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Abstract: Nationally representative household surveys
are increasingly relied upon to measure maternal,
newborn, and child health (MNCH) intervention coverage
at the population level in low- and middle-income
countries. Surveys are the best tool we have for this
purpose and are central to national and global decision
making. However, all survey point estimates have a
certain level of error (total survey error) comprising
sampling and non-sampling error, both of which must
be considered when interpreting survey results for
decision making. In this review, we discuss the importance
of considering these errors when interpreting MNCH
intervention coverage estimates derived from household
surveys, using relevant examples from national surveys to
provide context. Sampling error is usually thought of as
the precision of a point estimate and is represented by
95% confidence intervals, which are measurable. Confi-
dence intervals can inform judgments about whether
estimated parameters are likely to be different from the
real value of a parameter. We recommend, therefore, that
confidence intervals for key coverage indicators should
always be provided in survey reports. By contrast, the
direction and magnitude of non-sampling error is almost
always unmeasurable, and therefore unknown. Informa-
tion error and bias are the most common sources of non-
sampling error in household survey estimates and we
recommend that they should always be carefully consid-
ered when interpreting MNCH intervention coverage
based on survey data. Overall, we recommend that future
research on measuring MNCH intervention coverage
should focus on refining and improving survey-based
coverage estimates to develop a better understanding of
how results should be interpreted and used.

This paper is part of the PLOS Medicine ‘‘Measuring Coverage in

MNCH’’ Collection

Introduction

Nationally representative household surveys are increasingly

relied upon to measure maternal, newborn, and child health

(MNCH) intervention coverage at the population level in low- and

middle-income countries. These surveys include the Demographic

and Health Survey/s (DHS), the Multiple Indicator Cluster

Survey/s (MICS), the AIDS Indicator Survey/s (AIS), and the

Malaria Indicator Survey/s (MIS). These surveys rely on scientific

sampling methods, which require each element of the target

population to have a known and non-zero probability of selection,

to obtain point estimates of MNCH intervention coverage at the

national and sub-national levels every 3–5 years [1]. Because

accurate up-to-date sampling frames of individuals and households

are often unavailable in many low- and middle-income countries,

these surveys typically use a multi-stage cluster sample design.

Clusters (primary sampling units) are selected at the first stage with

a probability proportional to size strategy, with size being the

estimated population size of the cluster. A constant number of

households is then randomly selected at the second stage of

selection from a sampling frame of households created from a

complete enumeration of households in the selected clusters.

Household surveys have become increasingly standardized in their

sampling approaches and questionnaire designs to produce

comparable results across countries and over time.

In using the coverage figures for MNCH interventions from

household surveys for programmatic and policy decisions, it is

important to remember that surveys only provide estimates of the
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true population characteristics of interest. No matter how large a

sample is drawn, and no matter how well a survey is designed or

implemented, all survey point estimates have a certain level of

error (total survey error) comprising sampling and non-sampling

error, both of which need to be considered when interpreting

survey results. Sampling error—the difference between the sample

estimate of a population characteristic and the real value of the

population characteristic—is the result of sampling from the

population rather than taking measurements from the entire

population [2]. Non-sampling error includes all other sources of

error. For multi-stage cluster sampling of households in low- and

middle-income countries, the most common types of non-sampling

error are information bias and selection bias but coverage bias and

non-response bias are also important issues.

In this review, which is part of the PLOS Medicine ‘‘Measuring

Coverage in MNCH’’ Collection, we discuss the important

sampling error and non-sampling error issues involved in

interpreting MNCH intervention coverage estimates derived from

household surveys for decision making using relevant examples

from national surveys to provide context.

Sampling Error and Its Implications

Confidence Intervals
We most often think of sampling error as the precision of a point

estimate, represented by 95% confidence intervals. Confidence

intervals are useful for two purposes. First, they characterize the

precision of the estimate. Second, they provide context about

whether estimated parameters are likely to be equal between two

populations or time-points. In the absence of non-sampling error,

if a large number of repeated samples is taken from the target

population using the same sampling design, 95% of the resultant

95% confidence intervals about each sample point estimate will

contain the true, albeit unknown, intervention coverage in the

population [3]. In practice, the interpretation of confidence

intervals is slightly different. Suppose, for example, we have a

point estimate of intervention coverage of 70%, with a 95%

confidence interval of 65%–75% in a program for improving

MNCH. This confidence interval is typically taken to mean that

we are 95% certain that the true intervention coverage in the

population lies somewhere between 65% and 75%. Consider if the

program had set a target of achieving 70% population coverage.

In this case, one could not say with a high degree of confidence

that the program had achieved its target coverage, even with a

point estimate for coverage at 70% since fully half of the

confidence limit lies below 70%.

Sample Size and Sampling Design
The level of sampling error around a point estimate depends on

the number of observations selected from the target population

(sample size), the underlying prevalence and variance of the

characteristic of interest in the target population, and the sampling

design used in selecting the sample. In general, for a given

sampling design, the precision of a point estimate improves with

increasing sample size. Thus, a larger sample size yields a tighter

confidence interval. However, given a specified sample size, the

sampling design also directly affects the precision of an interven-

tion coverage point estimate. In practice, data from nationally

representative surveys nearly always come from a cluster survey

rather than a simple random sample of households. In cluster

surveys, the sampling error is affected by the number of

respondents per group as well as the intracluster (or intraclass)

correlation coefficient, which provides a measure of how similar

the elements being analyzed in each cluster are with respect to a

particular characteristic of interest [2]. In general, for a given

sample size, the precision of a point estimate ascertained from a

cluster sample design decreases as the sample size per cluster

increases, and as the intracluster correlation coefficient increases.

Reporting Sampling Errors and Confidence Intervals
Although the sample size and sampling design are frequently

reported in survey methods, sampling errors represented by

confidence intervals are rarely reported in the main body of reports

of national surveys. DHS survey reports and reports for AIS and

MIS surveys conducted through the DHS program include

standard errors and accompanying confidence intervals of 62

standard errors (slightly wider than the 95% confidence interval) for

most key indicators in Appendix B only. In MICS survey reports,

standard errors and 95% confidence intervals appear in Appendix

S. Almost no MIS surveys conducted outside of the DHS program

include sampling errors in the survey reports or appendices.

Comparing Survey Results
One oft-cited advantage of large well-conducted surveys is that

their results can be compared meaningfully both over time and

between locations. In the absence of a formal hypothesis test,

informal conclusions about the statistical significance of a difference

are sometimes drawn by examining whether two confidence

intervals overlap. Indeed, if two 95% confidence intervals do not

overlap, then a formal hypothesis test would reject the null

hypothesis of equality with a p-value below 5%. Unfortunately the

converse is not true. If 95% confidence intervals overlap, it is still

possible for the p-value from the hypothesis test to fall below 5%

[4,5]. An example from the 2011 Ethiopia DHS report (presented in

Box 1 and Figure 1) illustrates how difficult it can be to correctly

interpret MNCH intervention coverage estimates without consid-

ering confidence intervals [6].

Sampling Error and Data Disaggregation
When analyzing survey data for MNCH coverage indicators,

sampling errors and the accompanying confidence intervals are

influenced, at times substantially, by changes in sample size owing

to disaggregating the data by socio-behavioural or demographic

characteristics of interest, such as where the respondents live or

their household socioeconomic status. While DHS and MICS

surveys typically report the confidence intervals around many key

indicators in their appendices, they do not report confidence

intervals of disaggregated point estimates. To illustrate why it is

important to consider the sampling error of such estimates, we

present summary sampling characteristics of established malaria

control coverage indicators from the 2007 Zambia DHS survey

(Table 1) [7]. Point estimates were weighted to account for

unequal probability sampling and any differential non-response.

Standard errors were estimated to account for correlated data at

the primary sampling unit level using the Huber White Sandwich

estimator, which accounts for the loss of precision due to increased

intracluster correlation coefficient.

For assessing progress of malaria control efforts in Zambia, the

standard indicator for household insecticide-treated mosquito net

(ITN) coverage shows that 52% of households possess at least one

ITN, with a 95% confidence interval of 62.5 percentage points

(Table 1). The interpretation for programmatic purposes, based on

information from the sample of 7,164 households, would be that

one has 95% confidence that the true (albeit unknown) proportion

of households in Zambia with at least one ITN lies somewhere

between 50% and 55%, in the absence of non-sampling error. By

contrast, the indicator used for assessing progress in the coverage

of access to antimalarial treatment of fevers in children (38%) has a
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95% confidence interval of 63.8 percentage points, because this

sample is limited to only those children with fever in the past 2

weeks (5,844 children). When disaggregated by household

socioeconomic status, the 95% confidence intervals increase

considerably. For example, based on a subsample of 106 children,

the proportion with a fever in the past 2 weeks in the wealthiest

households who received an antimalarial was estimated to be 40%,

with a 95% confidence interval of 610 percentage points, which

would be interpreted to mean that one can only be 95% confident

that the true antimalarial coverage lies somewhere between 30%

and 50% in this population in Zambia. This level of uncertainty

clearly poses challenges in the interpretation of the point estimate

for decision making.

Non-sampling Error and Its Implications

Unlike sampling error, the direction and magnitude of non-

sampling error is almost always unmeasurable, and therefore

unknown. Non-sampling error cannot be controlled directly by

sample size or by type of probability sampling design used.

Non-sampling error is more insidious than sampling error and

can develop at many stages of the survey. Study planners need to

anticipate as many threats to the validity of the survey results as

possible and put careful controls in place to limit the magnitude of

non-sampling error, such as the strict use of probability sampling,

sensitization to increase response rates, high quality training of

data collectors, and implementation of quality control measures

for field work. Another paper in this collection on vaccination

Box 1. An Illustration of the Difficulty in
Correctly Interpreting MNCH Intervention
Coverage Estimates without Considering
Confidence Intervals

The 2011 Ethiopia DHS survey report states ‘‘The percent-
age of children age 12–23 months who were fully
vaccinated at the time of the survey increased from 14%
in 2000 to 20% in 2005 and 24% in 2011—a 70% increase
over 10 years and a 19% increase in the 5 years preceding
the 2011 survey’’ [6]. The main text of the Ethiopia report
does not present confidence intervals, but Appendix B
shows that for the 2011 survey the approximate 95%
confidence interval for the immunization coverage of 24%
was 21%–28%. In the 2005 survey, the confidence interval
around the point estimate of 20% was 17%–23%, and in
2000 the confidence interval around the point estimate of
14% was 12%–16% [33]. Although a statistical test for
significance would be needed to draw a strong conclusion,
the difference between 2005 and 2011 (20% up to 24%) is
not likely to be statistically significant at the 5% level
because the confidence intervals overlap (see Figure 1). It
would have been helpful for the body of the report to note
the p-value associated with the 19% increase, or to say that
the 2005 to 2011 increase is not statistically significant at
the 5% level. This example demonstrates the importance
of considering confidence intervals when survey-based
estimates are used to draw strong conclusions or to make
important programmatic decisions.

Figure 1. Two ways of looking at coverage of full immunization in Ethiopia—with and without confidence intervals. Ethiopia DHS
surveys 2000, 2005, 2011 [33].
doi:10.1371/journal.pmed.1001386.g001
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coverage provides more details of sources of non-sampling error

and measures to mitigate against them [8].

Importantly, although sampling error is generally reduced by

increasing sample size, non-sampling error can have an inverse

relationship with sample size. Together, these factors make

interpreting MNCH intervention coverage estimates obtained

from household surveys very challenging in the presence of

substantial non-sampling error. Non-sampling errors are also a

major concern when comparing survey results from different

surveys using different survey instruments or survey methodology,

or inadequate levels of quality control. Below we present examples

of the more common types of non-sampling errors and biases that

threaten MNCH intervention coverage estimated from household

surveys.

Information Error and Information Bias
Information error and information bias (also referred to as

measurement error and bias) are common in household survey

estimates of MNCH intervention [8–13]. Information error arises

from errors in measuring MNCH intervention coverage, which

often occur when the respondents do not know the exact answer to

the survey questions, yet provide answers anyway. Information bias

arises from systematic (i.e., non-random) errors in measuring

MNCH intervention coverage and includes recall bias and social-

desirability bias. Although information error typically results in

higher variance, and as a result decreased precision of the point

estimate, information bias results in an overestimate or underesti-

mate of the population point estimate. The real problem is that one

does not know which way this type of error is biasing the results.

The measurement of vaccination coverage provides a good

example of how information error and bias can affect the ability of

decision makers to use information from surveys to evaluate the

trends in coverage over time. As described by Cutts and colleagues

elsewhere in this collection [8], information on vaccination

coverage is usually kept in home-based vaccination records but

once a child is past infancy, parents may not retain these records.

If a vaccination card is not available, DHS and MICS surveys

request information from each mother on the vaccinations

received by children born in the past 5 years. Because home-

based vaccination records are less likely to be available for children

born 4 years ago than for those born 1 year ago, recall error or

bias may be more likely for older than for younger children, which

reduces the ability of decision makers to draw strong conclusions

about trends.

Even with the best designed surveys and questionnaires, recall

error and bias can affect MNCH intervention coverage estimates

[14–16]. For example, for estimating ITN coverage, a key

indicator for malaria control programs [17], surveys must

ascertain the type of net used and, for nets that are not long-

lasting insecticidal nets, when the net was procured and treated

with insecticide to distinguish nets that are ITNs from those that

are not. Data from Eritrea show substantial date heaping

(rounding off of time since an event by respondents) at 12 months

for both net procurement and insecticide re-treatment. Date

heaping affects whether nets meet the definition of an ITN and

therefore has the potential to bias coverage estimates [18].

Measurement of ITN use by children ,5 years old also provides

a good example of how social desirability bias can impact MNCH

coverage estimates. Suppose a national survey obtained an

estimate of ITN use among children of 60%, with a 95%

confidence interval of 55%–65% but that respondents in selected

households tended to tell household interviewers that their ITNs

were being used more often than they really were because the

respondents feel socially obligated to respond positively to

questions about recent net use, a situation that is thought to occur

[19]. In this scenario, social desirability bias results in systematic

over-reporting of the use of ITNs. Even in a well-designed and

implemented survey with a sampling error 610%, we cannot be

95% certain that the true proportion of child ITN use falls within

the calculated 95% confidence interval of 55%–65%. In fact, we

would need to use expert but subjective judgment as to the

direction and the magnitude of any bias when interpreting this

coverage estimate and the degree to which bias may affect results.

Selection Bias
Another common form of non-sampling error is selection bias,

which occurs when potential respondents do not all have a known

and non-zero probability of selection. In such a case, no matter

how large a sample is taken, survey point estimates will always

differ from the true, yet unknown, population characteristic under

study [3]. Common sources of selection bias in surveys that

measure MNCH intervention coverage include: (1) failure to

Table 1. Sampling characteristics of selected point estimates from the 2007 Zambia DHS Survey [7].

Indicator Percent Point Estimate Percent Standard Error 95% CI Sample Size

Percent of households with $1 ITN 52.2 1.24 49.8–54.7 7,164

Percent of children ,5 years old with
fever in past 2 weeks

17.7 0.71 16.4–19.2 5,844

Percent of children ,5 years old with
fever who received any antimalarial

38.2 1.85 34.6–41.9 1,034

Wealth quintilea

Lowest 35.3 3.85 27.7–43.0 219

Second 42.6 3.60 35.5–49.7 228

Middle 36.6 3.44 29.8–43.4 253

Fourth 37.5 3.15 31.3–43.8 228

Highest 39.6 5.02 29.5–49.7 106

Point estimates in this table may vary slightly from the point estimates reported in the 2007 Zambia DHS survey because of slight differences in inclusion criteria during
analysis, although all are within 1%.
aThere are different numbers of children in each wealth quintile because wealth quintiles are calculated at the household level for all persons in the household and not
for subgroups.
doi:10.1371/journal.pmed.1001386.t001
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include some eligible respondents in the sampling frame, (2) failure

to account properly for the sampling design in analyzing survey

data because the sampling design parameters (e.g., cluster size)

have not been reported, and (3) the use of non-probability

sampling designs.

Coverage bias results when the sampling frame excludes some

members of the target population or includes ineligible persons

who are not part of the target population. It can occur when

certain districts of a country are excluded from a survey because of

security considerations. It can also occur when members of the

target population are homeless, nomadic, or institutionalized and

therefore not identified with one of the physical homes used in the

multistage household sampling designs common in low- and

middle-income countries.

The household sampling methods designed by the World

Health Organization for measuring child immunization coverage

under the Expanded Programme on Immunization (EPI) provide

a good example of the importance of considering sampling design

when interpreting survey data. In this program, 30 clusters are

selected and seven children within each cluster are selected for

assessment of their immunization status [20,21]. Variations of this

protocol are widely used to measure sub-national intervention

coverage in low- and middle-income countries as they require

considerably fewer resources to implement than the well-estab-

lished protocols employed in DHS and MICS surveys [8,22],

which enumerate all eligible households in the selected cluster and

then make random selections from that updated list. While

improvements have been made over the years, the EPI survey

method does not typically include the development of an accurate

sampling frame within each of the selected 30 clusters for selecting

the seven children, and thus the survey design does not ensure that

each child sampled has a known non-zero probability of selection

[23]. Moreover, sampling weights cannot be used when analyzing

these data to account for unequal probabilities of child selection,

which requires accurate counts of the households in each cluster.

As a result, selection bias cannot be ruled out, and may actually be

quite likely when using traditional EPI 3067 cluster survey

methods [24]. Box 2 presents a hypothetical example of these

issues.

MNCH parameters are also sometimes assessed using ‘‘rapid’’

survey protocols that are designed to use minimal samples sizes to

obtain local estimates of intervention coverage in comparison with

a desired value for programmatic purposes. The small sample size

survey technique called Lot Quality Assurance Sampling (LQAS)

is a good example [25]. There are several varieties of this survey

technique with varying levels of rigor [26–31], all of which seek to

Box 2. Selection Bias Resulting from a Two-
Stage Cluster Survey Protocol Where
Complete Enumeration of Households within
Primary Sampling Units Is Not Undertaken
(Original EPI Method)

Rapid surveys to assess sub-national intervention coverage
in low- and middle-income countries often follow a
variation of the ‘‘3067 EPI’’ protocol where 30 villages
are selected at random from a list of villages within a given
area, typically with the probability of selection based on
the estimated relative number of households in each
villages provided by local officials or census data (proba-
bility proportional to size sampling). Within each village
(cluster), the survey team selects seven households for
interview to ascertain information on intervention cover-
age, most typically immunization coverage [8]. The
procedure used for the selection of households in each
cluster often involves beginning at a central area of the
selected village, counting all households in a randomly
selected direction from the center of the village to the
village edge (a.k.a., ‘‘spin the bottle technique’’), selecting
a starting household randomly and then proceeding
always to the next closest house until seven children aged
12–23 months have been found [20,22]. This protocol can
be more prone to selection bias than the household
enumeration protocol used by DHS and MICS surveys for
several reasons.

N If all households within selected villages are not
enumerated to create an accurate sampling frame from
which the seven households are selected at the second
stage, one cannot document that each household in the
village has a known and non-zero probability of
selection, which is a requirement for probability
sampling.

N It is rare that the true number of households in a
selected village is equal to the estimated numbers used
when selecting the 30 villages. This is not an issue if a
true count of households in each of the 30 villages is
obtained after selection, which then allows the survey
data to be weighted during analysis to adjust for
discrepancies in estimated and actual village sizes.
However, if an accurate count of households is not
obtained, the survey data cannot be weighted, and
selection bias due to unequal probability of household
selection cannot be ruled out.

N There is no requirement to document potentially eligible
individuals in each household and conduct revisits. Any
household where respondents are absent at the time of
the visit is simply replaced by the nearest household
having an eligible individual and respondent.

Box 3. Recommendations for Interpreting
MNCH Coverage Indicators Measured from
Household Surveys

N Program managers and policy-makers must consider
both sampling and non-sampling error when using
MNCH coverage estimates for programmatic decision
making and assessing progress against coverage targets.

N Study planners need to anticipate as many threats to the
validity of the survey estimates as possible and put
careful controls in place to limit the magnitude of non-
sampling error.

N To help with interpreting MNCH intervention coverage
estimates, additional validation research that identifies
the sources, direction, and magnitude of non-sampling
error of these estimates is needed.

N All survey reports that present MNCH intervention
coverage estimates should provide detailed descriptions
of the sampling design, sample size, survey instruments,
quality controls, data analysis, and data collection
protocols to improve the transparency, consistency,
and interpretability of estimates.

N To allow for the consideration of important sources of
non-sampling error in interpreting MNCH coverage
estimates, survey reports should include a detailed
limitations section that explicitly lists possible sources
of non-sampling error, and should speculate about their
direction and magnitude where possible.
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classify districts as having either adequate or inadequate interven-

tion coverage. LQAS surveys are usually short, consisting of a few

questions focused on a small number of binary outcomes. They are

quick to administer and analyze, sometimes taking only 1–2 days

per district. When implemented using best practices, study teams

select households randomly from an up-to-date sampling frame so

the results are representative of the population. At other times,

however, respondents are identified using a convenience sample

approach in which only one person is selected in a truly random

fashion and subsequent respondents are selected from nearby

households. Additionally, in some LQAS protocols field staff stop

collecting data when it becomes clear that the final few

respondents will not affect the district’s adequate/inadequate

classification. In all cases where an LQAS design does not allow

each respondent to have a known and non-zero probability of

selection, the sampling is not truly random and the validity of

results is threatened by selection bias.

Non-response bias is also a common source of selection bias.

Non-response bias results when the answers to survey questions

differ between selected respondents who participate in the survey

and selected respondents who choose not to participate, or are

unable to participate, in the survey. The response rate is measured

as the proportion of individuals selected to take part in a survey

who actually complete the questionnaire. The potential for non-

response bias goes up as the response rate goes down. This type of

bias is common in phone and internet-based surveys—interview

methods more commonly used in high-income countries where

populations have access to such technology. In such surveys, it is

not uncommon to have response rates as low as 50%, which must

be corrected for by using survey weighting and other techniques.

In low- and middle-income countries where survey interviews are

conducted in person with individuals in selected households, non-

response bias is usually less of an issue. The protocol used by DHS,

MICS, AIS, and MIS surveys for limiting non-response bias

requires interviewers to return to selected households at least three

times if selected individuals in the household are unavailable for

the interview [1]. This practice greatly limits household and

individual non-response, with response rates among eligible women

of reproductive age in these surveys typically exceeding 95%.

However, non-response bias can be a serious issue for estimates of

MNCH intervention coverage obtained from surveys that do not

follow this protocol. For example, EPI surveys do not require

multiple visits to selected households and do not document how

many potentially eligible households were skipped because the

respondent was absent. [23]. Both DHS and MICS surveys report

the response rates of households and of eligible women and men

who were selected to participate in the survey. This practice should

be followed in all survey reports, and where response rates are below

85%–90%, surveys results should be interpreted with caution.

Recommendations

Our major recommendations for interpreting MNCH coverage

estimates are summarized in Box 3, but here we will briefly draw

together the recommendations we make in this review.

MNCH intervention coverage estimates should be interpreted

taking into account the confidence interval around the estimates,

especially when assessing trends over time in intervention

coverage, or comparing coverage across population subgroups or

between geographic regions. To allow this to occur, we

recommend that confidence intervals around key health indicators

are included in the tables in the main body of all survey reports

(not just in the appendices of DHS and MICS reports as at

present). MNCH intervention coverage estimates with a high

degree of uncertainty (e.g., because they are based on small

subpopulations) should be interpreted with caution. As surveys are

designed to provide valid intervention coverage point estimates

only for survey domains or at higher levels, coverage estimates

below the survey domain level should also be interpreted with

extreme caution (e.g., coverage estimates at the district level when

the survey was designed to yield valid estimates only at higher

administrative levels).

To limit information error and bias, we recommend that

extensive pretesting is conducted prior to survey implementation.

Where possible, the results of pretesting should be used to adapt

survey questionnaires to local norms and cultures, while

safeguarding the key structure of the questions needed to ascertain

standardized MNCH indicators in a consistent manner across

countries and over time.

To limit selection bias, we recommend that MNCH estimates

are obtained using well-established multi-stage sampling protocols,

such as those used by DHS and MICS surveys, which create

accurate sampling frames of households for second stage selection,

weight data for unequal probability of selection, and return to

households at least three times to limit non-response bias.

Importantly, we commend recent calls for establishing reporting

guidelines for survey research [32]. We recommend that all survey

reports and papers presenting MNCH intervention coverage

estimates follow similar recommendations to improve transparen-

cy, consistency, and interpretability of estimates, even if detailed

methods have to be included as a web appendix (see Box 3).

Finally, to allow for the consideration of important sources of

non-sampling error in interpreting MNCH coverage estimates,

survey reports should include a limitations section that explicitly

lists possible sources of non-sampling error (see Box 3). Descriptive

statistics on data quality that impact non-sampling error should be

considered when interpreting MNCH coverage estimates, includ-

ing household, individual and question non-response, socio-

Key Points

N Household surveys are the best tool we currently have
for measuring MNCH intervention coverage at the
population level in low- and middle-income countries
and are central to national and global decision making.

N All estimates of MNCH intervention coverage obtained
from household surveys have a certain level of error
(total survey error) comprising sampling and non-
sampling error, both of which must be considered when
interpreting survey results.

N Sampling error (the precision of a point estimate) is
measurable and is represented by the 95% confidence
intervals, which characterize the precision of the
estimate and provide context about whether estimated
parameters are likely to be equal between two
populations or time-points.

N Information error and bias are common sources of non-
sampling error in household survey estimates; survey
methods should be reported in enough detail to allow
assessment of the potential for non-sampling error, the
direction and magnitude of which is almost always
unmeasurable.

N The focus of future research for measuring MNCH
intervention coverage should be on refining and
improving survey-based coverage estimates and devel-
oping a better understanding of how results should be
interpreted and used.
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demographic composition of respondents, completeness of report-

ing, and date and age heaping. The DHS provides such

information in an appendix to their country reports; other survey

reports should do so as well.

Estimates of MNCH intervention coverage obtained from

household surveys are increasingly relied upon to assess progress in

program effectiveness, and are a key metric in assessing

Millennium Development Goals 4 and 5 for reducing neonatal,

child, and maternal deaths worldwide. Surveys are the best tool we

have for measuring MNCH intervention coverage at the

population level and are central to national and global decision

making but are subject to both sampling and non-sampling error.

Non-sampling error is more insidious than sampling error and is

difficult to quantify. It can, therefore, render the interpretation of

MNCH intervention coverage estimates challenging. To this end,

validation research that identifies the sources, direction, and

magnitude of non-sampling error of MNCH intervention coverage

estimates is urgently needed. Research presented elsewhere in this

collection provides an excellent start [8–13], but future research

must focus on refining and improving survey-based coverage

estimates, and on developing a better understanding of how results

on MNCH intervention coverage should be reported and

interpreted.
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