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ABSTRACT

Introduction Healthcare policy formulation, programme
planning, monitoring and evaluation, and healthcare
service delivery as a whole are dependent on routinely
generated health information in a healthcare setting.
Several individual research articles on the utilisation of
routine health information exist in Ethiopia; however, each
of them revealed inconsistent findings.

Objective The main aim of this review was to combine
the magnitude of routine health information use and its
determinants among healthcare providers in Ethiopia.
Methods Databases and repositories such as PubMed,
Global Health, Scopus, Embase, African journal online,
Advanced Google Search and Google Scholar were
searched from 20 to 26 August 2022.

Result A total of 890 articles were searched but only 23
articles were included. A total of 8662 (96.3%) participants
were included in the studies. The pooled prevalence of
routine health information use was found to be 53.7%
with 95% Cl (47.45% to 59.95%). Training (adjusted OR
(AOR)=1.56, 95%Cl (1.12 to 2.18)), competency related
to data management (AOR=1.94, 95% Cl (1.35 t0 2.8)),
availability of standard guideline (AOR=1.66, 95% CI
(1.38 to 1.99)), supportive supervision (AOR=2.07,

95% Cl (1.55 to 2.76)) and feedback (AOR=2.20, 95% Cl
(1.30 to 3.71)) were significantly associated with routine
health information use among healthcare providers at p
value<0.05 with 95% Cl.

Conclusion The use of routinely generated health
information for evidence-based decision-making
remains one of the most difficult problems in the health
information system. The study’s reviewers suggested that
the appropriate health authorities in Ethiopia invest in
enhancing the skills in using routinely generated health
information.

PROSPERO registration number CRD42022352647.

INTRODUCTION

The health information gathered from
sources at the facility and population level
influences the quality of healthcare policy
formulation, programme planning, moni-
toring, and evaluation, and healthcare
service delivery as a whole.' * Alternatively,
facility-level data sources can sometimes be
referred to as ‘routine health information
data sources’, whereas population-level data

.12 Tesfahun Melese Yilma,’
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sources are known as ‘non-routine health
information sources’.®

The administrative and operational
processes that take place in routine health
information sources produce data. Data about
the morbidity and mortality of service users,
the services delivered, the medications and
goods provided, the availability and quality
of services, case reporting, and resource,
human, financial, and logistical data are
just a few of the many categories of health
service data. While non-routine (population)
health information sources provide data on
each individual within defined populations,
including overall population counts (such as
the census and civil registration) and data on
representative populations or subpopulations
(such as household and other population
surveys).’

However, routine health information util-
isation is the main emphasis of this review.
The term ‘routine health information system’
refers to the process of consistently recording,
reporting, analysing and presenting data from
health facilities. Daily patient management,
disease prioritisation, health education,
resource allocation and decision-making, as
well as the planning, monitoring and eval-
uation of healthcare service activities, all
depend on the use of routine health informa-
tion.* A regularly operating health informa-
tion system enables policy-makers, managers
and service providers to make decisions based
on evidence by getting the appropriate infor-
mation into the right hands at the right time.”

Although there are regional variations
across developing nations including Africa,
routine health information is not properly
used to support evidence-based decisions and
enhance performance.’ The most frequently
cited causes of poor routine health infor-
mation utilisation in developing countries
are related to its untimeliness, incomplete-
ness, accuracy and consistency.mo Even the
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available information is too often left unattended in data-
bases, documents or on shelves.®

In Ethiopia, the use of routine health information for
evidence-based decision-making is not different from
the case of developing nations all over the world. For
instance, a systematic review and meta-analysis'' as well as
other independent studies conducted across the nation
came to the conclusion that routine health information
was not used effectively for making evidence-based deci-
sions.'*® The most often mentioned factors affecting
routine use of health information in Ethiopia included
training15 1618 20 25 26-29 competency related to data
management'’ 1% % 773830 and the availability of stan-
dard guidelines (such as indicator definition guideline,
Health Management Information System Recording and
Reporting Procedures Manual, etc) 19 162026-2850 51

The rationale for the review

In Ethiopia, the magnitude of using routine health
information for evidence-based decision-making was
evaluated by different scholars. However, the review
result indicated that there were inconsistent findings
ranging from the lowest 22.5%"? to the highest 78.5%™
both in Amhara National Regional State, Ethiopia.

Moreover, the lowest and the highest effect sizes were
obtained from relatively low (395) and high (720)
sample sizes, respectively. Because of this, it would be
challenging for managers, planners and health practi-
tioners to decide which evidence to employ for making
decisions. Thus, the primary goal of this review was to
aggregate the findings of many studies to derive a single
impact estimate.

Review questions

1. What proportion of routinely generated health infor-
mation is used by healthcare providers in Ethiopia?

2. What are the factors that are associated with routine
health information use among healthcare providers in
Ethiopia?

METHODS

Protocol and registration

The Preferred Reporting Items for Systematic Reviews
and Meta-Analyses 2020 checklist was used to develop
the review protocol.”® This review has been registered
at PROSPERO with registration identification number
CRD42022352647.

Table 1
among healthcare workers in Ethiopia, 2022

Determining the quality of the original studies that were used in the meta-analysis of routine health information use

Selection (maximum  Comparability Outcome assessment Overall
Study of five stars) (maximum two stars) (maximum of three stars) quality
Andargie and Addisse'? 50 * . 6
Abajebel et al"® _ -
Mengistu et al'* ek * P 9
Asemahagn and Lee'® — * - 8
Kondoro et al'® - x P 5
Adane et al'’ *okkk * ok 8
Shiferaw et al'® - 5 . 5
Chanyalew et a/'® - = - 5
Seid et al*° - 5 . :
Teklegiorgis et al*! ek o o 7
Emiru et al* - p - -
Kanfe et al*® ik * P 7
Mekuria et a/** — 5 " :
Yarinbab and Assefa® D * - -
Ngusie et a/*® . h . 9
Wude et a*’ - 5 e g
Abdisa et a/*® - 5 - 5
Tadesse et al*’ . 5 - .
Belay et a/*® . 5 . :
Sako et a** - = - .
Dagnew et a/*®° - : - S
Abera et al*’ — 5 P 8
Tulu et al®® ok * o 9
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Records identified through database (890)
g PubMed (n=322)
g~ Global Health (n=18)
é Scopus (n=4)
g Embase (n=12)
= African journal online (AJOL) (n=6)
Advanced Google Search (n=92)
Google Scholar (n=882)
;r Removed due to duplication (n=508) ]
) ¢ l
=
E
P - . .
5 Studies after duplicate articles Title and abstract irrelevant to the
@ were removed n=382 study (n=345)
£
3 14 of the articles removed due
) Records screened (n=37) to
= 4+ Outcome of interest not
reported (6)
- * 4 Other study design (6)
-E Studies included in the review - 81)1a11tat1vely conducted
E (n=23)

Figure 1

Eligibility criteria

The primary research included in the review should focus
on the routine health information use, with or without its
associated factors. The papers may be published or unpub-
lished but must be written in English. All of the papers
reviewed should have been produced and published at
any time prior to August 2022. However, publications
without a full text and abstract as well as editorial reports,
letters, reviews and commentaries were excluded from
the study.

Search strategy

Between 20 August 2022 and 26 August 2022, a thor-
ough and methodical search of the literature was
conducted using electronic databases such as PubMed,
Global Health, Scopus, EMBASE, African journal online,
Advanced Google Search and Google Scholar.

Study selection and data extraction

The Mendeley software, author names, location and
setting, participant counts, study dates and study dura-
tion were all used to remove duplicate papers found in
various databases. The inclusion and exclusion criteria of
the review were also used for the study selection process.
To ensure the homogeneity of our search, each reviewer
independently selected the appropriate papers for the
review, which were then gathered. This method was in
line with the Cochrane review handbook’s fundamental
guidelines for choosing studies and extracting data, which
note that data may be presented in a number of formats
but are commonly translated into a format appropriate
for meta-analysis. Additionally, multiple reports of the

Flow chart of the study selection for systematic review and meta-analysis of utilisation of routine health information
and associated factors among health workers in Ethiopia, 2022.

same study need to be linked together, and data should
be extracted from study reports by at least two people,
independently.” So that, this review employed two indi-
viduals (MMT and TMY) for both study selection and
data extraction.

Both experts received a set of agreed-upon inclusion
and exclusion criteria (MMT is the lead researcher and
TMY volunteered). Each of them evaluated the articles
and decided which ones to include or leave out of the anal-
ysis. In light of this, MMT rated 23 articles to be included
but rated to exclude 867 articles out of the total articles
accessed (890), while TMY rated 20 items to include but
rated 870 articles to omit. However, both raters agreed
to combine their exclusion of 865 items and inclusion of
18 articles. It was discovered that the computed kappa
statistics was 0.80. According to the interpretation of
Cohen’s kappa,®™ there was a high level of agreement
between raters because the kappa value was 0.80, which
was between 0.80 and 0.90 and meant that 64% to 81%
of the data were considered credible. Because both raters
used dialogue to resolve their differences, a third rater
was not required. Data about study region, study setting,
study year, publication status, study design, sample size,
sampling technique and response rate was collected
using a checklist.

Outcome measurement and quality assessment

Data extraction was made after a careful review of outcome
measurement. The outcome of interest for this review was
routine health information use which was defined as the
use of routine health data to track daily health service
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Table 2 Descriptive summary of primary studies included in the systematic review and meta-analysis of utilisation of routine

health information among health workers in Ethiopia, 2022

First author and publication Region Study design Sampling technique = Sample size Response rate RHIS use
Andargie and Addisse'? Amhara cs Purposive 399 99.0% 22.5%
Abajebel et a/*® Oromia cs Purposive 362 100.0% 32.9%
Mengistu et al'* Addis cs MSS 408 98.5 37.3%
Ababa
Asemahagn and Lee'® Amhara CS SRS 250 100.0% 38.4%
Kondoro et a/'® SNNPR CS SRS 317 99% 41.59%
Adane et al"’ Addis cs SRS 416 100.0% 41.7%
Ababa

Shiferaw et al'® Ambhara CS Cluster 668 94.8% 45.8%
Chanyalew et a/'® Amhara cSs MSS 394 98.0% 46.0%
Seid et a/*® Amhara Cs SRS 382 96.5% 52.8%
Teklegiorgis et a/*! Dire Dawa CS Purposive 267 89.5% 53.1%
Emiru et al? Oromia Cs Purposive 306 100.0% 54.2%
Kanfe et a/?® SNNPR CS Purposive 260 100.0% 57.3%
Mekuria et al** Dire Dawa CS Stratified 379 99.7% 57.7%
Yarinbab and Assefa®® Oromia Cs SRS 316 100.0% 57.9%
Ngusie et a/*® Amhara cs Cluster 721 92.1% 58.4%
Wude et al*’ SNNPR CS SRS 490 98.0% 62.7%
Abdisa et a/*® Oromia CSs MSS 428 98.8% 66.0%
Tadesse et al*’ Tigray CS Purposive 100 100.0% 63.3%
Belay et af*® SNNPR Mixed Multiple 229 100.0% 64.3%
Sako et al** SNNPR Cs SRS 719 98.5% 63.1%
Dagnew et a/*® Amhara cS MSS 720 100.0% 78.5%
Abera et a/*! SNNPR Cs SRS 356 98.0% 69.3%
Tulu et a/*® Oromia Mixed SRS 105 97.1% 71.6%

*Authors with study year.

CS, cross-sectional; MSS, multistage sampling; NA, not available; SNNPR, Southern Nations, Nationalities, and Peoples Region; SRS,

simple random sampling.

activities, create weekly plans, improve service delivery,
display updated data, purchase drugs, mobilise resources,
assist community mobilisation, identify the root of a health
issue in the community, predict outbreaks and prioritise
diseases."’ In order to reduce garbage in, garbage out
problem of meta-analysis and Newcastle-Ottawa Quality
Assessment Scale (adapted for cross-sectional studies)®
was used as indicated in table 1 below. MMT graded the
articles’ quality using an evaluation tool that has three
parts: selection (five stars), comparability (two stars) and
outcome (three stars) (table 1).

Data synthesis and statistical analysis

A Microsoft Excel spreadsheet was used to extract the
data, which was then imported into STATA V.14 for
analysis. Tables, figures and forest plots were used to
describe and summarise the major investigations. A
random effects model with a 95% CI was used to pool
the magnitude of routine health information use among
healthcare providers in Ethiopia. The OR with 95% CI
was used to quantify the measure of association for factors

that affect routine health information use among health-
care providers. Cochran’s Q and I* statistics have been
used to evaluate the heterogeneity between studies. The
percentages of about 25% (1°=25), 50% (I*=50) and 75%
(12=75) would, respectively, indicate moderate, medium
and high heterogeneity.36 In order to identify the apples
and oranges’ problem of a meta-analysis, subgroup anal-
ysis, meta-regression and the Galbraith plot test were
conducted. Egger’s regression tests and visual assessment
of funnel plot asymmetry were used to determine ‘the file
drawer’ problem of meta-analysis (publication bias).

RESULTS

Search results

A total of 890 articles were included for this particular
study. From these articles, 345 removed due to duplica-
tion and 508 were removed after reviewing its title and
abstract for its relevance to the topic. Finally, 23 articles
were included for the review (figure 1).
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Authors with publication year

Abdisa A. et al (2022)
Shiferaw A. et al (2017)
AberaE et al (2016)
Dagnew E et al 2018)
Andargie G et al (2006)
Tulu G et al (2021)

Wude H et al (2020)
Ngusie H et al (2022)
Belay H et al 2014)
Emiru K et al (2018)
Tadesse K et al (2014)
Teklegiorgis K et al (2014)
Chanyalew M et al (2021)
Seid M et al (2021)
Asemahagn M (2017)
Mekuria S et al (2020)
Sako S et al (2022)

Kanfe S et al (2021)
Abajebel S et al (2011)
Yarinbab T et al (2018)
Adane T et al (2017)
Mengistu M et al (2021)
Kondoro H et al (2022)
Overall (I-squared = 97.4%, p = 0.000)

RHIU (93% CI) Weight(%)
|- 66.00 (61.48,70.52) 439
- 45.80 (41.92,49.68) 4.42
.- 6930 (64.46,74.14) 438
; - 7850 (75.50,81.50)  4.45
- I 2250(1838,2662) 441
| ——— 71.60 (62.85,8035)  4.13
|- 6270 (58.37,67.03) 440
- 5840 (54.65,62.15) 442
| —-— 6430 (58.09,70.51) 430
- 5420 (48.62,59.78) 434
—— 63.30(53.85,72.75)  4.08
- 53.10 (46.77,5943) 430
-, 46.00 (41.03,5097) 437
- 5280 (47.71,57.89) 436
- 3840 (3237,4443) 431
- 57.70 (52.72,6268) 437

[}
| .- 63.10 (59.12, 67.08) 441
' 5730(5129,6331) 432

i
- | 3290 (28.06,37.74) 438
L 5790 (5246,6334) 435
- | 4170 (36.96,46.44) 438
- ! 3730(32.57,4203) 438
- | 4160 (36.16,47.04) 435
< 5370 (47.45,59.95)  100.00

20 40 60 80 100

Figure 2 Forest plot showing the pooled level of good routine health information use (Good RHIU) among healthcare providers

in Ethiopia, 2022. Note: weights are from random effects analysis.

Characteristics of included studies

A total of 20 (97%) primary studies we found were
published between 2006 and 2022; the other 3 (13%)
primary studies included in the review were not published
yet. The majority of these studies (7; 30.43%) were carried
out in the Amhara,'? '* 202730 ywhile 1 (4.3%) was from
the Tigray region37 (table 2).

Meta-analysis

Routine health information use

The summary effectis an estimation of the common effect
size in a fixed-effect model, which implies that the true
effect size is the same across all studies (sampling error
is the only reason for variability). According to a random
effects model which also assumes that the true effect size
varies from study to study, the studies included in the
analysis constitute a random sampling of effect sizes that
could have been observed in each study. Our estimation
of the mean of these effects is the summary effect (vari-
ability of the effect sizes is due to systematic error).” As
can be seen from the forest plot, the existence of high
heterogeneity between included studies which could be
explained by 1°=97.4% (interpreted as 97.4% of the vari-
ation in effect sizes is due to between-study heterogeneity
not caused by sampling error) at p<0.001. Therefore, a
random effects model has a mechanism to handle this
variability so that this review employed a random effects
model to combine the extent of routine health informa-
tion use in Ethiopia.

The prevalence of routine health information use in
primary studies ranged from 22.5%'* to 78.5%.” The
pooled prevalence of routine health information use in
Ethiopia was found to be 53.7% with 95% CI (47.45% to
59.95%) (figure 2).

Subgroup analysis

The authors hypothesised that region and sample size
might be the sources of the high heterogeneity between
studies included in the review, which was confirmed at the
forest plot. In order to determine the most likely reason
for heterogeneity, subgroup analysis was carried out by
dividing the effect sizes by study region and sample size.
The effect size showed a statically significant subgroup
effect for study region and sample size at p<0.001,
according to the subgroup outcome.

The pooled level of routine health information use was
significantly higher in southern Ethiopia (57.2% with
95% CI (48.2% to 66%)), northern Ethiopia (56% with
95% CI (39.8% to 72.3%), eastern Ethiopia (55.83% with
95% CI (51.4% to 60.3%) and western Ethiopia (49%
with 95% CI (41.2% to 57%) compared with research arti-
cles from central Ethiopia (39.5% with 95% CI (35.19%
to 43.81%). There is a statistically significant unex-
plained variation among articles from northern Ethiopia
(I’=98.8%), southern Ethiopia (I’=96.2%) and western
Ethiopia (I°=89.3%) at p<0.001, but there was none for
eastern Ethiopia (I°=20.2%, p=0.263) and central Ethi-
opia (I’=39.8%, p=0.198) (figure 3). This suggests that
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Authors with publication year

Southren Ethiopia

Abdiza A =t21(2022)

Aberz E 2t al (2016)

Wuds H 2t 21 (2020)

BalayHetzl (2014)

SzkoSetal (2022

Kan S etal (2021)

Abzjeba] Setal 2011)

Kondoro H et a1 (2022

Subtotal (I-squarad =962% p=0.000)

Western Ethiopiz

Shiraw A 2t21(2017)

Emxirs K 2ta1 (2018)

Azsmzhzza M(2017)

Yarinbab T et al (2018)

Subtota! (I-squared =883% p=0.000)

Northern Ethiopia

Dagnew E =t a1 (2018)

Andargiz Gt 21 (2008)

Tulu Getal (2021)

Ngusiz Hetal (2022)

Tadezzsz K 2t2l (2014)

Chanyalew M et 2l (2021)

Seid M etal (2021)

Subtotal (J-squarsd =98.8% p=0.000)

Eastern Ethiopiz

Teklegiorzis K 2t 2l (2014)

Mekuria S et al (2020)

Subtotal (-squared =202% p=0263)

Cantral Ethiopia

AdaneTe2t2l (2017)

Mengistu Metal (2021)

Subtotz! (I-squared =39.8% p=0198)

Overall (I-squared =97.4% p=0.000)

RHIU (85%CT) Weight(%)

]
|- 6600(6148,7052) 439
— 6930(64.46,74.14) 438
L 6270(5837.67.03) 440
| - 6430(5800,7051) 430
|- 63.10(59.12.67.08) 441
- 5730(5129.6331) 432
«+ 3200(2806,37.74) 438
- 41.60(36.16,4704) 435
< 57.17(4824,6600) 3493

:
* 4580(4192,4068) 442

- 5420(48.62,59.78) 434

- ! 3840(3237.4443) 431
-~ 5790(5246,6334) 435
Q 49.00(4122,5696) 1742

]

1
: - 7850(75.50,8150) 445
- : 2250(1838,2662) 441
| —— 71.60(62.85.8035)  4.13
- 5840(54.65.6215) 442
—— 6330(53.85.7275)  4.08
- 46.00(41.03,5097) 437
- 5280(47.71.57.89) 436
e~ 5607(39.84,7230) 3022

]

|

I
- 53.10(46.77.5943) 430
> 57.70(5272.6268) 437
< 55.83(51.40,6026) 867

|

I

|
- 4170(3696,4644) 438
- | 3730(3257.4203) 438
[+ 3950(35.19.4381) 876

!
<> 53.70(4745.5995)  100.00

|

1

T

0

20 40 60 80 100

Figure 3 Subgroup analysis of good routine health information use (Good RHIU) by region of the study. Note: weights are from

random effects analysis.

region may be a factor in some subgroups’ heterogeneity
but not in others.

Regarding sample size, the pooled magnitude of
routine health information use was 67.7% (95% CI
(59.5% to 75.8%)), 61.5% (95% CI (47.4% to 75.6%)),
53.3% (95% CI (42.5% to 64%)), 52% (95% CI (37.8%
to 66%)) and 48.3% (95% CI (38% to 58.5%)) among
subgroups having a sample size of <201, >500, 201-300,
401-500 and 301-400, respectively. There was in fact
a substantial heterogeneity within subgroups having a
sample size of 201-300 (1°=91.9%), 301-400 (1°=97.3%),
401-500 (1°=97.4%) and >500 (1°=98.4%) at p<0.001, but
there was no statistically significant heterogeneity among
studies in a subgroup of having a sample size of <201
(1°=37.5%, p<0.206) suggesting sample size is a cause for
heterogeneity for some subgroups while it was not for
others (figure 4).

Meta-regression

A meta-analysis with a significant amount of unexplained
heterogeneity across the studies included in the review
can use the statistical technique of meta-regression. It
seeks to determine whether there are differences in study

characteristics (methodological diversity) that could
account for heterogeneity. This only works for meta-
analyses that use a random effects model. Hence, study
year and Performance of Routine Information System
Management (PRISM) framework use were regressed
to explain the existence of heterogeneity. However, the
results of the regression analysis showed that there was no
statistically significant association between heterogeneity
in routine health information use and between study year
(p=0.228), and use of PRISM framework (p=0.099) which
could be interpreted as sample size and use of PRISM
framework were not identified as the causes of heteroge-
neity as well (table 3).

A Galbraith plot test

The Galbraith plot was also used to assess heterogeneity
and detect potential outliers. In the absence of substantial
heterogeneity, we expect around 95% of the studies to lie
within the 95% CI region: hence, 17 out of the 23 studies
were outside the 95% CI region, which indicates consid-
erable heterogeneity among the effect sizes. Two studies
lie further far away from the 95% CI region considered as
outliers'* (figure 5). Even after removing these studies,
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Figure 4 Subgroup analysis of good routine health information use (Good RHIU) by sample size. Note: weights are from

random effects analysis.

14 out of 21 studies were still outside the 95% CI region
(figure 6)

Assessment of publication bias

A funnel plot was inspected graphically to determine
whether it was symmetrical, with the horizontal axis
showing the effect estimates from individual studies and
the vertical axis reflecting the SE of the effect estimate.
Studies with large effect sizes were dispersed at the top
of the funnel plot in the diagram, whereas studies with
small effect sizes were located at the bottom. The plot’s
outcome resembled an inverted funnel with symmetry,

showing that there was no publication bias (figure 7).
Moreover, the Egger’s test for small-study effects was also
performed but unable to show evidence of the existence
of publication bias at p=0.396.

Determinants of routine health information use

In this review, the pooled estimate indicated that health-
care providers who had training on routine health infor-
mation use were 1.56 times more likely to use routine
health information compared with those who did not
have training towards routine health information use

Table 3 Meta-regression output for further assessment of causes of heterogeneity of good routine health information use

between studies included in meta-analysis in Ethiopia

Variable Category Coefficient P value>|[t| 95% ClI
Study year <2014 Reference Reference Reference
>2014 7.37 0.228 —4.96 to 19.69
PRISM framework used No Reference Reference Reference
Yes 9.47 0.099 -1.93 to0 20.87
PRISM, Performance of Routine Information System Management.
Tadele MM, et al. BMJ Health Care Inform 2023;30:100693. doi:10.1136/bmjhci-2022-100693 7
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Figure 5 A Galbraith plot of articles included in the review to look for existence of heterogeneity.

(adjusted ORs (AOR)=1.56, 95%CI (1.12 to 2.18))
(figure 8).

Healthcare providers competency related to data
management was also pooled and healthcare providers
having good data management competency were 1.94
times more likely to use routine health information
compared with those healthcare providers with poor data
management competency (AOR=1.94, 95% CI (1.35 to
2.8)) (tigure 9).

The pooled estimate of meta-analysis also indicated that
the likelihood of using routinely generated health infor-
mation was 1.66 times higher among healthcare providers
working in institutions with available standardised health

20.9742

information guideline compared with those who were
working in institutions without a standardised health
information guideline (AOR=1.66, 95% CI (1.38 to 1.99))
(figure 10).

Routine health information use was 2.07 times higher
among healthcare providers getting supportive super-
vision compared with those who did not (AOR=2.07,
95% CI (1.55 to 2.76)) (figure 11). Moreover, the prob-
ability of using routine health information was 2.2 times
higher among healthcare providers who received feed-
back compared with those who did not (AOR=2.20,
95% CI (1.30 to 3.71)) (figure 12).

Linear prediction

ADdTade H e

Abera

Tulu Ge

/g

Figure 6 A Galbraith plot of articles included in the review to look for existence of heterogeneity after removing outliers.
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Figure 7 A graphical inspection of publication using a
funnel plot of effect sizes versus the SE of the effect sizes in.

DISCUSSION

Most often, healthcare administrators and practitioners
fall short of exploiting the everyday data generated in
their organisations. Planning, monitoring and evalu-
ation of the services offered are compromised when
health information generated daily in facilities is not
used. Additionally, it lowers preventative and promotion
health services as well as the standard of care provided to
patients.” This review’s main objective was to combine
the extent of routinely used health information in Ethi-
opia after examining conflicting results from several indi-
vidual research studies.

The pooled prevalence of routine health information
use in Ethiopia was found to be 53.7%. In fact, the find-
ings of individual articles across the country significantly
vary from region to region and study to study. However,
this is less than a systematic review and meta-analysis
finding from Ethiopia which was 57.42%"! and other indi-
vidual research findings from Kenya 66%,” Tanzania’s of

Authors with publication year Training OR (95% CI) Weight(%)

Abdisa A. et al (2022) - 0.65 (0.59,0.73) 11.42

Shiferaw A. et al (2017) —+— 2.24 (1.88,2.67) 1121

Tulu G et al (2021) 1.35(1.07,1.70) 10.96

Authors with publication year

Abdisa A et al (2022)
Shiferaw A et al (2017)

Dagnew E et al (2018)

—

competency OR (95% CI) Weight(%)

220(1.76,2.73)

—+) 3.14(2.60,3.78)

120 (1.12,1.28)

1423

1443

1492

Waude H et al (2020) —— 208 (1.74,2.49) 1447
Seid M et al (2021) —-— 1.61(1.33,1.95) 14.40
Asemahagn M (2017) —«— 173 (1.28,2.34) 13.60
Kanfe et al (2021) -— 222(1.71,2.88) 13.94

Overall (I-squared = 96.8%, p = 0.000)

1.94 (135, 2.80)

100.00

T - T
265 1 3.78

Figure 9 Forest plot of the adjusted ORs with
corresponding 95% Cls of studies on the association of
competency related to data management against good use
of routine health information. Note: weights are from random
effects analysis.

58%* and 60%."! Compared with other earlier review in
Ethiopia,11 this review included a lot more articles in its
analysis, most of which were published recently. More-
over, the results of individual articles®*! might have
been slightly inflated because systematic reviews are more
reliable than individual research findings. Therefore, the
evidence produced by this review is much more reliable
than the previous review in Ethiopia.11

The pooled estimate of the reviewed literature showed
that healthcare professionals who had received training
on how to use routine health information were 1.56 times
more likely to use routine health information than those
who had not. This was consistent with the individual
research findings from Kenya,” Tanzania®’ and a system-
atic review and meta-analysis finding in Ethiopia.11 More-
over, a capacity building and mentorship programme

—
Wude H et al (2020) -~— 1.68 (1.50,1.89) 1141
Ngusie H et al (2022) + 1.80 (1.59,2.05) 1138
Seid M et al (2021) _._ 1.89 (1.54,2.33) 11.06
Asemahagn M (2017) —%—0— 1.74 (1.29,2.34) 10.60
Kanfe S et al (2021) ——  187(1.49,235) 10.97
Kanfe S et al (2022) _._ 1.51(1.21,1.88) 11.01
Overall (I-squared = 97.2%, p = 0.000) <> 1.56 (1.12,2.18) 100.00

T
375

T
267

Figure 8 Forest plot of the adjusted ORs with
corresponding 95% Cls of studies on the association of

training against good routine health information use. Note:

weights are from random effects analysis.

Authors with publication year St guideline OR (95% CI) Weight(%)
|
AberaE etal (2016) —:—'— 1.78(1.41,2.25) 13.80
'
Dagnew E et al 2018) - ;‘ 1.29(1.21,1.38) 17.38
Wude H et al (2020) —j'— 1.66 (1.41, 1.96) 15.52
Ngusie H et al (2022) i—t— 1.94(1.68,2.23) 16.08
Seid M et al (2021) —0§— 1.52(1.25,1.84) 14.81
Asemahagn M (2017) —_— 1.80 (1.28,2.54) 10.90

Kondoro H et al (2022)

Overall (I-squared = 87.4%, p = 0.000)

T
!

— e 185(1.34,2.54)
\

<> 1.66 (138, 1.99)
X
H

'

11.52

100.00

T
394 1

T
254

Figure 10 Forest plot of the adjusted ORs with
corresponding 95% Cls of studies on the association of
availability of standardised guideline against good use of
routine health information. Note: weights are from random

effects analysis.
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Open access

Authors with publication year S supervision OR (95% CI) Weight(%)

Shiferaw A et al (2017) + 230 (2.02,2.62) 18.14
Tulu G et al (2021) - 1.31(1.05, 1.63) 16.96
Waude H et al (2020) -~ 1.53 (1.33, 1.76) 18.01
Asemahagn M (2017) —..— 1.93 (1.41,2.66) 15.30
Kanfe S etal (2021) —v— 2.19 (1.68,2.85) 16.26

Kondoro H et al (2022) —— 4.40(3.20,6.04) 1534

Overall (I-squared = 91.5%, p = 0.000) @ 2.07 (1.55,2.76) 100.00

166 1 6.04
Figure 11 Forest plot of the adjusted ORs with
corresponding 95% Cls of studies on the association of
Supportive supervision against good use of routine health
information. Note: weights are from random effects analysis.

(which included training as part of its intervention) was
found to be beneficial at boosting study participants’
ability to use the routine HIS for decision-making'’ where
all of the literature described existence of a positive asso-
ciation between routine health information use and
training.

Healthcare professionals’ data management skills
were combined, and those with good data management
skills used routine health information 1.94 times more
often than those with poor data management skills. This
was in line with research from Ethiopia,'' ' ** where
data management expertise was found to be favourably
linked with routine use of health information by health-
care professionals. Having high proficiency in data
management from generation to utilisation is a means
to meet that demand. Knowing how crucial it is to base
decisions on the correct information is often a require-
ment for information demand. As a result, the routine
use of health information may rise, which may benefit

Authors with publication year Feedback OR (95% CI) Weight(%)

Shiferaw A et al (2017) e

2,60 (2.16, 3.14) 2022
Emiru K et al (2018) —— 3.70 (2.83,4.85) 19.67
Seid Met al (2021) + 2.15(1.63,2.82) 19.66
Sako S etal (2022) - 124 (115, 1.34) 20.66
Kanfe § etal (2021) —~— 2.05 (1.59, 2.64) 19.79

Overall (I-squared = 97.4%, p = 0.000)

@ 220 (1.30, 3.71) 100.00

206 1 485
Figure 12 Forest plot of the adjusted ORs with
corresponding 95% Cls of studies on the association of
feedback against good use of routine health information.
Note: weights are from random effects analysis.

3

healthcare practitioners with strong abilities in health
data management.

The pooled estimate of the meta-analysis also revealed
that healthcare professionals were 1.66 times more likely
to use routinely generated health information when
working in institutions with standardised health informa-
tion guidelines than when working in institutions without
such guidelines. This was in line with the findings from
Ethiopia.11 ' The Ethiopian health information system
specifically mentions guidelines such as the Revised HMIS
indicators definition guide and the HMIS recording and
reporting processes handbook that are intended to be
used as a reference by all experts in the industry. The
instructions’ guidance and clarity may encourage health-
care workers to employ commonly produced health infor-
mation in the facilities.

Healthcare providers getting supportive supervision
were using routinely generated health information two
times as high as those healthcare providers who did
not get supportive supervision. In Ethiopian healthcare
settings, supportive supervision is generally practised,
and competency gaps are found using a standardised
checklist. In light of the findings, the supervisors are
obligated to provide on-the-job training to people who
were unable to use the routinely produced health infor-
mation on their own. Therefore, supportive supervision’s
on-the-job training could raise the likelihood that Ethi-
opian healthcare providers will use routinely generated
health information for evidence-based decision-making.

The provision of feedback to healthcare providers’ right
after supportive supervision was found to increase 2.2
times routine health information use. Every constructive
observation in the Ethiopian healthcare system should
be followed by written feedback so that the healthcare
professionals being supervised could learn from their
mistakes and improve their use of routinely generated
health data in their area of responsibility.

Limitations of the review

» Even if the review’s researchers did their best to
include all pertinent data, some pieces of the litera-
ture may still have been left out by the authors.

» Though we used different methods to assess causes of
heterogeneity, it remained unresolved.

» Furthermore, despite using extreme caution when
searching, including and omitting publications, the
pooled estimate could be affected by these practices.

CONCLUSION

Ethiopian Ministry of Health and its partners are doing
their best to make sure that data generated at all levels
of the health system should be transformed into informa-
tion and the transformed information should be used as
evidence to make decisions.

However, this review found that only around half of the
information generated routinely in healthcare facilities
was used by the healthcare professionals. Routine use of
health information in Ethiopia was positively correlated

10 Tadele MM, et al. BMJ Health Care Inform 2023;30:6100693. doi:10.1136/bmjhci-2022-100693
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with training, competency related to health data manage-
ment (data generation to use) and working in facilities

2017-06/AHO_HealthMetricsNetwork_Assessment_Tool_version4.00.
pdf

4 Nisingizwe MP, lyer HS, Gashayija M, et al. Toward utilization of data
having standardised guidelines. for program management and evaluation: quality assessment of five
’ : fd years of health management information system data in Rwanda.
The study’s reviewers sgggested. that the ministry of Glob Health Action 2014.7-25820.
health and the appropriate regional health author- 5 Nutley T. Improving data use in decision making: an intervention
ities in Ethiopia invest in enhancing the skills of using to strengthen health systems. MEASURE Evaluation. Chapel Hill,
routinel ted health inf i Ethiopi NC, Available: https://www.measureevaluation.org/resources/
y generated health information among 1op1an publications/sr-12-73.html
healthcare practitioners through training, encouraging 6 Nutley T, Reynolds HW. Improving the use of health data for health
: Qi : Qi system strengthening. Glob Health Action 2013;6:20001.
SupportlYe SupteVISlf)n with feedback and the prO_VISIOI? of 7 Ouedraogo M, Kurji J, Abebe L, et al. A quality assessment of health
standardised guidelines. Also, the authors of this review management information system (HMIS) data for maternal and child
would like to recommend to health authorities that they health in Jimma zone, Ethiopia. PLoS One 2019;14:€0213600.

k f th h’ lusi h ki 8 Glélé Ahanhanzo Y, Ouendo E-M, Kpozehouen A, et al. Data quality
make use o € research s conclusions when making assessment in the routine health information system: an application
plans to enhance how routinely healthcare professionals of the lot quality assurance sampling in Benin. Health Policy Plan

: ; 2015;30:837-43.
use health information. 9 Mutemwa RI. HMIS and decision-making in Zambia: re-thinking
information solutions for district health management in decentralized
Acknowledgements We would like to thank Yilkal Tefera for his willingness to health systems. Health Policy Plan 2006;21:40-52.
select study and extract data and Muluneh Alene for his willingness to access 10 Manya A, Nielsen P. Reporting practices and data quality in health
commercial databases. information systems in developing countries: an exploratory case

. ) ) ) ) study in Kenya. J Health Inform Dev Ctries 2016;10. Available:
Contributors MMT, BT, TMY and ZAM were involved in the design, collection, https://www.jhidc.org/index.php/jhidc/article/view/151
analysis and interpretation of data; in writing the manuscript; and in the decision to 11 Mekonnen BD, Gebeyehu SB. Routine health information utilization
submit for publication. MMT designed the study, prepared the protocol, supervised and associated factors among health care workers in Ethiopia: a
data collection, and analysed and interpreted the data. MMT, BT, TMY and ZAM systematic review and meta-analysis. PLoS One 2021;16:0254230.
coached the research from protocol development to data interpretation. MMT 12 Andargie G, Addisse M. Assessment of utilization of health
drafted and prepared the manuscript. All authors read and approved the final information system at district level with particular emphasis to HIV/
manuscript. a|d§ program in north Gondar zone Amhara national regional state,

Ethiopia [Addis Ababa]. 2006. Available: http://etd.aau.edu.et/handle/

Funding The authors have not declared a specific grant for this research from any 123456789/11306
funding agency in the public, commercial or not-for-profit sectors. 13 Abajebel S, Jira C, Beyene W. Utilization of health information system

L at district level in Jimma zone Oromia regional state, South West
Competing interests None declared. Ethiopia. Ethiop J Health Sci 2011;21:65-76.
Patient consent for publication Not applicable. 14 Mengistu M, Taye G, Ayele W, et al. Assessment of routine health

information utilization and its associated factors among health
Ethics approval Not applicable. professionals in public health centers of Addis Ababa, Ethiopia.
. . . . Ethiop J Heal Dev 2021;35. Available: https://www.ajol.info/index.
Provenance and peer review Not commissioned; externally peer reviewed. php/ejhd/article/view/210770
Data availability statement Data are available upon reasonable request. 15 Asemahagn MA, Lee A. Determinants of routine health information
i ) ) utilization at primary healthcare facilities in Western Amhara,

Supplemental material This content has been supplied by the author(s). It has Ethiopia. Cogent Medicine 2017;4:1387971.
not been vetted by BMJ Publishing Group Limited (BMJ) and may not have been 16 Kondoro HK, Oridanigo EM, Osse TA, et al. Utilization of health
peer-reviewed. Any opinions or recommendations discussed are solely those management information system and associated factors in health
of the author(s) and are not endorsed by BMJ. BMJ disclaims all liability and institutions of Kembata Tembaro zone, southern Ethiopia. Univ J
responsibility arising from any reliance placed on the content. Where the content Pharm Res 2022;7. o
includes any translated material, BMJ does not warrant the accuracy and reliability 17 ﬁg:l?ﬁ ;;a-';}a:ge;;‘z;& E?g:’;ggi‘:\v SC;S f;rieasfgueé}itcoaeﬁ'tlﬁzigﬁ?e?sf
of th_e translations (including but not limited to Iocgl regulatlons,.clmlcal guidelines, Addis Ababa City administrative, Ethiopia. IOTCC 2017:5:7.
term'mlOQ_V' f’fug na_n_]es and drug dogages), and is “‘?t resp0n5|b|g for any error 18 Shiferaw AM, Zegeye DT, Assefa S, et al. Routine health information
and/or omissions arising from translation and adaptation or otherwise. system utilization and factors associated thereof among health
Open access This is an open access article distributed in accordance with the workers at government health institutions in East Gojjam zone,
Creative Commons Attribution Non Commercial (CC BY-NC 4.0) license, which Northwest Eth'Op'.a' BMC Med Inform Decis Ma_k 2017;1 7.'1 16. )

) s . ; . . 19 Chanyalew MA, Yitayal M, Atnafu A, et al. Routine health information
permllts others 'Fo dls.tnbyte, remix, adapt, build upon this work n0n-gorpmermal|y, system utilization for evidence-based decision making in Amhara
and license their derivative works on different terms, provided the original work is national regional state, northwest Ethiopia: a multi-level analysis.
properly cited, appropriate credit is given, any changes made indicated, and the use BMC Med Inform Decis Mak 2021;21:28.
is non-commercial. See: http://creativecommons.org/licenses/by-nc/4.0/. 20 Seid MA, Bayou NB, Ayele FY, et al. Utilization of routine health

information from health management information system and
ORCID iDs associated factors among health workers at health centers in Oromia
Maru Meseret Tadele http://orcid.org/0000-0003-3613-9357 spepial zone, Ethiopia: a multilevel analysis. Risk Manag Healthc
Zeleke Abebaw Mekonnen http:/orcid.org/0000-0003-2923-468X Policy 2021;14:1189-98. , _
21 Teklegiorgis K, Tadesse K, Mirutse G, et al. Factors associated with
low level of health information utilization in resources limited setting,
eastern Ethiopia. IJIIS 2014;3:69.
22 Emiru K, Oljira H, Ifa M. Assessment of utilization of health
information and associated factors at district level in east Wollega
REFERENCES zone, Oromia regional state, west Ethiopia. J Med Physiol Biophys
1 Panerai RB. Health information systems. In: Global perspectives in 2018:44. Available: https://www.ajol.info/index.php/ejhd/article/view/
health:Health information systems. n.d.: 1-6. Available: http://www. 210770
eolss.net/sample-chapters/c03/e1-14-02-01.pdf 23 Kanfe SG, Debele GR, Berhanu RD, et al. Utilisation of district
2 Hotchkiss DR, Diana ML, Foreit KGF. How can routine health health information system and its associated factors among health
information systems improve health systems functioning in low- and professionals working at public health facilities of the southwest of
middle-income countries? Assessing the evidence base. Adv Health Ethiopia: cross-sectional survey. BMJ Open 2021;11:e046578.
Care Manag 2012;12:25-58. 24 Mekuria S, Adem HA, Ayele BH, et al. Utilization of routine
3 World Health Organization (WHO). Health metrics network: assessing health information system and associated factors among health

the national health information system an assessment tool VERSION professionals in public health facilities in dire dawa, eastern ethiopia:

4.00. 2008. Available: https://www.afro.who.int/sites/default/files/ a cross-sectional study. /n Review [Preprint] 2020.

Tadele MM, et al. BMJ Health Care Inform 2023;30:e100693. doi:10.1136/bmjhci-2022-100693 11

yBuAdod Aq paroaloid 1sanb Aq 120z ‘6 [Udy uo /wod g sonewiolul//:dny woly papeojumod "S$Z0Z UdIeN 0 U0 £6900T-2202-10ylwag/9sTT 0T Se paysiignd 1si1y :wioju| ared yieaH ciNg


http://creativecommons.org/licenses/by-nc/4.0/
http://orcid.org/0000-0003-3613-9357
http://orcid.org/0000-0003-2923-468X
http://www.eolss.net/sample-chapters/c03/e1-14-02-01.pdf
http://www.eolss.net/sample-chapters/c03/e1-14-02-01.pdf
http://dx.doi.org/10.1108/s1474-8231(2012)0000012006
http://dx.doi.org/10.1108/s1474-8231(2012)0000012006
https://www.afro.who.int/sites/default/files/2017-06/AHO_HealthMetricsNetwork_Assessment_Tool_version4.00.pdf
https://www.afro.who.int/sites/default/files/2017-06/AHO_HealthMetricsNetwork_Assessment_Tool_version4.00.pdf
https://www.afro.who.int/sites/default/files/2017-06/AHO_HealthMetricsNetwork_Assessment_Tool_version4.00.pdf
http://dx.doi.org/10.3402/gha.v7.25829
https://www.measureevaluation.org/resources/publications/sr-12-73.html
https://www.measureevaluation.org/resources/publications/sr-12-73.html
http://dx.doi.org/10.3402/gha.v6i0.20001
http://dx.doi.org/10.1371/journal.pone.0213600
http://dx.doi.org/10.1093/heapol/czu067
http://dx.doi.org/10.1093/heapol/czj003
https://www.jhidc.org/index.php/jhidc/article/view/151
http://dx.doi.org/10.1371/journal.pone.0254230
http://etd.aau.edu.et/handle/123456789/11306
http://etd.aau.edu.et/handle/123456789/11306
http://dx.doi.org/22435010
http://dx.doi.org/33718551
https://www.ajol.info/index.php/ejhd/article/view/210770
https://www.ajol.info/index.php/ejhd/article/view/210770
http://dx.doi.org/10.1080/2331205X.2017.1387971
http://dx.doi.org/10.22270/ujpr.v7i2.752
http://dx.doi.org/10.22270/ujpr.v7i2.752
http://dx.doi.org/10.11648/j.iotcc.20170501.12
http://dx.doi.org/10.1186/s12911-017-0509-2
http://dx.doi.org/10.1186/s12911-021-01400-5
http://dx.doi.org/10.2147/RMHP.S285604
http://dx.doi.org/10.2147/RMHP.S285604
http://dx.doi.org/10.11648/j.ijiis.20140306.13
https://www.ajol.info/index.php/ejhd/article/view/210770
https://www.ajol.info/index.php/ejhd/article/view/210770
http://dx.doi.org/10.1136/bmjopen-2020-046578
http://informatics.bmj.com/

25

26

27

28

29

Yarinbab T, Assefa M. Utilization of HMIS data and its determinants at
health facilities in east Wollega zone, Oromia regional state, Ethiopia:
a health facility based cross-sectional study. J Med Heal Sci 2018;7.
Ngusie HS, Ahmed MH, Kasaye MD, et al. Utilisation of health
management information and its determinant factors among health
professionals working at public health facilities in north Wollo

zone, northeast Wthiopia: a cross-sectional study. BMJ Open
2022;12:e052479.

Wude H, Woldie M, Melese D, et al. Utilization of routine health
information and associated factors among health workers in Hadiya
Zone, Southern Ethiopia. PLoS One 2020;15:0233092.

Abdisa AB, Hajito KW, Daka DW, et al. Health workers’ use of routine
health information and related factors at public health institutions

in lllubabor Zone, Western Ethiopia. BMC Med Inform Decis Mak
2022;22:140.

Tulu G, Demie TG, Tessema TT. Barriers and associated factors to
the use of routine health information for decision-making among
managers working at public hospitals in north Shewa zone of Oromia

35

36

37

38

39

40

Modesti PA, Reboldi G, Cappuccio FP, et al. Panethnic differences
in blood pressure in Europe: a systematic review and meta-analysis.
PLoS One 2016;11:e0147601.

Huedo-Medina TB, Sanchez-Meca J, Marin-Martinez F, et al.
Assessing heterogeneity in meta-analysis: Q statistic or 12 index?
Psychol Methods 2006;11:193-206.

Tadesse K, Gebeye E, Tadesse G. Assessment of health
management information system implementation in ayder referral
hospital, Mekelle, Ethiopia. IJIIS 2014;3:34.

Measure Evaluation. Performance of routine information system
management (PRISM) toolkit: PRISM tools. Chapel Hill, NC, USA,
2019.

Karijo EK, Otieno GO, Mogere S. Determinants of data use for
decision making in health facilities in Kitui County, Kenya. QUMSS
2021;3:63-75.

Nyamtema AS. Bridging the gaps in the health management
information system in the context of a changing health sector. BMC
Med Inform Decis Mak 2010;10:36.

regional state, Ethiopia: a mixed-method study. J Healthc Leadersh 41 Mboera LEG, Rumisha SF, Mbata D, et al. Data utilisation and
2021;13:157-67. factors influencing the performance of the health management

30 Dagnew E, Woreta SA, Shiferaw AM. Routine health information information system in Tanzania. BMIC Health Serv Res
utilization and associated factors among health care professionals 2021;21:498.
working at public health institution in North Gondar, Northwest 42 Tilahun B, Teklu A, Mancuso A, et al. Using health data for
Ethiopia. BMC Health Serv Res 2018;18:685. decision-making at each level of the health system to achieve

31 Abera E, Daniel K, Letta T, et al. Utilization of health management universal health coverage in Ethiopia: the case of an immunization
information system and associated factors in hadiya zone health programme in a low-resource setting. Health Res Policy Syst
centers, southern Ethiopia. RHS 2016;1:98. 2021;19:48.

32 PRISM. 2020 Checklist. Available: https://prisma-statement.org/ 43 Belay H, Azim T, Kassahun H. Assessment of health management
PRISMAStatement/Checklist.aspx information system (HMIS) performance in SNNPR, Ethiopia. 2014.

33 Higgins JP, Green S, eds. Cochrane handbook for systematic reviews 44 Sako S, Gilano G, Chisha Y, et al. Routine health information
of interventions. 2008: 1-674. utilization and associated factors among health professionals

34 McHugh ML. Interrater reliability: the kappa statistic. Biochem Med working in public health facilities of the South region, Ethiopia. Ethiop
2012;22:276-82. J Health Sci 2022;32:433-44.

12 Tadele MM, et al. BMJ Health Care Inform 2023;30:6100693. doi:10.1136/bmjhci-2022-100693

yBuAdod Aq paroaloid 1sanb Aq 120z ‘6 [Udy uo /wod g sonewiolul//:dny woly papeojumod "S$Z0Z UdIeN 0 U0 £6900T-2202-10ylwag/9sTT 0T Se paysiignd 1si1y :wioju| ared yieaH ciNg


http://dx.doi.org/10.1136/bmjopen-2021-052479
http://dx.doi.org/10.1371/journal.pone.0233092
http://dx.doi.org/10.1186/s12911-022-01881-y
http://dx.doi.org/10.2147/JHL.S314833
http://dx.doi.org/10.1186/s12913-018-3498-7
http://dx.doi.org/10.22158/rhs.v1n2p98
https://prisma-statement.org/PRISMAStatement/Checklist.aspx
https://prisma-statement.org/PRISMAStatement/Checklist.aspx
http://dx.doi.org/10.11613/BM.2012.031
http://dx.doi.org/10.1371/journal.pone.0147601
http://dx.doi.org/10.1037/1082-989X.11.2.193
http://dx.doi.org/10.11648/j.ijiis.20140304.11
http://dx.doi.org/10.3126/qjmss.v3i1.37593
http://dx.doi.org/10.1186/1472-6947-10-36
http://dx.doi.org/10.1186/1472-6947-10-36
http://dx.doi.org/10.1186/s12913-021-06559-1
http://dx.doi.org/10.1186/s12961-021-00694-1
http://dx.doi.org/10.4314/ejhs.v32i2.24
http://dx.doi.org/10.4314/ejhs.v32i2.24
http://informatics.bmj.com/

	Routine health information use among healthcare providers in Ethiopia: a systematic review and meta-­analysis
	Abstract
	Introduction
	The rationale for the review
	Review questions

	Methods
	Protocol and registration
	Eligibility criteria
	Search strategy
	Study selection and data extraction
	Outcome measurement and quality assessment
	Data synthesis and statistical analysis

	Results
	Search results
	Characteristics of included studies
	Meta-analysis
	Routine health information use
	Subgroup analysis

	Meta-regression
	A Galbraith plot test
	Assessment of publication bias
	Determinants of routine health information use

	Discussion
	Limitations of the review

	Conclusion
	References


