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Abstract

Background
Verbal autopsy (VA) data quality is conventionally assessed after or during cause-of-death (CoD)
assignment, a step that requires aggregated data and introduces delays in identifying and correcting
data problems. While field training and electronic form logic (e.g., skip patterns, range constraints)
address basic data collection quality at the point of entry, they do not systematically evaluate respondent
engagement, respondent reliability, logical consistency across clinically related fields, or interview
process efficiency. To our knowledge, no standardized, instrument-agnostic set of quality indicators has
been published that can be applied to individual VA records in real time, prior to or alongside CoD
assignment, to capture dimensions of data quality that entry-level validation does not address. We
propose and validate four complementary indicators: the Informative Completeness Score (ICS),
Respondent Reliability Score (RRS), Internal Consistency Index (ICI), and Median Interview Duration
(MID), that can be computed for a single VA record, enabling immediate feedback to interviewers and
supervisors distinct from and complementary to field-level validation.

Methods
The four indicators were developed using field names and response codes defined in the 2016 and 2022
World Health Organization Verbal Autopsy (WHO-VA) instruments. We validated the indicators on three
countries' datasets: Tanzania (n = 4,344, 2016 WHO-VA), Eswatini (n = 380, 2022 WHO-VA), and Nigeria
(n = 5,474, 2022 WHO-VA). Descriptive statistics, tier distributions, and per-rule violation frequencies
were computed for each indicator.

Results
ICS was high across all datasets (means: Eswatini 96.4%, Tanzania 97.4%, Nigeria 99.8%), with
occasional low-outlier records indicating interviewers who relied heavily on "don't know" or "refused"
responses. RRS was computable for Eswatini (n = 349, mean = 81.8, 63.3% High tier) and Tanzania (n = 
3,861, mean = 84.1, 67.1% High tier); the Nigeria dataset lacked the required relationship and date fields.
Across nine ICI consistency rules, overall performance was Excellent in all three datasets (Eswatini
91.8%, Tanzania 92.8%, Nigeria 92.0%). Cough-duration violations (C4) were most frequent in Eswatini
(6.1% vs 1.6% in Tanzania); Nigeria showed the highest number of fever-duration violations (C3, 2.1%)
alongside a markedly elevated rate of pregnancy-related symptoms reported for male decedents (C7,
5.9%); and Tanzania showed an elevated rate of interviews dated before the recorded death (C9, 3.5%),
consistent with a discrete period of reduced data-entry oversight. MID was computable for Eswatini
(median = 27.3 min, n = 281) and Tanzania (median = 33.3 min, n = 2,678, using full interview datetimes);
Nigeria's dataset did not include interview time fields.
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Conclusions
The four proposed indicators are practical, transparent, and computable at the record level using
standard WHO-VA fields. They enable real-time quality feedback before CoD assignment, do not require
large samples, and are compatible with both the 2016 and 2022 WHO-VA instruments. Integration into
data management platforms can substantially shorten the feedback loop between data collection and
quality improvement, and a reference implementation is publicly available to support adoption.

1. Introduction
Verbal Autopsy (VA) is the primary method for ascertaining causes of death in settings where vital
registration systems are absent or incomplete, a situation common to low-resource settings including
sub-Saharan Africa, South Asia, and parts of Latin America [1, 2]. A VA interview involves a structured
questionnaire administered to a close relative or caregiver of a recently deceased person; the resulting
data are used to assign a probable Cause of Death (CoD) through algorithmic methods such as
InSilicoVA [3, 4], InterVA [4, 5], SmartVA [4, 6], or physician-coded review [7]. Because these algorithms
typically require WHO-VA instrument data reformatted into algorithm-specific input structures, dedicated
conversion tools such as pycrossva [8] are commonly used as a preprocessing step, distinct from the
data quality assessment that is the focus of this paper.

The quality of VA-derived CoD estimates depends directly on the quality of the underlying VA data. While
comprehensive VA data quality assurance encompasses the entire data collection lifecycle (including
interview training, instrument design, built-in data validation rule and field supervision), this paper
focuses specifically on the assessment of CoD-relevant data quality through quantitative indicators
applied to completed interview records. The indicators proposed here are designed to complement, not
replace, upstream quality assurance measures by providing systematic, record-level feedback that can
identify problems even when training and form-based validation measures have been applied.

Formal quality assessment has typically been embedded in the CoD assignment workflow which
includes data analysts or automated algorithms that detect inconsistencies or implausible values when
processing aggregated datasets, usually weeks or months after the interviews are conducted [9, 10].
This approach has two key limitations. First, problems identified late are costly to rectify; the interviewer
who recorded contradictory responses may no longer be accessible or may have continued the same
error across dozens of additional interviews. Second, algorithmic CoD methods require a sufficient
number of records to produce stable estimates; a single VA cannot be evaluated for CoD plausibility in
isolation. Consequently, individual-record quality problems may go undetected until they affect
population-level estimates.

To our knowledge, no published framework provides a standardised set of quality indicators that can be
applied to a single VA record, in real time, independently of CoD assignment, and in a format compatible
with both major WHO-VA instrument versions. The World Health Organization's Data Quality Review
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(DQR) toolkit [11] provides a widely used framework for assessing completeness and internal
consistency in routine health information systems, but it operates on aggregated facility- or district-level
indicators rather than individual records, and was not designed for the WHO-VA instrument's field
structure. Existing quality checks tend to be embedded within specific software packages, are not
consistently defined or published, and address only subsets of the data quality problem (for example,
completeness alone, or logical range checks only).

We address this gap by proposing four complementary indicators: 1) Informative Completeness Score
(ICS), 2) Respondent Reliability Score (RRS), 3) Internal Consistency Index (ICI), and 4) Interview Duration
(ID) - summarized at the dataset level as the Median Interview Duration (MID), each targeting a distinct
dimension of VA data quality. These indicators can be computed as soon as an interview is complete,
providing immediate, record-level feedback to interviewers and supervisors and enabling timely quality
evaluation and data-driven decisions before CoD assignment. We demonstrate their application on three
national datasets spanning two WHO-VA instrument versions.

2. Methods

2.1 Study Design
This is a methodological paper describing the development and cross-national application of four VA
data quality indicators. The indicators are derived from the field structure of the WHO-VA instrument and
applied to three existing datasets. No primary data collection was undertaken; accordingly, no ethics
approval was required beyond that already governing the source datasets.

2.2 WHO-VA Instrument Compatibility
The WHO publishes the VA instrument in versioned releases; the two most widely used are the 2016 and
2022 versions [12–14]. Both share a common question-naming convention (e.g., id10011 for interview
start time, id10019 for deceased sex, id10023 for date of death). The indicators proposed here are
constructed from field names present in both versions, making them applicable to data collected with
either instrument. Where a field is absent or differently structured in a particular dataset version,
computation of the relevant indicator is not possible; this is treated as a data limitation, not an indicator
failure. Complete list for indicator field requirement by the WHO VA instrument version is shared in
Appendix A1.

2.3 Indicator Definitions

2.3.1 Informative Completeness Score (ICS)
The ICS quantifies the proportion of binary (yes/no) questions (both root questions and their follow-up
questions), answered informatively, that is, with a definitive "yes" or "no" rather than "don't know" (dk) or
"refused" (ref). Because system-missing fields are excluded from the denominator, the ICS measures the
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informativeness of recorded binary responses rather than the completeness of all expected
questionnaire fields.

Let  denote the set of binary-response fields for record  that received any response (i.e., excluding
system-missing values), and let be the subset of those fields answered with a definitive "yes"
or "no". The ICS for an individual record  is defined as:

where ∣⋅∣ denotes set cardinality. ICS ranges from 0% (all responses are "don't know" or "refused") to
100% (all binary responses are informative). A record with ICS = 100% does not imply high accuracy, i.e.,
a respondent may confidently give wrong answers. But a systematically low ICS signals that the
respondent could not or did not engage meaningfully with the interview. ICS is computed over all
question fields whose names begin with the standard WHO-VA prefix id, restricting to rows with at least
one binary response. Tier classification: ICS: High (ICS ≥ 90), Moderate (70–89), Low (< 70).

2.3.2 Respondent Reliability Score (RRS)
Respondent reliability and recall accuracy are well-established sources of measurement error in survey
data [15], and are particularly salient in VA interviews, where information is reported by a proxy rather
than the deceased themselves. In this study, reliability is not measured through repeat interviews,
agreement testing or external verification. The RRS should therefore be interpreted as a composite
measure of respondent characteristics expected to influence information quality, rather than as a direct
measure of response reliability. The RRS for a single record  is a weighted composite of four factors
that are empirically associated with the reliability of proxy-reported information: relationship to the
deceased, presence at death, recall period, and respondent literacy. For the respondent literacy
component, we use the deceased's education variables (id10063 and id10064) as a proxy for respondent
education, as the WHO-VA instruments do not capture respondent education directly. The RRS for an
individual record  is defined as:

where each  component is scored as shown in Table 1, and the maximum possible total is 100
points. Each component is evaluated using fields form the same record , yielding an individual-level
score that can be interpreted as a percentage (0-100%).

Bi i

Ii ⊆ Bi

i

ICSi = × 100
|Ii |

|Bi|

i

i

RRSi = Wrel,i + Wprox,i + Wrec,i + Wedu,i

W

i
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Table 1
Respondent Reliability Score

Component Field(s) Max.

Points

Scoring

Relationship ( )
id10008 40 Spouse/parent/child: 40;

family member: 20;

other: 10

Presence at death ( )
id10009 30 Yes: 30;

No: 15

Recall period ( )
id10023, id10012 20 < 90 days: 20;

90–179 days: 15;

180–364 days: 10;

≥365 days: 0

Literacy/education ( )
id10064, id10063 10 Literate or secondary+ education: 10;

No formal education or illiterate: 5

Total   100 Sum of all four components

Because the four components sum to a maximum of 100, RRS can be interpreted as a percentage
reliability score, with higher values indicating more reliable respondents. Tier classification is defined as
High (RRS ≥ 80), Moderate (50–79), Low (< 50). Records for which the death date or interview date
cannot be parsed are excluded from RRS computation, as the recall period component cannot be
determined. Like ICS, RRS can be computed for a single record.

2.3.3 Internal Consistency Index (ICI)
The ICI identifies logical contradictions within a VA record where cross-field combinations that are
biologically impossible or implausible. For a single record , define the set of  consistence rules

. Let  be the subset of rules violated by record . The ICI for
record  is then calculated as:

Where  is the number of violated rules. This produces an individual score from 0% (all  rules
violated) to 100% (no violations). A record with any violation receives a penalty proportional to the
number of contradictions present. The consistency rules are evaluated per record based on a selected
set of variables (Table 2).

Wrel

Wprox

Wrec

Wedu

i N

R = {C1, C2, . . . , CN} Vi ⊆ R i

i

ICIi = × 100 = × 100
|R| − |Vi|

|R|

N − |Vi|

N

|Vi| N
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It is important to distinguish between inconsistencies that are prevented by built-in data validation rules
and skip patterns within the WHO ODK VA questionnaire, and those that are detected by the ICI. Many
logical contradictions can be prevented at the point of data entry through proper form design, for
example, skip logic can prevent pregnancy-related questions from being asked of male descendants.
However, the ICI serves a distinct purpose: it provides an independent assessment of whether these
built-in constraints are functioning correctly in practice. Countries may inadvertently modify the standard
xForm design or encounter technical issues that break these constraints, and the ICI helps flag such
problems. Furthermore, certain inconsistencies such as symptom duration exceeding total illness
duration cannot be fully prevented by skip logic and require explicit validation. The ICI therefore assesses
both the effectiveness of implemented constraints and the presence of contradictions that slip through

Table 2
Internal Consistency Index (ICI)

Rule Fields Condition flagged as violation Description

C1 id10019,
id10305

id10019 = "male" AND id10305 =
"yes"

Pregnancy reported for a male
decedent

C2 id10153,
id10157

id10153 = "no" (no cough) AND
id10157 = "yes" (cough up blood)

Blood reported in cough without
cough

C3 id10120,
id10148

id10148 (fever days) > id10120
(illness days)

Fever duration (days) exceeds
total illness duration (days)

C4 id10120,
id10154

id10154 (cough days) > id10120
(illness days)

Cough duration exceeds total
illness duration

C5 id10120,
id10182

id10182 (diarrhoea days) > id10120
(illness days)

Diarrhoea duration exceeds total
illness duration

C6 id10120,
id10161

id10161 (breathlessness days) >
id10120 (illness days)

Breathlessness duration exceeds
total illness duration

C7 id10019,
id10294,
id10304

id10019="male" AND
(id10294="yes" OR id10304="yes"

Pregnancy-related symptoms
reported for male

C8 id10019,
id10344

id10019="male" AND id10344="yes" Maternal death questions
answered for male decedent

C9 id10023,
id10012

(id10023) Death date > (id10012)
interview date

Interview date precedes death
date (temporal consistency)

ICI tier classification is defined as Excellent (ICI ≥ 90%), Good (70–89%), Critical (< 70%). At the individual
record level, each violation is flagged directly. The ICI is most informative when stratified by interviewer,
as systematic violations point to training gaps with a specific interviewer rather than random errors
distributed across a team.

2.3.4 Interview Duration (ID)
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The Interview Duration (ID) is the elapsed time in minutes between interview start (id10011) and
interview end (id10481) for a single record . ID is computed as:

Records with non-positive or implausible durations (≥ 480 minutes, i.e., 8 hours) are excluded from
analysis. The 480-minute threshold was chosen to filter multi-day data entry artefacts while retaining
genuinely long interviews.

At the dataset or interviewer level, the primary summary statistic is the Median Interview Duration (MID),
the median of all individual ID values. The median is preferred over the mean because ID distributions
are typically right-skewed due to outliers and data entry artefacts; the mean and percentile distribution
are reported to characterize the full range. This record-level computation enables immediate
identification of unusually short interviews that may indicate skipped sections, as well as unusually long
interviews that may reflect respondent difficulties or data entry pauses.

ID is computed per record, while MID is computer per dataset. In addition, the MID is computed on all
completed VA records in the raw ODK export, including those where consent was not obtained. This is
intentional: if an implementation experiences a significant proportion of non-consent cases, these
records will be included in the MID computation and will typically exhibit very short durations (as the
interview would be terminated early), thereby flagging potential issues with the consent process itself or
with interviewer performance in obtaining consent. This allows supervisors to identify systemic consent-
related problems that might otherwise go unnoticed.

The fields id10011 and id10481 may store either full ISO 8601 datetimes or time-of-day only
(HH:MM:SS), depending on the data collection platform and export configuration rather than on WHO-VA
instrument version alone. Where only time-of-day is available, duration computation is unambiguous only
when start and end times fall on the same calendar day; an apparent midnight crossing is handled by
modular addition of 1,440 minutes, and the 480-minute cap additionally guards against residual cross-
day artefacts. Where full datetimes are available, duration is computed directly across date boundaries
and this limitation does not apply. In this study, both the Eswatini and Tanzania datasets were extracted
with full ISO 8601 datetime precision, so duration was computed directly across date boundaries for
both; the time-only fallback path did not apply to either dataset in this analysis.

2.4 Dataset-Level Aggregate Quality Summary Score
For each indicator , the aggregate score for a set of  records is defined
as:

i

IDi = minutes
(id10481i − id10011i)

60

Q ∈ {ICS, RRS, ICI} N

Qdataset = ∑
N

i=1
Qi

1

N
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For MID, the median is the preferred summary statistics due to right-skewed distributions, although the
mean can also be reported. These aggregate scores enable supervisors to:

1. Monitor trends over time (e.g., weekly average ICS)
2. Compare interviewers (e.g., average RRS per enumerator)
3. Benchmark sites or regions (e.g., average ICI by districts)
4. Trigger alerts with aggregate score fall below acceptable thresholds

Although each indicator can be calculated for an individual record, the stability of interviewer, site and
implementation-level summaries depends on the number and distribution of available records. Small
batches may support preliminary monitoring, but comparisons should report sample sizes and
uncertainty and should not be treated as stable benchmarks without further evaluation.

2.5 Datasets
Three VA datasets from Tanzania, Eswatini and Nigeria were used to evaluate indicator feasibility and
performance (Table 3). For each dataset, we describe the geographic coverage, collection period,
sampling or case-identification approach, implementing institutions and level of representativeness. The
term “national” is used only where the dataset covers the relevant national VA system rather than a
selected implementation, state or surveillance site.

Eswatini (va_2022_es)

A dataset of 380 VA records collected using the 2022 WHO-VA instrument. All four indicators were
computable; interview start and end times were stored as full ISO 8601 datetimes with time-zone
offsets.

Tanzania (va_2016_tz)

A dataset of 4,344 VA records collected using the 2016 WHO-VA instrument. ICS, RRS, and ICI were
computable (483 of 4,344 records were excluded from RRS due to missing or unparseable interview or
death dates). Despite the 2016 instrument's nominal time-only specification for interview timing fields,
this dataset's id10011 and id10481 values were stored as full ISO 8601 datetimes with time-zone
offsets, matching the 2022 datasets; MID was therefore computed directly across date boundaries
rather than via the time-only fallback (see Discussion, Section 4.5). The dataset contained duplicate
column headers for a subset of fields; the first occurrence was retained.

Nigeria (va_2022_ng)

A dataset of 5,474 VA records collected using the 2022 WHO-VA instrument. ICS and ICI were
computable. The fields required for RRS (id10008, relationship to deceased; id10012, interview date) and
MID (id10011, interview start time; id10481, interview end time) were absent from this dataset,
precluding computation of those two indicators.
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2.5 Statistical Analysis
Descriptive statistics (mean, median, standard deviation, minimum, maximum, 5th and 95th percentiles)
were computed for ICS and MID (Table 4, Table 5). For RRS, tier distributions (High/Moderate/Low) were
reported in addition to continuous summary statistics (Table 6). For ICI, the proportion of records
passing all consistency checks and the absolute count of violations per rule were reported. All analyses
were performed in Python 3.11 using pandas and NumPy. All indicator computations are designed to be
reproducible from the raw CSV exports of WHO-VA instruments. Source code for the python library to
calculate the proposed indicators is available on github [https://github.com/vman-tool/vman3_dq]. A
compiled version (sandbox) is also available online with sample data for testing purposes
[https://ccva.vatools.net]

3. Results

3.1 Dataset Overview
Table 3

Dataset characteristics
Dataset Country WHO-VA version N Computability

ICS RSS ICI MID

va_2022_es Eswatini 2022 380 Yes Yes Yes Yes

va_2016_tz Tanzania 2016 4,344 Yes Yes Yes Yes

va_2022_ng Nigeria 2022 5,474 Yes No Yes No

Note: “Yes” indicates the indicator was computable, and “No” indicates that the required fields were
absent from the dataset export

Table 4
ICS results by dataset

Dataset N Mean (%) Median (%) SD Min (%) 5th pct (%) 95th pct (%)

Eswatini (2022) 380 96.4 98.8 6.6 25.0 86.4 100.0

Tanzania (2016) 4,344 97.4 100.0 7.6 13.4 88.6 100.0

Nigeria (2022) 5,474 99.8 100.0 0.5 88.9 98.8 100.0

Across the three datasets, ICS was uniformly high but varied in dispersion. Tanzania (n = 4,344) showed
the greatest variability (SD = 7.6%) and the lowest minimum score (13.4%); Eswatini (n = 380) was
intermediate (SD = 6.6%, minimum = 25.0%); and Nigeria (n = 5,474) showed by far the least variability
(SD = 0.5%, minimum = 88.9%). Despite this spread in dispersion, central tendency remained consistently
high across all three datasets (Tanzania: mean = 97.4%, median = 100.0%; Eswatini: mean = 96.4%,
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median = 98.8%; Nigeria: mean = 99.8%, median = 100.0%), indicating that the large majority of
respondents engaged informatively with binary questions regardless of implementation approach or
instrument version.

The low-end tail (ICS below the 5th percentile, 86.4%) in Eswatini represents 5% of records and may
indicate cases where the respondent had limited direct knowledge of the circumstances of death, or
where language or comprehension barriers reduced informative response rates. Tanzania's low-end tail
is both larger and more informative: its VA program has collected data over a substantially longer period
than Eswatini's, and the share of low-ICS records is not evenly distributed across that period. From mid-
2024 through late 2025, the monthly proportion of records falling below this threshold repeatedly rose to
6–19%, compared with under 2% in the preceding year, before returning to baseline in the most recent
months. This temporal pattern identifies a specific period requiring implementation-level investigation.
Possible explanations include changes in supervision, interviewer composition, instrument
implementation, respondent characteristics, data migration or export procedures; the present analysis
cannot determine the underlying cause.

3.3 Respondent Reliability Score (RRS)
Table 5

RRS continuous summary by dataset
Dataset N (eligible) Mean Median SD Min Max

Eswatini (2022) 349 81.8 87 12.8 35 100

Tanzania (2016) 3,861 84.1 80 13.8 30 100

Table 6
RRS tier distribution by dataset

Dataset High (≥ 80) Moderate (50–79) Low (< 50)

Eswatini (2022) 63.3% 35.0% 1.7%

Tanzania (2016) 67.1% 32.2% 0.6%

RRS was computed for Eswatini (n = 349 of 380; 31 records excluded due to missing or unparseable
death date) and Tanzania (n = 3,861 of 4,344; 483 records excluded) (Table 5, Table 6). Across both
datasets, the mean RRS exceeded 80 (Tanzania = 84.1, Eswatini = 81.8), placing the average respondent
in the High reliability tier.

Tanzania demonstrated a higher proportion of High-tier respondents (67.1% vs 63.3%) and a higher
mean RRS. Its median, however, was lower than Eswatini's, indicating a longer lower tail in the Tanzania
distribution despite its higher average. The Low-tier proportion remained small in both datasets
(Tanzania = 0.6%, Eswatini = 1.7%), suggesting that respondents with very low reliability scores are
uncommon in well-managed programs.
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The Nigeria dataset was excluded from RRS computation because the relationship-to-deceased field
(id10008) and interview date field (id10012) were absent from the exported data. This illustrates that
RRS requires specific fields that may not be available in all dataset exports and highlights the
importance of ensuring data export completeness.

3.4 Internal Consistency Index (ICI)
The ICI and per-rule violation counts are presented in Table 7.

Table 7
ICI results and rule-level violation counts

Rule Description Tanzania (2016)
(n = 4344)

Eswatini (2022)
(n = 380)

Nigeria (2022)
(n = 5474)

C1 Pregnancy reported for a male
decedent

0 (0.0%) 0 (0.0%) 1 (0.0%)

C2 Blood reported in cough without
cough

0 (0.0%) 0 (0.0%) 0 (0.0%)

C3 Fever duration exceeds total
illness duration

42 (1.0%) 4 (1.1%) 115 (2.1%)

C4 Cough duration exceeds total
illness duration

71 (1.6%) 23 (6.1%) 10 (0.2%)

C5 Diarrhoea duration exceeds total
illness duration

15 (0.3%) 7 (1.8%) n/a (field
absent)

C6 Breathlessness duration exceeds
total illness duration

27 (0.6%) 8 (2.1%) 12 (0.2%)

C7 Pregnancy-related symptoms
reported for a male decedent

30 (0.7%) 0 (0.0%) 323 (5.9%)

C8 Maternal death questions
answered for a male decedent

0 (0.0%) 0 (0.0%) 0 (0.0%)

C9 Interview date precedes death
date (temporal impossibility)

152 (3.5%) 0 (0.0%) n/a (field
absent)

Records passing all applied rules 92.8% 91.8% 92.0%

Mean errors per record 0.078 0.111 0.084

Eswatini achieved an ICI of 91.8% (Excellent tier), Tanzania 92.8% (Excellent), and Nigeria 92.0%
(Excellent) across the nine consistency rules (Table 7). No dataset fell below the Good threshold (70%).
The most striking single-rule finding remains the pattern of C4 violations in Eswatini: 23 records (6.1%)
had a cough duration exceeding the reported total illness duration, compared with 71 records in
Tanzania's much larger dataset (1.6%) and only 10 in Nigeria (0.2%). This discrepancy may reflect a data
entry convention in the Eswatini dataset, a structural difference in how interviewers were trained to elicit

Page 13/23



duration responses, or ambiguity in how respondents distinguished disease-specific symptom duration
from total illness episode duration.

Pregnancy-related symptoms reported for a male decedent (C7) was flagged in 323 Nigerian records
(5.9%) by far the largest single-rule violation count of any dataset compared with 30 records in Tanzania
(0.7%) and none in Eswatini. Field-level review confirmed that the underlying questions correspond to
pregnancy-related questions in the Nigerian instrument. However, further examination of the form
configuration and complete data pipeline is required to determine whether the observed values arose
during interview administration, form customization, default coding, data transformation or export. The
pattern therefore warrants investigation into whether the male/female skip logic is functioning correctly
in that implementation’s data pipeline. Separately, C9 (interview date preceding death date) was violated
in 152 Tanzanian records (3.5%). This is a rate not observed at all in Eswatini and not computable in
Nigeria, where the interview-date field is absent from the export. This pattern is temporally implausible
by definition and, taken together with the concentration of low-ICS records in Tanzania during mid-2024
through late 2025, is consistent with a period of reduced data-entry oversight during program
implementation rather than an isolated measurement issue.

The near-absence of C1 (pregnancy in male decedent) and C8 (maternal-death questions for male
decedent) violations across all datasets suggests that the skip logic in the WHO-VA instrument generally
functions correctly in preventing these questions from being asked of inappropriate respondents.
However, the elevated C7 violations in Nigeria demonstrate that skip logic can be compromised
(possibly through form customization, data export issues, or interviewer behavior) and that the ICI
provides an important independent check. This reinforces the value of the ICI as a tool for detecting
when built-in constraints have been inadvertently broken, which might otherwise remain invisible until
CoD assignment produces implausible results.

The C1 rule (pregnancy in a male decedent) was virtually absent across all datasets (only 1 case, in
Nigeria), consistent with this being a clear biological impossibility that interviewers and data entry
systems readily avoid. C2 (blood reported without cough) and C8 (maternal-death questions answered
for a male decedent) were similarly absent across all three datasets, suggesting the underlying skip logic
for these implausible combination functions reliably across both instrument versions and all three data
pipelines.

The C3 violation (fever duration > illness duration) remained most prevalent in Nigeria (n = 115, 2.1%),
pointing to a potential systematic data entry pattern worth investigating at the interviewer level. When
stratified by the interviewer, the ICI can be used to reveal whether these violations (and the C7 violations
noted above) are concentrated in specific enumerators or sites.

3.5 Median Interview Duration (MID)
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Table 8
MID results by dataset

Dataset N
(valid)

Mean
(min)

Median
(min)

SD 5th pct
(min)

95th pct
(min)

Eswatini (2022) 281 56.9 27.3 79.1 11.7 235.1

Tanzania
(2016)

2,678 63.1 33.3 81.2 12.8 247.9

MID results are presented in Table 8. Both Eswatini's and Tanzania's MID were computed from full ISO
8601 datetime fields. The median interview duration in Eswatini (27.3 minutes, n = 281) is consistent
with expected VA interview lengths for a standard instrument administered by trained interviewers. The
high mean (56.9 minutes) and wide standard deviation (79.1 minutes) reflect a right-skewed distribution
with a substantial proportion of records reporting very long durations (95th percentile = 235.1 minutes).
In datasets storing full datetimes, multi-day intervals (e.g., where the interview was paused and resumed
the following day) can produce apparent durations of many hours; these are captured before the 480-
minute exclusion and inflate the mean.

Tanzania's MID distribution (n = 2,678) follows the same right-skewed pattern as Eswatini's, with every
summary statistic shifted higher: median = 33.3 minutes (vs Eswatini's 27.3), mean = 63.1 minutes (vs
56.9), SD = 81.2 minutes (vs 79.1), and 95th percentile = 247.9 minutes (vs 235.1). As in Eswatini, this
reflects genuine multi-hour or multi-day intervals (e.g., paused-and-resumed interviews) that inflate the
upper tail before the 480-minute exclusion is applied. That both datasets show a mean roughly double
their median reinforces the manuscript's guidance to report median rather than mean as the preferred
MID summary statistic.

Nigeria's dataset did not include the interview start and end time fields (id10011, id10481), preventing
MID computation. Programs using the 2022 WHO-VA instrument that wish to monitor MID should verify
that these fields are included in data exports. In these two datasets, approximately 12 minutes
represented the lower fifth percentile of interview duration. This exploratory, dataset-specific threshold
may be used to identify records for review, but it should not be treated as a general quality standard until
its association with missingness, inconsistencies, or independently assessed interview quality has been
established. Similarly, records with MID above the 95th percentile may represent multi-session
interviews or data entry artefacts.

4. Discussion

4.1 Principal Findings
We have proposed and applied four complementary VA data quality indicators that can be computed
from a single interview record, without requiring CoD assignment or aggregated data. The indicators
were applicable to data collected with both the 2016 and 2022 WHO-VA instruments and performed
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consistently across datasets from three countries. Across all datasets where indicators were
computable, the majority of records achieved satisfactory performance (ICS > 94%, RRS High tier, ICI
pass), confirming that these datasets represent well-conducted field implementations. At the same time,
each indicator identified a non-trivial subset of records or patterns worthy of follow-up, demonstrating
that the indicators add value even in high-quality programs.

4.2 Advantages Over Post-Hoc Quality Assessment
The central argument for this indicator framework is temporal: where quality problems identified before
CoD assignment can still be corrected. A supervisor alerted in real time that a specific interviewer is
generating a disproportionate number of C4 violations (cough duration > illness duration) can provide
targeted retraining. A data manager notified that 15% of today's uploads have ICS below 80% can
investigate the cause (i.e., interviewer fatigue, a difficult community, or a software display problem)
before the situation worsens. In contrast, quality issues identified during CoD coding may require the
original respondent to be re-contacted, which is often logistically impossible months after the interview.
Some errors, such as contradictory duration fields, may be structurally unresolvable and require the
record to be flagged or excluded. Moreover, unlike CoD assignment algorithms which require a
population distribution to produce meaningful estimates (e.g., InSilicoVA requires at least 100 cases for
stable output [3]), the indicators proposed here are fully interpretable at the level of a single record. A VA
data collection implementation with 10 records can assess ICS, RRS, and ICI immediately; it need not
wait for a sufficient sample to run a CoD algorithm.

It is important to clarify that this framework addresses the assessment of CoD-relevant data quality,
complementing (rather than replacing) upstream quality assurance measures such as interviewer
training, instrument design, and built-in validation rules. While these upstream measures are essential for
preventing errors, the indicators proposed here provide a systematic means of detecting errors that
persist despite such measures, or that arise from unintended modifications to the data collection
process.

4.3 Complementarity of the Four Indicators
The four indicators measure distinct aspects of quality that are not reducible to one another. A record
can score perfectly on ICS (all binary questions answered definitively) yet still contain internal
contradictions (low ICI) because the respondent confidently gave inconsistent answers. An interview can
be internally consistent yet reflect an unreliable respondent (low RRS). For example, a distant
acquaintance was interviewed years after the death. An interview can be conducted by a highly reliable
respondent and contain no logical errors, yet be completed in three minutes, suggesting that key
sections were skipped (short ID, lowering the overall MID). The simultaneous availability of all four
indicators gives supervisors a multidimensional view of record quality.

4.4 Dataset-Specific Observations
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The absent fields in Nigeria's dataset (id10008, id10011, id10012, id10481, and id10182) underscore that
the indicator framework's utility depends on data export completeness. Field absence is itself a data
quality signal: if an implementation is not capturing interview timestamps or diarrhoea duration, the MID
indicator and one of ICI's duration-based rules cannot serve their monitoring function. Programmers
should ensure that all instrument fields, including administrative, timing, and symptom-duration fields,
are exported alongside the interview responses.

The anomalously high C4 violation rate in Eswatini compared to Tanzania and Nigeria (6.1% vs 1.6% and
0.2%, respectively) illustrates that ICI performance is context-dependent. Possible explanations include:
(1) interviewer training that did not sufficiently emphasize the distinction between symptom onset and
total illness duration; (2) cultural or linguistic differences in how respondents conceptualize "illness
duration" versus "symptom duration"; or (3) data entry conventions specific to the Eswatini VA
implementation. Investigating this pattern at the interviewer level (by stratifying ICI by interviewer ID)
would be the appropriate next step.

In addition, the Nigeria dataset showed a markedly elevated C7 violation rate (pregnancy-related
symptoms reported for a male decedent; 5.9%, versus 0.7% in Tanzania and none in Eswatini). The
underlying fields correspond to pregnancy-related questions in the standard WHO-VA instrument,
indicating this reflects a program-specific weakness in the male/female skip logic applied during data
collection or export, rather than a field-mapping artifact during analysis. This finding is particularly
instructive because it demonstrates how the ICI can detect failures in built-in form constraints either
through form customization that inadvertently disabled skip logic, or through data export issues that led
to pregnancy-related responses being recorded for male descendants. Such failures might otherwise
remain invisible until CoD assignment produces implausible cause-of-death patterns.

Tanzania showed an elevated C9 violation rate (interview date, id10012, preceding death date, id10023;
3.5%, versus 0.0% in Eswatini and not computable in Nigeria, where id10012 is absent). This is
consistent with the concentration of low-ICS records observed in Tanzania during mid-2024 through late
2025 discussed above, together pointing to a discrete period of reduced data-entry oversight in the VA
data collection implementation rather than a persistent, instrument-wide problem.

4.5 Instrument Compatibility
A strength of this framework is compatibility with both the 2016 and 2022 WHO-VA instruments. The
field names used for each indicator are defined consistently across versions. The MID computation
accommodates both full ISO 8601 datetime values and time-only (HH:MM:SS) values for the interview
start/end fields, applying a modular adjustment for an apparent midnight crossing when only time-of-day
is available. This adaptability matters in practice: whether these fields carry full datetime or time-only
precision depends on how the ODK form configures the corresponding question (a dateTime widget
versus a time widget) and on whether any downstream export or processing step truncates that
precision before analysis, a pattern consistent with broader documented data-quality variability across
mobile data collection platforms used in low- and middle-income country health surveillance [16, 17].
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The Tanzania dataset validated in this analysis was retrieved directly from the ODK Central server and
retained full datetime precision throughout; an earlier analysis, using roughly six years of accumulated
historical Tanzania data from an ODK aggregate server, showed only time-of-day precision for the same
fields, an artefact of an ODK form-variable configuration, an intermediate export or processing step
rather than a property of the 2016 instrument itself. Programmers should therefore both configure the
relevant ODK fields to capture full datetime and confirm that no step in their data pipeline degrades that
precision before it reaches analysis. Where only time-of-day is available, cross-midnight interviews
cannot be distinguished from negative durations and are excluded, and median rather than mean
duration should be reported. Researchers considering application of these indicators to earlier
instrument versions (pre-2016) should verify field name correspondence, as the question numbering
convention evolved substantially before the 2016 release.

4.6 Limitations
Several limitations should be acknowledged. First, this study evaluates the feasibility, distribution and
cross-dataset applicability of the proposed indicators but does not establish criterion validity against an
independent measure of VA record quality. The indicators were not compared with re-interview findings,
expert record review, audio audits, cause-of-death concordance or another external reference standard.
Accordingly, the findings should be interpreted as an initial methodological evaluation rather than
definitive validation. Second, the thresholds defining ICS, RRS, and ICI tiers (e.g., ICI Excellent ≥ 90%, RRS
High ≥ 80) are expert-derived and have not yet been empirically validated against CoD concordance data.
Future work should assess whether records in different ICS or RRS tiers show systematically different
CoD assignment outcomes in comparison with gold-standard CoD data.

Third, the ICI rule set (C1–C9), while now covering implausible pregnancy/maternal responses for male
decedents (C1, C7, C8) alongside symptom-duration and temporal-consistency checks, still represents a
subset of possible logical inconsistencies in the WHO-VA instrument; it does not yet include internal-
consistency checks specific to genuine female maternal deaths, nor coverage of the pediatric and
neonatal sections or age-sex combinations for other conditions. Relatedly, the exact field semantics
behind newer rules such as C7 and C8 were confirmed against the instrument for the datasets in this
study, but researchers adapting this framework to new VA implementation programs should not assume
field-ID groupings alone are sufficient and should verify question-level semantics directly.

Fourth, RRS is limited to datasets that capture respondent characteristics. Programs that do not record
respondent relationships or death date will find this indicator inapplicable. In addition, the RRS's
education/literacy component relies on a proxy measure: neither the 2016 nor the 2022 WHO-VA
instrument captures respondent education directly; both capture the deceased's education level (fields
id10063 and id10064). We therefore use the deceased's education as a proxy for respondent education,
a choice supported by evidence of educational homogamy where in many settings, the respondent
(often a spouse or adult child) is likely to have educational attainment comparable to that of the
deceased [18, 19]. However, where the respondent is not a close family member, this proxy may
introduce measurement error. We recommend that future revisions of the WHO-VA instrument consider
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adding a dedicated field for respondent education level to enable more accurate calculation of the RRS
and to support broader analyses of respondent-related bias in VA data.

Fifth, the datasets used for validation are not random samples and may not represent the full range of
data quality conditions in their respective countries.

Sixth, indicator values (particularly MID) can be sensitive to the specific data export or processing
pipeline used to generate them, independent of the underlying instrument version or VA implementation
data quality: two extractions of the same country's data six years apart, one retrieved directly from the
ODK Central server and one from ODK Aggregate with intermediate export pipeline, showed substantially
different timestamp precision for the same fields. Indicator results should therefore be interpreted as
properties of a specific, documented data pull rather than fixed properties of the VA implementation.

Seventh, as noted in the methods, these indicators are computed on raw ODK export data, including
records where consent was not obtained. This is by design, as it allows the indicators to flag problems
with the consent process itself, for example, a high proportion of very short duration interviews may
indicate that interviewers are struggling to obtain consent and terminating interviews prematurely.
However, it also means that programs using these indicators should be aware that records with missing
or incomplete data due to non-consent will affect aggregate scores and should be interpreted
accordingly.

4.7 Future Directions
The indicator framework is intended to be extensible, and its reference implementation (the vman_dq
Python package used throughout this study) is publicly available on GitHub, facilitating both independent
validation and integration beyond the vman3 platform. Future work should: (1) validate tier thresholds
against linked CoD data; (2) expand the ICI rule set to cover the pediatric, neonatal, and under-5 sections
of the WHO-VA instrument, and add internal-consistency checks specific to genuine female maternal
deaths, building on the male-decedent pregnancy/maternal-module checks (C7, C8) introduced in this
analysis; (3) investigate machine-learning extensions that learn anomalous response patterns from
historical data and flag records that deviate from expected distributions; (4) develop composite data
quality scores that aggregate across the four indicators; (5) integrate the indicators into field data
collection platforms to provide immediate, enumerator-facing feedback, an effort the public availability
of the reference implementation is intended to support; and (6) establish platform-specific guidance for
maintaining timestamp precision across data export pipelines. This study's Tanzania data illustrates the
risk concretely: an extraction from ODK Aggregate (the legacy ODK server software) over six years prior
stored interview start/end times as time-of-day only, whereas the current extraction, from ODK Central
(its successor), retained full datetime precision for the same fields. As many national VA programs hold
historical archives predating their migration from Aggregate to Central, analyses spanning both eras
should explicitly account for this source of heterogeneity in timestamp precision.

5. Conclusion
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We propose four complementary indicators (ICS, RRS, ICI, and MID) that collectively address
completeness, respondent reliability, logical consistency, and interview process quality in VA data. Unlike
existing approaches that assess quality as a byproduct of CoD assignment, these indicators are
designed for real-time application to individual records, enabling supervisors to identify and act on
quality problems during data collection rather than after it. The indicators are compatible with both the
2016 and 2022 WHO-VA instruments, require no additional data beyond the standard instrument, and
can be computed automatically by data management systems.

Cross-national application to datasets from Eswatini, Tanzania, and Nigeria demonstrated the feasibility
of calculating the proposed indicators across two WHO-VA instrument versions and identified program-
specific patterns requiring follow-up. Direct comparison across countries should nevertheless be
cautious because not every indicator or consistency rule was evaluable in every dataset, sample sizes
differed substantially, and the datasets were not selected to be nationally representative. The elevated
cough-duration inconsistency in Eswatini, pregnancy-related response inconsistencies in Nigeria, and a
discrete period of reduced data-entry oversight in Tanzania visible only once its full interview-timing data
became available. That these patterns emerged directly from routine indicator computation, rather than
from a dedicated investigation, illustrates the framework's practical value: it surfaces actionable,
interviewer- or program-level quality issues as a routine byproduct of data collection rather than requiring
a separate audit.

We emphasize that this framework complements rather than replaces the upstream quality assurance
measures. By providing systematic, quantitative feedback on completed records, these indicators enable
VA programs to detect problems that persist despite training and form-based validation, including issues
arising from unintended modifications to standard instruments. The indicators also provide a means of
monitoring the effectiveness of built-in data constraints and identifying when they have been
inadvertently broken.

We encourage adoption of these indicators as a standard component of VA data management
workflows. To support this, the reference implementation used throughout this study is made publicly
available on GitHub as an open-source Python package, allowing VA programs to adopt, validate, and
extend the framework independently of any single data management platform.
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