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Abstract 

Evaluation of Electronic Medical Record Implementation and Data Quality in HIV Programs in 

Kenya and Haiti 

Candidate: 

Beryne M. Odeny 

Chair of the Supervisory Committee: 

Nancy Puttkammer, 

Global Health 

The global HIV agenda is to end the AIDS epidemic.  Robust health information systems (HIS) 

are essential for monitoring, evaluating, and strengthening universal efforts to achieve the Joint 

United Nations Programme on HIV/AIDS (UNAIDS) 95/95/95 targets by 2030 (to ensure that 

95% of people living with HIV are diagnosed, 95% of those diagnosed are on ART and 95% of 

those on ART are virally suppressed) [1]. EMRs are considered essential building blocks for 

strong HIS by improving data capture, retrieval, reporting, and overall clinical decision making 

for enhanced patient care [2–4]. The World Health Organization's (WHO) global digital health 

strategy aims to “improve health for everyone, everywhere by accelerating the adoption of 

appropriate digital health” – this includes EMRs [5]. Funding agencies such as the United States 

(US) President’s Emergency Plan for AIDS Relief (PEPFAR) have funded scale up and 

implementation of EMRs in HIV clinics within low- and middle-income countries (LMICS) with 

a high HIV burden like Kenya and Haiti [6,7]. The HIV programs in these two contexts are 



expanding considerably along with the volume of data and reporting requirements. Phased 

introduction of EMRs over the past decade has led to migration from paper-based health records 

to electronic records in HIV clinics to increase data availability, data quality, and data use. 

However, there is a paucity of robust observational studies that evaluate the evidence of impact 

of EMRs on data quality in routine health management information systems (HMIS) and 

disparities in data quality across different age groups. This three-part evaluation was aimed at: a) 

developing and comparing novel composite data quality scoring systems; b) using interrupted 

time series analysis to investigate the impact of EMR implementation on the quality of data 

uploaded to the District Health Information System version 2 (DHIS2) and facility correlates of 

data quality in HIV clinics in Kenya; and c) exploring variations and disparities in data quality of 

EMR records across different age groups in Haiti. We used the tools of implementation science 

(e.g., conceptual framework and quasi-experimental design) to explore and measure data quality 

gaps, and make causal inference on the effect of EMRs. We generated data-driven composite 

data quality scores that can be used at scale to assess national DHIS2 data quality remotely. We 

found no evidence of impact of EMRs on the accuracy of the data uploaded to the DHIS2 in 

Kenya. In Haiti, we found disparities in data quality across children, adolescents, and adult age 

groups with poorest data quality being demonstrated among children. Our research demonstrates 

the need for further evaluation and investment in EMRs to harness their full potential for 

strengthening HIS and clinical patient management. 
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Chapter 1: Introduction 
 
BACKGROUND 
 
The global HIV agenda is to end the AIDS epidemic by 2030 [1]. In order for HIV programs to 

succeed, there is need to track progress toward achievement of global targets. High quality data is 

essential for tracking and evaluating local and global progress toward achievement of this 

ambitious goal. Data quality heavily depends on completeness, accuracy and timeliness of clinical 

information [8,9]. Compared to paper-based records, Electronic Medical Records (EMR) systems 

have been shown to not only improve data quality (DQ) but also enhance timely clinical decision 

making for improved health outcomes [10–13].  

 

Figure 1: Performance of Routine Information System Management (PRISM) 
framework  

 
Figure 1.1 PRISM framework 

 

Using the Performance of Routine Information System Management (PRISM) framework, we are 

able to conceptualize the mechanisms by which quality routine HMIS result in improved health 

service provision, performance, and overall patient health (figure 1.1)  [14,15]. This framework 

illustrates the composition of a HMIS which includes inputs, processes and outputs which affect 

health system performance (outcomes) and lead to better health outcomes and impact [14]. This 



model offers an operational definition for HMIS performance which is defined as “improved data 

quality and continuous use of information”. The desired outputs of quality HMIS include good 

data quality and continuous use of data which improve health system performance and overall 

health outcomes.  

EMRs have tremendous potential to improve data quality and quality of patient care by relaying 

actionable information on each step of the HIV cascade [2,16–18]. EMRs with high quality data 

promote use and synthesis of HIV programmatic data for patient management and broader 

monitoring of the HIV epidemic [18–21]. Additionally, when carefully designed for usability and 

implemented with robust technologies, EMRs have been shown to ease healthcare providers’ 

documentation workload [19]. In order to leverage the benefits of EMRs as conceptualized within 

the PRISM framework, the data captured should be complete, accurate, consistent, and reliable 

[14]. 

The past decade has seen a surge in EMR implementation within national HIV programs in LMICs 

including Kenya and Haiti [22–24]. As EMR use expands in these contexts,  there is increasing 

interest in assessment of HIV programmatic DQ to identify and intervene on data issues. Poor data 

quality remains a formidable challenge to fully harnessing the utility of routine HMIS data in low 

resource settings [25,26]. The use of EMRs coupled with data quality assessments is associated 

with increased data quality [10,11,27,28]. Facility-based DQ assessments typically involve 

abstraction of information from patient charts and comparisons with EMR records or data 

registries. In practice, this may be time-consuming and resource intensive. DQ assessment is a 

familiar exercise in LMICs and different approaches have been used to quantify DQ; however, 

there is limited evidence on comparisons of composite DQ scores generated by different scoring 

approaches.  

In this evaluation, we generated and compared composite DQ scores based on attributes of DQ 

such as completeness, plausibility, and consistency. We demonstrated the utility of assessing 

online national DHIS2 data summaries – which were conveniently updated using facility-based 

EMRs – to assess DQ in HIV programs in Kenya. In Haiti, we leveraged facility-level EMR data 

to investigate and demonstrate disparities in data completeness across age groups; specifically, 

children, adolescents, and adults receiving HIV care. 

 

 



SPECIFIC AIMS 
 
In the next three chapters we demonstrate how this evaluation was done by specific aims. In the 

first aim we leveraged electronic data from the District Health Information System version 2 

(DHIS2) to perform DQAs at scale. For Aim 1, we generated and compared the correlation of 

three, data-driven composite data quality scores which include a completeness score, a consistency 

score, and a discrepancy (plausibility) score. Next, we used these composite scores to identify 

problematic HIV indicators, poorly performing health facilities, and we determined whether the 

scores produced consistent results in facility ranking.  

 

For aim 2, we explored the longitudinal association between EMR implementation and HIV 

programmatic DQ in Kenya. Using an interrupted time series design, we investigated whether 

introduction of EMRs improved DQ of the aggregated HIV data uploaded in the DHIS2.  

Specifically, we assessed data quality as captured by a “composite discrepancy score” (a 

plausibility check) which encapsulates the degree of discrepancy or deviation from the expected 

values across groups of indicators and related data checks [29]. We evaluated the evidence for 

effects of EMR implementation on discrepancy scores for HIV data across 187 health facilities in 

Kenya from January 2011 to June 2018; and explored facility and EMR implementation correlates 

of data quality (i.e., the composite discrepancy score) using a cross-sectional facility survey 

conducted in 2017.  

 

For Aim 3, we applied the composite score development methodology described in Aim 1 to 

develop Composite Completeness scores (CCS score) based on completeness of preselected 

clinical and care process variables in Haiti. We used this system to profile individual characteristics 

and facility structural factors associated with data completeness in Haiti’s iSanté EMR system. We 

investigated whether there were disparities in completeness of HIV-related clinical and care 

processes data across the different age groups (children, adolescents, and adults).  

Our results shed light on approaches for assessing DQ at national scale using data-driven 

approaches, impact of EMRs, vulnerabilities and gaps in HIS data quality, and potential areas for 

research, public health focus and policy formulation to strengthen routine HIS.  



SIGNIFICANCE AND INNOVATION 
 
To our knowledge, we conduct the first evaluation in SSA to characterize and compare DQ using 

simplistic and complex data-driven approaches. We add to the base of evidence on efficient and 

robust approaches for assessing data quality at scale without time-consuming data validation 

exercises involving comparing EMR data with external sources like registers and client charts. 

This evaluation also meets the need for rigorous longitudinal evaluations on the impact of EMRs 

on data quality. We demonstrate that facility-level EMR implementation may not have had the 

anticipated “spread effect” of improved data quality in other parts of the HIS. Other investments 

in automating linkage between EMRs and other parts of the HIS are needed. We also conduct the 

a comparative evaluation of data completeness of clinical and care process variables across the 

different age groups – children, adolescents, and adults. We demonstrate inequities and disparities 

in EMR data quality that were associated with age groups. This goes against the anticipated effect 

of digital health interventions to promote equity in healthcare access and health outcomes and 

illustrates the need for metrics to assess equity as digital health interventions like EMRs expand. 

Another significant piece of this evaluation its nation-wide scope, and rigorous quasi-experimental 

designs in low-resource settings. Existing literature on the effects of EMRs on data quality or 

quality of care have focused on small sample sizes, cross-sectional designs and pre-post designs 

based on a few clinics, and limited geographical regions. We evaluated 187 HF in Kenya and 58 

facilities in Haiti. The results could motivate policy makers and health providers to invest more in 

EMR platforms to improve DQ and quality of care. Ultimately, we aim to provide evidence that 

will provide a framework for further evaluation of other service areas beyond HIV care in LMICs. 
 
 

  



Chapter 2: Development of novel composite data quality scores to evaluate 
facility-level data quality in electronic data in Kenya: a nationwide retrospective 
cohort study 
 

ABSTRACT 

Background: In this evaluation, we aim to strengthen Routine Health Information Systems 

(RHIS) through digitization of data quality assessment (DQA) processes. We leverage electronic 

data from the District Health Information System version 2 (DHIS2) to perform DQAs at scale. 

We provide a systematic guide to developing composite data quality scores and use these scores 

to assess data quality in Kenya. 

Methods: We evaluated 187 HIV care facilities with electronic medical records across Kenya. 

Using quarterly, longitudinal DHIS2 data from January 2011 to June 2018 (total N = 30 

quarters), we extracted indicators encompassing general HIV services including services to 

prevent mother-to-child transmission (PMTCT). We assessed the accuracy (the extent to which 

data were correct and free of error) of these data using three data-driven composite scores: 1) 

completeness score; 2) consistency score; and 3) discrepancy score. Completeness refers to the 

presence of the appropriate amount of data. Consistency refers to uniformity of data across 

multiple indicators. Discrepancy (measured on a Z-scale) refers to the degree of alignment (or 

lack thereof) of data with rules that defined the possible valid values for the data.  

Results: A total of 5,610 unique facility-quarters were extracted from DHIS2. The mean 

completeness score was 61.1% [standard deviation (SD)=27%]. The mean consistency score was 

80% (SD=16.4%). The mean discrepancy score was 0.07 (SD= 0.22). A strong and positive 

correlation was identified between consistency score and discrepancy score (correlation coefficient 

= 0.77), whereas the correlation of either score with the completeness score was low with a 

correlation coefficient of -0.12 (with consistency score) and -0.36 (with discrepancy score). 

General HIV indicators were more complete, but less consistent, and less plausible, than PMTCT 

indicators.  

Conclusion: We observed a lack of correlation between the completeness score and the other two 

scores. As such, for a holistic DQA, completeness assessment should be paired with measurement 



of either consistency or discrepancy to reflect distinct dimensions of data quality.  Given the 

complexity of the discrepancy score, we recommend the simpler consistency score, since they 

were highly correlated. Routine use of efficient data-driven composite scores on DHIS2 data could 

enhance efficiencies in DQA at scale as digitization of health information expands and could be 

applied to other health sectors besides HIV. 

 

 

  



INTRODUCTION 
 

High quality data is imperative to tracking progress to achieving UNAIDS 95-95-95 targets by 

2030 [30]. In Kenya, the expansion of HIV services over the past two decades has been attended 

by a complementary surge in paper-based registries for documentation of care processes along the 

HIV care cascade. These processes include HIV testing and diagnosis, linkage to care and anti-

retroviral treatment (ART), clinical and virological monitoring, Prevention of mother-to-child 

Transmission (PMTCT), and infant prophylaxis, among others. Inadvertently,  numerous treatment 

indicators and registries, and their storage locations, have increased the documentation workload 

shouldered by a severely understaffed healthcare workforce [31–33]. These conditions, alongside 

other factors like erratic data entry, poor data transmission, duplicate registry of information, 

numerator-denominator incompatibility and infrequent use of data for decision-making, increase 

the likelihood for error-prone data entry and poor data quality overall [32–35]. 

 

In response to the need to bolster data management efforts in HIV treatment facilities, the Kenyan 

Ministry of Health (MOH), through support from the President's Emergency Plan For AIDS Relief 

(PEPFAR) began employing Electronic Medical Record (EMR) systems at large scale beginning 

in 2012 [28,36]. By 2019, at least 700 facilities were using an EMR system. In spite of the 

introduction of EMRs, poor data quality poses formidable obstacles to effective data utilization – 

a challenge that many low- and middle-income countries (LMICs) grapple with [16,33,37–40]. 

Systems for routine data quality assessments (DQAs) were successfully implemented by the 

Kenyan MOH and partners to monitor and strengthen data quality as EMRs expanded throughout 

the country [28].  

 

In HIV programs in Kenya, Routine DQAs have been instrumental in identifying and resolving 

data quality concerns while enhancing the data’s usefulness for national health programming.[41] 

They are vital for accurate evaluation of public health programs and interventions. DQAs assess 

various elements of data quality including completeness, consistency, and discrepancy (which has 

to do with plausibility) which map onto data accuracy (see table 2.0 for definitions) [29,41,42]. 

DQAs can be conducted routinely or periodically as in-person audits and/or remotely using 



electronic databases  at facility-, regional-, or national-levels[27,28,34,41,43–52]. In-person audits 

primarily require physical visits to health facilities to review and cross-check documents. 

 

Table 2.0: Data quality elements of interest and definitions [29,41,42] 

Data quality 
element 
 

Definition/ Description 
 

Completeness Refers to “having the appropriate amount of data present.” 
 

Consistency Consistency referred to uniformity of data across multiple indicators. For example, 
number of males and females in care should be equal to number of adults and children 
in care. 
 

Discrepancy Refers to validation rules defining the possible valid values for the data element, e.g., 1) 
maximum and minimum acceptable value, and 2) degree of deviation from expected 
values. 

Table 2.0 DQ elements & definitions 1 

Electronic health records and databases, such as the District Health Information System version 2 

(DHIS2) have also been used to assess data quality across LMICs [52]. DHIS2 is the official MOH 

data repository in Kenya, and it contains aggregate data on HIV and non-HIV related health 

indicators, with the health facility as the reporting unit. In Kenya, HIV clinics with EMRs can use 

aggregate EMR data to populate the DHIS2. DQAs of the web-based DHIS2 are important because 

this is a national surveillance and planning tool. DQAs can be conducted remotely without the 

need for in-person facility visits or retrieval of paper records. As such, remote DQAs of DHIS2 

can be used to determine the quality of facility-level data used to populate them. While in-person 

facility-level DQAs are highly detailed and effective, they can be inefficient, costly (e.g., large 

surveys), cumbersome (involving retrieval of paper records or patient charts), and time intensive 

for health care workers. These inefficiencies are compounded by contextual factors in LMICs like 

frequent provider turnover, understaffing, competing workplace demands, multiplicity of data 

collection tools and indicators, and lack of provider training in DQA, limited funds, rapidly 

changing donor priorities, and verticalized programs without centralized data systems 

[32,33,53,54]. Considering these barriers, in-person assessments may not be feasibly conducted at 

the scale and frequency needed for growing HIV programs.  

 



We propose retrospective analysis of DHIS2 data in Kenya to perform DQAs at scale via 

automated queries as a complement or alternative to time-intensive in-person DQAs. The aims of 

this research are three-fold: (1) to generate and compare the correlation of three, data-driven 

composite data quality scores which include a completeness score, a consistency score, and a 

discrepancy score. These dimensions of data quality were determined a priori and have been shown 

to be of high importance to health workers [47,55]; (2) to use these composite scores to identify 

individual problematic HIV indicators by clinical service department; (3) to utilize these composite 

scores to rank high, fair, or low performing health facilities and determine whether the scores 

produce consistent results in facility ranking. Our hypothesis was that these composite scores 

would help identify and prioritize areas (indicators and health facilities) for data quality 

improvement. We also hypothesized that the composite scores would be consistent in ranking 

poor-, fair-, and high-performing facilities.  

 

METHODS 
 
Study design and setting 

This was a retrospective cohort study of DHIS2 data from 187 facilities implementing EMRs 

(specifically, KenyaEMR and IQCare EMR platforms) across HIV programs throughout Kenya 

(Figure 2.1). There are three main EMRs used in Kenya supporting HIV programs and we focused 

on DHIS2 data from facilities operating two of the most widely used: KenyaEMR and IQCare. 

Figure 2.1: Map of county HIV burden in Kenya - National AIDS Control Council estimates 

[56] 



Sampling  

From a pool of approximately 700 facilities with 

EMRs, we randomly selected 129 health facilities and 

purposively selected an additional 58 facilities from 

five high HIV burden counties (Kisumu, Homabay, 

Siaya, Nairobi, Migori), for a total of 187 facilities 

across Kenya. All facilities with EMRs in high burden 

counties were included a priori, with the knowledge 

that the heavy investments in HIV programming in 

these regions would potentially undergird data 

management processes and lead to better data quality. 

Investments would potentially consist of staffing, 

computer hardware, software support, technical, and 

supervisory support. 

Data source 

DHIS2 is an internationally recognized, web-based, open-source platform used by national 

governments to aggregate, track, and report population data [57,58]. Ideally, health facility 

personnel use aggregated data from their EMRs to report on health service delivery indicators to 

the DHIS2 system, thus DHIS2 data quality would reflect facility-level data quality. For efficiency, 

DHIS2 data can be remotely assessed and evaluated for quality, as a proxy for in-person DQAs. 

 

Data collection 

Quarterly data were obtained from DHIS2 from January 2011 to June 2018. This contributed a 

total of 30 quarters for 187 facilities resulting in a total of 5,610 observations. 

 

Data checks and HIV-related indicators: We used HIV-related indicators – encompassing general 

adult and pediatric HIV care, antenatal care (ANC), Labor & Delivery care (L&D), and Prevention 

of mother-to-child Transmission of HIV (PMTCT) – captured in the DHIS2.  The data were 

aggregate numbers of service utilization by service department and were uploaded quarterly. 

Appropriate data checks were determined a priori, and these checks primarily summarized 

relationships between indicators to ensure the data were complete, consistent, and plausible. For 

Figure 2.1 Map of county HIV burden in Kenya 



example, one data check compared the total number of patients in HIV care in a specific quarter 

versus the total number on ART in that quarter. The difference between the two indicator values 

was expected to be zero or greater (the logic being that those enrolled would always be more or 

equal to those receiving ART). A series of data checks were used to construct composite scores 

for each unique facility. Table 2 below summarizes the data checks and indicators explored in this 

analysis. A list of HIV-program indicators available in DHIS2 is shown in Appendix 1.  

 

As outlined in table 2.1, four ANC and PMTCT data checks (#1 – #4) were computed as 

differences between related indicator values. Similarly, four general HIV care data checks (#5 – 

#8) were computed as differences between general HIV care indicator values. The difference for 

all data checks were expected to be greater than or equal to zero (except data check # 8 which was 

expected to only be 0, see table 2.1).  

 

 
Table 2.1 Data checks 1 

Table 2.1: Data checks and composite scores for completeness, consistency, and discrepancy 
(plausibility) 
  
Data check 

 Completeness 
score* 

Consistency 
score* 

Discrepancy score † 

1.  Number of mothers tested 
for HIV at ANC minus number 
of newly HIV positive mothers 
at ANC 

 
 
 
 
 
 
 
 
 
 
 
 
Any value >=0 

 
 
 
 
 
 
 
 
 
 
 
 
Score=1 if value 
is present, score 
is zero (0) if 
value is missing 
 

 
 
 
 
 
 
 
 
 
 
 
 
Score= 1 if 
value is >=0. 
Score is zero 
(0) if not 
 

 
 
 
 
 
 
 
 
 
 
 
 
Z-score based on extent of 
deviation of observed value 
from expected. Increasing 
score means higher 
deviation/discrepancy thus 
worse data quality  
 

2.       Number of mothers 
tested for HIV at (L&D and 
postnatal ward) minus number 
of newly HIV positive mothers  
3.       Number of HIV-positive 
mothers at ANC minus number 
of mothers receiving Infant 
prophylaxis at ANC 
4.       Number of HIV-positive 
mothers at (L&D and postnatal 
ward) minus HIV-positive 
mothers receiving Infant 
prophylaxis 
5.       Cumulative (total ever) 
number of patients in HIV care 
minus Cumulative (total ever) 
number of patients on ART   



 

Description of composite data quality score generation 

Three data-driven composite scores were created as follows:  

 

1. Completeness score 

The completeness score was based on the proportion of data checks which were complete for each 

observation i.e., each unique facility quarter. A binary score of 1 or 0 was assigned to each data 

check based on the presence or missingness of the data (1=present, 0= missing). The completeness 

score was a continuous score computed as the proportion (percent) of data checks with complete 

data for each observation (i.e., unique facility-quarters). The minimum possible score was 0% (0 

complete out of 8 checks) and the maximum possible was 100% (8 complete out of 8 checks). 

 

2. Consistency score 

The consistency score was a continuous score based on the proportion of data checks that were 

consistent (i.e., scored “1”, among data checks that were not missing).  A binary (0/1) score was 

given to individual data checks: “1” was assigned for a consistent value, and “0” assigned for an 

inconsistent value. The values of data checks #1-7 were expected to be equal or greater than zero, 

and that of data check #8 (Total number of patients currently on ART minus sum of patients on 

ART across all age groups) was expected to be equal to zero only. On this basis, values for data 

checks #1-7 which were less than zero (<0), and data check #8 values which were not zero, were 

scored “0” for being inconsistent. Conversely, values for data checks #1-7 which were greater than 

6.       Cumulative (total ever) 
number of patients on ART 
minus total number currently 
on ART   
7.       Current number of 
patients in HIV care minus 
current number on ART 
  
8.   Total number of patients 
currently on ART minus sum 
of patients on ART across all 
age groups    

Must be equal to 
zero (0) 

Same as above Score= 1 if 
value is = 0. 
Score= 0 if 
value is not = 0 

Same as above 

* Continuous score – percent complete vs percent consistent 
† A measure of plausibility – small discrepancy scores are more plausible 
ANC- Antenatal; L&D- Labor & Delivery, ART – Antiretroviral therapy 



or equal to zero, and data check # 8 values which were equal to zero were designated a score of 

“1”.  

 

3. Discrepancy (Plausibility) score (further description of methodology is provided in 
supplementary material. Appendix 2) 

This approach was based on the actual deviation or discrepancy (as a continuous measure) of 

observed values from the expected value i.e., how far observed values were from zero. To allow 

for comparison of values across facilities with varying patient volumes, we standardized the data 

checks by dividing them by respective facility patient volumes (i.e. general HIV care and treatment 

data checks were divided by the “total number of patients on ART”, and ANC and PMTCT data 

checks were divided by the “total number of women accessing antenatal HIV testing”).  Due to 

heterogeneity across facilities over time, deviations from the expected values were standardized 

using Z-score transformations in order to objectively compare the degree of discrepancy [59]. 

Specifically, the mean and standard deviation were first computed for each observed value (across 

all facilities) and the deviation from “0” standardized to form individual Z-scores for each data 

check.  For data check # 1-7, individual Z-scores >= 0 were considered plausible and accurate 

regardless of how large or small the positive values were, thus all positive scores (> 0) were 

assigned a Z-score of 0. For data check # 8, values > 0 and values < 0 were both considered 

implausible, and only a value of 0 was considered accurate. For uniform handling of deviations, 

all negative individual Z-scores were multiplied by a factor of -1 and thus converted to the positive 

scale with the lowest possible Z-score value being “0”. Higher Z-scores meant greater discrepancy 

or deviation from the expected values, thus poorer data quality. Lower Z-scores meant less 

discrepancy, thus better data quality. The composite discrepancy score was computed as an 

average of all the individual Z-scores for each unique facility quarter. This approach was less 

stringent than the consistency score as discrepant values that did not considerably deviate away 

from the expected value were not excessively penalized compared to larger deviations or outliers.   

 

Ethical considerations 

The program protocol was reviewed by the University of Washington Institutional Review Board 

(IRB) and determined to be non-research. It was also reviewed under the United Sates (US) CDC’s 

Center for Global Health Office of the Associate Director for Science (ADS) approved protocol 



(#2018-528) and also given local IRB clearance by the AMREF Ethical Scientific Review 

Committee (ESRC). 

 

Statistical analysis 

Descriptive statistics were used to summarize baseline characteristics. Categorical variables were 

summarized as counts and percentages. Continuous variables such as the composite scores were 

summarized with means (standard deviation) and medians (interquartile range). A descriptive bar 

graph and map was used to illustrate the extent of missing data across the data checks and highlight 

the most incomplete data. To determine how similar or correlated the three score profiles were, the 

Spearman rho correlation test was used. Panel plots of individual Z-scores for discrepancy were 

used to identify the high and low performing HIV indicators by service department. 

 

For each of the three scoring profiles, facilities were ranked as high, fair, or low performing. These 

categories were defined using percentile cut offs; those below the 30th percentile were considered 

low performing, those between the 30th and 60th percentile were considered fair performing, and 

those above the 60th percentile were considered high performing. Sankey diagrams were used to 

illustrate whether the three composite scores were consistent in ranking facilities as high, fair, or 

low performing. 

 

RESULTS 
 

Baseline characteristics: 

Characteristics of facilities are summarized in table 2.2. 

 
Table 2.2: Baseline characteristics of health facilities based on 2017 facility survey 
 
Table 2.2 Facility characteristics 1 

N =187 facilities 
Facility characteristics  N (%)  
Facility type  

County hospital 4 (2) 
Sub-county hospital 69 (37) 

Health center 77 (41) 
Dispensary 37 (20) 



High-volume facility (>500 patients)  
Yes 118 (63) 
No 69 (37) 

EMR type  
KenyaEMR 112 (60) 

IQCare 75 (40) 
High HIV-burden county  

Yes 58 (31) 
No 129 (69) 

 

Summary of composite scores: 

The mean completeness score was 61.1% [standard deviation (SD)= 27.0%], illustrating that on 

average, approximately sixty percent of individual data checks were complete. Of 5,610 

observations, 953 were missing consistency scores and discrepancy scores because they were 

missing all data check values for that facility-quarter (Table 4). The mean consistency score was 

80% (SD=16.4%), illustrating that an average eighty percent of complete data checks were 

consistent. The mean discrepancy (plausibility) score was 0.07 (SD= 0.22). Please see table 2.3. 

 

 

 

Table 2.3: Descriptive statistics of composite scores by approach 
 
Table 2.3 Descriptive statistics- scores 1 

   
Total N= 5,610 

 
Score approach 

 
Mean (SD) 

  
Median (IQR) 

 
Minimum 

 
Maximum 

 
Missing N (%) ** 

 
Completeness 
score* 

 
61.1 (27.0) 

 
75.0 (50.0 -75.0) 

 
12.5 

 
100 

 
N/A 

 
Consistency 
score† 

 
80.0 (16.4) 

 
83.3 (66.7-100) 

 
0 

 
100 

 
953 (17) 

 
Discrepancy 
score ++ 

 
0.07 (0.22) 

 
0.02 (0 - 0.06) 

 
0 

 
6.16 

 
953 (17) 

 
*Completeness Score (%) is based on the proportion of data checks which are complete for each facility by 
quarter. 
†Consistency score (%) was derived by calculating the proportion of complete data checks that had consistent 
data. 
++ Discrepancy score has a lower bound of 0 and is based on Z-scores which depict degree of discrepancy with 
expected values.  



SD – Standard Deviation; IQR – interquartile Range 
**Refers to the number of unique facility quarters that had missing values for all 8 data checks. 

 

Missing data: 

Figure 2.2 is a bar graph and map of the missing data checks. The bar graph is ordered by 

magnitude of missing data across data checks. Labor and delivery HIV testing, positivity, and 

infant prophylaxis data checks (#2 and #4) were the most incomplete, whereas general HIV care 

data checks had the lowest proportions of missing data (#5, #6, #7, #8).  

 
  



Figure 2.2: Percent of missing data for each data check  
 

 
Figure 2.2 Missing data by data checks 1 

 

Correlation results: 

The correlation plot below (figure 2.3) illustrates the strength of the correlation coefficients 

between the different composite scores. The completeness score was weakly correlated with the 

consistency score and the discrepancy (plausibility) score in the negative direction with correlation 

coefficients of -0.12 and -0.36, respectively. On the other hand, the consistency score and the 

discrepancy (plausibility) score were strongly and positively correlated (correlation coefficient = 

0.77).  

  



Figure 2.3: Correlation of the three composite score approaches 

 
Figure 2.3 Correlation of scores  

 
High and low performing data checks: 
 
Figure 2.4 provides an overview of the discrepancy (plausibility) assessment using individual Z-

scores and illustrates the distribution of individual scores over time. Z-scores were capped at a 

minimum of zero and larger/positive values were associated with greater discrepancy and 

deviation from expected values, thus poorer data quality and, potentially, clinical care. Most ANC- 

and L&D-related data checks (# 1, # 3, # 4) and one general HIV care data check # 8 (see Table 3 

above) had the most favorable discrepancy (plausibility) scores, i.e., lower values closer to zero. 

On the other hand, most general HIV care data checks (# 5, # 6, and # 7) and one ANC data check 

#2 had unfavorable discrepancy (plausibility) scores with considerably larger discrepant values. 

  



Figure 2.4: Trends for individual discrepancy (plausibility) Z-scores  

 
Figure 2.4 Trends of scores- data checks 1 

The scatter plots above illustrate the varying degrees of discrepancy for individual data check 

values over time.  

 

Table 2.4: Summary of facility ranking (across all quarters) by composite score 
 
Table 2.4 Facility ranking 1 

  Ranking by composite score  
(N/%) 

  Completeness 
(N=5610) 

Consistency 
(N=4,657) 

Discrepancy  
(N=4,657) 

Performance 
N (%) 

High 736 (13) 1221 (26) 1309 (28) 
Fair 3268 (58) 2861 (61) 2904 (62) 
Low 1606 (29) 575 (13) 444 (10) 

 
N=unique facility quarters  
Ranking is based on cut offs at the 30th and 60th percentile for each composite score. Values below 
the 30th percentile score are considered low performing. Values between the 30th & 60th percentile 
are considered fair performing, while those above the 60th percentile are high performing. 
 

 
 



Table 2.4 provides a summary of facility ranking across all quarters by each composite score 

profile. While ranking was based on percentiles cut offs, the actual proportion of unique facility 

quarters in each of the three ranks was not commensurate to the expected proportion (i.e., ~30%) 

in each percentile rank because some scores clustered at the cut off points. For example, if some 

scores clustered at the 30th or 60th percentile, this translated to fewer scores being in the <30th or 

>60th percentile ranks, and so forth. We also noted considerable uniformity, across the three 

composite scores, in ranking/ categorization of facilities into high, fair, or low performing. More 

than 90% of facility observations ranked in the same category across at least two composite scores 

and >50% ranked in the same category across all three composite scores. Please see table 2.5 for 

details. Only four percent (4%) ranked differently across all the scores. 

--- INSERT TABLE 2.5 --- 

 

Table 2.5: Uniformity of ranking (high, fair, or low) across various score profiles (N=5,610) 
Table 2.5 Uniformity of ranking by score 1 

 

 

 

 

 
 
 
DISCUSSION 
 
The DHIS2 is an important HMIS used by health sector decision makers to monitor health program 

implementation, to inform resource allocation in the health sector, and to understand burden of 

disease in the country.  As such, the study of data quality in this system will be of  relevance to the 

health sector. Kenya has a rapidly expanding national HIV program that relies on the DHIS2 

system to track, monitor, and evaluate programmatic progress. We successfully developed a 

systematic approach for examining large volumes of data by computing three data-driven 

composite scores reflecting completeness, consistency, and discrepancy (plausibility) which were 

instrumental in determining overall data quality, and identification of high, fair, or low performing 

 All facility quarters 
N (%) 

Uniform ranking across three 
composite scores 
 

1,805 (32) 

Uniform ranking across two 
composite scores 
 

3602 (64) 

Does not rank consistently 
across any of the scores 

203 (4) 



facilities. Individual completeness, consistency, and discrepancy (plausibility) scores – focusing 

on individual data checks – were used to detect high versus low performing indicators.  

We discovered a low and slight negative correlation between the completeness score and the other 

two consistency and discrepancy (plausibility) scores. This lack of correlation illustrates that 

completeness assessment should be paired with measurement of either the consistency or 

discrepancy (plausibility) to reflect distinct dimensions of data quality. Contrary to our pre-

specified analysis plan, we were unable to combine the completeness dimension and the 

consistency or discrepancy (plausibility) dimensions into one composite metric, for two reasons. 

First, the high degree of incomplete data would inadvertently be the primary driver of the overall 

score and give little weight to the other two dimensions. Second, the option of considering a 

weighted composite score, which combined the three dimensions, was not appropriate given the 

negative correlation between the completeness score and both consistency and discrepancy 

(plausibility) scores. We opted to explore these dimensions separately.  

The completeness score was strikingly low with 40% missing data on average. The missing data 

graph revealed missingness as primarily driven by incomplete ANC- and L&D-related data check 

values. This graph could be used to chart low performing indicators to bolster precise targeting of 

service departments that need strategies to improve completeness. In contrast with current 

literature, smaller scale studies have reported higher levels of completeness of data in maternal 

child health indicators including PMTCT, and general HIV clinics in SSA [46,60].  In a small 

study of DHIS data by Garrib et al., from 10 clinics in South Africa, clinic data were 97% complete 

and 75% accurate or valid [31]. Another observational study of 57 South African facilities by Nicol 

et al. found completeness levels as high as 96% in PMTCT clinics [60]. Further, a study of three 

facilities in South Africa by Jamieson et al., revealed different levels of completeness (ranging 

from 22% to 89%) for various HIV and TB treatment indicators [61]. Muthee et al., in an 

evaluation of 27 clinics in Kenya found 87% completeness of HIV data - an improvement of 17% 

following implementation of routine DQA [28]. In a cross-sectional single-site study in Ethiopia 

by Abiy et al., completeness of EMR data in the HIV clinic was 76% [37]. In Malawi, a study by 

O’Hagan et al. demonstrated completeness was high across service departments including HIV 

testing and counselling, though data accuracy varied across service areas [54]. Our nationwide 

evaluation consists of a larger, longitudinal sample and thus offers a broader snapshot of the level 

of data completeness in Kenya – capturing both high and low performing areas. Of note, this may 



be an underestimate of the level of completeness of facility-based paper registers as providers may 

be more likely to complete paper registers compared to EMR.  

In comparison to the completeness scores, the consistency and discrepancy scores we observed in 

this evaluation performed better. We found an average of 80% consistency of complete data 

checks. Furthermore, the mean discrepancy score suggested that most scores were within 1 SD of 

the expected value. These high scores of consistency and discrepancy (plausibility) map on to the 

broader concept of accuracy and may be comparable to high performing reliability and 

concordance measures examined in other settings [46,51]. For instance, a study by Endriyas et al. 

of 163 facilities in Ethiopia found that approximately 85% of facilities reported maternal child 

health data that was accurate or within the acceptable range [51]. 

In our evaluation, most individual discrepancy (plausibility) scores for the general HIV care data 

checks were scattered considerably in the larger positive direction implying greater discrepancy in 

the data, whereas majority of ANC- and L&D-related data checks had lower discrepancy scores, 

likely indicative of better performance. This surprising finding, that general HIV indicators were 

more complete, but less consistent and plausible than PMTCT indicators, underpins the need for 

in-depth exploration of the reasons behind disparate performance across departments in order to 

tailor interventions appropriately. A mixed picture of high completeness with low accuracy 

(depicted by consistency and concordance), and vice versa, was observed when exploring EMR or 

DHIS2  data in other SSA contexts including Malawi, Ethiopia, South Africa [31,37,40,51,54,60]. 

In South Africa, accuracy of PMTCT data, based on concordance across various databases and 

organizational levels, ranged from 51% to 84% [60]. Contrary to this finding of disparity between 

completeness score and consistency or discrepancy (plausibility) performance, an assessment of 

four-year ANC data from 495 facilities in Rwanda, revealed high performance for both 

completeness and consistency across data sources (absence of extreme outliers) at 98% and 83%, 

respectively [46]. A study in South Africa revealed relatively high accuracy and concordance of 

data in HIV/TB clinics ranging from 85-88% accuracy [61]. While the measures used in various 

studies are not similar or comparable, they provide a foundation for understanding data quality 

performance across SSA. Our evaluation continues to broaden this understanding as studies from 

other settings may be disadvantaged by shorter follow-up periods and/or small sample sizes. 

With regard to uniformity, the three composite scores were considerably uniform in their ranking 

of facilities into high, fair, or low performing categories. A third of all facilities maintained their 



rank – high, fair, or low – across the three scores. Most facilities maintained their rank across at 

least two of the scores, primarily consistency and discrepancy. This uniformity supports the use of 

one of the scores to rank facility performance. We recommend the simpler consistency score over 

the more complex discrepancy score. 

Regarding feasibility, we demonstrate that the use of composite scores which may be highly 

efficient compared to in-person DQAs. These composite scores are instrumental, not only with 

timely flagging of low performing facilities for targeted interventions, but also bring attention to 

high performing facilities from which program managers could learn. This study had several 

strengths beyond efficiency. One of the strengths was the large sample and longitudinal design 

which allowed repeated measurements of data quality over an eight-year time frame – an added 

advance over studies that have assessed the data quality cross-sectionally or over shorter 

timeframes [31,37,47,51,54]. Further, the use of locally accessible programmatic data adds to the 

relevance of this study to the Kenyan context specifically and may thus instigate policy or practice 

changes that improve routine health information systems in the country. Finally, with regard to 

external validity, the methodology used in this evaluation can be reused in other countries that use  

the DHIS2 system [57].  

This study had some limitations. We noted higher levels of consistency and discrepancy 

(plausibility) in data checks that had less complete data. This could have been driven by systematic 

bias as less complete data would mean less opportunity to fail consistency or discrepancy 

(plausibility) data checks. We were unable to compare this DHIS2-based DQA with facility-based 

EMR or paper registry DQAs to give a holistic picture of the data quality landscape. We 

recommend using DHIS2 DQA for expeditious identification of facilities that need more intense 

DQAs which incorporate facility-level DQAs. Another limitation is a multiplicity of EMRs used 

throughout Kenya and we focused on DHIS2 data from facilities operating two of the most widely 

used: KenyaEMR and IQCare. This would limit the generalizability of our findings to reflect 

facility-level data quality in settings using other less commonly used EMR platforms or paper-

based data systems. Due to lack of similarity of metrics across studies, it was not possible to 

directly compare our findings with those from other settings. We also primarily focused on HIV-

related indicators which would reduce the application of our findings to other health service 

departments. We recommend future expansion of these composite scores to assess data quality in 

other service departments beyond HIV care. 



CONCLUSIONS 
 
Routine DQAs are essential for optimizing HMIS and efficient mechanisms for conducting 

assessments are urgently needed. The state of data quality in the DHIS2 is of great relevance to 

national health policy makers and thus with this evaluation, we demonstrate that national-level 

DHIS2 data can be harnessed to rapidly assess both data quality in DHIS2 and as a proxy, facility-

level data quality. For a holistic DQA, data completeness score assessment should be paired with 

measurement of either the consistency or discrepancy (plausibility) score to reflect distinct 

dimensions of data quality. As health systems – including routine information systems – weather 

the challenges of the COVID-19 pandemic, routine use of  efficient-data driven composite scores 

on DHIS2 data may be a feasible approach to monitoring and upholding data quality in LMICs.   

 

  



AIM 1 APPENDIX 
 
Table of HIV -indicators captured in DHIS2 
 
Table 2.6 DHIS2 HIV indicators 1 

 
Antenatal Testing for HIV 
Labour and Delivery Testing for HIV  
Postnatal (within 72hrs) Testing for HIV 
Antenatal Positive to HIV Test  
Labour and Delivery Postive to HIV Test 
Postnatal (within 72hrs) Postive to HIV Test 
Known positive status (at entry into ANC) 
Prophylaxis - interrupted HAART 
Prophylaxis â€“ HAART 
Issued in ANC (Infant ARV prophylaxis) 
Labour and Delivery (Infant ARV prophylaxis) 
PNC (<72hrs) (Infant ARV prophylaxis) 
PCR (within 2 months) Infant Testing (Initial test only) 
PCR (from3 to 8 months) Infant Testing (Initial test only) 
PCR (from 9 to 12 months) Infant Testing (Initial test only) 
Total Enrolled in Care 
Total Starting on ART 
HIV Currently in Care - Total 
Total Revisit on ART 
Total currently on ART 
Total Ever on ART 
HIV Care visit Scheduled 
HIV Care visit- unscheduled 
Currently on ART - Female Below 15 years 
Currently on ART - Female above 15 years 
Currently on ART - Male above 15 years 
Currently on ART - Male below 15 years 
Currently on ART - below 1 year 

 
  



Chapter 3: The effect of introducing Electronic Medical Records on data quality 
and factors associated with data quality across 187 HIV clinics in Kenya, 2011-
2018: An interrupted time series analysis 
 
 
ABSTRACT 
 
Background 

The implementation of health facility-level electronic medical records (EMRs) may improve 

quality of data in the District Health Information System version 2 (DHIS2). The objective of this 

evaluation was to investigate the evidence for effect of EMR implementation on HIV program data 

quality in the DHIS2.  

 

Methods 

This was an interrupted time series analysis of DHIS2 data. Data was extracted from 187 Kenyan 

health facilities from January 2011 to June 2018 (i.e., spanning 30 quarters). We assessed data 

quality as captured by composite discrepancy scores based on pre-selected HIV-related indicators. 

Facility and EMR implementation factors associated with data quality were also explored. The 

primary exposure was presence of EMR, and the primary outcome was quarterly composite 

discrepancy scores. The composite discrepancy score depicted the extent of deviation of observed 

values from expected values for HIV-related indicators. A cross-sectional facility survey done in 

2017 was used to assess factors associated with data quality. Linear regression analyses of the 

cross-sectional survey were used to determine factors associated with data quality. 

 

Results 

There were no statistically significant changes in level and slope, thus no effect of EMRs on 

composite discrepancy scores in the post-EMR period. The level change was 0.0118 points (95% 

CI -0.0248 – 0.0484, p value 0.528). The slope change was 0.0004 points (95% CI -0.0038 – 

0.00347, p value 0.844). However, facility type, facility volume, and EMR type were significantly 

associated with data quality. In adjusted analyses,  health centers had an average composite 

discrepancy score that was 0.093 points higher than that of dispensaries (95% CI 0.026-0.159, p 

value = 0.007); facilities with > 500 patients had a score that was 0.084 points higher than that of 

facilities with <500 patients (95% CI 0.033-0.136, p value <0.001); and facilities using 



KenyaEMR had an average composite discrepancy score that was 0.082 lower compared to 

facilities using IQCare (-0.082, 95% CI -0.132- 0-0.031, p value 0.002). 

 

Conclusions 

EMR implementation did not show evidence of benefit on DHIS2 data quality as captured by the 

composite discrepancy score. However, facility type, facility volume, and the type of EMR used 

in a facility were associated with data quality. These findings may be explained by the fact that 

presence of EMRs alone is not insufficient to achieve high DHIS2 data quality. Implementation 

science involving qualitative research is needed to understand the reasons behind lack of 

improvement in data quality. We demonstrate that facility-level EMR implementation may not 

have had the anticipated “spread effect” of improved data quality in other parts of the HIS. Other 

investments in automating linkage between EMRs and other parts of the HIS are needed. provide 

a framework for further evaluation of other service areas beyond HIV care in LMICs. 

  



INTRODUCTION 
 
Robust routine health information systems (RHIS) are essential for optimal health system 

evaluation, quality improvement, governance, and health management [62–64]. The WHO’s 

global digital health strategy aims to “improve health for everyone, everywhere by accelerating 

the adoption of appropriate digital health” – this includes EMRs [3,4]. EMRs are considered 

essential building blocks for strong HMIS [2,65]. EMRs streamline data capture, data retrieval, 

and reporting which facilitate data use for clinical decision making and enhanced patient care. 

Furthermore, EMRs have also been found to reduce data recording errors [11,64,66] as well as 

time/ monetary costs of data management [67–70]. EMRs have a range of purposes crucial to 

health system strengthening including data reporting, aggregation and management, supporting 

clinical decision making, and interlinking health departments  ). This paper aims to add to the base 

of evidence on the utility of EMRs as a tool for strengthening data management – specifically, data 

quality in aggregate data reporting [75,76]. 

 

EMR utilization in healthcare in low- and middle-income countries (LMICs) has dramatically 

increased over the past two decades. The United States (U.S.) President’s Emergency Plan for 

AIDS Relief (PEPFAR) has funded scale up and implementation of EMRs specifically for HIV 

care in health facilities throughout Kenya – one of the high-burden HIV countries in sub-Saharan 

Africa (SSA). Kenya was among the first high HIV burden countries to publish national strategies 

for EMR integration in the health system [3,4]. In Kenya, the District Health Information System 

(DHIS2) – a national electronic health information system – has been used for over a decade to 

house aggregated facility-level data. Version 2 of the program is an open-source platform 

(www.DHIS2.org) [77]. Health facilities collate patient-level data to prepare summaries that are 

uploaded to the DHIS2 routinely on a monthly basis. The data in DHIS2 are used in planning 

health service delivery, including planning of health personnel, supply chain management, among 

other functions, and as such high standards of data quality need to be maintained [45,57,58].   

 

Before the introduction of EMRs in Kenya, facility-level HIV data were captured on paper charts 

and registries. These paper records were used to generate HIV-specific facility summaries for the 

DHIS2. Phased introduction of EMRs in 2012 led to progressive migration from paper records to 

a hybrid implementation of paper and electronic records in most HIV facilities. According to 



programmatic records in mid-2018, about 23% of target facilities have fully transitioned to EMR 

and 75% are using both paper and EMRs. Collation of electronic data was found to simplify the 

aggregation of facility-level HIV data, thus use of EMRs to generate HIV-specific facility reports 

for the DHIS2 expanded as EMRs became widespread. While the DHIS2 hosts data from other 

sectors beyond HIV service delivery, EMRs are primarily tailored for HIV data management, thus 

EMR reports uploaded to DHIS2 are HIV-specific.  While EMRs are associated with better data 

quality [28,78], they are not immune to error [75], thus routine data quality assessments are 

essential to uphold EMR data quality [79]. Improved data quality in EMRs would potentially lead 

to improved quality of aggregate data uploaded to the DHIS2. 

 

To our knowledge, high quality evidence on the longitudinal effects of EMRs on data quality in 

the DHIS2 aggregate data are limited or non-existent in LMICs. Using an interrupted time series 

design, we aim to evaluate whether introduction of EMRs improved data quality of the aggregate 

HIV data in the DHIS2.  Specifically, we assessed data quality as captured by a “composite 

discrepancy score” (a plausibility check) which encapsulates the degree of discrepancy or 

deviation from the expected values across groups of indicators and related data checks [29]. The 

objectives of this evaluation are two-fold: 1) to evaluate the evidence for effects of EMR 

implementation on discrepancy scores for HIV data across 187 health facilities in Kenya from 

January 2011 to June 2018; and 2) to assess facility and EMR implementation correlates of data 

quality (i.e., the composite discrepancy score) using a cross-sectional facility survey conducted in 

2017.  

 

METHODS  
 

Setting 

This was a quasi-experimental study utilizing time series data from the national DHIS2 HMIS in 

Kenya. Data was extracted quarterly from January 2011 to June 2018 for 187 facilities 

implementing EMRs – specifically, KenyaEMR and IQCare EMR software. 

 

Data sources 



Data sources were the DHIS2 database and I-TECH and Palladium program records on EMR 

deployment and implementation process. I-TECH and Palladium were the two predominant EMR 

technical assistance providers in Kenya during the timeframe of this analysis. Program records 

capture the date of KenyaEMR or IQCare deployment at each health facility. The primary exposure 

is presence of EMR (a binary pre or post variable). The primary outcome is composite discrepancy 

scores, as defined below. 

 

Computing the composite discrepancy score 

The composite discrepancy score was based on assessment of plausibility across indicators and 

eight predefined data checks. Individual data checks were derived by comparing groups of 

indicators. For example, one data check was derived by comparing the total number of patients 

currently on ART (an indicator) minus sum of patients on ART across all age groups (another 

indicator) and this was ideally equal to zero; the further away the data check value was from the 

expected value (zero in this case), the higher the individual discrepancy score (Appendix 1). These 

individual scores were computed for each data check and were based on Z-score deviations that 

depicted the extent of discrepancy of observed values i.e., how far observed values were from 

expected values. High discrepancy scores indicated poorer data quality. The composite 

discrepancy score was a continuous variable computed as an average of all the Z-scores for 

individual data logic checks, for each unique facility quarter. Given the composite discrepancy 

score is Z-score standardized, we expect that ideally 68% of scores would be < 1 Z-score. For 

additional context, a score that is 0.01 lower, is comparatively small but represents a small 

improvement in data quality performance, and vice versa. Additional details on the development 

of this score are provided in the Appendix 2 and in a paper detailing the composite score 

development [80].  

 

Cross-sectional survey 

A cross-sectional facility survey done in October to December of 2017 was used to collect data on 

non-time varying facility and EMR implementation factors which are potentially correlated with 

data quality such as facility type, facility volume, and EMR type. Survey data on EMR 

implementation characteristics was only available for 115 health facilities. 

 



Ethical considerations 

This evaluation was approved by the AMREF Ethical Scientific Review Committee (ESRC), 

Kenya, United States (US) Center for Disease Control and Prevention (CDC), and the University 

of Washington (UW) Human Subjects Review committee. 

 

STATISTICAL ANALYSIS 
 

Descriptive statistics 

An analysis plan was prepared prospectively prior to data analysis. Descriptive statistics were used 

to analyze the distribution of health facility characteristics. We reported the number of facilities 

included in the analysis by facility type (national hospital, county hospital or sub-county hospital, 

health center, dispensary), facility volume (> 500 versus <500 HIV patients in care), region/county 

(46 counties classified into low and high-HIV burden counties), and EMR type (KenyaEMR, 

IQCare or other). Median and interquartile ratios were used for continuous data, whereas 

proportions were used for binary and categorical data. Baseline characteristics were summarized 

and presented in Table 3.2. The autocorrelation function (ACF) and partial autocorrelation 

function (PACF) plots were assessed to determine the degree of autocorrelation (Appendix).   

 

Proposed impact model [81]  

The proposed outcome, composite discrepancy score, was hypothesized to be responsive to the 

intervention of EMR implementation on a gradual basis. Based on the literature, we hypothesized 

a 6-quarter (i.e., 18 months) time lag after EMR introduction to account for the “wash-in period” 

after EMR introduction. It was expected that EMR implementation would improve over time until 

optimal functioning was achieved [72,78]. Therefore, a gradual change in the composite 

discrepancy score was anticipated over the 6-quarter “wash-in period”, followed by a plateauing 

of the intervention effect after 6 quarters as demonstrated in Figure 1(a) (impact model 1). The 

final impact model which informed the statistical model and analysis, excluded the “wash-in 

period”, thus only two segments were modeled: pre-EMR, and post-EMR (starting at 7 quarters 

post-intervention). Eliminating the “wash-in” period from the model would make any potential 

level change – in the outcome post-EMR – more discernable.  This is illustrated in Figure 3.1 (final 

impact model 2). 



 

Figure 3.1: Impact model 

 
Figure 3.1 ITS impact model 1 

   
Inferential analyses using Interrupted Time Series (ITS) 

Multilevel models were used to control for clustering at the health facility level. Changes in the 

data quality scores pre- and post- EMR implementation were estimated using generalized linear 

models (GLM) with Gaussian distribution and identity link and bootstrapped standard errors. 

Random effects for facilities (including random intercepts and random slopes for EMR effect) 

were used to account for intra-cluster correlation. Data was assumed to be missing at random. We 

included data points beginning at 14 quarters pre-EMR implementation. 

 

The primary model included dummy variables for quarter (i.e., season) to account for seasonality 

and random intercept to account for facilities having different baseline DQ scores. 

 
𝑌𝑗t = 𝛽! +∑ 𝛽"𝑆𝑒𝑎𝑠𝑜𝑛"#$

"#% +	𝛽$𝑇𝑖𝑚𝑒 +	𝛽&𝐸𝑀𝑅𝑗𝑡 + 	𝛽'Time_after_EMRjt + u𝑗+ ejt 
 
where j=facility, t= quarter, EMRjt = Intervention introduced, uj = random intercept for facility, 

ejt= error term (Table 3.1 defines coefficients further).  

 

 



Table 3.1 Definition of coefficients 1 

Table 3.1: Definition of coefficients in the final ITS model 

Intercept: baseline mean DQ score at time=0 (i.e., Quarter 1, 2011) for an average facility. 

Time: the mean change in DQ score per quarter before EMR implementation for an average facility. 

Season indicator: the difference in mean DQ score comparing each Quarter X to Quarter 1 (reference) 

for an average facility. 

EMR: mean change in DQ score after the 6-quarter “wash-in” period compared to DQ score immediately 

before EMR introduction for an average facility. This is the level change. 

Time_after_EMR: Slope in the post-EMR period. This is the mean change in DQ score each quarter 

post-EMR implementation compared to quarterly trend before EMR implementation for an average 

facility. This is the slope change. 

 

Cross-sectional survey analysis: 

Linear regression models were used to assess the relationship between EMR and facility 

characteristics and the composite discrepancy scores (as a measure of data quality). We used the 

composite discrepancy scores from quarter 4 of June 2017, i.e., October to November 2017. By 

this time, all facilities had an EMR and the survey was conducted post-EMR. A priori, based on 

programmatic relevance, we selected EMR type, facility volume, and being in a high-burden 

county to be included in the multivariable model. Health facilities missing data on facility and 

EMR implementation characteristics were excluded from the analysis, i.e., complete case analyses. 

All statistical analyses for this evaluation were done using R studio version 3.6.2 (2019-12-12). 

 
RESULTS 
 
Based on the 2017 cross-sectional survey, most facilities (73%) in the sample were health centers 

and sub-county hospitals (table 3.2). Fifty six percent (56%) of facilities were high volume, 

attending to more than 500 patients in their HIV clinics. Thirty six percent (36%) of facilities were 

in high-HIV burden counties. Most facilities in this sample implemented KenyaEMR software 

(56%). With regard to EMR implementation characteristics, 55% facilities used retrospectively 

entered data after completing paper forms. Most facilities (55%) reported at least one routine data 

quality assessment exercise that year. Only 17% of facilities reported equipment failure in the 

preceding week, and most facilities had at least one or two people trained to use EMR. Assessment 



of ACF and PACF plots revealed minimal autocorrelation – autocorrelation dropped from 0.4 in 

ACF plot to 0.2 in the PACF plot at lag=1. 

 

Table 3.2: Health Facility (n=187) and EMR implementation characteristics (n=115)  
Table 3.2 Baseline characteristics  1 

 

 

Health facility characteristics (n=187) n (%) 
Facility type  

Dispensary 45 (24) 
Health Center 68 (36.5) 

County/ Sub-County Hospital 68 (36.5) 
Missing 6 (3) 

Facility volume   
Low volume (<500) 105 (42) 
High volume (>500) 79 (56) 

Missing 3 (2) 
High HIV burden county  

No 120 (64) 
Yes 67 (36) 

EMR type  
IQCare 82 (44) 

KenyaEMR 105 (56) 
EMR implementation characteristics (data from N=115 facilities) 
Implementation mode  

Hybrid† 23 (20) 
Point of care entry 26 (23) 

Retrospective data entry 64 (55) 
Uncategorized 2 (2) 

Annual number of RDQAs⁑  
0 27 (23) 
1 63 (55) 

>2 9 (8) 
Missing 16 (14) 

Equipment failure (past week)  
No 95 (83) 

Yes 20 (17) 
†Hybrid mode – facility practices both point of care entry and retrospective data entry 
⁑ RDQAs- Routine Data Quality Assessments within the year preceding the survey 



Table 3.3 provides a descriptive summary of the discrepancy score which had a mean (SD) of 

0.07 (0.22), and a median (IQR) of 0.02 (0-0.06). 

 

Table 3.3: Summary of composite discrepancy scores 
Table 3.3 Summary of discrepancy scores 1 

  Total N= 187 facilities over 30 quarters 
 
Score approach 

 
Mean (SD) 

 
Median (IQR) 

 
Minimum 

 
Maximum 

 
Discrepancy 
score 

 
0.07 (0.22) 

 
0.02 (0 - 0.06) 

 
0 

 
6.16 

SD – Standard Deviation; IQR – interquartile Range 
 

 

The interrupted time series graph, centered on time of EMR implementation, shows an initial drop 

in discrepancy scores between 14 and 13 quarters pre-EMR (figure 3.2); however, scores have 

remained stable over the duration of the evaluation signaling minimal changes to the trend of data 

quality before and after EMR implementation. 

 

  



Figure 3.2: Time series plot of the average composite discrepancy scores across all 187 facilities  

 
Figure 3.2 Time series graph of scores 

Figure 3.2 footnote: The data centered on the date of EMR implementation and adjusted for 

seasonality and autocorrelation: Blue dots in figure 1 represent the average discrepancy score for 

all the facilities by quarter; gray dots represent individual facility discrepancy scores; the solid line 

represents the time series plot; the dashed lines represent the prediction intervals  

 

Table 3.4 summarizes the parameters of the time series model.  The average baseline composite 

discrepancy score at EMR implementation (centered time=0) was 0.0753 [ 95% confidence 

interval (CI): 0.0482 – 0.1025]. In the pre-EMR period, the average quarterly discrepancy score 

decreased by 0.0012 points (95% CI: -0.0045 – 0.0020, p-value =0.458), i.e., there was no 

significant change in trend.  

 

Regarding level change, comparing the values post-EMR, and pre-EMR period; the average 

composite discrepancy score in the first quarter post-EMR was 0.0118 points higher (95% CI: (-

0.0248 – 0.0484, p-value =0.528) than the average score in the quarter preceding EMR 



implementation for the average facility. This change was not statistically significant. Comparing 

the trends post- and pre-EMR implementation; the average change in the composite discrepancy 

score each quarter post-EMR was 0.0004 points higher (95% CI: -0.0038 – 0.0047, p-value = 0.844 

than the average quarterly trend pre-EMR implementation for the average facility. This slope 

change was non-significant (Table 3.4).  

 

Average discrepancy scores were compared across the four seasons in the pre-EMR period. Season 

did not predict level of discrepancy score when comparing other seasons with the first calendar 

quarter (Table 3.4).  

 
Table 3.4 Time trends- discrepancy score 1 

Table 3.4: Crude time trends in discrepancy scores across 187 health facilities with EMRs, 2011 – 2018, 
Kenya 
 β*(95% CI) p-value 
Discrepancy score   

Average change in pre-EMR period (slope) -0.0012 (-0.0045 – 0.0020) 0.458 
Level change following EMR implementation 0.0118 (-0.0248 – 0.0484) 0.528 

Average change in post-EMR period (slope) 0.0004 (-0.0038 – 0.0047) 0.844 
Baseline score at EMR implementation† 0.0753 (0.0482 – 0.1025) --  
Average quarterly change in reference to 
season 1 (January to March) pre-EMR  

 

Season 2 - April to June -0.0173 (-0.0353 – -0.0007) 0.059 
Season 3 - July to September -0.0097 (-0.0287 – 0.0092) 0.315 

Season 4 - October to December -0.0104 (-0.0292 – 0.0084) 0.278 
   

Computation of Intracluster correlation coefficient (ICC) 
Between-cluster variation 0.015 
Within- cluster variation 0.034 

ICC 0.306 
β*represents unadjusted quarterly change in mean DQ score using generalized linear mixed models with random 
intercept for clinics. Time was centered at date of EMR deployment. Time was modeled with a knot 6 quarters 
after EMR introduction. 

  

With regard to the post-EMR cross-sectional survey of health facility and EMR implementation 

factors associated with data quality, significant findings in unadjusted and adjusted analysis have 

been described below and in Table 3.5. In unadjusted analysis, facility type, facility volume, being 

in a high HIV-burden county, and EMR type were associated with data quality. After adjustment, 



all these factors remained significant except for the association with high HIV-burden county. 

Health centers, on average, had a composite discrepancy score that was 0.066 (95% CI: 0.002-

0.130) points higher than that of dispensaries, thus a higher degree of discrepancy indicating poorer 

data quality (p-value = 0.045). High volume facilities (>500 patients on ART,) on average, had a 

score that was 0.090 (95% CI: 0.043-0.138) points higher than that of low volume facilities, thus 

a higher degree of discrepancy indicating poorer data quality (p-value <0.001). 

 

Facilities with KenyaEMR, on average, had a score that was 0.058 (95% CI: -0.107- -0.008) points 

lower than that of facilities with IQCare, thus a lower degree of discrepancy indicating better data 

quality (p-value = 0.024). Of note, being in a high HIV burden county was not associated with the 

discrepancy score. Implementation mode (whether point of care, retrospective data entry, or 

hybrid), annual number of RDQAs, and having experienced equipment failure in the preceding 

week had no significant association with the discrepancy score. 

 

 
Table 3.5:  Facility and EMR implementation correlates of data quality post-EMR – cross-

sectional analysis of survey done in 2017, quarter 4 (October – December)  
Table 3.5 Correlates of data quality 1 

N=187 

Characteristic 
N (%) 

Median (IQR) 
β*-unadjusted 

(95% CI) p-value 
β** - adjusted (95% CI)  

p-value 
Facility type      

Dispensary 45 (24) Ref  Ref  
Health Center 68 (36.5) 0.066 (0.002-0.130) 0.045 0.093 (0.026-0.159) 0.007 

County/Sub-county hosp 68 (36.5) 0.042 (-0.022-0.106) 0.197 0.045(-0.25-0.114) 0.212 
Missing 6 (3)     

Facility volume       
<500 105 (42) Ref  Ref  
>500 79 (56) 0.090 (0.043-0.138) <0.001 0.084 (0.033-0.136) 0.001 

Missing 3 (2)     
High HIV burden county      

No 120 Ref  Ref   
Yes 67 0.065 (0.015-0.116) 0.011 0.042 (-0.011-0.094) 0.122 

EMR type      
IQCare 82 (44) Ref  Ref  



KenyaEMR 105 (56) -0.058 (-0.107- -0.008) 0.024 -0.082 (-0.132- 0-0.031) 0.002 
EMR implementation characteristics (data from N=115 facilities) 
Implementation mode      

Hybrid† 23 (20) Ref  Ref  
Point of care entry 26 (23) -0.024 (-0.137-0.090) 0.684 -0.012 (-0.121-0.097) 0.827 

Retrospective data entry 64 (55) 0.016 (-0.079-0.111) 0.739 -0.012 (-0.109-0.085) 0.808 
Uncategorized 2 (2) -0.037 (-0.326-0.252) 0.801 -0.013 (0.033-0.184) 0.945 

Annual number of 
RDQAs⁑ 

 
  

  

0 27 (23) Ref  Ref  
1 63 (55) -0.033 (-0.131-0.065) 0.511 -0.039 (-0.135-0.057) 0.426 

>2 9 (8) 0.009 (-0.154-0.171) 0.916 -0.008 (-0.172-0.156) 0.922 
Missing 16 (14)     

Equipment failure (past 
week) 

 
  

  

No 95 (83) Ref  Ref  
Yes 20 (17) -0.020 (-0.118-0.078) 0.684 -0.034 (-0.128-0.060) 0.474 

β*represents the crude relationship between DQ score and key facility and EMR implementation factors  
β** represents the adjusted relationship with DQ score adjusting for being in a high vs low HIV burden county, facility volume, and 
EMR type 
†Hybrid mode – facility practices both point of care entry and retrospective data entry in parallel 
⁑ RDQAs- Routine Data Quality Assessments 

 

DISCUSSION 
 
In this evaluation we examined the association of EMR implementation on data quality, as 

captured by composite discrepancy scores in the DHIS-2 system across 187 facilities in Kenya 

from 2011 to 2018. Overall, changes in the data quality score comparing different periods pre- and 

post-EMR were very small (most estimates were smaller than 0.01) and thus within 1 Z-score i.e., 

1 standard deviation (SD). We found no evidence that EMR implementation was associated with 

DHIS2 data quality as captured by the discrepancy score. This could be attributed to the already 

low (i.e., good or favorable) baseline discrepancy scores.  

A cross-sectional facility survey done in 2017 unveiled health facility and EMR implementation 

factors that were associated with data quality. While the differences in Z-score deviations were 

mostly less than 0.1, the differences were significant enough to reveal associated factors. Health 

centers were associated with higher discrepancy scores (thus worse data quality) compared to 

dispensaries. This could be because of higher patient volumes without commensurate increase in 



number of health workers including data managers. When comparing county/ sub-county hospitals 

with dispensaries there was no difference in the average discrepancy scores. Higher facility 

volumes, with patient numbers >500, were associated with higher discrepancy scores thus poorer 

data quality. This could be an indicator that facility volume is a stronger factor than number of 

staff and high workload among health providers is a significant barrier to accurate documentation 

and integration of EMR to facility workflows [31,82].  

Operating KenyaEMR software was associated with lower discrepancy scores – thus better data 

quality – compared to using IQCare. The underlying reasons could be differences in technical 

support (i.e., implementation partners working with ministry of health) and usability profiles of 

the two EMR systems. Other factors which were examined included number of annual RDQAs 

and mode of EMR implementation. Having one RDQA was associated with better data quality 

compared to no RDQA; however, this was non-significant. Having two or more RDQAs was 

associated with poorer data quality. While this association was non-significant, the finding could 

be explained by reverse association if recurrent RDQAs were implemented for remedial purposes. 

We found that mode of implementation (i.e., whether point-of-care, retrospective or hybrid data 

entry) was not associated with data quality. 

There is existing research describing data quality in the context of electronic data systems, but less 

research examining the evidence for causal effects of EMR implementation on data quality. 

Previous studies in sub-Saharan Africa have shown a mixed picture in terms of levels of data 

accuracy for HIV-related indicators. Several studies have shown high data quality of EMR records 

[11,31,37,46,47,54,60,83], while others have demonstrated overall poor EMR data quality [51]. 

Notably, there were no studies that compared data quality in EMRs and paper records 

longitudinally. A pre-post study in Iran found that vocal-electronic documentation was associated 

with higher quality data than paper documentation [84]. Two cross-sectional studies compared 

electronic and paper records concurrently. These studies found that data quality was comparable 

across the electronic and paper records [37,85]. A one-month randomized controlled study in 

Ethiopia demonstrated better data quality and efficiency with electronic compared to paper-based 

survey data [86]. 

Our null findings suggest that presence of EMRs alone is insufficient to achieve strong aggregated 

data quality used in reporting; optimization of EMR usage and data exchange is a necessary 

requirement for enhancing data quality [40]. Some barriers to improved data quality during EMR 



implementation include sub-optimal EMR use which may be associated with insignificant changes 

in data quality post-EMR implementation [31]. Recent studies evaluating the actual use of EMR 

implementation have demonstrated concerningly low EMR usage and data exchange [31,87]. 

Ngugi et al, and colleagues measured seven EMR usage indicators and found gaps in active use of 

EMRs and data completeness in Kenya [87]. Factors affecting EMR usage need further exploration 

and remedial interventions [33,37,51,79,88]. An important consideration is variability in the 

approach health workers use to generate EMR aggregate summaries that are reported in DHIS2. It 

is likely that some health workers may manually transcribe EMRs summaries for retrospective 

upload to DHIS2, while others may not use the EMR and thus the EMR and DHIS2 would run 

parallel to each other.   

Dual/ parallel documentation in EMR and paper records is huge barrier to EMR usage and good 

data quality. In this evaluation, we found that 75% of facilities had a hybrid or retrospective data 

entry system – they performed both point-of-care and retrospective data entry, which would 

contribute to inefficiencies and errors in data management. A study in Malawi found that 

retrospective data entry by clerks was associated with more errors than point of care entry by 

clinicians [89]. Assisting facilities to channel efforts toward point-of-care EMR usage would be a 

possible solution for improving data quality [66,89,90].  A study in Kenya established the benefit 

of RDQAs in improving EMR data quality [28]. While the sub-analysis of factors in the present 

evaluation showed that there was no association between RDQAs and data quality, it is 

acknowledged that the cross-sectional survey may have had inherent bias and insufficient power 

to detect all significant associations. 

This evaluation points to a constellation of factors beyond the presence of EMR that may impact 

DHIS2 data quality. There are other factors that may be at play that can affect data quality such as 

facility type, facility volume, and EMR type, as demonstrated by the cross-sectional survey. The 

survey demonstrated that a suboptimal proportion of facilities (23%) maintained fidelity to the 

intended mode of EMR use, i.e., point-of-care entry. Another important consideration is variability 

in the approach health workers may use to generate EMR aggregate summaries that are reported 

in DHIS2. It is likely that some health workers may manually transcribe EMRs summaries for 

retrospective upload to DHIS2, while others may not use the EMR summaries, thus the EMR and 

DHIS2 would run parallel to each other. In resource limited settings, it can take a considerable 

duration of time to implement EMR software – this should be kept in mind when evaluating EMRs 



[13]. A parallel focus on EMR usage, data quality, and associated facility or EMR system factors 

is a prerequisite for optimizing HMIS in LMICs [91].  

EMR implementation is feasible; however, the challenges of streamlining use of EMR, and lack 

of interoperability with DHIS2, are considerable. Other noteworthy implementation challenges 

include operationalizing EMRs, health system constraints, and upfront cost-related issues [65,91–

93]. More ongoing work is needed to understand systemic deficits that hinder health provider 

acceptance, uptake, and meaningful use of EMRs [94]. It can be hypothesized that poor uptake 

and use of EMR would limit realization of the benefits of EMRs for DHIS2 data reporting. This 

work should be coupled with continuous quality improvement efforts and design of contextually 

appropriate implementation strategies to strengthen the uptake of EMRs. Strategies such as 

training health providers, infrastructure support, modifying electronic tools, designing usable and 

interoperable systems, data audits, and sustainable technical support from ministries of health are 

critical for optimal implementation of EMRs [2,95–97].  

Strengths: 

The DHIS2 is an important HMIS used by health sector decision makers to monitor health program 

implementation, to inform resource allocation in the health sector, and to understand burden of 

disease in the country.  As such, the study of data quality in this system will be of relevance to the 

health sector. This evaluation serves as a blueprint for future longitudinal evaluations of mature 

health information systems.  To our knowledge this is the first nationwide longitudinal analyses of 

data quality that spans pre-EMR and post-EMR periods that assesses the causal relationship 

between EMR implementation and aggregate data quality. Prior studies in LMICs have 

considerable limitations including small sample sizes, had shorter follow-up periods or cross-

sectional designs, use of less robust designs, or lack long-term comparative evaluations of EMRs 

and paper systems. In light of this, the present evaluation is a much-needed addition to the 

literature. Another strength includes the use of the time series models which eliminate confounding 

by time invariant factors. The stepped/ differential introduction of EMRs across multiple facilities 

by default creates a multiple baseline design which is useful in controlling for possible time-

varying confounders [98]. 

Limitations: 

While we present a strong quasi-experimental design, it is not without limitations. First, while we 

aim to obtain evidence for causal effects, we recognize that this robust study design is still 



susceptible to confounding by time varying factors and that some of the assumptions for the time 

series analysis may not have been fulfilled. Examples of time varying factors include recurrent 

staff turnovers and program-level changes to data documentation and tools. Second, we were not 

able to obtain granular monthly data, but were restricted to quarterly data which limits our 

understanding of the month-to-month variations in data quality. Third, the cross-sectional survey 

design, for understanding facility and EMR implementation correlates of data quality, is vulnerable 

to selection bias and residual confounding inherent to the design. We were also not able to 

understand the level of interoperability between EMR and DHIS2 and how providers navigated 

these technical issues to generate DHIS2 summaries. Given power calculations were not used to 

determine the sample size for the survey, the cross-sectional analysis may have been underpowered 

to detect all significant associations between facility or EMR implementation factors and data 

quality. Finally, this evaluation focused on HIV-specific aspects of DHIS2, thus findings cannot 

be generalized to other health service departments, and further research would be needed to assess 

effects beyond HIV service delivery.  

 

CONCLUSION 
 
We found no evidence to suggest that EMRs in HIV facilities in Kenya improved aggregated data 

quality as captured by the discrepancy score. This does not detract from the multiple mechanisms 

through which EMRs could have effects on quality of care and health outcomes. We found that 

facility type, facility volume, and EMR type were associated with DHIS2 data quality. These 

findings suggest that presence of EMRs alone is insufficient to achieve high DHIS2 data quality. 

We investigated how implementing EMRs affects data quality in the routine aggregate data 

reporting system, thereby studying whether implementing a electronic system for client level data 

has a “spread effect” on DQ in other parts of the HIS ecosystem.  A lot of digital health investments 

are relying on the premise that if we improve data systems at individual level, then these data can 

be leveraged for all types of public health purposes, including disease surveillance, public health 

reporting (as happens through DHIS2), and others. These negative findings are really important at 

demonstrating that we have to invest in not only the facility-level data systems, but also in 

automated linkages between the facility level and aggregate data systems in order for EMR 

implementation to impact data quality.  

 



AIM 2 APPENDIX 
 
Development of composite discrepancy (plausibility) score using z-scores 
This approach utilized Z-scores to estimate the extent of deviation or discrepancy of observed 

values i.e., how far observed values were from expected values. To allow for comparison of values 

across facilities with varying patient volumes, we standardized the data checks by dividing them 

by respective facility patient volumes (i.e. general HIV care and treatment data checks were 

divided by the “total number of patients on ART”, and ANC and PMTCT data checks were divided 

by the “total number of women accessing antenatal HIV testing”).  Due to heterogeneity across 

facilities over time, values were standardized using Z-score transformations so that a common 

scale was used to compare degree of discrepancy [59].  Sites with greater discrepancy of observed 

values were penalized more than those with less discrepancy. The untransformed unadjusted Z-

score was defined as: 

z= (y - 0)/sD 

 

where y is the observed ‘standardized data check value’, 0 is the expected value if there is no 

difference between indicators, and SD is the standard deviation of y. If the observed data check 

values are centered around 0, then z has mean 0 and SD 1. We assumed a normal distribution of 

data check values centered around the difference value, 0, the threshold for discrepancy 

(plausibility) and good care. An individual discrepancy (plausibility) Z-score was computed for 

each data check and the SD was based on data from all facilities and quarters.  

The composite discrepancy (plausibility) score was computed as an average of all the individual 

Z-scores for each unique facility quarter. Missing data check values were dropped from Z-score 

computation because the goal was to assess discrepancy (plausibility) of available values 

regardless of completeness. The discrepancy (plausibility) score was a continuous variable, 

centered on zero. For data check # 1-7, composite scores >= 0 were considered plausible and 

accurate regardless of how large or small the positive values were, thus all positive scores (> 0) 

were assigned a Z-score of 0. For data check # 8, values > 0 and values < 0 were both considered 

implausible. For consistency of handling deviations in the negative and positive direction, all 

negative individual Z-scores were multiplied by a factor of -1 and thus converted to the positive 

scale. As such, the lowest possible Z-score value was “0”. Increasing Z-scores meant greater 

discrepancy or deviation of observed values, thus poorer data quality with regard to discrepancy 



(plausibility). The lower Z-scores were associated with less discrepancy, thus better data or greater 

discrepancy (plausibility). This approach was less stringent than the consistency score as 

discrepant values which did not considerably deviate away from the expected value were not 

excessively penalized compared to larger negative values or outliers. 

  



 
Appendix 2 table: Individual data checks and composite discrepancy scores[80] 

  

  
Data check and related indicators 

Expected value Discrepancy score † 

Data check 1.  Number of mothers tested for HIV at 
ANC minus number of newly HIV positive mothers 
at ANC 

 
 
 
 
 
 
 
Any value >=0 

 
 
 
 
 
 
 
Z-score based on extent of deviation of 
observed value from expected. 
Increasing score means higher 
deviation/discrepancy thus worse data 
quality  
 

Data check 2.       Number of mothers tested for HIV 
at (L&D and postnatal ward) minus number of 
newly HIV positive mothers  

Data check 3.       Number of HIV-positive mothers 
at ANC minus number of mothers receiving Infant 
prophylaxis at ANC 

Data check 4.       Number of HIV-positive mothers 
at (L&D and postnatal ward) minus HIV-positive 
mothers receiving Infant prophylaxis 

Data check 5.       Cumulative (total ever) number of 
patients in HIV care minus Cumulative (total ever) 
number of patients on ART   

Data check 6.       Cumulative (total ever) number of 
patients on ART minus total number currently on 
ART   
Data check 7.       Current number of patients in HIV 
care minus current number on ART  

Data check 8.   Total number of patients currently on 
ART minus sum of patients on ART across all age 
groups   

Must be equal to 
zero (0) 

Same as above 

* Continuous score – percent complete vs percent consistent  
† Refers to plausibility  
ANC- Antenatal; L&D- Labor & Delivery, ART – Antiretroviral therapy 



Development of the composite discrepancy score 

This approach utilized Z-scores to estimate the extent of deviation or discrepancy of observed 

values i.e., how far observed values were from expected values. To allow for comparison of values 

across facilities with varying patient volumes, we standardized the data checks by dividing them 

by respective facility patient volumes (i.e. general HIV care and treatment data checks were 

divided by the “total number of patients on ART”, and ANC and PMTCT data checks were divided 

by the “total number of women accessing antenatal HIV testing”).  Due to heterogeneity across 

facilities over time, values were standardized using Z-score transformations in order to objectively 

compare degree of discrepancy. Sites with greater discrepancy of observed values were penalized 

more than those with less discrepancy.  

An individual discrepancy Z-score was computed for each data check. The composite discrepancy 

score was computed as an average of all the individual Z-scores for each unique facility quarter. 

The discrepancy score was a continuous variable. For data check # 1-7, composite scores >= 0 

were considered plausible and accurate regardless of how large or small the positive values were, 

thus all positive scores (> 0) were assigned a Z-score of 0. This capping controlled large positive 

values such that they did not influence the average composite scores unduly. For data check # 8, 

values > 0 and values < 0 were both considered implausible. For uniform handling of deviations, 

all negative individual Z-scores were multiplied by a factor of -1 and thus converted to the positive 

scale and the lowest possible Z-score value was “0”. Increasing Z-scores meant greater discrepancy 

or deviation of observed values, thus poorer data quality. Lower Z-scores were associated with less 

discrepancy, thus better data quality.  

 

 

  



Autocorrelation plots 
ACF and PACF plots revealed the time autocorrelation was insignificant thus, this was not adjusted 

for in the multilevel models. The ACF plot showed lingering autocorrelation for all observations 

and timepoints. The PACF plot showed that most of the autocorrelation is on lag 1, however, the 

correlation coefficient is <0.2 for subsequent observations, thus not significant (Figure 2). 

 

  

Assessment of autocorrelation 

Autocorrelation function (ACF) plot Partial Autocorrelation function (ACF) plot 

 

 

  



Chapter 4: Comparative analysis of HIV data completeness in Haiti’s Electronic 
Medical Record System across children, adolescents, and adults: A retrospective 
evaluation  
 

ABSTRACT 
 
Background 

We sought to assess whether there were disparities in completeness of documentation of HIV-

related variables by age group in Haiti’s Electronic Medical Record systems (EMR) system. 

Methods 

This was a retrospective study of data completeness from 58 facilities in Haiti’s iSanté EMR 

system. We assessed 36,965 enrollment visits and 123,608 return visits from June 2016 to March 

2022. We preselected routinely collected variables important for clinical management including 

sex, weight, height, WHO stage, TB screening, cotrimoxazole and isoniazid prophylaxis, 

adherence assessment, and first viral load. Completeness of individual variables was assessed. 

These variables were used to develop Composite Completeness Scores (CCS scores) as a measuer 

of data completeness. Generalized multivariable linear models were used to investigate patient and 

facility factors associated with CCS scores and timely first viral load documentation.  

Results 

At the enrollment visit, a majority of patients were adults (81.6%) and female (56.7%). Most of 

the facilities were health centers (75.9%). The overall mean enrollment visit CCS (completeness) 

score was 47.0% - lower CCS scores mean lower data completeness. The overall mean return visit 

CCS score was 39.6%. At enrollment, in multivariable analyses, being a child (-5.9 %, 95% CI: 

6.36 – -5.43, p <0.001) and newer/ recent year of enrollment (-0.55%, 95% CI: -0.65 – -0.46, p 

<0.001), were significantly associated with lower data completeness; while being male (0.76%, 95 

CI: 0.43 – 1.09, p <0.001) was significantly associated with higher data completeness. At return 

visit, both children (-8.43%, 95% CI: -8.70 – -8.17, p <0.001) and adolescents (-1.10%, 95% CI:  

-1.55 – -0.66, p <0.001) had significantly lower completeness scores than adults. Newer enrollment 

(i.e., more recent year of enrollment) was associated with lower data completeness (-0.41%, 95% 

CI: -0.47 – -0.35%, p <0.001). Male patients had significantly higher completeness scores 



compared to women (0.50, 95% CI: 0.33 – 0.68, p <0.001). For timely first VL documentation, 

children had 80% lower odds of completeness compared to adults (AOR = 0.21, 95% CI: 0.16 – 

0.28, p<0.001). A more recent year of enrollment was associated with 24% higher odds of first VL 

documentation completeness compared to the preceding year (AOR = 1.204 95% CI: 1.21 – 1.28, 

p<0.001). Each additional year of EMR use (i.e., duration of EMR use) was associated with 21% 

higher odds of first VL documentation completeness (AOR = 1.21, 95% CI: 1.09 – 1.34, <0.001). 
 

Conclusions 

Documentation of important clinical data was poor particularly among children at both enrollment 

and return visits. Adolescents had comparable data completeness scores to adults at return visits. 

Concerningly, data completeness declined overtime and among newer patient enrollments for all 

variables except first viral load documentation. We demonstrate that inequities can undermine the 

benefits of digital health technologies. Further evaluation and health provider support are needed 

to close the documentation gap and ensure complete data for comprehensive HIV management, 

especially among children, adolescents, and new patients in expanding HIV programs. 

  



INTRODUCTION 
 
Routine health information systems, including EMRs, can play an important role in improving 

patient health outcomes by improving the quality and availability of clinical data used in patient 

management and by reinforcing compliance with care guidelines [62]. In HIV programs, a notable 

challenge over the past decade has been the disparity in access to HIV treatment and health 

outcomes among children, adolescents, and adults. In 2021, globally, 52% of children living with 

HIV (CLHIV) had access to HIV treatment compared to 75% of people living with HIV (PLHIV) 

– a gap that continues to widen [99]. Identification of HIV infection status, delayed treatment 

initiation, low engagement and suboptimal retention in care are more challenging in pediatric and 

adolescent populations [100]. HIV program data is crucial for disease surveillance, monitoring 

quality of care, and timely intervention to address adverse patient-level and program-level 

outcomes [101]. It has been shown that poor data quality negatively impacts clinical decision 

making and is associated with poor patient outcomes including unsatisfactory retention in care 

[101].  

Haiti is the highest HIV-burden country among the Caribbean countries with total of 150,000 

[130,000 – 170,000] PLHIV and a HIV prevalence of 1.8% in adults aged 15-49 years; and 5,700 

[5,000 – 6,700] CLHIV aged <15 years [102].  In 2016, eighty five percent (85%) of PLHIV were 

on antiretroviral therapy (ART) [102], and approximately 48% of PLHIV had suppressed viral 

loads [103]. In a review of retention in the HIV care and treatment cascade in Haiti as of 2019, it 

was noted that only 84% of PLHIV were aware of their HIV status, 86% of them were on treatment, 

74% of the treated had a viral load, and 80% among those with a VL were virally suppressed (i.e. 

48% of all PLHIV) [103]. In Haiti, children are less likely than adults to receive and adhere to life-

saving HIV treatment with only 52% of children receiving treatment in 2020 compared to 86% of 

adults [3]. Furthermore, children have significantly lower retention and VL suppression rates than 

adults (59% vs 80% respectively) [103,104]. The highest losses to follow up were observed among 

adults aged 20-39-years and among children <10 years of age. 

 In 2016, along with other high HIV burden countries, Haiti adopted the “Test and Start” strategy 

for ART, which dramatically increased the number of individuals eligible for and initiated on ART 

[105]. Alongside this was the integration of routine VL testing which was introduced as part of the 

package of care for people living with HIV. Ongoing in-country efforts by the MOH to improve 



same day initiation of ART and routine VL testing are significant programmatic strides toward 

achieving the 95-95-95 HIV targets. In response to the growing national HIV response and the 

need for improved data quality for disease monitoring and surveillance, the iSanté EMR system 

was developed and rolled out in 2005. This large-scale, multi-site EMR was developed by the 

Haitian Ministry of Health (MSPP) and CDC in conjunction with I-TECH [23]. As of 2018, 126 

facilities were using iSanté and this number grew to 157 facilities in 2022. The systems houses > 

1,050,173 unique total patient records and 144,319 records of PLHIV [106].  

Despite these great strides, suboptimal engagement of children and adolescents compared to adults 

raises concern as to whether these disparities are also reflected in data quality among other factors 

that impact quality of care. There is a paucity of research comparing disparities in data quality by 

age group, specifically completeness of documented HIV care processes among children, 

adolescents, and adults in low-and middle-income countries (LMICs like Haiti. Our aim is to apply 

a composite data quality score based on completeness of preselected clinical variables and use this 

system to profile individual characteristics and facility structural factors associated with data 

completeness in Haiti’s iSanté EMR system. We aim to investigate whether there are differences 

in completeness of HIV-related data across the different age groups and hypothesize that there will 

be disparities across the different age groups. 

METHODS 
 
Study design: This was a retrospective study of data completeness in Haiti’s iSanté EMR system. 

Sample: 58 facilities, spread across various regions/ departments in Haiti, that upload data to iSanté 

EMR and the central server were included in this analysis. Fifty-eight facilities provided 

enrollment visit data while 57 facilities provided return visit data. All facilities used the EMR 

system; however, they had different lengths of time with EMR implementation. Data from June 

2016 to March 2022 were included in the analysis.  Data extraction was restricted to start from 

June 2016 because this marks the landmark roll out of the Test-and-Treat model in which all 

diagnosed patients received ART, and VL testing became the gold standard of monitoring HIV 

treatment. These facilities are primarily public clinics supported by non-profit organizations to 

provide HIV care. Facilities that did not use the iSanté EMR system were excluded. Program data 



from children (0-9 years), adolescents (10-19 years), and adults (>20 years) enrolled in HIV care 

since 2016 were extracted. Observations without date of birth (<1%) were excluded.  

Setting: With regard to clinic structure / workflow, most facilities integrate children, adolescent, 

and/or adult visits, without separate clinic days or clinics, but a few clinics have special adolescent 

clinics. According to national HIV treatment guidelines, once patients initiate ART, children are 

seen within one month of initiation, thereafter they are reviewed every 3 months and the initial 

viral load (VL) test is done after 3 months. Adult patients are seen within one month of ART 

initiation, then after 3 months for VL testing. If VL is undetectable, patients can return to clinic 

after 3 to 12 months based on the differentiated care model. Adolescent patients <15 years follow 

the pediatric visit schedule, whereas those >15 years old follow the adult visit schedule. Patients 

receive the full supply of ART that will last them the until their subsequent visits e.g., 3-, 6-, or 

12-month supplies, thus there are no refill/ pharmacy-only visits. In between visits, patients receive 

home visits or check-in phone calls. Home visits are captured in the EMR as a clinical encounter, 

but phone calls are not. 

Pre-selected variables that are needed for clinical care were examined for completeness. We 

assessed data on these variables that should be documented at initial versus return visits for all 

pediatric, adolescent, and adult patients. A uniform list of variables was selected for all age 

categories. The following is an outline of the variables of interest: 

• Initial enrollment visit: 

o Sex 

o Weight 

o Height  

o TB screening 

o WHO stage 

o Cotrimoxazole prophylaxis administration  

o Isoniazid prophylaxis 

• Return visit: 

o Weight 

o Height  

o Adherence assessment 



o WHO stage 

o TB screening 

o Isoniazid administration 

o Cotrimoxazole administration  

o First viral load at 3-9 months 

All variables of interest were assessed for completeness of documentation and contributed equal 

weight to the completeness score (see below for further description) for data collected at the initial 

enrollment visit (“enrollment completeness”) and return visits (“return completeness”). Data from 

home visits were deleted as these are documented differently and facilities lack consistency in the 

handling of these data. Specifically, there are elements of the home visit that are not documented 

and only a few variables to do with dispensation of ART are documented. Including home visits 

would result in misleadingly higher levels of missing data.  

Exposure variables are age group and facility characteristics such as ownership (private or public), 

level (dispensary, health center or hospital), volume or number of patients, and duration of EMR 

implementation. Primary outcome variables are the Composite Completeness Score (CCS) at 

enrollment and return visit, and first viral load completeness. 

 

Assessment of completeness of individual variables 

Enrollment completeness assessment:   The “enrollment completeness” percent for each clinical 

variable, was computed using “the number of patients with complete data on that variable” as the 

numerator, and “the unique number of patients” as the denominator multiplied by 100. The CCS 

score for each patient-visit was computed as the % completeness of the clinical variables. 

Return completeness assessment: Individual observations consisted of unique clinic visits. To 

compute the “return completeness” percent for each variable, the numerator was “the number of 

visits with the complete data on a variable” and the denominator was “the total number of return 

visits” multiplied by 100. The CCS score for each patient-visit was computed as above. 

Timely first Viral Load (VL) completeness: Completeness of the first viral load test variable 

was modelled as binary (1/0) outcome based on available documentation of a VL result among 

patients eligible for their first VL at a return visit, i.e., 6 -12 months after ART initiation. Eligible 

patients with the first VL load documented within 12 months of enrollment were assigned “1”, 



while those missing a documented result were assigned “0”. This 12-month window allowed for 

capturing of VL results whose documentation may have been delayed. 

Statistical Analysis 

We used descriptive statistics to analyze the distribution of CCS scores and individual patient and 

facility characteristics. We summarized continuous data such as CCS scores as mean and standard 

deviation (SD), while we used proportions to summarize binary and categorical data such as 

variable completeness, age groups, facility type and facility volume. We assessed percent 

completeness across the various indicator variables by age group and overall. We used chi-squared 

test with continuity correction to compare the proportions of completeness among; a) children vs 

adolescents, b) children vs adults, and c) adolescents vs adults. 

We assessed both individual-level enrollment and return visit CCS scores, and first VL test 

completeness.  We calculated average CCS scores by age group (children, adolescents, and adults) 

and compared them with cluster-adjusted t-test (using linear regression with cluster robust standard 

errors) i.e., children vs adolescents, children vs adults, and adolescents vs adults. 

To explore factors associated with enrollment, return visit CCS scores, and timely first VL 

documentation, all the patient-level and facility-level variables were included in multilevel 

multivariable linear mixed models. We employed a generalized linear mixed models (GLMM) 

with Gaussian distribution and identity link, with Restricted Maximum Likelihood variance 

estimator for continuous outcomes i.e., enrollment and return visit CCS scores. Specifically, for 

timely first VL documentation (binary outcome), we used a GLMM with binomial distribution and 

logit link. For enrollment and first viral load test completeness, we accounted for intra-cluster 

correlation using random intercepts for facilities. For return visit completeness, we accounted for 

intra-cluster correlation using random intercepts for patients and facilities.   

All statistical analyses for this evaluation were done using R studio version 3.6.2 (2019-12-12). 

 

RESULTS 
 
A total of 36,965 patients from 58 facilities were captured for enrollment visits.  Among these 

facilities, 57 facilities contributed return visit data for analysis. At enrollment, the median age was 

32 years. Fourteen percent (14.6%) of the patients were children, 3.8% were adolescents, and 

81.6%% were adults. The majority of patients were females (56.7%). Among facilities, 75.9% 



were health centers (n=44), 19.0% were hospitals (n=11), and 5.1% were dispensaries (n=3). Most 

facilities were public (39.7%) or private (39.7%). Facilities had a median of 3,823 clients, and the 

median duration of EMR use was 15 years. The distribution of patient and facility characteristics 

was similar across both enrollment and return visit data (see table 4.1). 

Table 4.1: Patient and facility characteristics across 58 facilities at enrollment and 57 facilities at 
return visits 
Table 4.1 Baseline characteristics 1 

 

  

Patient characteristics 

Enrollment visit 
N (%)/ Median (IQR) 

Total N= 36,965 

Return visit 
N (%)/ Median (IQR) 

Total N=123,608 
Median age  32 (23-42) 34 (25-44) 
Age groups   

Children (0-9) 5383 (14.6) 14827 (12.0)  
Adolescent (10-19) 1407 (3.8) 4617 (3.7) 

Adult (>20) 30175 (81.6) 104164 (84.3) 
Sex   

Female 20963 (56.7) 73560 (59.5) 
Male 14890 (40.3) 50006 (40.5) 

Missing 1132 (3.0) 42 (0.0) 
WHO stage   

Complete 2734 (7.4) 5405 (4.4) 
Missing 34231 (92.6) 118203 (95.6) 

 Facility N=58 Facility N=57 
Facility level   

Hospital 11 (19.0) 11 (19.3) 
Health center 44 (75.9) 43 (75.4) 

Dispensary 3 (5.1) 3 (5.3) 
Facility ownership   

Private 23 (39.7) 23 (40.3) 
Public 23 (39.7) 22 (38.6) 
Mixed 12 (20.6) 12 (21.1) 

Total patient volume  3823 (787 – 16613) 3828 (795 – 17509) 
Duration of EMR (years) 15 (11 – 17) 15 (11 – 17) 



Enrollment visit completeness 

All observations, regardless of age group, had >95% documentation of sex. Thirty one percent 

(31.9%) of all observations had documented weight with the lowest percentage documentation 

among children (30.0%) compared to adolescents (38.0%) and adults (32.0%). Twenty nine 

percent (29.1%) of observations had documented height with children having the lowest 

documentation percentage of 23.4% compared to adolescents (35.2%) and adults (29.8%). 

Regarding WHO stage, overall documentation was low at 7.4%; more specifically, 0.2%, 5.4%, 

and 8.8% of children, adolescents, and adults had documented WHO stage, respectively. Overall 

documentation of TB screening and isoniazid prophylaxis documentation was similar at 62.0%; 

for both variables, documentation was similar across all age groups at 61.0%, 63.6% and 62.1% 

for children, adolescents, and adults, respectively. Overall complete documentation for 

cotrimoxazole prophylaxis was 17.7% with 9.4%, 18.5%, and 19.2% complete documentation 

among children, adolescents, and adults, respectively (see table 4.2). 

  



Table 4.2: Completeness proportions for variables at enrollment visit, overall and by age group, across 58 HIV clinics in Haiti 
(N= 36,965) 
 
Table 4.2 Enrollment variables 1 

Documented 
variables 

All patients 
Completeness N/ 
Total N=36,965 

N (%) 

Children (0-9) 
Completeness N/ 

Total N=5,383 
N (%) 

Adolescents (10-19) 
Completeness N/ 

Total N=1,408 
N (%) 

Adults (>20) 
Completeness N/ 

Total=30,174 
N (%) 

Estimate (95% CI, p-value) * 
[children vs adolescents] 

[children vs adults] 
[adolescent vs adults] 

 
Enrollment visit 

 

Sex  35833/ 36965 
(97.0) 

5249/ 5383 
(97.6) 

1405/ 1408 
(99.8) 

29179/ 30174 
(96.7) 

 

 -2.3 (-2.8 – -1.8, p<0.001) 
0.8 (0.3 – 1.3, p=0.002) 
 3.1 (2.7 – 3.4, p<0.001) 

Weight 11789/ 36965 
(31.9) 

1610/ 5383 
(29.9) 

535/ 1408 
(38.0) 

9644/30174 
(32.0) 

 

 -8.1 (-10.9 – -5.2, p<0.001) 
 -2.1 (-3.4 – -0.7, p=0.003) 
 6.0 (3.4 – 8.7, p<0.001) 

Height 10751/ 36965 
(29.1) 

1261/ 5383 
(23.4) 

496/ 1408 
(35.2) 

8994/ 30174 
(29.8) 

 

 -11.8 (-14.6 – -9.0, p<0.001) 
-6.4 (-7.6 – -5.1, p<0.001) 
5.4 (2.8 – 8.0, p<0.001) 

WHO stage 
 

2734/36965 
(7.4) 

10/ 5383 
(0.2) 

76/ 1408 
(5.4) 

2648/ 30174 
(8.8) 

 

-5.2 (-6.4 – -4.0, p<0.001) 
-8.6 (-8.9 – -8.2, p<0.001) 
-3.4 (-4.6 – -2.1, p<0.001) 

TB screening 22913/ 36965 
(62.0) 

3282/ 5383 
(61.0) 

896/ 1408 
(63.6) 

18735/ 30174 
(62.1) 

 

-2.7 (-5.5 – 0.2,  p=0.072) 
 -1.1 (-2.5 – 0.3, p=0.123)  
 1.5 (1.1 – 4.2, p=0.254)  

Isoniazid 
Prophylaxis 

22913/ 36965 
(62.0) 

3282/ 5383 
(61.0) 

896/ 1408 
(63.6) 

18735/ 30174 
(62.1) 

 

-2.7 (-5.5 – 0.2,  p=0.072) 
 -1.1 (-2.5 – 0.3, p=0.123)  
 1.5 (1.1 – 4.2, p=0.254) 

Cotrimoxazole 
prophylaxis 

14586/ 36965 
(39.5) 

1138/ 5383 
(21.1) 

634/ 1408 
(45.0) 

12814/ 30174 
(42.5) 

 

-23.9 (-26.8 – -21.0, p<0.001) 
-21.3 (-22.6 – -20.1, p<0.001) 

2.6 (-0.1 – 5.3, p=0.061)  
* estimate, 95% Confidence Interval (CI) , and p-value of the chi-squared tests 

 

  



Composite completeness score at enrollment 

The overall mean CCS score was 47.0% for enrollment visits. The mean CCS score was 42.0% 

for children, 50.1% for adolescents, and 47.7% for adults (see figure 1). After adjusting for 

clustering, adolescents had significantly higher average CCS score compared to children 

(difference = 8.1%, 95% CI: 2.2 – 14.0, p= 0.007)]; but no significant difference in average CCS 

score compared to adults (difference = 2.4%, 95% CI: -0.5 – 5.4, p <0.110); and adults had notably 

higher average CCS scores compared to children though this was not statistically significant 

(difference = 5.7%, 95% CI: -0.5 – 11.8, p=0.070). 

 

Multivariable analyses of enrollment CCS scores 

Table 4.3 provides the details of inferential analysis. In multivariable analysis that accounted for 

clustering at facility level, age group was significantly associated with CCS  scores at the 

enrollment visit. Children had significantly lower CCS scores compared to adults i.e., 5.90 

percentage points lower on average [-5.44 (95% CI: 6.36 – -5.43, p <0.001]. On average, male 

patients had CCS scores that were significantly higher than female patients, i.e., 0.43 percentage 

points higher (0.76, 95% CI: 0.43 – 1.09, p <0.001). The year of enrollment into care was also 

significantly associated with completeness of documentation, with each additional year being 

associated with a 0.55 percentage points lower score compared to the preceding year (-0.55, 95% 

CI: 0.65 – -0.46, p <0.001]. Compared to public facilities, facilities with mixed ownership (joint 

private and public ownership) had an average of 14.77 percentage points lower CCS scores (-

14.77, 95% CI: -28.58 – -0.97), p=0.036) compared to public facilities. Facility level, total patient 

volume, and duration of EMR use were not associated with completeness of documentation at the 

enrollment visit. 

  



Table 4.3: Patient and facility factors associated with Composite Completeness Score at 
enrollment, accounting for clustering by facility (N=36,965) 

Table 4.3 Enrollment CCS score factors 1 

 

Return visit completeness 

Table 4.4 provides a summary of completeness of variables at the return visits. Overall, 123,608 

return visits which included 14,827 pediatric return visits, 4,617 adolescent return visits, and 

104,164 adult return visits were analyzed. For return visits, documentation of weight and height 

N (%)/  
Median (IQR)/ 

Range 

Unadjusted† 
β (95% CI) 

P value Adjusted*  
β (95% CI) 

P value 

Patient characteristics  
Age groups      

Adult 30175 (81.6) Ref (baseline CCS: 46.8)  Ref   

Child 
5383 (14.6) -5.44 (-5.94 – -4.94) <0.001 -5.90 (-6.38 – -5.43) <0.001 

Adolescent  1407 (3.8) 0.07 (-0.96 – 0.65)  0.884 -0.80 (-1.62 – 0.03) 0.058 
Sex      

Female 20943 (56.7) Ref (baseline CCS: 47.6)  Ref  

Male 14890 (40.3) 0.43 (0.10 – 0.76) 0.011 0.76 (0.43 – 1.09) <0.001 
Year of enrollment 2016-2022 -0.57 (-0.67 – -0.47) <0.001 -0.55 (-0.65 – -0.46) <0.001 
Facility characteristics N=58 facilities  
Facility level      

Hospital 11 Ref (baseline CCS: 47.1)  Ref  
Health center 44  1.82 (-11.83 – 15.47) 0.794 -1.07 (-15.48 – 13.34) 0.884 

Dispensary 
3  -14.65 (-41.13 – 11.83) 0.278 -14.52 (-40.45 – 11.40) 

 
0.272 

Facility ownership      
Public 23 Ref (baseline CCS: 50.1)  Ref  

Private 23 1.94 (-9.57 – 13.44) 0.742 1.62 (-9.81 – 13.05) 0.781 
Mixed 12 -15.01 (-28.90 – -1.11) 0.034 -14.77 (-28.58 – -0.97) 0.036 

Total patient volume** 
3823 (787-

16613) 
-0.02(-0.37 – 0.34) 

 
0.923 0.06 (-3.40 – 3.51) 0.975 

Duration of EMR 
(years) median (IQR) 

15 (11-17) -0.02 (-1.17 – 1.12) 0.968 0.03 (-1.08 – 1.14) 
 

0.955 

†Analysis accounting for clustering at facility level 
*Multivariable models included all patient and facility-level characteristics and accounted for clustering. 
IQR- interquartile range; CI – confidence interval 
**Coefficients represent change in completeness for each 1000 person increase in facility volume. 



data at return visits was complete for 33.2% and 23.0% of the patients, respectively; children had 

the lowest percentage of complete weight and height documentation (28.2% and 22.6%, 

respectively) compared to adolescent patients (34.5% and 23.4%, respectively) and adults (33.9% 

and 23.0%, respectively). Overall completeness of weight was higher in return visits compared to 

enrollment visits (33.2 % vs 28.4%), but height data was less complete at return visits compared 

to enrollment visits (23.0% vs 25.9%). Similar to enrollment visits, data on WHO staging was 

poorly documented with completeness percent of 0.3%, 3.9%, and 5.0% among children, 

adolescents and adults, respectively. More than half (53.5%) of all return visits had documentation 

of ART adherence assessment; documentation of adherence was lowest among children (18.7%), 

higher among adolescents (57.8%), and highest among adults (58.3%). Among return visits, 

documentation of TB screening and isoniazid administration was 73.1% overall, and highest 

among children at 76.2%, while adolescents and adults had 70.1% and 72.7% completeness, 

respectively. This was higher than the 60.0% completeness of TB screening and isoniazid 

administration data at enrollment visits. Overall, complete documentation of cotrimoxazole was 

lower in return visits (16.6%) compared to documentation in enrollment visits (40.3%); lowest 

among children (12.3%), lower among adolescents (14.8%), and documentation was highest 

among adults (17.3%). Overall, timely documentation of the first viral load within 12 months of 

enrollment among patients eligible for VL testing was low at 17.0%; it was lowest among children 

(6.8%), but higher among adolescents (25.8%) and adults (21.6%) – table 4.4. 



Table 4.4: Completeness proportions for variables at return visits, overall and by age group, across 57 HIV clinics in Haiti (N= 
123,608) 
 
Table 4.4 Return visit variables 1 

Documented 
variables 

All patients 
Completeness N/ 
Total N=123,608 

N (%) 

Children (0-9) 
Completeness N/ 
Total N=14,827 

N (%) 

Adolescents (10-19) 
Completeness N/ 
Total N= 4,617 

N (%) 

Adults (>20) 
Completeness N/ Total 

N=104,164 
N (%) 

p-value (95% CI)) 
[children vs adolescents] 

[children vs adults] 
[adolescent vs adults] 

 
Return visit 

 

Weight 41093/ 123608 
(33.2) 

4175/ 14827  
(28.2) 

 

1593/ 4617  
(34.5) 

 

35325/ 104164 
(33.9) 

 

 -6.3 (-7.9 – -4.8, p<0.001) 
 -5.8 (-6.5 – -5.0, p<0.001) 
 0.6 (-0.8 – 2.0, p=0.416) 

Height 28408/ 123608 
(23.0) 

 

3350/ 14827  
(22.6) 

 

1080/ 4617  
(23.4) 

 

23978/ 104164 
(23.0) 

 

 -0.8 (-02.2 – 0.6, p=0.268) 
-0.4 (-1.1 – 0.3, p=0.253) 
0.4 (-0.9 – 1.6, p=0.569) 

WHO stage 
 

5405/ 123608 
(4.4) 

 

49/ 14827  
(0.3) 

 

179/ 4617  
(3.9) 

 

5177 / 104164 
(5.0) 

 

 -3.6 (-4.1 – -3.0, p<0.001) 
 -4.7 (-4.8 – -4.5, p<0.001) 
-1.1 (-1.7 – -0.5, p=0.001) 

Adherence 
assessment 

66183/ 123608 
(53.5) 

 

2777/ 14827  
(18.7) 

 

2667/ 4617  
(57.8) 

 

60739/ 104164 
(58.3) 

 

 -39.1(-40.6 – -37.5, p<0.001) 
 -39.6 (-40.3 – -38.9, p<0.001) 

 -0.5 (-2.0 – 0.9, p=0.471) 
TB screening 90306/ 123608 

(73.1) 
 

11297/ 14827  
(76.2) 

 

3235/ 4617  
(70.1) 

 

75774/ 104164 
(72.7) 

 

6.1 (4.6 – 7.6, p<0.001) 
3.5 (2.7 – 4.2, p<0.001) 

-2.6 (-4.0 – -1.3, p<0.001) 
Isoniazid 
Prophylaxis 

90306/ 123608 
(73.1) 

 

11297/ 14827  
(76.2) 

 

3235/ 4617  
(70.1) 

75774/ 104164 
(72.7) 

 

6.1 (4.6 – 7.6, p<0.001) 
3.5 (2.7 – 4.2, p<0.001) 

-2.6 (-4.0 – -1.3, p<0.001) 
Cotrimoxazole 
prophylaxis 

20580/ 123608 
(16.6) 

 

1829/ 14827  
(12.3) 

 

683/ 4617  
(14.8) 

 

18068/ 104164 
(17.3) 

 

-2.5 (-3.6 – -1.3, p<0.001) 
-5.0 (-5.6– -4.4, p<0.001) 
-2.5 (-3.6 – -1.5, p<0.001) 

First viral load* 2426/ 14,291 
(17.0%) 

 

69/ 1016  
(6.8) 

 

78/ 302  
(25.8) 

 

2279/ 10547 
(21.6) 

 

-19.0 (-24.4 – -13.6, p<0.001) 
-14.8 (-16.6 – -13.0, p<0.001) 

4.2 (-0.9 – 9.4, p=0.092) 
*Timely documentation of the first viral load after VL test was ordered among eligible patients who have been in care for at least 6 months. Denominators are 
based on the number of individuals who were eligible for their first viral load.  



The overall mean return visit CCS score was 39.6% (SD= 22.7); 33.5% for children, 39.2% for 

adolescents and 40.4% for adults. After adjusting for clustering, children had a significantly lower 

average CCS score compared to adolescents (difference = -5.7%, 95% CI: -10.6 – -0.8, p=0.023); 

and adults (difference = -6.9%, 95% CI: -11.9 – -2.0, p=0.006); and adolescents had lower average 

CCS score compared to adults (difference = -1.2%, 95% CI: -3.4 – -1.0, p <0.001). 

 

Multivariable analysis of return visit CCS scores and first VL documentation 

Table 4.5 provides the details of the analysis based on return visit CCS scores and first VL 

documentation. In the full multivariable model, both children and adolescents, on average, had 

significantly lower CCS scores than adults i.e., 8.43 points lower (-8.43, 95% CI: -8.70 – -8.17, p 

<0.001), and 1.10 percentage points lower (-1.10, 95% CI: -1.55 – -0.66, p <0.001), respectively. 

The year of enrollment into care was also significantly associated with completeness of 

documentation, with each additional year being associated with 0.41 percentage points lower CCS 

score compared to the preceding year (-0.41, 95% CI: -0.47 – -0.35, p <0.001). The aforementioned 

findings were similar to enrollment visit findings. On average, male patients had CCS scores that 

were significantly higher than women, i.e., 0.50 percentage points higher (0.50, 95% CI: 0.33 – 

0.68, p <0.001). This association was also observed in the enrollment visit. Similar to the 

enrollment visit, facility level (i.e., hospital, health center, dispensary), facility ownership (public, 

private, mixed), total patient volume, and duration of EMR use were not significantly associated 

with completeness of documentation at the return visit., i.e., after including variables that were 

significant in bivariable analysis (age group, and year of enrollment).    

With regard to timely first VL documentation completeness, in the full multivariable model, being 

a child was significantly associated with 80% lower odds in completeness of documentation 

compared to adults (adjusted OR (AOR) = 0.21, 95% CI: 0.16 – 0.28, p<0.001). A more recent 

year of enrollment was significantly associated with 24% higher odds of first VL documentation 

completeness compared to the preceding year (AOR = 1.204 95% CI: 1.21 – 1.28, p<0.001). Each 

additional year of EMR use (i.e., duration of EMR use) was also associated with 21% higher odds 

of first VL documentation completeness (AOR = 1.21, 95% CI: 1.09 – 1.34, <0.001). Sex, facility 

level, facility ownership, and total patient volume were not associated with complete first VL 

documentation. See table 4.5.



Table 4.5: Patient and facility factors associated with return visit Composite Completeness Score (CCS score) and first viral 
load completeness 

Table 4.5 Return visit CCS score factors 1 

 Return visit CCS scores First Viral load (VL) completeness 
N /  

Median (IQR) 
Unadjusted† 
β (95% CI) 

P value Adjusted*  
β (95% CI) 

P value Unadjusted OR 
(95% CI) 

P value Adjusted OR*  
(95% CI) 

P value 

Patient characteristics (N=123,608) Patient N =14,291 
Age groups          

Adult 104164  Ref (baseline CCS: 39.0)  Ref  Ref  Ref   

Child 
14827   

 
-8.35 (-8.62 – -8.09) <0.001 -8.43 (-8.70 – -8.17) <0.001 0.25 (0.19 – 0.32) <0.001 0.21 (0.16 – 0.28) <0.001 

Adolescent  
4617   

 
-1.02 (-1.47 – -0.57) <0.001 -1.10 (-1.55 – -0.66) <0.001 1.20 (0.92 – 1.56) 0.171 1.10 (0.84 – 1.43) 0.496 

Sex          
Female 73560 Ref (baseline CCS: 38.2)  Ref  Ref  Ref  

Male 50006 0.04 (-0.15 – 0.24) 0.679 0.50 (0.33 – 0.68) <0.001 0.99 (0.91 – 1.10) 0.958 1.05 (0.96 – 1.16) 0.307 
Year of enrollment⁑  -0.41 (-0.47 – -0.35) <0.001 -0.46 (-0.52 – -0.40) <0.001 1.20 (1.16 – 1.25) <0.001 1.24 (1.21 – 1.28) <0.001 
Facility characteristics N=57 facilities      
Facility level          

Hospital  
11  
 

Ref (baseline CCS: 36.6)  Ref  Ref  Ref  

Health center 
43 
 

2.85 (-10.03 – 15.73) 0.665 2.19 (-10.69-15.07) 0.739 0.54 (0.19 – 1.57) 0.261 0.88 (0.32 – 2.45) 0.808 

Dispensary 3  -8.85 (-33.87 – 16.18) 0.490 -9.06 (-34.07-15.95) 0.478 0.32 (0.03 – 2.98) 0.315 0.95 (0.12 – 6.82) 0.960 
Facility ownership          

Public 22 Ref (baseline CCS: 39.1)  Ref  Ref  Ref  
Private 23 3.58 (-7.44 – 14.60) 0.525 3.08 (-7.95 – 14.11) 0.584 0.42 (0.17 – 1.06) 0.065 0.60 (0.23 – 1.59) 0.306 
Mixed 12 -10.85 (-24.15 – 2.44) 0.110 -10.81(-24.12 - 2.50) 0.111 1.02 (0.35 – 3.03) 0.964 1.16 (0.42 – 3.17) 0.772 



  

Total patient 
volume**  

3828 (795 – 
17509) 

3.44 (-29.80 – 36.68) 0.839 4.94 (-2.83 – 3.81) 0.770 1.00 (0.99 -1.00) 0.283 1.00 (0.99 – 1.02) 0.963 

Duration of EMR 
(years)  
median (IQR) 

15 (11 – 17) -0.09 (-1.22 – 1.03) 0.870 -0.06 (-1.19 – 1.06) 0.912 1.22 (1.11 – 1.35) <0.001 1.21 (1.09 – 1.34) <0.001 

†Analysis accounting for clustering at facility level and patient level 
*Fully adjusted multivariable models were used. 
⁑ Year of enrollment from 2016-2022 
OR: Odds ration; IQR- interquartile range; CI – confidence interval 



DISCUSSION 
 
In this retrospective study of EMR data from HIV clinics in Haiti, we found that overall 

documentation of care processes and clinical variables was less than 50% at both enrollment and 

return visits. Children had significantly lower data completeness in the EMR compared to 

adolescent and adults. Further, newer enrollments had less complete data, and overall data 

completeness declined; however, timely first viral load documentation completeness increased 

over time and with longer duration of EMR use. Important care processes and clinical variables 

like WHO staging, adherence assessment, cotrimoxazole prophylaxis, and first viral load results 

were poorly documented, especially in children when compared to adolescents and adults.  

Factors associated with overall documentation completeness at enrollment and return visits were 

age, sex, and year of enrollment in HIV care; however, the difference in completeness scores 

between sexes was very small and may not be scientifically meaningful. Age, year of enrollment, 

and duration of EMR use were significantly associated with timely first VL completeness. Facility 

ownership was the only facility characteristic that was associated with the overall completeness 

score, albeit weakly. Duration of EMR use was also associated with first VL completeness but this 

could be due to maturation of the national VL program more than EMR use. Nevertheless, 

documentation completeness was lowest for the first VL and cotrimoxazole prophylaxis; however, 

this could be due to a variety of reasons beyond documentation, and it is difficult to parse out the 

factors resulting in this. More specifically for VL, we posit that, in addition to poor documentation, 

patient hesitancy to access VL tests, low retention in care, shortage of lab supplies, and long 

turnaround times for VL results could have contributed to low documentation. 

To our knowledge, this is the first large-scale study to assess EMR data quality and compare 

documentation completeness across age groups in a low-resource national HIV program. A study 

of Haiti’s EMR system from 2005-13, revealed higher, albeit variable levels of completeness 

across varied indicators such as height, TB status, and ART eligibility. The prior study 

demonstrated improved data quality overtime, unlike our present evaluation which only showed 

reducing data completeness over the years except for timely first VL documentation that[107]. The 

prior study demonstrated that facility factors (such as facility level, and maturity of EMR) were 

associated with data completeness – a finding that was not observed in our more recent evaluation 



except for facility ownership which was statistically significant at enrollment and had a large 

association with completeness (albeit not statistically significant) at return visit.  

Other studies have assessed documentation completeness in different domains of routine health 

programs in LMICs such as TB and HIV care, and prevention of mother-to-child transmission of 

HIV (PMTCT), and national Health Management Information Systems (HMIS), without 

comparing completeness across age groups. An evaluation of Rwanda’s national HMIS assessed 

data completeness, measured as percentage of non-missing reports, and found increasing levels of 

data completeness overtime [46]. A cross-sectional study of an ART clinic in Ethiopia found 76% 

completeness of EMR data, which was slightly lower compared to paper-based data [37]. 

Conversely, our evaluation found decreasing levels of completeness with each increasing year 

when assessing CCS scores; however, the timely completeness of first viral load increased 

significantly with each additional year in our evaluation. This likely reflected the scale up of VL 

availability rather than improved documentation practices, though we can’t disentangle this. 

A study evaluating routine data quality in PMTCT programs across three large, high HIV-

prevalence Districts in South Africa showed that data was neither complete nor accurate [108]. An 

evaluation of a TB Surveillance System which used Electronic TB Register in South Africa 

revealed low levels of completeness and reliability of data with likely implications on the 

notification and treatment of patients newly diagnosed with TB [109].  

This present evaluation demonstrates that documentation continues to be a challenge within 

routine HMIS in resource-constrained settings; particularly, less complete documentation for 

children. Good data quality is associated with better health system performance and improved 

health outcomes [62]. Conversely, poor documentation and data quality will potentially be 

associated with suboptimal care and poor health outcomes among historically vulnerable groups 

like CLHIV [110]. For example, lower documentation of care processes e.g., weight, height, 

adherence, and WHO stage would result in inappropriate ART dosage, inability to detect failure 

to thrive, and delayed detection of poor adherence and drug resistance in children with declining 

clinical status. Poor tracking of care could inadvertently contribute to dismal clinical outcomes 

and low retention among CLHIV and thus fuel the vicious cycle of poor follow-up and retention 

in care [101,111].  



Another finding of this evaluation is the deteriorating data completeness over time. Return visits 

and newer enrollments, by year, were associated with poorer data documentation. This could partly 

be due to the COVID-19 pandemic which spanned more than one third of the evaluation’s time 

frame. The disruptions in service delivery may have contributed to documentation failure as 

demonstrated in other settings. A multi-country assessment found that completeness of data 

reporting on maternal and child health indicators reduced after the pandemic [112]. Other factors 

include increased documentation burden programs scale up – the numbers of patients increases 

and outpaces the capacity of HIV programs information systems[101,113]. This paradox of 

successful scale up and deteriorating data quality was described in Nigeria [113]. Additionally, a 

study of the SmartCare EMR system in Zambia showed that increasing data demands, staffing 

shortage and lack of supplies may have contributed to declines in data quality [114]. Despite 

declining documentation completeness for a majority of care processes, completeness of timely 

viral load documentation increased with time and with longer duration of EMR use. This could be 

as a result of maturation over time alongside mounting global and national investment in viral load 

monitoring, registries and reporting as a requirement for PEPFAR and other funding agencies 

[115].  

Other programmatic modifications, such as differentiated service delivery and challenges scaling 

up monitoring and evaluation systems, could potentially contribute to lack of synchronization of 

data collected from clinic- and community-based encounters [116]. Further, staff turnover and lack 

of refresher training may contribute to documentation gaps in the EMR. All these are factors that 

need further exploration and comprehension. This declining trend in completeness has potential 

ramifications on the care of newly enrolled patients, who are more vulnerable to loss of follow-up 

and poor retention. Poor documentation from the outset puts patients at an initial disadvantage as 

the pattern is likely to be carried forward. Further, interventions that rely on complete and timely 

documentation may be administered late if not all. For example, lack of weight data for appropriate 

ART dosage in children and lack of WHO stage for timely clinical intervention and assessment of 

treatment failure among other concerns.     

Missing data is one of the most prevalent challenges of routine HMIS [117,118]. The impact of 

incomplete data goes beyond compromising patient management - it undermines: 1) utility of data 

for research and evaluation of policy implementation; 2) upstream organizational and national 



operations required for forecasting programmatic needs; and 3) informed planning of the national 

– and global – HIV response [115]. National health systems and supporting partners should 

continue to put data quality at the center of health system strengthening efforts [119]. Various 

strategies to consider include use of more robust data quality evaluation designs, data quality 

audits, staff training and feedback, supportive supervision, and technical support including use of 

unique patient identifiers to allow for data linkages across routine data sets [28,54]. A study in 

Viet Nam that assessed the completeness of death records in the HMIS showed highly levels of 

data completeness which could have further been augmented by triangulation with data from 

various sources [120].  

Our evaluation had a number of strengths including the use of large-scale routine clinical data that 

is widely spread geographically. As such, the findings are highly applicable and relevant to Haiti. 

This offers findings that could potentially prompt change in the HIV program and HMIS. The 

methods used in this evaluation may also be generalizable to other similar settings and may shed 

light on documentation challenges in other low resource settings, particularly in children and 

adolescents. With regard to limitations, the observational design renders this evaluation vulnerable 

to confounding and causation cannot be inferred. Additionally, the proportion with complete 

documentation of the first VL is likely to be an underestimate because patients eligible for first VL 

who did not get the test will erroneously be classified as having incomplete data.  Further VL 

specific analysis using mixed methods designs would be instrumental in understanding the VL test 

cascade and identify where the gaps occur between VL ordering to VL result documentation.  

CONCLUSION 
 
Overall, children had lower CCS scores compared to adolescents and adults, at both enrollment 

and return visits. Children were most likely to have poorly documented WHO staging, 

cotrimoxazole prophylaxis, and first viral load result documentation, thus potentially least likely 

to have optimal HIV management. As digital health interventions like EMR expand, the presence 

of digital health inequities should be anticipated and measured to ensure that no one left behind. 

Further evaluation and health provider support are needed to close the documentation gap and 

ensure complete data for comprehensive HIV management, especially among children, 

adolescents, and new patients in expanding HIV programs. 



Chapter 5: Conclusions 
 
SUMMARY OF FINDINGS 
 
In this chapter 2 of this evaluation, we demonstrated that the DHIS2 is a convenient and readily 

available source of nationwide longitudinal HIV data for DQ assessment in Kenya. Data driven 

approaches to DQ assessment can be efficient and time-saving, thus potentially feasible to 

implement frequently.  We successfully developed a data-driven approach for examining large 

volumes of data by computing three data-driven composite scores reflecting completeness, 

consistency, and discrepancy (plausibility).  

These findings add to the base of evidence on national data quality in Kenya given they are 

uniquely based on a large, longitudinal sample and thus offers a broader snapshot of the status of 

data completeness in Kenya. Our evaluation builds on findings from studies in different settings 

which were disadvantaged by shorter follow-up periods and/or small sample sizes. We 

demonstrated that overall data completeness in Kenya was strikingly low with 40% missing data 

on average. The most problematic indicators were related to ANC- and L&D-related data which 

were largely incomplete – these contrasts several smaller scale studies which report higher levels 

of data completeness in SSA.  

In contrast to data completeness scores, facilities had better accuracy, as captured by consistency 

and discrepancy scores – a finding that was consistent with findings from other studies. After 

stratifying the data, we found that general HIV care data had higher levels of discrepancy compared 

to ANC- and L&D-related data. In-depth exploration of the disparate performance across service 

departments and specific indicators is needed to understand context and barriers to tailor 

appropriate interventions. The DHIS2 can regularly be assessed using these efficient approaches 

to determine the quality of its data and ensure it fit for use by national policy makers. 

 

In chapter 3, we assess the impact of EMR on DHIS2 data quality. There is existing research 

describing data quality within electronic data systems, but less research examining the evidence 

for causal effects of EMR implementation on quality of aggregate data reported from health 

facilities to the national HMIS. Our interrupted time series analysis showed no evidence that 

transitioning to EMR implementation was associated with DHIS2 data quality as captured by the 

discrepancy score. This could be attributed to the low degree of discrepancy at baseline (i.e., good 



or favorable). These null findings suggest that the presence of EMRs alone is insufficient to 

achieve strong aggregate data quality in the national HMIS. This could be an indication that further 

optimization of EMR usage is needed to improve data quality within the EMR (which we did not 

directly study), or that automated data exchange between the EMR and DHIS2 is necessary to 

realize better HMIS data quality, or both. Studies have shown several barriers to EMR 

implementation which may be associated with poor data quality including lack of provider training 

and failure to standardized EMR use such as dual or parallel documentation, EMR features, 

frequency of data quality assessments, and resource constraints. These factors need systematic 

exploration and design of remedial interventions to address context-specific challenges. 

Our cross-sectional facility survey revealed facility and EMR implementation factors that were 

associated with data quality. Health centers and higher facility volumes were associated with 

higher discrepancy scores (thus worse data quality) compared to dispensaries. The type of EMR 

software used was associated with data quality. We postulate that potential disparities in usability 

of the software along with variations in the extent of technical support and funding provided by 

implementing partners may have contributed to this association. We found that there was a weak 

association between the data quality and the frequency of RDQAs; however, the mode of EMR 

implementation (i.e., whether point-of-care, retrospective or hybrid data entry) was not associated 

with data quality.  

More work is needed to understand systemic deficits that hinder health provider acceptance, 

uptake, and meaningful use of EMRs. This work should be coupled with continuous quality 

improvement efforts and design of contextually appropriate implementation strategies to 

strengthen the uptake of EMRs. Ministries of Health need to further invest in standardized 

processes for supporting, monitoring, and evaluating EMRs regardless of the type of EMR 

software in use. Further consideration is needed to synergize EMR platforms to ensure 

interoperability between different software and minimize gaps in their performance. Strategies 

such as training health providers, infrastructure support, modifying electronic tools, designing 

usable and interoperable systems, data audits, and sustainable technical support from ministries of 

health are critical for optimal implementation of EMRs. Finally, evaluation of EMRs takes time, 

thus researchers, implementers and policy makers need to factor in longer timeframes for follow-

up and concurrently focus on EMR usage, data quality, and identification of associated facility or 

EMR factors. 



 

Chapter 4 describes our retrospective evaluation on data completeness in HIV clinics in Haiti. Our 

evaluation demonstrated that completeness of documentation of clinical variables and care 

processes was less than 50% at enrollment and return visits. Documentation of care processes and 

clinical variables like WHO staging, adherence assessment, cotrimoxazole prophylaxis, and first 

viral load results was assessed across age groups i.e., children, adolescents, and adults. To our 

knowledge, this is the first large-scale study to assess EMR data quality and compare 

documentation completeness across age groups in a low-resource national HIV program. 

Children had significantly lower data completeness in the EMR compared to adolescents and 

adults. Further, newer enrollments had less complete data, and overall data completeness declined 

with time; however, timely first viral load documentation completeness increased over time and 

with longer duration of EMR use. Documentation completeness was lowest for the first VL and 

cotrimoxazole prophylaxis. Factors that were significantly associated with overall documentation 

completeness were age, sex, and year of enrollment in HIV care. Age, year of enrollment, and 

duration of EMR use were significantly associated with timely first VL documentation 

completeness. While facility ownership was the only facility characteristic that was associated 

with completeness, the association was weak.  

Our evaluation in Haiti demonstrates that documentation continues to be a challenge within routine 

HMIS in resource-constrained settings; particularly, less complete documentation for children. 

The declining trend in completeness is concerning as it has potential ramifications on the care of 

newly enrolled patients who are potentially more vulnerable to loss of follow-up and poor 

retention. Poor documentation from the outset puts patients at an initial disadvantage as the pattern 

is likely to be carried forward and may delay timely clinical intervention. It is expected that digital 

health interventions would increase access to healthcare and improve health outcomes for all. 

However, the use of EMRs is still associated with inequities in data quality – an issue that needs 

further exploration and research.  

---- 

Overall, missing data is one of the most prevalent challenges of routine HMIS in LMICs. The 

impact of incomplete data goes beyond compromising patient management - it undermines: 1) 



utility of data for research and evaluation of policy implementation; 2) upstream organizational 

and national operations required for forecasting programmatic needs; and 3) informed planning of 

the national – and global – HIV response. Various strategies to consider include the use of more 

robust data quality evaluation designs, data quality audits, staff training and feedback, supportive 

supervision, and technical support including use of unique patient identifiers to allow for data 

linkages across routine data sets. The findings from our evaluation can inspire more attention and 

investment in data quality and may light the path to effective expansion of EMR to comprehensive 

care – a crucial step to realizing universal health coverage. 

 
IMPLICATIONS FOR RESEARCH 
 
Further understanding of the mechanistic link between EMRs and data quality in HMIS will be 

necessary to integrate EMRs fully and meaningfully into routine healthcare settings in LMICs. 

More robust experimental designs that incorporate qualitative methodology are needed to explore 

reasons behind poor data quality and inequities. There is also an important role for implementation 

science research, to provide a framework for understanding barriers and facilitators of EMR use, 

the core components of EMR implementation, and how these can be adapted to suit different 

contexts in which EMRs are introduced, e.g., rural vs urban, private vs public health facilities. 

Further, mixed methods research is needed to characterize population groups that are more likely 

to have suboptimal data quality, the reasons for disparities in data quality, and investigation of 

strategies to address these disparities. 

 

  



Acronyms 
 
AIDS  Acquired immunodeficiency syndrome 

ACF  Autocorrelation function 

ANC  Antenatal care 

AOR  Adjusted Odds Ratio 

ART  Antiretroviral therapy 

CCS  Composite completeness score 

CI  Confidence interval 

CDC  Center for Disease Control and Prevention 

CLHIV Children living with HIV 

DHIS2  District Health Information System version 2 

DQ  Data quality 

DQA  Data quality assessment 

EMR  Electronic Medical Record 

ESRC  Ethical Scientific Review Committee 

GLM  Generalized Linear Models 

GLMM Generalized Linear Mixed Models 

HAART Highly Active Antiretroviral therapy 

HMIS  Health Management information system 

HIV  Human immunodeficiency virus 

ICC  Intracluster correlation 

IQR  Interquartile range 

L&D  Labor and Delivery care 

LMIC  Low- and middle-income countries 

MOH  Ministry of Health 

MSPP  Haitian Ministry of Health 

OR  Odds Ratio 

PACF  Partial autocorrelation function 

PEPFAR President’s Emergency Plan for AIDS Relief 

PLHIV  people living with HIV 

PMTCT prevent mother-to-child transmission of HIV 



PRISM Performance of Routine Information System Management framework 

RDQA  Routine data quality assessment 

SD  Standard Deviation 

SSA  sub-Saharan Africa 

TB  Tuberculosis 

UNAIDS Joint United Nations Programme on HIV/AIDS 

VL  Viral Load 

WHO  World Health Organization  
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