename tf_ind=Mean_prev; 
if woreda=. then delete; 
if replicate=. then delete; 
run; 
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/*calculating percentiles within replicates for 95% confidence intervals*/ 
proc univariate data=mn_&cluster noprint; 
class woreda; 
var mean_prev; 
output out=percentile_&cluster mean=avg_est_mean pctlpre=replicate 
pctlpts=2.5,97.5; 
run; 
 
/*creating dataset with lower and upper bounds, and length on confidence interval*/ 
data prac.ci_one_&cluster; 
set percentile_&cluster; 
rename replicate2_5=lower replicate97_5=upper; 
label replicate2_5=" " replicate97_5=" "; 
clusters=&cluster; 
length=replicate97_5-replicate2_5; 
run; 
 
%mend sample; 
 
 

Drawing Samples of Varying Numbers of Households (Ignoring Segment Structure) 

Macro 

 
proc sql; 
create table t12 
as select *, max(gott) as numgott 
from prac.population 
group by woreda; 
proc sort data=t12; 
by woreda gott segment household; 
run; 
/*creating variable for number of segment in each gott*/ 
proc sql; 
create table t22 
as select *, max(segment) as numseg 
from t12  
group by unique_gott; 
 
/*creating max houses variable per gott*/ 
data house; 
set t22; 
maxh=30*numseg; 
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run; 
 
/*tabulating woreda by gott by segment*/ 
proc freq data=house noprint; 
   tables woreda*gott*maxh / out=x; 
run; 
 
proc sort data=x; 
   by woreda gott maxh; 
run; 
 
/*creating data set with one observation for each gott, with variable that is total 
number of segments per gott*/ 
data frame; 
   set x; 
   by woreda gott maxh; 
   drop count percent; 
   if last.gott; 
run; 
 
/*macro to draw a bunch of samples*/ 
 
/*The following macro draws 1000 samples of a user input number of clusters and 
households. The segment structure is ignored.*/ 
 
%macro sampleh(cluster=30,house=10); 
 
/*selecting user input number of clusters (gotts) within each of the 30 woredas*/ 
proc surveyselect data=frame method=sys N=&cluster out=sample_&cluster&&house 
seed=6212018 rep=1000; 
samplingunit gott; 
strata woreda; 
run; 
 
proc sort data=sample_&cluster&&house; 
   by woreda gott maxh; 
run; 
 
/*expanding data set to the household level so that we can randomly select a number of 
households*/ 
data samph_&cluster&&house; 
   set sample_&cluster&&house; 
   do house=1 to maxh; output; 
   end; 
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   /*adding this line to try to fix issues, may need to remove*/ 
   rename house=household; 
run; 
 
/*sorting by random number within replicate, woreda, and house*/ 
proc sort data=samph_&cluster&&house; 
   by replicate woreda gott; 
run; 
 
/*selecting households*/ 
proc surveyselect data=samph_&cluster&&house method=srsN=&house selectall  
out=samp_&cluster&&house seed=6212018; 
samplingunit household; 
strata replicate woreda gott; 
run; 
 
proc sort data=samp_&cluster&&house; 
   by woreda gott household;/*this was changed trying to fix the error*/ 
run; 
 
proc sort data=t2; 
   by woreda gott household; 
run; 
 
/*merging population clinical data to sample data from above*/ 
proc sql; 
create table sql_sample_&cluster&&house as 
select f.replicate, f.woreda, p.woreda, f.gott, p.gott, f.household, p.household,  
p.member_1to9, p.tf_ind, f.selectionprob, p.numgott, f.maxh 
from work.samp_&cluster&&house f 
left join work.t2 p 
on f.woreda=p.woreda AND f.gott=p.gott AND f.household=p.household 
; 
quit; 
 
proc sort data=sql_sample_&cluster&&house; 
by replicate woreda gott household member_1to9; 
run; 
 
/*calculating true weights by multiplying selection prob from both stages*/ 
data prac.sample_&cluster&&house; 
set sql_sample_&cluster&&house; 
sprob1=&house/maxh; 
if sprob1>1 then sprob2=1; 
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else sprob2=sprob1; 
finalprob=sprob2*selectionprob; 
final_weight=1/finalprob; 
run; 
 
/*getting bootstrap confidence intervals for each woreda*/ 
 
/*calculating prevalence for each replicate and each woreda weighted based on 
sampling weights*/ 
proc means data=prac.sample_&cluster&&house noprint;  
weight final_weight;  
class replicate woreda; 
var tf_ind; 
output out=means_&cluster&&house; 
run; 
 
proc sort data=prac.sample_&cluster&&house; 
by gott; 
run; 
 
/*manipulating data set of prevalences*/ 
data mn_&cluster&&house; 
set means_&cluster&&house; 
if _STAT_ ne "MEAN" then delete; 
drop _TYPE_ _FREQ_ _STAT_; 
rename tf_ind=Mean_prev; 
if woreda=. then delete; 
if replicate=. then delete; 
run; 
 
/*calculating percentiles within replicates for 95% confidence intervals*/ 
proc univariate data=mn_&cluster&&house noprint; 
class woreda; 
var mean_prev; 
output out=percentile_&cluster&&house mean=avg_est_mean pctlpre=replicate 
pctlpts=2.5,97.5; 
run; 
 
/*creating dataset with lower and upper bounds, and length on confidence interval*/ 
data prac.ci_&cluster&&house; 
set percentile_&cluster&&house ; 
rename replicate2_5=lower replicate97_5=upper; 
label replicate2_5=" " replicate97_5=" "; 
clusters=&cluster; 
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households=&house; 
length=replicate97_5-replicate2_5; 
run; 
 
%mend sampleh; 

 
 


