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Executive Summary  
Objective 
In January 2018 a team from Akros visited 15 villages in Zambia to collect registration information 
from houses on their need for insecticide treated nets (ITNs). This activity was designed in 
partnership with the Against Malaria Foundation (AMF) to validate the quality of the data collected 
by the National Malaria Elimination Programme (NMEP). The goal of the exercise was to ensure the 
best estimation of need for ITNs to inform net distribution activities.  
 
Field Methods 
Akros utilized an approach relying on satellite imagery to pre-identify houses in targeted villages 
before fieldwork. During field work, Akros used a mobile tool, mSpray1 , with satellite imagery to 
aid in navigation and household-level data collection. Often on-the-ground campaigns miss houses in 
villages for a number of reasons, usually owing to the rural nature of these activities and no address 
systems in these contexts. The mSpray tool provides field teams the opportunity to view all houses in 
the areas they are working, to navigate to those houses, and to capture data against each house. These 
data are reported in near real time to dashboards to summarize information in a geospatial manner, 
helpful in team management and quick data summaries. 
 
Results and Conclusions 
Using the mSpray approach, the teams successfully visited all 15 villages, and interviewed 94% of 
all houses in these villages. Household level matches suggest that on average the NMEP dataset 
overestimates need by 0.12 nets or 4.2% per house. The NMEP dataset also overestimated 
population as compared to the DQA dataset.The findings of this report suggest significant 
differences in the NMEP collected data and the Akros-led data quality audit (DQA) data. 
Conclusions 

• Both overestimates and underestimates in net need occur at the village level, which suggests 
distribution planning at the village level may not distribute the nets correctly to obtain 
universal coverage. 

• Differences in household numbers across the two datasets suggests different understanding of 
village boundaries. 

• 360 household pairs (about 30%) were matched across the two datasets using exhaustive 
matching techniques. More household matches would only be possible if there were additiona 
matching criteria or ideally, unique identifiers present in both datasets. 

• Ziegers de Behl et al (2016)2 report in the Malaria Journal that the key-determining factor for 
receipt of at least 1 ITN from a campaign is a successful registration process – which depends 
on the ability of community volunteers to reach households during the registration process 
and underscores the need for improved mapping processes for ITN registration and 
distribution.  

 

The Goal 
The goal of this activity was to conduct a verification of the data collected during the household 
registration process for ITNs for the Against Malaria Foundation (AMF) in three provinces of 
Zambia. The data collected by Akros through mSpray would be compared to the full ITN registration 
                                                
1 https://akros.com/mspray/ 
2 https://malariajournal.biomedcentral.com/articles/10.1186/s12936-016-1108-x 
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efforts led by the Government of Zambia (GRZ) through their district offices, in coordination by the 
National Malaria Elimination Programme (NMEP). As this verification approach was implemented, 
lessons learned or best-practice experiences would be shared with the NMEP and malaria community 
for possible modification of current GRZ ITN registration practices, if suitable. 
 
AMF performed a random selection of villages across 6 districts in Western, North Western, and 
Central Provinces. Akros data collection teams were to visit a sub-selection of 16 of these villages.  

The mSpray Approach 
Akros uses an electronic data collection tool, named “mSpray” for its role in Indoor Residual 
Spraying (IRS) campaigns that harmonizes technology and people’s use of it to lead to better 
tracking and delivery of interventions. The tool provides in-hand maps, real-time data collection and 
real-time spatial representation of implementation progress, enabling decision-makers to make 
informed decisions on day-to-day implementation, which drives better spray effectiveness. Akros has 
used the tool, with various partners, across six different provinces in Zambia between 2014 - 2018. 
The tool has been shown to reduce malaria burden by 15% through its use in tracking, guiding, and 
providing real-time feedback on Indoor Residual Spraying activities.3  Figures 1, 2, and 3 show how 
the tool aids in in-field navigation and in data review when tracking progress. 

   
 

Figure 2 When in the villages, teams see the actual satellite imagery 
of that village and houses identified by yellow squares, which they 
can walk to with the aid of the navigator and tap to collect data 
against them. Depending on the data collected, the yellow square 
changes colour – to black, red, or green. Field workers doing 
intervention delivery can look at this map and easily see where all 
the houses are and easily see which they still need to visit. 

                                                
3	Report:	Retrospective	Evaluation	of	the	Effectiveness	of	Indoor	Residual	Spray	with	Pirimiphos-Methyl	(Actellic)	on	
Malaria	Transmission	in	Zambia.	Eisele,	T;	Miler,	J;	Yukich,	J;	Bennett,	A.	Center	for	Applied	Malaria	Research	and	
Evaluation.	UCSF	Global	Health	Sciences.2017.		

Figure 1 The mobile tool helps teams navigate to different 
villages. This picture is showing the major road network, which 
is the white lines, as well as areas or villages targeted for 
intervention which are the red and green outlined areas. A white 
arrow navigator (top right) moves as the carrier of the tablet 
moves. In an environment with no formal mapping system, this 
aspect of the tool helps teams find remote and hard to reach 
villages. 	
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Figure 3 Data is sent from the field in near real-time, through daily uploads that allow data to be aggregated and viewable on a 
dashboard to field management. These dashboards display the areas and imagery, as well as the data collection status (colour) of 
each house, and relevant indicators (bottom left). Managers can easily identify spatial patterns when present; for example, circled 
above is a patch of yellow houses – that is an entire patch of houses that were not visited.  

For this project, we deployed another iteration of the tool with a focus on data collection for ITN 
registration. The enumeration approach and data-collection protocols have been adapted, but are 
similar. The mapping configuration to prepare the tool, as well as the data collection protocol and 
methods are discussed in Appendix 1; mapping enumeration data is actually quite complex as it 
involves identifying both the location of a village correctly, and all of the houses within each village. 
While there is room for error in both of these processes, this approach still improves the ability of 
teams to know where they are going and to accurately assess the size of areas, ensuring a higher 
percentage of households are interviewed.  

Results 
Field Report  
All teams successfully visited and collected data for the villages denoted in the plans. Each visit to a 
village was pre-empted by a courtesy call to the district office to make them aware of the activity as 
well as engage a district officer to accompany the team to the village. All district officers had also 
been phoned ahead of time. The district officers were able to confirm that registration had taken 
place in those villages, and many of them travelled with the team and/or arranged a Community 
Health Worker (CHW) or Community Health Assistant (CHA) familiar with the selected village to 
travel with the team to the village.   
 
Teams reported challenges in the following areas: 

1) Map alignment: Seven of the 15 initially selected villages were not accurately identified via 
satellite imagery ahead of time, due to misinformation by the district officer as to where these 
villages were. Therefore, the teams did not have map image files to guide them to these areas. 
However, the teams still collected data in these areas with the aid of a digital imagery, but did 
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not benefit from having enumerated maps to aid navigation to areas and to individual 
structures. 

2) Access to villages: Several teams experienced difficulty getting to villages for various 
reasons, including rain, difficult terrain, and villages only reachable by pontoon. However, all 
such issues were eventually resolved resulting in teams reaching all villages. 

3) Larger village than expected: In some cases, where remote sensing misidentified a village, 
the correct village had many more or many less structures than planned for. Teams ended up 
spending more or less time than expected, which in some cases required them to adjust the 
timelines and workplans. One village in particular (Chola) had only two structures. In this 
case the team went to an additional village (Kabumbu) to collect data there as well. 

Data 

Village Level Comparisons 
The primary goal of this audit was to compare village level data as collected by Akros field 
activities to that reported by the NMEP. Table 2 compares the summary statistics for this 
comparison across the entire dataset. On average, the NMEP dataset had higher estimates of people 
per house and reported greater net need. The breakdown of these data by village is available in the 
appendix. 
 
Table 1 Summary DQA and NMEP data. This table shows the values for number of males, number of females, total population, 
number of bed spaces, and nets needed averaged for each house across the datasets. There were 1189 structures with observations in 
the DQA dataset and 1193 structures with observations in the NMEP dataset. The averages (also known as means) are consistently 
higher in the NMEP dataset. The standard deviation (SD) gives a sense of how variable observations are within the dataset. The SDs 
are also higher across the board in the NMEP data, which suggests that there is a greater spread of data. The total columns give the 
sum total for that variable for all observations within each dataset. For example, in the DQA dataset, there are 2491 males living in 
the 1189 houses audited and the overall net need for these houses is 2904 nets. 

 

 
The 729 difference in net need may suggest an over-procurement, however, the real issues lie at the 
village and household level (following below).  
 

Village-level comparison 
The full comparison of data by village may be found in the appendix, yet there are key differences to 
highlight: 

1) Five villages had lower net need estimated in the NMEP data than the actual DQA data. If 
village-level planning relied on these data, the amount of nets supplied would be insufficient, 
and they would run out and not be able to adequately protect all people.  

  Average/Structure 
(SD) Total Average/Structure (SD) Total 

All data DQA: n=1189   NMEP: n=1193   
Males  2.1 (1.57) 2491 2.77 (1.81) 3302 
Females  2.22 (1.66) 2635 2.88 (1.87) 3440 
Total 
Population  4.31(2.55) 5126 5.66 (3.06) 6741 

Bed 
Spaces  2.42 (1.39) 2879 3.3 (1.79) 3937 

LLINs 
needed  2.44 (1.31) 2904 3.05 (1.49) 3633 
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2) Only one village had the same structure count across the two datasets and most villages 
differed significantly. This has implications both for accuracy of data and net procurement 
and distribution and also for planning of on-the-ground distributions. Possible reasons for 
differing numbers include: 

a. CHWs completing registration are not effectively reaching all houses. We suspect this 
is in the case in villages like Mushota or Malelekwa, where the NMEP structure count 
is slightly less than the DQA structure count 

b. There is an inconsistent understanding of the village boundaries and which structures 
are in which village. CHWs may have different information than district staff on 
which villages households consider themselves a part of. Some villages may have 
structures distributed in a relatively close cluster, and others might have structures 
more widely distributed. Inconsistency in the interpretation of the villages is very 
likely the case in villages where the estimates differ greatly, as in Jonyi, Kisalala, 
Maseka, and Mwenda. This very likely leads to both undercounting in some areas, 
where a structure is not counted in any village, and overcounting in other areas, where 
a structure is counted twice, as part of two villages.  

c. Falsification of data is very difficult with a tool like mSpray, because every record of 
a structure is tied to a GPS point location that is overlaid on imagery and verified. 
Falsification is nearly impossible to catch on a paper-based system without true 
household level identifiers. There is no way to verify data falsification on a paper 
system without returning to the same area to counter-check data, but even upon 
return, it is not possible to confirm which structure is associated with which 
registration record.  

d. Without spatial data and geopoints, it is not possible to understand if NMEP counts 
are truly counts per structure or per household. Households may have multiple 
structures, and there is nothing to ensure that registration data collection covers all 
structures.  U 

 
Information on data cleaning and preparation for this and following analyses can be found in the 
appendix. 

Household-level matching 
We were able to match 360 (30%) pairs of households across the two datasets using household head 
name and village. These identifiers are not unique and there are limitations to them; the matching 
methods are discussed at length in the appendix; given the lack of unique identifiers, this is a high 
match rate across two datasets. However, it is lower than we would hope for if we has unique 
identifiers and is on the whole, for matching across databses, not high enough to draw as astrong 
conclusions as we would like. 
 
This matching allows us to calculate the difference in males, females, etc. between each pair, at the 
household level. The means of the household level differences for each of the key indicators are 
below. The NMEP dataset has consistently higher numbers for population and net needs between 
matched structures. This finding is consistent with the trend in the overall aggregated dataset which 
may suggest an overestimation in the NMEP dataset or underestimation in the DQA dataset at the 
household level. Interestingly, the number of structures per household (which is a result of the 
collapse methodology described in the appendix) is greater in the DQA dataset, although the master 
dataset has more houses for the NMEP dataset. 
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Table 2 Mean of household-level differences in registration data. The Average Difference in Counts column indicates on average, 
which dataset had higher measurements of each data points. For example, a positive number means that on average, the NMEP 
measurement for the house was larger than the DQA measurement for that same house. The values themselves in this column do not 
indicate how different these measurements were.  The Average Absolute Value of Difference column measures on average, how 
different measurements were across each dataset. For example, on average, the count of males differed by 1.69 between matched 
houses.  

Variable 

Average Difference in 
Counts NMEP – DQA 
(n=360) (Standard 
Deviation) 

Average Absolute 
Value of Difference 

Males 0.28 (2.19) 1.69 
Females  0.28 (2.16 1.39 
Total Population  0.56 (3.15) 1.93 
Bed Spaces  0.53 (1.92) 1.29 
LLINs needed  0.12 (1.73) 1.42 
Structures per 
household -0.29 (0.89) 0.29 

 
One interesting note to remember when reviewing this data is that the above represent average values 
and thus cannot be compared with the same ratios as the raw data. For example, though in the raw 
data, we expect the ratio of house population to net need to be 2:1. However, because we round up 
the net need to a whole number in the case of odd population numbers, this relationship does not 
hold when aggregating or averaging data across the datasets. Of note, in the NMEC dataset, there 
were 14 instances where the documented net need was different (higher by one net in all but one 
case) than what the NMEP recommended formula for net need (population, halved, rounded up). 
 
The following table outlines the counts of matched pairs that differ in net need by 1 net, 2 nets, 3 
nets, 4 nets, and 5+ nets, which demonstrates a notable difference in net needs across these 360 
houses. This table suggest the absolute difference in net need. The following histogram shows the 
distribution of the difference in net need; while the histogram is centered at zero and the median 
difference in nets is zero, the relatively normal distribution suggests similar degrees of 
overestimation and underestimation of nets across different paired households in the two datasets. 
 
Table 3 Difference in Net Need. This table highlights by what degree each matching pair differed for the LLINs needed variable. These 
differences are not directional, meaning that a difference of 3 may represent that the NMEC count has 3 more or 3 fewer nets. 

Difference in Net 
Need 

Count of Paired 
Observations % of Paired Observations 

0 161 45% 
1 119 33% 
2 42 12% 
3 19 5% 
4 11 3% 
5+ 8 2% 
Total 360 100% 
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Figure 4a Histogram illustrating the distribution of difference in net need per matched household pair. 

There are a number of statistical tests of significance that allow us to interrogate these data to 
determine their degrees of significance. The most interesting investigates the statistical difference in 
LLIN need across matched households; a simple paired t-test causes us to reject the hypothesis that 
the LLIN needs are the same across the two datasets (the p-value for null hypothesis that the net need 
is the same is 0.2017). On average LLIN need in the NMEC household was higher by 0.12 nets per 
matched household. However, the histogram above reminds us that difference in net need was 
bidirectional so this 0.12 difference suggest that NMEC predicted net need overall was slightly 
higher. An overestimate of 0.12 nets per household would scale to an overestimate of net need by 
over a hundred nets, and that is just at the scale of 15 villages. 
 
When disaggregated by the 15 villages, the differences in net need show us some interesting patterns. 
In some villages (e.g. Changilo B), the difference is roughly distributed around zero; in these 
villages, the distributed number of nets would likely meet the need. In some villages (e.g. Mushota, 
Mwenda), the distribution has a left tail, which suggests consistent underestimation of net need in 
houses; in these villages, the distributed number of nets will most likely fall short. In some villages 
(e.g. Mushili), the distribution has a right tail, which suggests consistent overestimation of net need 
in houses; in these villages, the distributed number of nets will most likely be in excess. 
 



11 
 

 
            Figure 4b Distribution of differences in net need, by village 

 
A simple regression using village as a predictor of difference in LLINs needed across the dataset 
reveals that Mushili and a handful of other villages are associated with significant difference in LLIN 
need. We don’t discuss statistical exploration at length here, but exploring this data further may 
reveal further patterns of interest. 
 

Maps 
Below are several examples of the final maps generated for each village. Each map contains base 
imagery for the village, a red outline marking the boundary of the village, and green, red, yellow, or 
black points reflecting a structure on a map and its data collection status. The full set of these maps 
can be found as an attachment to this report, ‘Final Village Maps’. Additional details and maps 
showing the process of enumeration and understanding an accurate on-the-ground structure count 
can be found in the appendix. 
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Figure 5. Mwenda Village Map 

 
Figure 6 Kashongo Village Map 
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Conclusions 

• There are significant differences in the NMEP collected ITN data compared to the DQA data 
and two key points to the differences. First, household level matches suggest that on average 
the NMEP dataset overestimates need by 0.12 nets or 4.2% per house, which scales to an 
overestimate by thousands across the nation. Our matched 360 households saw a total 
difference of 42 nets across the datasets. Second, both overestimates and underestimates in 
net need occur at the village level, which suggest distribution planning at the village level 
may not distribute the nets correctly to obtain universal coverage, with extra nets in some 
places and too few nets in others. These differences suggest the need for improved tools for 
accountability in registration processes that allow for careful measurement of need at the 
village level that translate seamlessly into distribution planning.  

• In most cases, the NMEP dataset contains more households per village than the DQA dataset, 
which may suggest differing understanding of village boundaries. Without a spatial tool 
defining these boundaries clearly, structures are likely double counted or missed, so the 
incorrect number of nets would be planned for. The spatial tool requires auditors to visit each 
household, meaning that household confirms which village it identifies as a part of, providing 
a community-validated village boundary. Because distribution is done at community level, 
that is word of distribution points will spread through a village, all household heads who 
identify with that village will come to distribution planning; if the initial registration did not 
follow the “community-validated” village boundary, the amount of nets will be incorrect. 

• The NMEC dataset contained more people per household in the majority of the matched 
pairs. 

• 360 (30.2%) household pairs were matched across the two datasets, each of which had over a 
thousand households. From an analytic perspective, this is a high match rate for two datasets 
without shared unique identifiers. This is possible largely through the collapsed methodology 
that allowed observations with duplicate names and villages to be collapsed into one 
observation for matching. A more specific level of matching is not possible across these 
datasets. However, this is a low match rate from a programmatic perspective, when looking at 
the dataset as a whole and hoping to draw generalizable household level conclusions on the 
audit.  

• Lack of unique identifiers in the NMEP dataset makes it difficult during distribution to know 
which house corresponds to which registration record. Using mSpray for registration and 
distribution would solve this problem, as spatial data capture would ensure houses are 
uniquely identified during registration and their registration information and location can be 
found again using navigational support features during distribution. 

• Ziegers de Behl et al (2016)4 report in the Malaria Journal that the key-determining factor for 
receipt of at least 1 ITN from a campaign is a successful registration process – which depends 
on the ability of community volunteers to reach households during the registration process 
and underscores the need for improved mapping processes for ITN registration and 
distribution.  

mSpray provides a useful approach to conduct data quality analysis (DQA) in rural settings.  

                                                
4 https://malariajournal.biomedcentral.com/articles/10.1186/s12936-016-1108-x 
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Lessons Learned 
• Using the mSpray tool for Data Quality Audits 

o Remote enumeration in some cases may not be as reliable if on-the-ground information is 
inaccurate. Where possible, time should be budgeted and planned for mapping 
corrections to be done while the team is in the field 

• Improving registrations for LLINs distribution 
o Registration teams need to better understand the boundaries that the villages themselves 

identify with. The village a household identifies as a part of  will determine who shows up 
for distribution, so even if a household is further from the central location of a village, it 
must still be registered as part of that village if it so identifies. 

o While procuring phones or tablets for a fully electronic registration may not be possible, 
the use of maps for planning should be employed. Satellite-based and enumerated maps 
could be printed to better guide field teams to account for all households. Even using 
accurate paper maps, has been shown to improve the ability of teams to reach houses in 
field-implementations.5 

  

                                                
5 https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5824454/ 
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Appendix 1. Map Preparation and Data Collection Protocols 
Remote Village Sensing 
Akros has extensive experience working at the community level in Zambia. Through our work in 
these districts and with local government, we contacted a district focal point person in each area to 
remotely identify the location of the villages given. This involved the Akros GIS Officer asking the 
focal point person where the village was relative to key landmarks and then the officer identifying 
settlements based on the focal point person’s description. 

Enumeration 
Based on the district office’s description of the location of the village, Akros enumerated all 
structures in that village, for each of the identified villages. Enumeration aims to identify all 
structures within a specific geographical area. Traditionally, enumerating an area involved sending 
people to the field to physically identify structures through ground reconnaissance and to then 
individually collect GPS points for each. Our enumeration strategy uses GIS tools to remotely map 
structures from high quality satellite images – a considerably faster and cheaper approach. The 
enumeration data generated provides the number of structures within a given village and the GPS 
location of all structures. This data forms the basis for mapping the spatial distribution of any 
targeted intervention, and it critical in planning. For example, the number of structures enumerated in 
a village allows us to anticipate how long a team would need to register that village. It also allows us 
an accurate measure of the “coverage” our field team is able to achieve. Ground truthing efforts 
evaluating this process, found it to be 95% accurate6 in identifying correct roof types of houses, in 
addition to being significantly cheaper and faster than traditional methods of enumeration.  

Data Collection and Protocol 
Data collection teams use the visualization tool to find villages and structures and map household 
level data on registration. The on-the-ground data collection uses the tool to identify areas and 
structures, and collect data including ITN registration information and geolocations. The tool allows 
for collection on enumerated houses, collection on “added” houses that were not enumerated, and 
correction of structures that were enumerated as houses, but are not actually living spaces (e.g. may 
be churches or abandoned structures). The tool does not limit data collection to the pre-defined areas; 
in cases where villages are in different locations than anticipated, data collectors can drop pins with 
GPS points on houses to collect data. 
 
Training for field staff focused on using the tool as described above, as well as use of the omk, which 
is a non-Akros tool used to designate and collect village boundaries where they were ambiguous on 
the ground. Training was supplemented by a few simple manuals for field teams to reference. 
The teams also reviewed the Akros data collection protocol developed for this project, which served 
as a basic but necessary step-by-step guide to ensure the process for data collection and submission 
is coordinated and standardized. See the protocol below. 
 

Net Data Quality Checks Survey 

Data Collection Protocol January 2018 

                                                
6	Aniset	Kamanga,	Silvia	Renn,	Derek	Pollard,	Daniel	J	Bridges,	Brian	Chirwa,	Jessie	Pinchoff,	David	A	Larsen	and	Anna	M	
Winters.	Open-source	satellite	enumeration	to	map	households:	planning	and	targeting	indoor	residual	spraying	for	
malaria.	Malaria	Journal	2015 
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Daily, before leaving for the field: 

I. Ensure all tablets are charged. 

Upon arrival to village: 

II. Discuss as a team on the best way to deploy yourselves within the village. Ensure that every 

house will be covered by one person on the team. 

III. For each structure (Using ODK collect): 

1. Walk to the structure, and tag it while standing right outside. 

2. If it is a house, inform them of why you are there. 

3. Collect net data if house gives permission. 

4. If it is not a house, tag a “Not House”. 

IV. For each village that does not have a clearly demarcated boundary (Using osmAnd):  

1. Record a walking track to serve as a boundary across two villages. To do this, walk 

the line that separates the two villages. You should record at least 70% of the 

boundary. 

V. Once data has been collected on all structures and the boundary 

1. If network data connectivity is available, upload the data and sync to make sure no 

structure within has been left untagged 

2. If network data connectivity is not available, compare data on the tablets to confirm 

tagging all the structures. If still not sure drive to the nearest area with network and 

follow step 1. If there any missed structures, you must return to the village to tag 

them. 

3. Confirm your submission with database manager 

Post – Enumeration, after data collection 
As there were seven villages that were not correctly identified during remote-sensing, these teams 
did not have enumerated maps when visiting this village. To try and assess how well these teams 
found structures in these villages, Akros “post-enumerated” these areas, meaning we completed 
enumeration on the images for these areas after the visit had taken place. We also post-enumerated 
other villages where, though the identified area did overlap with the actual village, the true boundary 
was different than the government contact had described, resulting in a different structure count. 
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Table 4 Village Enumeration numbers 

However, we cannot as easily compare post-enumeration numbers to structures found. First, teams 
not having an enumerated map while in the field means they will not reach all enumerated structures; 
further, some enumerated structures may actually not be structures, so will not match a mapped 
collected data point. Second, enumeration cannot capture houses added since images were taken or 
hidden by brush, meaning there may be structures with data collected against them that do not have 
post-enumeration. So, the post-enumeration can help gauge how large an area is and how well a team 
did, but it cannot provide exactly the same measure as in areas with enumeration done ahead of time. 

 
Table 5 lists the different enumeration numbers associated with each village. It should be read 
alongside the detailed enumeration maps for each village. There is an example map in Figure 6 
below, and the full annex with these maps is included as an attachment ‘Mapping Process Maps’ to 
this report. 
  

1) On the left, is an image of the area visited, with enumeration data and collected data. In the 
case of areas for which we misidentified a village, we include the post-enumeration data on 
the map.  

2) On the top-right, is a reference map showing the locations that were remotely sensed versus 
the actual location of the village that was visited. Within this map, is the pre-enumeration 
number based on the perceived location of the village. 

  

Pre-
enumerated 
structures 
based on 
perceived 
village location 

 Pre-Enumerated 
structures falling 
within actual 
village boundary 

Visited 
Structures 
(interview 
and not 
interviewed) 

Post-
enumerated 
structures 

Indicator name on maps Pre-Enum n/a Yes+No 
Changilo B 307 141 190 208 
Chitoka 303 22 24 38 
Chiwamba 10 10 22 19 
Chola 3 0 4 2 
Jonyi 67 0 42 17 
Kabula 114 0 9 9 
Kashongo 53 0 7 8 
Kisalala 72 72 178 182 
Malelekwa 39 0 3 2 
Maseka 317 94 492 454 
Mumpalamba 8 5 82 52 
Mushili 56 12 20 20 
Mushota 39 0 8 7 
Mwenda 36 36 156 128 
Ndondo 42 13 16 17 
Kabumbu . 0 53 51 
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3) On the bottom-right is the legend. The post-enumerated number is based on enumerated 
structures that fall within the actual found village boundary. 

 
Figure 5 Mwenda Mapping Process 
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Appendix 2. Data disaggregated by village 
  Average /House Village 

Total Average/House Village 
Total 

All data 
DQA (visted 
structures, yes; 
n=1189) 

  NMEP 
(n=1193)   

Males  2.1 2491 2.77 3302 
Females  2.22 2635 2.88 3440 
Total 
Population  4.31 5126 5.66 6741 

Bed Spaces  2.42 2879 3.30 3937 
LLINs 
needed  2.44 2904 3.05 3633 

Changilo B DQA (n=190)   NMEP (n=212 structures) 
Males  2.12 402 2.84 603 
Females  2.11 401 2.83 601 
Total 
Population  4.23 803 5.68 1204 

Bed Spaces  2.13 405 2.92 620 
LLINs 
needed  2.43 462 3.04 644 

Chitoka DQA (n=24)   NMEP (n=28)   
Males  2.04 49 3.04 82 
Females  2.79 67 2.25 63 
Total 
Population  4.83 116 5.33 144 

Bed Spaces  3.08 74 2.96 83 
LLINs 
needed  3.08 74 2.79 78 

Chiwamba  DQA (n=20)   NMEP (n=22)   
Males  2.4 48 1.86 41 
Females  2.4 48 1.95 43 
Total 
Population  4.8 96 3.82 84 

Bed Spaces  2.3 46 2.09 46 
LLINs 
needed  2.65 53 2.09 46 

Chola DQA (n=2)   NMEP (n=3)   
Males  2 4 3.33 10 
Females  2.5 5 3.33 10 
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Total 
Population  4.5 9 6.67 20 

Bed Spaces  2 4 3.33 10 
LLINs 
needed  2.5 5 3.33 10 

Jonyi DQA (n=38)   NMEP (n=92)   
Males  2.16 82 4.45 409 
Females  2.37 90 3.48 320 
Total 
Population  4.53 172 7.92 729 

Bed Spaces  2.42 92 5.28 486 
LLINs 
needed  2.53 96 4.12 379 

Kabula DQA (n=9)   NMEP (n=13)   
Males  3 27 2.54 33 
Females  2 18 1.69 22 
Total 
Population  5 45 4.23 55 

Bed Spaces  3 27 2.77 36 
LLINs 
needed  2.67 24 2.31 30 

Kashongo DQA (n=7)   NMEP (n=16)   
Males  2.57 18 2.13 34 
Females  3 21 2.25 36 
Total 
Population  5.57 39 4.38 70 

Bed Spaces  3 21 2.44 39 
LLINs 
needed  3 21 2.56 41 

Kisalala DQA (n=155)   NMEP (n=91)   
Males  2.43 377 2.63 239 
Females  2.34 363 2.77 252 
Total 
Population  4.77 740 5.40 491 

Bed Spaces  2.38 369 2.88 262 
LLINs 
needed  2.65 411 2.96 269 

Malelekwa DQA (n=3)   NMEP (n=1)   
Males  1.33 4 1.00 1 
Females  1.33 4 2.00 2 
Total 
Population  2.67 8 3.00 3 

Bed Spaces  2 6 3.00 3 
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LLINs 
needed  1.33 4 2.00 2 

Maseka DQA (n=451)   NMEP (n=543)   
Males  2.15 971 2.54 1377 
Females  2.47 1114 2.97 1615 
Total 
Population  4.62 2085 5.51 2992 

Bed Spaces  2.87 1295 3.36 1822 
LLINs 
needed  2.58 1165 2.98 1616 

Mumpalamba DQA (n=53)   NMEP (n=25)   
Males  1.72 91 2.48 62 
Females  1.55 82 2.60 65 
Total 
Population  3.26 173 5.08 127 

Bed Spaces  1.68 89 2.80 70 
LLINs 
needed  1.79 95 2.76 69 

Mushili DQA (n=17)   NMEP (n=40)   
Males  1.59 27 2.70 108 
Females  1.88 32 2.40 96 
Total 
Population  3.47 59 5.10 204 

Bed Spaces  2.06 35 2.80 112 
LLINs 
needed  1.88 32 2.80 112 

Mushota DQA (n=8)   NMEP (n=6)   
Males  2.13 17 4.83 29 
Females  1.88 15 5.33 32 
Total 
Population  4 32 10.17 61 

Bed Spaces  1.75 14 5.17 31 
LLINs 
needed  2.25 18 5.17 31 

Mwenda DQA (n=149)   NMEP (n=91)   
Males  1.6 238 2.60 237 
Females  1.55 231 2.82 257 
Total 
Population  3.15 469 5.43 494 

Bed Spaces  1.51 225 3.10 282 
LLINs 
needed  1.85 275 2.98 271 

Ndondo DQA (n=10)   NMEP (n=10)   
Males  2.2 22 3.70 37 
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Females  2.7 27 2.60 26 
Total 
Population  4.9 49 6.30 63 

Bed Spaces  3 30 3.50 35 
LLINs 
needed  3.1 31 3.50 35 

Kabumbu DQA (n=53)       
Males  2.15 114     
Females  2.21 117     
Total 
Population  4.36 231     

Bed Spaces  2.77 147     
LLINs 
needed  2.6 138     
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Appendix 3. Data Cleaning and Matching  
 

Filtering submitted records  
The total number of houses with data collected against them 
in the DQA is 1407. Of these, 2 submissions were duplicates, 
142 were for enumerated structures that were determined to 
not be houses, and 74 structures were found without people 
available to be interviewed. Resultantly, 1189 structures 
were visited and interviewed. From those houses with data 
collected against them, we calculated population figures and 
net need by village as well as for the entire data set.  
 

Household-level matching 
To support comparison of data at the structure level, we must 
match data, using some form of a unique identifier. Though 
the Akros field-collected data contains geolocations for each 
individual house and therefore provides a unique identifier, 
the NMEP data does not provide any such identifier. 
Therefore, we are limited to using the name of household 
head and the village in matching across datasets. The data 
collected (male, females, bedspaces) could in theory be used 

to match across datasets, but should not be in this instance, as this is the same data whose quality we 
are auditing. Below we walk through the basic steps we took in using these two identifiers, name and 
village to identify matches across the dataset.  
 

Data Cleaning 
Thorough cleaning of both datasets was required. This involved renaming and recoding variables so 
their names and formats would be compatible. One data cleaning technique to note that is especially 
important when matching using string variables, that is variables that are made up of alpha-
characters rather than numbers, is to force lowercase all letters. This ensures that  each of“John 
banda,” “john banda,” “JOHN BANDA,” etc are coded as “john banda” and can be matched to each 
other. This data cleaning did not address misspellings of names, though the fuzzy match criteria 
discussed later should still match names that are not terribly misspelt. 
 

Data Collapsing 
Even name and village do not provide a unique combination for each structure, primarily for two 
reasons: 

1) People with the same name in the same village: given that both surnames and first names in 
Zambia can be regionally popular, it is likely that there are repeated names within a village. 

2) Multi-structure households: many families may have multiple structures comprising their 
household, all of which have the same head of household.  

 
The above two reasons do not allow us to match individual structures with 100% certainty across the 
two datasets. To combat this, within each dataset we collapsed all observations with the same 
household head name and the same village into one observation. See figure 9 for an example of how 

Figure 6 Record Tree 
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this would work. Though this does not allow us to match individual structures, it will reduce error in 
matching, as we essentially are matching by group rather than by structure. Figure 10 includes counts 
of structures collapsed. 
 

 
Figure 7 Data Collapsing Example 

Matching 
After data cleaning and collapsing, we matched 
across the data sets in fourteen rounds through 
a series of merges using a variety of matching 
techniques within Stata 13. The first round of 
matching was an exact match, with following 
rounds of matching decreasing in specificity 
and exactness. The key matching techniques 
used were “merge,” “reclink,” and “matchit.” 
Each of these techniques matched household 
head name within villages subsets of the 
datasets. 
 
Each round of matching was followed by a manual review to determine what the threshold matching 
score should be for determining a match, and if any seemingly poor matches according to the 
computer generated similarity score should be a true match. The rounds are diagrammed in Figure 10 
below. 

The merge command produces exact matches based on 
specified match criteria across two datasets. 
The reclink command is a “fuzzy” merge that suggests possible 
matches based on match criteria specified. For each suggested 
match, the command provides a similarity score of the string 
ranging from 0 to 1 and the user is then able to determine what 
similarity score should merit a match. 
The matchit command is similar to reclink with the same 
process of fuzzy matching string values and producing a 
similarity score. The key difference is that matchit uses indexing 
and more steps to its matches, and provides several match 
options per value rather than just one match option. This allows 
better detection of cases where first name and surname are 
flipped. 



25 
 

 
Figure 8 Data matching tree 
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Appendix 4. Matched Houses 
All	data	 Matched	data	

	  People	 Households	 Matched	HH	 People	
Region	 Village	 NMEC	 DQA	 delta	 %	 NMEC	 DQA	 delta	 %	 #	 %	 NMEC	 DQA	 delta	 %	

Zambia	 changilo	b	 1204	 803	 401	 33.3%	 204	 166	 38	 18.6%	 96	 57.8%	 604	 508	 -96	 -15.9%	

Zambia	 chitoka	 144	 116	 28	 19.4%	 28	 24	 4	 14.3%	 15	 62.5%	 73	 73	 0	 0.0%	
Zambia	 chiwamba	 84	 96	 -12	 -14.3%	 22	 20	 2	 9.1%	 16	 80.0%	 63	 76	 13	 20.6%	
Zambia	 chola	 20	 9	 11	 55.0%	 3	 1	 2	 66.7%	 1	 100.0%	 6	 9	 3	 50.0%	
Zambia	 jonyi	 729	 172	 557	 76.4%	 92	 37	 55	 59.8%	 9	 24.3%	 67	 49	 -18	 -26.9%	
Zambia	 kabula	 55	 45	 10	 18.2%	 12	 9	 3	 25.0%	 5	 55.6%	 30	 29	 -1	 -3.3%	
Zambia	 kashongo	 70	 39	 31	 44.3%	 16	 7	 9	 56.3%	 6	 85.7%	 24	 29	 5	 20.8%	
Zambia	 kisalala	 491	 740	 -249	 -50.7%	 91	 148	 -57	 -62.6%	 22	 14.9%	 124	 123	 -1	 -0.8%	
Zambia	 malelekwa	 3	 8	 -5	 -

166.7%	
1	 3	 -2	 -200.0%	 0	 0.0%	 .	 .	 .	 .	

Zambia	 maseka	 2992	 2085	 907	 30.3%	 540	 431	 109	 20.2%	 103	 23.9%	 634	 560	 -74	 -11.7%	
Zambia	 mumpalamba	 127	 173	 -46	 -36.2%	 25	 46	 -21	 -84.0%	 9	 19.6%	 40	 44	 4	 10.0%	
Zambia	 mushili	 204	 59	 145	 71.1%	 20	 16	 4	 20.0%	 11	 68.8%	 110	 46	 -64	 -58.2%	
Zambia	 mushota	 61	 32	 29	 47.5%	 6	 1	 5	 83.3%	 1	 100.0%	 28	 32	 4	 14.3%	
Zambia	 mwenda	 494	 469	 25	 5.1%	 88	 72	 16	 18.2%	 59	 81.9%	 380	 411	 31	 8.2%	
Zambia	 ndondo	 63	 49	 14	 22.2%	 10	 10	 0	 0.0%	 7	 70.0%	 45	 37	 -8	 -17.8%	
Zambia	 other	 .	 231	 .	 .	 .	 53	 .	 .	 	      

 


