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Background and Purpose: Community Health Workers (CHW’s) are often the only link to
healthcare for millions of people in the developing world. Mobile-health or ‘mHealth’ tools can
support CHWs in monitoring and evaluation, disease surveillance, and point-of-care diagnostics.
However, there is a lack of evidence on the impacts of mHealth on CHW performance. To address
this gap, we determine a set of measures along which to evaluate the impact of mHealth tools on
CHW performance.

Methods: Using a quasi-experimental post-test design we compare CHWs using an mHealth tool
(n=196) with those using a paper-based system (n=199). The empirical context for the study is peri-
urban communities in Kenya and data was collected using a survey instrument.

Results: Results provide evidence of impacts of mHealth tool use on objective and perceptual
performance measures.

Conclusions: CHWs using mHealth tools capture and transmit higher percentages of monthly cases
on time and without missing data, and are highly satisfied with the contribution of the tool to their
performance.
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1 Introduction

Community Health Workers or CHW’s are often the only link to healthcare for millions of people in the
developing world. They contribute by conducting monitoring and evaluation exercises and disease
surveillance, and providing point-of-care diagnostic support [2, 24]. CHW’s also link households in their
communities to skilled healthcare practitioners in clinics and hospitals — for the treatment of complicated
illnesses or specialized maternal care [2]. As a consequence, supporting CHW’s at the point-of-care is
thus of significant importance. One-way to achieve this is through the application of mobile-health or
‘mHealth’ technologies [2, 3]. These platforms offer the promise of improving CHW performance by
facilitating the capture, storage, transmission and retrieval of health data — whilst representing the most
immediate and cost effective way to save lives and improve care in low-resourced community settings
[4]. Unfortunately, mHealth initiatives are often unsustainable pilot projects that not only fail to ‘scale-
up’ meaningfully, but also expire once initial funding is exhausted. For example, between 2008 and 2009,
23 mHealth initiatives were introduced in Uganda, yet none ‘scaled-up’ beyond the pilot phase. Similarly,
in 2009, despite the launch of over 30 mHealth initiatives in India, none were fully deployed to scale [4].
This is exacerbated by a lack of substantive evidence regarding the impacts of mHealth tools on
healthcare service delivery and CHW performance [2, 4]. The purpose of this paper is to address this gap.
More specifically, this paper aims to (a) determine a relevant set of measures along which to evaluate the
impact of mHealth tools on CHW performance, and (b) use these measures to compare CHW’s in
mHealth technology-enabled and paper-based system settings. The study employs a quasi-experimental
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post-test-only design [5, 6, 7, 8] to compare a group of CHW’s using an mHealth tool (see Figure 1), to a
reference group using a traditional paper-based tool — where the empirical context for the study is peri-
urban communities in Kenya. This comparison would provide much needed evidence of mHealth impacts
on CHW performance. In order to be an effective link between their communities and the broader
healthcare system (including hospitals and clinics) - CHW’s have to do a reliable job of capturing health
data and reporting on typical tasks of monitoring, health promotion, and referral that they perform. It is
therefore important to evaluate the extent to which mHealth can be associated with improved task
performance and enhanced reporting.
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Figure 1. Monitoring task interface for ‘OpenMRS’ compatible mHealth tool used in Nandi County (one of the study
sites)

There has been sustained interest in understanding the impacts of Information Technologies (IT’s) on
individual user performance [9]. Various studies use self-reported, often perceptual indicators of
individual performance in the accomplishment of tasks — whereby higher performance implies a mix of
improved efficiency, effectiveness, and higher quality [9, 10, 11, 12, 13, 14]. These dimensions of
individual performance can be understood as follows. Firstly, effectiveness is the individual’s completion
or accomplishment of tasks and includes the speed with which the tasks are performed [9, 12]. The
availability of advanced information technologies is often associated with improvements in effectiveness
by aiding the timeliness of output produced [15] - in addition to providing information in a format that
easily allows for reliable decision support. Secondly, efficiency is the time taken to complete tasks using
minimal resources or the extent to which an individual does more work in the least amount of time and at
lower cost [9]. Advanced information technologies are expected to improve user efficiency by enabling or
limiting work activities [15], by automating time-consuming tasks or reducing wastage of available
resources. Thirdly, quality is the extent to which an individual performs a task or set of tasks, whilst
committing minimal errors, with improved decision making yielding better output [9, 11, 12]. The
availability of advanced information technologies is expected to enhance the quality of information [15]
by allowing for improved data validation and thus reducing or preventing errors. To capture such
performance, many past studies e.g. [16, 17, 18] have used self-reported perceptual measures, with items
such as ‘the system has improved my productivity’. In addition to these perceptual aspects of
performance, a number of more objective indicators also exist in the CHW context [19]. These encompass
measures similar to workload (number of reported monthly cases), throughput (% of households visited
monthly), flow time (hours taken to complete case reports weekly), and error rate (% of reports returned
to sender due to errors or inconsistencies). Thus both perceptual and objective measures can usefully be
included in a study of mHealth tool impacts on CHW performance. The study design used to compare the
individual performance of mHealth tools users to paper-based tool users is presented next.

2 Materials and methods

To address the study’s objective of comparing performance of CHWs operating in mHealth versus paper-
based settings, a quasi-experimental post-test-only design was used [5, 6, 8]. More specifically, an
intervention (X), namely the use of an mHealth tool, has been implemented for one group of CHW’s but
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not for a second control group [5]. If performance (O) were compared across both groups, then (O1)
would be individuals’ performance in the mHealth tool user group after the intervention, and (02) would
be individuals’ performance in the paper-based tool user group. This relationship is expressed in the
following formula:

Interventiongroup (mHealth Tool Users): X 01
Controlgroup (Paper-Based Tool Users): O2

This design allows us to evaluate the differences in performance between the intervention group
comprising users of mHealth tools, and the control group made up of users of paper-based tools. The use
of this quasi-experimental design was necessary because in this scenario, the researchers had no control
over the introduction of the intervention, and random assignment of CHWSs to either the intervention or
control groups was not possible. Moreover, since the intervention was already in progress at the time of
the study, it was also not possible to carry out a pre-test to ensure equivalence at baseline [7].
Consequently, the study relied on a post-test-only design [5]. A cross-sectional survey design was used to
collect data from CHWSs in each of the two groups. A structured questionnaire was developed as the
research instrument of choice [20, 21]. For the intervention group (X O1), data was obtained from CHWs
using an mHealth tool operating within peri-urban communities in the counties of Siaya, Nandi, and Kilifi
in Kenya. For the control group (02), data was obtained from CHWSs using a paper-based reporting
system operating within peri-urban communities in the counties of Nairobi and Nakuru in Kenya. A
proportionate stratified sampling approach with systematic random sampling [22] was used to construct
the sampling frame. Specifically, within each county, ‘k’ number of Community Health Units (CHU’s)
comprising CHW’s was identified, and a proportional number of CHW’s systematically drawn from lists
of CHW’s operating in each unit. The number drawn represented the sampling frame for each county.
Figure 2 illustrates the sampling approach followed.

Population N
CHW'’s in Kenya
Setting v \
mHealth Tool Paper-Based System
Sampling Frame
y Y y A
Siaya Nandi Kilifi Nairobi Nakuru
(n=120 CHWs) (n=92 CHWs) (n=100 CHWSs) (n=100 CHWs) (n=275 CHWs)
Sample l
\ 4 A A A
Data collected Data collected Data collected Data collected Data collected
from 112 from 77 CHW's from 68 CHW's from 90 CHW's from 263
CHW's CHW's

Figure 2. Sample design

In order to ensure content validity i.e. the extent to which items fully reflected the concepts being
measured [23], the survey instrument was firstly, developed from literature and secondly, administered to
eight experts - four academics (two Information Systems (IS) scholars and two social scientists), and four
healthcare service practitioners (one community health service expert and three health service field
officers) — all asked to scrutinize it and give an informed opinion about the item measures [7]. To ensure
face validity [7], the survey instrument was administered in a pilot study involving thirteen CHW’s from
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the mHealth tool user group and 15 CHW’s from the paper-based tool user group. Their
recommendations were incorporated into the instrument. For individual performance, the variables along
which we describe and compare these two user groups are both perceptual and objective measures that are
relevant to the context of CHW work. Eight items were used to capture the perceived impacts of the
respective tool (mHealth or paper-based) on the effectiveness, quality, and efficiency of the CHW. Items
1,4, 5, and 7 were drawn from [18] measuring effectiveness, quality, and efficiency, as aspects of task
productivity as a perceived impact of Information Technology (IT) use. Items 2, 3, and 8 were drawn
from [17], who also used these to measure effectiveness and quality, whereas item 6, drawn from [16],
provided an additional measure of task effectiveness.

To ensure construct validity, these individual performance measures were drawn from prior validated
instruments [21]. There were eleven objective performance measures — including reporting on various
quantities of work, as well as percentages affecting task completion and error rates. These measures
covered CHW workload (number of reported monthly cases), throughput (% of households visited
monthly), and flow time (hours taken to complete case reports weekly) to provide measures of
effectiveness in tool reporting. CHW error rate (% of reports returned to sender due to errors or
inconsistencies) and completeness of reporting (% of complete monthly reports) provided measures of
quality of reporting.

These measures were deemed most relevant following discussions held in the field with community
health specialists, coordinators, extension workers (2 to 4 in each county), and a handful of experienced
CHW’s. Various documents also supported selection of these performance indicators, including policy
reports on health worker performance assessment frameworks, monthly performance evaluation
checklists, and Community Health Extension Worker (CHEW) summary indicators. District level support
supervision checklists from the Ministry of Health (MOH) - Division of Community Health Services
(DCHS), community strategy manuals, and MOH registers used by CHW’s for reporting were also
reviewed. Some of these indicators are conceptually similar and comparable to those employed in health
studies by [19], [20], [25], and [26], yet adapted and contextualized for this study. The survey instrument
also elicited demographic data, namely — age, gender, education level, experience as a CHW (in years),
and tool (mHealth or paper-based) use experience (in months). Table 1 shows the survey instrument
items used to measure perceptual and objective CHW performance.

3 Results

3.1 Response Rate and Sample Profile

The survey instrument was administered to 687 respondents — 312 in the intervention group comprising
mHealth tool users (O1), and 375 in the control group (O2) comprising paper-based tool users. For O1,
257 responses were received from mHealth tool users, yielding an 82% response rate. For 02, 353
responses were received from paper-based tools users, for a 94% response rate. The data obtained from
respondents was screened for missing values and outliers using multivariate methods [27]. Cases with
large amounts of missing data or those with consistently extreme response sets were deleted. This resulted
in the exclusion of 52 responses from the mHealth tool user group and 136 from the paper-based tool user
group. Consequently, 205 usable responses for the mHealth tool user group, and 217 usable responses for
the paper-based tool user group were retained for analysis. The large number of missing responses was
not unexpected given conditions in the field setting in which the instrument was administered. Table 2
shows that across the two user groups, most respondents were relatively young. Amongst mHealth tool
users, the majority reported ages between 25 and 34 years (50%). Although a fairly similar trend was
followed amongst paper-based tool users (36%), there was however a statistically significant difference in
age between the two groups (U = 18418.500, p < 0.001). Specifically, there were proportionately more
respondents aged 45 years and older in the paper-based tool user group. Male and female users across the
two groups did not differ significantly: %* = 0.294, p = .588. In both groups, there are more female (62%
use mHealth tools and 65% use paper-based tools) than male (38% use mHealth tools and 35% use paper-
based tools) users. A Kruskal-Wallis test [28] showed users’ education levels did not differ significantly
across the two groups: x° = 0.239, p = .625. Most mHealth tool users have attained secondary level
education (74%). This is also evident for paper-based tool users, with most respondents (77%) educated
up to secondary school level. Similarly, there was no statistically significant difference in tool use
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experience across the groups: %° = 0.002, p = .965. Amongst mHealth tool users, most reported tool use
for five or more months (79%). Most paper-based tool users reported similar levels of tool use experience
(78%). Although, paper-based tool users had more years of experience as CHW’s (median = 3.50) than
mHealth tool users (median = 3.00 years), this difference was not statistically significant (p = .484).
Significant differences were thus found only in relation to age, whilst none were found with respect to
gender, experience as a CHW, education level, and tool use experience — thus establishing areas of non-
equivalence at baseline [29], controlled for in subsequent analyses. Given the low number of respondents
having ‘Less Than 1 Month’ and ‘1-2 Months’ of tool use experience, it was decided to omit them from
further analyses, and only those with ‘3-4 Months’ and ‘5 or More Months’ were retained. The
relationship between the objective user performance indicators and these relatively more experienced tool
users within each setting, i.e. mHealth (n=196) and paper-based (n=199) tool use is discussed in the next
section.

Table 1. CHW Performance Indicators

Dimension
No Item M e Effecti Efficiency | Quality
User Perceptions
PUP1 The mHealth / paper-based tool makes me more productive. Perceptual v
PUP2 | The mHealth / paper-based tool makes me more effective with Perceptual v
patients.
PUP3 The mHealth / paper-based tool improves my quality of patient care. Perceptual v
PUP4 | The mHealth / paper-based tool helps me save time. Perceptual v
PUPS The mHealth / paper-based tool helps me finish my tasks more Perceptual v
quickly.
PUPS Using the mHealth / paper-based tool improves my effectiveness in Perceptual v
performing tasks.
PUP7 The mHealth / paper-based tool improves the quality of my task Perceptual v
performance.
PUP8 The mHealth / paper-based tool helps me make fewer errors in Perceptual v
reporting.
Health Data Cap and Trar issi
OUP1 How many households do you visit per month? Objective v
OUP2 | What percentage of the households visited are you able to report? Objective v
OUP3 | Of the households visited, how many monitoring cases do you report Objective v
per month?
OUP4 Of the households visited, how many health promotion cases do you Objective v
report per month?
OUP5 | Of the households visited, how many referral cases do you report per Objective v
month?
OUPB In a typical week, how much time (in hours) do you take to complete Objective v
reports for monitoring cases?
OUP7 In a typical week, how much time (in hours) do you take to complete Objective v
reports for health promotion cases?
OuP8 In a typical week, how much time (in hours) do you take to complete Objective v
reports for referral cases?
OUPS9 | Of the cases reported per month, approximately what percentage are Objective v
completed on time?
OUP10 | Of the reports completed for all cases per month, what percentage Objective v
are complete (i.e. no missing data)?
OUP11 | What percentage of the reports completed are returned to you for Objective v
additional information due to errors or inconsistencies?

3.2 The Influence of Setting on Objective CHW Performance

Analysis of Covariance (ANCOVA) was effected to compare the two groups of tool users (mHealth
versus paper-based) along the eleven objective performance indicators. We controlled for demographics
including age, gender, experience as a CHW, education level, and tool use experience. Significant
differences across the groups were found for only two of the eleven objective performance measures, i.e.
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OUPY (percentage of monthly cases reported on time), and OUP10 (percentage of complete monthly
cases reported). No significant differences were found for the nine remaining objective user performance
indicators. However, education level, tool use experience, and experience as a CHW, were found to have
effects on six of the eleven objective performance measures, i.e. OUP1 (monthly household visitations),
OUP2 (percentage of monthly household visitations), OUP4 (monthly health promotion cases reported),
OUP9 (percentage of reported monthly cases reported on time), OUP10 (percentage of complete monthly
cases reported), and OUP11 (percentage of reports completed with no errors or inconsistencies). Table 2
shows the differences in tool use setting and objective performance.

Figure 3 shows percentages of reports completed on time for mHealth versus paper-based tool users
(OUPY9). While 12% of mHealth tool users were able to report 90-100% of cases on time, only 4% of
paper-based tool users were able to do the same. Moreover, 37% of mHealth tool users reported more
than 60% of cases on time, whilst only 27% of paper based tool users managed the same. This impact of
mHealth use on OUP?9 is significant (F=16.546, p< 0.001).

Setting
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Reported Monthly Cases Completed on Time (36)

Figure 3. Differences in reported monthly cases completed on time

In addition to the effects of the tool itself, tool use experience was also found to have an effect on OUP9,
where F (1, 357) = 20.33, p = 0.000, partial > = .994. This effect is depicted in Figure 4, which

illustrates a plot of the interaction between tool use experience and setting along performance indicator
OUP9.
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Table 2. Differences in setting and objective user performance

F-ratio Sig (p) Partial n?

Setting Significant
OUPS. | Of the cases reported per month, approximately | 16.546 0.000*** .882

what percentage is completed on time?

Tool Use Experience was found to have an effect on OUPS, where F (1, 357) = 20.33, p = 0.000***,
partial n® = .994.
CUP10 | Of the reports completed for all cases per month, 10.104 0.002* .887

what percentage is complete (i.e. no missing data)?

Tool Use Experience was found to have an effect on OUP10, where F (1, 357) = 12.02, p = 0.001°*,
partial n® = .933.
Setting Not Significant

QUP1 | How many households do you visit per month? | 0.001 | 0.975 I 0.050
Education Level was found to have an effect on OUP1, where F (1, 357) = 9.77, p = 0.002*, partial n*
= 876

OUP2 | What percentage of the households visited are you 2.747 0.088 .380

able to report?

Tool Use Experience was found to have an effect on OUP2, where F (1, 357) = 11.94, p = 0.001°,
partial n® = .931.

OUP3 | Of the households visited, how many monitoring 0.138 0.711 0.066
cases do you report per month?
CUP4 | Of the households visited, how many health 3.187 0.076 0.428

promotion cases do you report per month?

Experience as a CHW was found to have an effect on OUP4, where F (1, 357) = 8.76, p = 0.003",
partial n° = .838.

CUPS5 | Of the households visited, how many referral cases 0473 0.483 0.105
do you report per month?

CUPS | In a typical week, how much time (in hours) do you 0.206 0.650 0.074
take to complete reports for monitoring cases?

CUPT | In a typical week, how much time (in hours) do you 0.896 0.345 0.157
take to complete reports for health promotion
cases?

QOUP8 | In a typical week, how much time (in hours) do you 1.243 0.266 0.199

take to complete reports for referral cases?
OUP11 | What percentage of the reports completed are 0.339 0.561 0.089
returned to you for additional information due to

errors or inconsistencies?

Tool Use Experience was found to have an effect on OUP11, where F (1, 357) = 5.95, p = 0.015°,
partial n* = .682
*** p<0.0001 **p<0.01 *p<0.05

In the early months of use, mHealth tool users reported fewer monthly cases completed on time compared
to paper-based tool users. However, after five or more months of use, mHealth tool users reported
significantly higher percentages than paper-based tool users.

3.3  Perceptual User Performance Differences

A descriptive comparison of mHealth and paper-based tool users along the 8 perceptual performance
indicators (PUP1 — PUP8) was also carried out. Figure 5 shows the means and confidence intervals for
the two groups, where users show generally higher positive perceptions of mHealth tool use compared to
paper-based tool use. Across all 8 measures, mHealth tool users report greater satisfaction with the tool’s
performance impacts. Moreover, confidence intervals do not overlap, thus providing support for the
perceived effect of mHealth tool use on performance. Users of mHealth tools are clearly more satisfied on
average with the contribution of the tool to their performance. This satisfaction is important in a context
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such as this, having been shown in past work to critically determine success related to use of information
systems [30, 31, 32, 16] the belief that systems meet users information requirements [33], or the affective
attitude of users as they interact with systems [30].
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Figure 5. Perceptual Performance means with 95% confidence intervals

4 Discussion

Users of the mHealth tool have shown higher levels of satisfaction with the tool’s contribution to
performance than paper-based tool users across all perceptual indicators examined. By using mHealth
tools, CHW’s also achieve superior performance along more objective indicators, which reflect enhanced
levels of reporting of healthcare service tasks. In particular, they report higher percentages of monthly
cases on time and without missing data. In addition, findings also suggest that mHealth tool users may
initially be more sluggish with use than their paper-based counterparts, but eventually gain enough
experience with the mHealth tool to report higher percentages of monthly cases completed on time. Initial
productivity dips at the early stages of an IT intervention are not uncommon, given that users need time to
adapt to a particular tool use setting before performance benefits are fully realized [15]. This study’s
results provide much needed evidence of mHealth impacts on CHW performance outcomes. Our results
are generally positive that mHealth can assist health workers to better serve their communities and link
them with the broader healthcare system.
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