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Abstract

The first case of severe acute respiratory coronavirus 2 (SARS-CoV-2) was identified in
March 2020 in Kenya resulting in the implementation of public health measures (PHM) to
prevent large-scale epidemics. We aimed to quantify the impact of COVID-19 confinement
measures on access to inpatient services using data from 204 Kenyan hospitals. Data on
monthly admissions and deliveries from the District Health Information Software version 2
(DHIS 2) were extracted for the period January 2018 to March 2021 stratified by hospital
ownership (public or private) and adjusting for missing data using multiple imputation (MI).
We used the COVID-19 event as a natural experiment to examine the impact of COVID-19
and associated PHM on use of health services by hospital ownership. We estimated the
impact of COVID-19 using two approaches; Statistical process control (SPC) charts to visu-
alize and detect changes and Interrupted time series (ITS) analysis using negative-binomial
segmented regression models to quantify the changes after March 2020. Sensitivity analy-
sis was undertaken to test robustness of estimates using Generalised Estimating Equations
(GEE) and impact of national health workers strike on observed trends. SPC charts showed
reductions in most inpatient services starting April 2020. ITS modelling showed significant
drops in April 2020 in monthly volumes of live-births (11%), over-fives admissions for medi-
cal (29%) and surgical care (25%) with the greatest declines in the under-five’s admissions
(59%) in public hospitals. Similar declines were apparent in private hospitals. Health worker
strikes had a significant impact on post-COVID-19 trends for total deliveries, live-births and
caesarean section rate in private hospitals. COVID-19 has disrupted utilization of inpatient
services in Kenyan hospitals. This might have increased avoidable morbidity and mortality
due to non-COVID-19-related ilinesses. The declines have been sustained. Recent data
suggests a reversal in trends with services appearing to be going back to pre- COVID levels.
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Introduction

The global impact of the severe acute respiratory coronavirus 2 (SARS-CoV-2) virus has been
extensive with over 137.5 million confirmed cases and 2.9 million official deaths globally as of
April 13,2021 [1]. In Kenya, the first case of COVID-19 was confirmed on 13" March 2020.
Since then, 147147 cases have been reported with 2394 official deaths confirmed by April 13,
2021 [1] even though the real extent of spread is estimated to be greater [2]. The spread of the
pandemic has placed unprecedented challenge on health systems.

There have been three waves of the pandemic in Kenya. The initial stage of the outbreak fol-
lowing the first case triggered implementation of a partial lockdown on April 6,2020, when
158 cases and 6 deaths had been reported nationally. This wave peaked in July/August 2020,
and cases started to drop gradually [2]. However, two months later, the country experienced
the second tide of the pandemic, which peaked in October/November 2020 [3] and could have
been caused by opening of bars and restaurants and phased re-opening of universities. To curb
the spread, the government instituted more restrictions which saw a dramatic drop in cases in
the following four months. Nonetheless, the third wave was experienced in March 2021, dur-
ing which the second partial lockdown was instituted on 27 March 2021.

Previous outbreaks, noticeably the Ebola epidemic in West Africa in 2014 have brought to
light unintended effects of control measures on utilization of health services during and after
an outbreak, where admissions and surgeries reduced significantly [4-8]. This may be more
pronounced in countries with weak and fragile healthcare systems [9]. This effect maybe
unevenly distributed with women and children more vulnerable [4] and affecting some health-
care services more than others [10].

To capture the indirect effects of COVID-19, we sought to quantify the influence of
COVID-19 confinement measures by the government on admissions and deliveries to assess
utilization of inpatient services using data from 204 Kenyan hospitals.

Materials and methods
Chronology of events

COVID-19 preparedness measures. Two months before the first case of COVID-19 was
reported in Kenya on 13™ March 2020, the government had increased preparedness to the
pandemic. These included installation of surveillance systems to detect suspected COVID-19
cases at border points, additional medical staff at international airports and ports, in-country
capacity to test and isolate COVID-19 cases, sensitization of healthcare workers on dealing
with COVID-19 cases and establishment of a National Emergency Response Committee.

COVID-19 intervention measures. The government started introduction of interven-
tions to combat COVID-19 spread on 13 March 2020. These included suspension of public
gatherings and events, closing of schools, international travel restrictions, fumigation and dis-
infection of markets, closure of bars and restaurants, suspension of attendance to places of
worship, limit of people attending weddings and funerals and national dust-to-dawn curfew.
The month of April 2020 saw cessation of movement in and out of four counties with highest
number of COVID-19 cases, restaurants were opened under strict guidelines of social distanc-
ing, handwashing and temperature checks. During the month of May 2020, cessation of move-
ment into and out of Kenya through Tanzania and Somalia borders was affected while on 10™
June 2020 the government launched home-based care for patients with COVID-19 infection.
In July 2020, certain measures were relaxed; cessation of movement into the four counties was
lifted, phased re-opening of places of worship and resumption of local air travel. On 1** August
2020, international air travel resumed and in September 2020, operation of bars resumed. This
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was followed by phased reopening of schools and lifting of suspension on political gatherings
in October 2020 and November 2020 respectively. In December 2020, there was a nationwide
health care workers strike precipitated by demands for better working conditions such as pro-
vision of adequate Personal Protective Equipment (PPE), enhanced risk allowances and a
health insurance cover. The strike only affected public facilities. Public and private health facil-
ities in Kenya have separate management processes and funding structures affecting service
provision hence challenges experienced in the public sector do not mirror the situation in Pri-
vate facilities. These Health worker strikes were as a result of pay disputes, contracts and
COVID safety concerns, including availability of personal protective equipment [11]. By early
2021, the test positivity proportion was below 5% and all schools were re-opened on January
4™, On 5™ March 2021, the government launched its COVID-19 vaccination campaign and
on March 12", due to cases rising again during the third wave of the pandemic, funerals, wed-
dings and other events were capped to including 100 persons and capacity of places worship
was restricted. The timeline of events is presented in Fig 1.

4 November:
Bars and restaurants
to close by 9pm
Public rallies\suspended

6 December:
Health workers strike starts

5 March:
COVID-19 nationwide vaccination
campaigndaunched

27 September:
Bars and restaurants opened

1 August:
International flights resumed

5 October: 4 Jantiary:
plic transportafon gapagity reduced Universities start phased i
. All schools reopened
opening
Apr 2020 Jul 2020 Oct 2020 Jan 2021 Apr 2021
Date

Fig 1. COVID-19 control measures timeline during the period of study.

https://doi.org/10.1371/journal.pgph.0000029.g001
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Data

Selection of hospitals. Hospitals were selected based on service availability. Data from
varied databases on service availability were consulted. These include; Service Availability and
Readiness Assessment (SARAM) [12], Emergency Medicine Foundation of Kenya (EMFK)
[13], Harmonised Health Facility Assessment (HHFA) [14], District Health Information Sys-
tem (DHIS2) [15] and the Master Facility List (MFL) [16]. A single database of facilities was
then created using a combination of the data sources. Five common indicators used across dif-
ferent countries to delineate hospitals were used. These were availability of operating theatres,
oxygen, blood transfusion, radiology and critical new-born care. Hospitals identified to have
the five indicators were then matched with the number of inpatient beds in an iterative process
to confirm the provision of inpatient services and to validate the use of inpatient bed numbers
in the definition of hospitals. Different iterations were then conducted based on the number of
admissions and service availability to identify facilities that were either likely to have been
missed by all of the service availability assessment considered or may be classified as lower-
level facilities but attract on average 5,408 admissions annually and therefore warrant upgrad-
ing to hospital status. A total of 201 hospitals fitted this criterion and were selected. The indica-
tors used to select the hospitals is presented in Table 1 in S1 File. Three more hospitals, which
are approved internship centres by the Kenya Medical Practitioners and Dentists Council [17]
were added to the list totalling to 204 hospitals. The distribution of the 204 hospitals is repre-
sented in Fig 1 & Table 2 in S1 File and the definition of the indicators used in this study pre-
sented in Table 3 in S1 File.

Extraction of data. Monthly data on inpatient admissions and deliveries in five patient
groups (maternity, new-born units, paediatric, adult medical and surgical wards) were
obtained from the District Health Information System (DHIS2), an open-source software plat-
form for data reporting by most health facilities in the country. Data were extracted for the 204
hospitals, which are known to offer Comprehensive Emergency Obstetric and Newborn Care
(CEmONC) services for the period January 2018 to March 2021, a total of 39 months. Adult
medical data would be expected to include any admissions to general, high-dependency or
intensive care wards although few hospitals will have these higher levels of care. We chose
2018 as a starting point for the data extraction because of prolonged health care workers’
strikes in 2017 which affected health services provision [18] and consequently reporting. For
each hospital, we extracted data on administrative units, level of hospital (Level 3: comprehen-
sive primary health care facility, level 4: primary referral hospitals, Level 5: secondary referral
hospitals and Level 6: national teaching and referral hospitals), whether a hospital is privately
or publicly owned (ownership) and whether the hospital belongs to a clinical information net-
work (CIN). The CIN is a collaboration of selected hospitals, policy makers and health
researchers aimed at improving information available on the quality of inpatient paediatric
care in Kenya [19-21]. A few hospitals reported data into an alternative parallel database (the
hospital administrative database) and these data were merged where appropriate.

Statistical analysis

Handling missing data. To adjust for incompleteness in reporting during the period of
study, multiple imputation (MI) was performed [22-24]. Missing monthly values were
imputed using a mixed effects model in a joint modelling framework using the jomo package
in R and obtained 100 imputations for each indicator [25, 26]. We assumed the data followed
as missing at random (MAR) pattern. The imputed datasets were analysed individually, and
the estimates pooled using Rubin’s Rules. Each inpatient indicator was used as an outcome in
the imputation model. Ownership (public or private), whether hospital belongs to a clinical
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information network (CIN), time (month and year) and COVID-19 binary indicator (0 -
months before pandemic and 1 -months post pandemic) were used as covariates with the hos-
pital ID as a clustering variable. MI was performed for hospitals with more than 30% of
months reported (at least 11/39 months reported) to reduce uncertainty in imputed values and
promote generalizability of the estimates. This strategy was supported by results from a simula-
tion study we carried out, indicating MI performance and efficiency was best when imputing
data for hospitals that reached this threshold of months reported. The imputation model speci-
fication is outlined in Handling missing data in S4 File. The number of hospitals included in
analyses based on this strategy varied for each ward as summarised in the results with further
information presented in Table 4 in S1 File.

Interrupted time series analysis

Exploratory analyses. Admissions and deliveries were aggregated monthly across all
reporting hospitals and stratified by hospital ownership. Temporal trends were plotted sepa-
rately for private and public hospitals to identify significant changes in health services and Sta-
tistical Process Control (SPC) charts were produced using 2018-2019 monthly averages as
baseline to detect significant shifts in monthly admissions in 2020-2021 [27].

We also carried out multiple change point analysis [28, 29] to identify inpatient indicators
that were affected by the national healthcare workers strike between December 2020 —February
2021. The assumption was that the strike affected all the public hospitals since we couldn’t
obtain a database that tracks strikes in hospitals nationally.

Segmented regression. We conducted interrupted-time series analysis using monthly
number of admissions by ward and deliveries as outcomes. Analysis was stratified by hospital
type. For caesarean sections and admissions in NBU where we had an appropriate denomina-
tor (total deliveries and live births respectively), they were used as offset variable to convert
them into a rate and adjust for any potential changes in utilization over time [30, 31]. We
therefore report caesarean section rates and NBU admission rates. The period running from
January 2018 through March 2020 was defined as pre-COVID-19 and April 2020 to March
2021 as post-COVID-19. For each indicator, a segmented regression model was fitted [30, 32].
The following equation specifies the model [32];

Y, = B, + B,xtime, + f,xCOVID1Y, + S,xtime after COVID19, + e,

Where, Y, is the number of admissions in month ¢; time is a continuous indicator of time
in months from January 2018; COVID19 is an indicator of time ¢ occurring before
(COVID19 = 0) or after (COVID19 = 1) the outbreak, which was implemented at April
2021 in the series, where COVID-19 measures were most stringent in Kenya [33]; and
time after COVID19 is a continuous variable counting the number of months after COVID-19
at time ¢. In the model, f3, estimates the baseline level of admissions at time zero; f3, estimates
the change in the monthly number of deliveries before the intervention (the pre-existing
trend); 5, estimates the level change in monthly number of admissions immediately after
COVID-19 outbreak, which is from the end of the preceding segment; f3, estimates the change
in the trend of monthly admissions after COVID-19, compared with the pre-existing trend.
The random variability at time ¢, which is not explained in the model is represented by the
error term e,. A level change (immediate COVID-19 effect) and change in trend after COVID-
19 were hypothesised [30].

A generalized linear model was applied, assuming a Poisson distribution. Since the count
data was over dispersed, and after evaluating several models, we fitted the negative binomial
model to account for overdispersion [30, 34, 35]. Model checking was conducted for
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autocorrelation using the Durbin-Watson statistic and autoregressive moving average
(ARMA) models were fitted for indicators with serial autocorrelation [36-38]. For indicators
with significant autocorrelation, various combinations of the ARMA parameters (order of the
autoregressive and moving average polynomials) were tested and the model resulting to lower
Akaike Information Criterion (AIC) selected. Seasonality was adjusted using Fourier terms
[39]. Results were pooled across the multiple imputed datasets using Rubin’s rules [40]. The
negative binomial segmented ITS model, which accounted for seasonality, autocorrelation and
overdispersion was the best model when compared with negative binomial models that were
not adjusted.

Sensitivity analyses were performed for indicators affected by the national health care work-
ers strike by excluding months affected and comparing the estimates with those from data that
included the strike period. In addition, we anticipated differences in reporting across hospitals.
It is possible that the impact of the pandemic across hospitals was variable, for instance some
hospitals were assigned as isolation centres or closed for some time. Also, the magnitude of the
epidemic in some counties was higher. Therefore, in counties with higher case burden, some
hospital staff were re-assigned or had to go for quarantine if exposed or isolation if they con-
tracted COVID-19, leading to human resources shortages. The intraclass correlation coeffi-
cients across hospitals for each indicator is provided in Table 3 in S3 File. Therefore, a Poisson
generalized estimating equations (GEE) was fitted for each indicator to test the effect of vary-
ing model assumptions, such as accounting for differences in hospitals, on the estimates [41].

Statistical significance was defined as p-values < 0.05. All analyses were performed using R
(version 3.6.3).

Ethics approval and consent to participate

The manuscript does not contain any individual person’s data. We extracted aggregated
monthly data at hospital level and not at patient level.

Results

Out of the 204 hospitals evaluated in this study, 109 were public and 95 were private. The num-
ber and percentage of hospitals reporting at least 30% of months and were included in the
analysis are presented in Table 3 in S1 File. In the sample of 109 public hospitals, all hospitals
reporting at least a month were analysed for total deliveries and live births (108/108), caesarean
sections (106/107), admissions in medical (102/104), admissions in surgical (48/57), admis-
sions in paediatrics (100/106) and admissions in the NBU (61/73). Similarly, all the private
hospitals reporting at least a month were included in the analysis for total deliveries and live
births (95/95). While caesarean sections (93/94), admissions in medical (89/92), admissions in
surgical (67/82), admissions in paediatrics (83/91) and admissions in NBU (32/60) in the sam-
ple of private hospitals.

SPC charts illustrate that for both public and private hospitals, no reported values fell out-
side the 3SD mark in the first three months of 2020 (pre-COVID) (Fig 2). In public hospitals,
monthly admissions fell below the 3SD mark in the paediatrics, adult medical and surgical
wards starting in April 2020 through June 2020. This substantial drop remained until Novem-
ber 2020 for admissions in the medical and paediatrics wards, while admissions in the surgical
ward started returning to normalcy during this period. There were similar falls in private hos-
pitals, with admissions in medical, paediatric and surgical wards below the 3SD threshold
between April 2020 and August 2020, with slight recoveries for admissions in the surgical
ward within this period. In this sample of private hospitals, although admissions in the medical
and surgical ward started to recover starting September 2020 to the end of the study,
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Fig 2. Statistical Process Control chart for both public and private hospitals. Horizontal dashed lines represent the 3-standard deviation mark.

https://doi.org/10.1371/journal.pgph.0000029.g002

reductions in admissions in the paediatrics ward remained below the 3SD mark up to Decem-
ber 2020, where they started going back to expected levels. Numbers of deliveries and live
births in public hospitals also fell starting in April 2020 but these were less substantial than for
other admissions and the sample of private hospitals utilisation of the maternity ward services
began to rise through July 2020 to November 2020. In December 2020, during the nationwide
healthcare workers strike, there was a drastic drop for all indicators in public hospitals and the
highest increase in admissions for private hospitals (Fig 2). These changes continued to Febru-
ary 2021, with services beginning to go back to historical levels in March 2021.

Interrupted timeseries results

From Table 1, before COVID-19, the trend was generally positive across all the indicators in
both public and private hospitals, showing an increase in admissions and deliveries overtime.
There was an immediate drop in admissions post-COVID-19 for most inpatient indicators.
In public hospitals, there was a 11% (IRR = 0.89 CI: 0.80-0.99), 29% (IRR = 0.71 CL: 0.63-
0.79), 59% (IRR = 0.42 CI: 0.38-0.45) and 25% (IRR = 0.75 CI: 0.64-0.87) reductions in live
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Table 1. Interrupted time series analysis results showing incidence rate ratios (IRR) and relative risk (RR)for COVID-19 intervention, time and trend alongside
95% confidence intervals.

Ownership
Public

Private

Ownership
Public

Private

COVID-19
Time
Trend
COVID-19
Time
Trend

COVID-19
Time
Trend
COVID-19
Time
Trend

Total deliveries Live births Caesarean sections rate Admissions > 5 Medical
IRR 95%CI P-value IRR 95%CI P-value RR 95%CI P-value | IRR* | 95%CI* P-value*
0.89 | (0.79-1.02) 0.08 0.89 | (0.80-0.99) 0.04 1.10 | (1.06-1.14) <0.01 0.71 (0.63-0.79) <0.01
1.00 | (0.99-1.01) 0.67 1.00 | (0.99-1.01) 0.42 1.01 | (1.00-1.01) | <0.01 | 1.00 | (0.99-1.00) 0.57
0.99 | (0.97-1.00) 0.11 0.99 | (0.97-1.00) 0.07 1.00 | 0.99-1.00) 0.14 101 | (0.99-1.03) 0.10
091 | (0.81-1.03) 0.13 0.91 | (0.81-1.03) 0.12 1.03 | (0.98-1.09) | 0.25 0.66 | (0.60-0.72) | <0.01
1.00 | (0.99-1.01) 0.06 1.00 | (0.99-1.01) 0.03 1.00 | (1.00-1.01) | 0.02 1.00 | (1.00-1.01) 0.01
1.03 (1.01-1.04) <0.01 1.03 (1.01-1.04) <0.01 0.99 | (0.98-0.99) 0.01 1.03 (1.01-1.04) <0.01
Admissions < 5 Paediatrics Admissions > 5 Surgical NBU Admissions rate
IRR* | 95%CI* P-value* | IRR* | 95%CI* P-value* | RR 95%CI P-value
0.41 (0.38-0.45) <0.01 0.75 | (0.64-0.87) <0.01 0.92 | (0.83-1.01) 0.09
1.00 | (1.00-1.01) <0.01 1.00 | (0.99-1.00) 0.46 1.00 | (1.00-1.01) 0.02
1.04 | (1.03-1.05) <0.01 1.01 (0.99-1.03) 0.19 1.01 | (1.00-1.02) 0.04
0.38 | (0.33-0.45) <0.01 0.72 | (0.64-0.81) <0.01 0.87 | (0.72-1.04) 0.13
1.00 | (0.99-1.01) 0.38 1.00 | (0.99-1.00) 0.82 1.00 | (0.99-1.01) 0.21
1.07 | (1.05-1.08) <0.01 1.02 | (1.01-1.04) <0.01 0.99 | (0.97-1.02) 0.48

*Estimates from ARMA models. The ARMA (p,q) parameters for admissions in medical, surgical and paediatrics are (2,0), (1,0) and (2,0) respectively.

https://doi.org/10.1371/journal.pgph.0000029.t001

births, over-fives admissions in medical, under-fives admissions in paediatrics and over-fives
admissions in surgical respectively. Over-fives in medical, under-fives paediatrics and over-
fives surgical admissions declined by 34% (IRR = 0.66 CI: 0.60-0.72), 62% (IRR = 0.38 CIL:
0.33-0.45) and 28% (IRR = 0.72 CI: 0.64-0.81) respectively in private hospitals. Caesarean sec-
tion rate increased by 10% (RR = 1.10 CI: 1.06-1.14) in public hospitals. Although monthly
admissions in the postCOVID-19 period (May 2020 onwards) experienced some recovery
across all the indicators except for NBU admissions rate in the sample of private hospitals, the
recovery was statistically significant for admissions in the paediatrics ward in the sample of
public hospitals. There was significant autocorrelation for admissions in medical, surgical and
paediatrics wards and estimates presented are produced from the ARMA models. The ITS fit-
ted models are presented in Fig 3.

Sensitivity analyses

Multiple change point analysis showed the national strike between December 2020 —February
2021 coincided with significant reductions in live-births and caesarean sections in the sample
of public hospitals. Conversely, during this strike period, total deliveries, live-births and admis-
sions in the paediatrics ward increased sharply in private hospitals (Figs 2 and 3 in S2 File).
Excluding data for the three months when strike was ongoing showed the estimates for the
post-COVID-19 trend were sensitive to changes in services during the strike for total deliver-
ies, live-births and caesarean section rates in the sample of private hospitals and for surgical
and NBU admissions in public hospitals (Tables 1 & 2 in S3 File). The estimates obtained from
the Poisson generalized estimating equations (GEE) were not different from the primary
model estimates hence robustness of the estimates (Table 4 in S3 File).

Discussion

In this study, the unintended impact of COVID-19 control measures on inpatient admissions
for a large sample of private and public Kenyan hospitals using monthly data reported to the
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Fig 3. Fitted lines of segmented regression models for all indicators and by hospital ownership. Vertical lines represent the month (March 2020) COVID-19 was
announced in Kenya and as a pandemic by the WHO.

https://doi.org/10.1371/journal.pgph.0000029.g003

national information system from January 2018 to March 2021 was evaluated. Utilization of
inpatient services was rising slowly prior to March 2020 in these non-tertiary hospitals but
declined sharply after this co-incidental with the first introduction of national measures to
restrict population mixing in the initial wave of Kenya’s epidemic. Paediatric admissions fell
especially sharply in both public and private sectors. So too, although to a lesser degree, did
adult surgical and medical admissions in these hospitals that would typically not have any sig-
nificant high-dependency or intensive care capacity [42]. In the public sector admissions for
these three older groups, including adult medical and surgical ward admissions, remained
lower than was typical for the following 12 months during what appeared to be Kenya’s first
and second wave of SARS-CoV-2 infections. During this period a national health workers’
strike between in December 2020 and February 2021 also likely reduced admissions for inpa-
tient care even though our analysis shows that this didn’t significantly affect all the indicators
uniformly. In the private sector admission volumes for these three groups slowly rose again
during this 12 months’ period but did not exceed pre-COVID volumes.
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Interestingly, total deliveries and total live births in the public sector, that we would obvi-
ously expect to be closely linked, were less dramatically affected at the start of Kenya’s epi-
demic. However, public sector utilisation of maternity services declined slowly over the 12
months’ post-COVID period with a nadir during the December 2020 health workers’ strike.
The decline in public sector utilisation of hospital maternity services was associated with a
small but significant increase in the proportion of women having a caesarean delivery. Caesar-
ean delivery rates fell during the health workers’ strike (Fig 3). Over the same post-COVID
period the proportion of live births admitted to newborn units also slowly increased. Taken
together these findings may suggest that while public sector delivery volumes were generally
declining. The number of women delivering in hospital with complications of pregnancy, and
consequently of newborns with problems at birth, did not decline as much. In the private sec-
tor, there was no decline in delivery volumes of live births and in fact a slow increase in these
volumes over time. The much higher proportion of women in the private sector (35-40%)
delivering by caesarean section is also worthy of note while the proportion of live births being
admitted to NBU in private hospitals is much lower than in the public sector.

The discrepancy between paediatric, adult medical and adult surgical admissions’ indica-
tors for which volumes fell sharply and use of maternity services for delivery is worthy of note
and somewhat unexpected. The majority of hospitals for which we have data are non-tertiary
and at Level 4 and 5 of the Kenyan health system and located in the major towns in counties
and in urban and peri-urban settings of Kenya’s cities. It is therefore possible that urban fami-
lies prefer to use hospitals for maternity services rather than deliver at home or in smaller clin-
ics. Use of public hospitals may also have been sustained by the policy of free maternity
services in the public sector policy put in place by the Kenyan government in 2013. Despite
this there was a suggestion that as deliveries declined in the public sector they increased in the
private sector, something likely exacerbated by the public sector health workers’ strike in
December 2020.

The significant reductions in over-fives admissions in both medical and surgical wards we
hypothesize are likely linked to the restrictions in movements, dusk-to-dawn curfews, lack of
or high cost of transport that were the result of COVID containment strategies. It is also possi-
ble, as public hospital care is not free for these populations, that the loss of income experienced
by many in the post-COVID period prevented care seeking. The cases of the particularly large
drop in under-fives admissions from April 2020 are not known. We can speculate that, in
addition to the factors influencing utilisation of hospitals by adults, parent’s might fear taking
their children to hospitals to limit their own and their child’s exposure to contracting COVID-
19 infection [43]. It is also possible, that rates of illness were reduced because families paid
greater attention to hygiene (e.g. hand-washing) [44], because of social distancing and because
schools were closed limiting transmission of many respiratory illnesses in households [45] as
respiratory illness is responsible for a large proportion of paediatric admissions in Kenya [46].

The patterns of decline in admissions post-COVID-19 reflect those observed in previous
hospital and population-based studies [41, 47-50]. A study in the US observed dramatic reduc-
tions in hospital admissions after onset of COVID-19 [47]. Significant reductions in childcare
services were also reported in South Africa following lockdown measures [41]. Although no
studies have quantified effects of the pandemic on surgeries in Kenya, early estimates had
revealed reductions in surgical case volumes in low- and middle-income countries [51]. Addi-
tionally, deficit in the provision of personal protective equipment, surgical masks, gloves, N95
masks, and shoe covers were reported to worry surgeons in a cross-sectional study of neuro-
surgeons across African countries, which might affect provision and consequently utilization
of these services [52].
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Strengths of the study

This study provides an understanding of the current situation on utilization of inpatient
admissions in a large sample of hospitals in Kenya in the face of the COVID-19 pandemic. At
a time when most attention is on restrictive measures to combat the pandemic, the unintended
effects of these policies might be overlooked and measuring the effects should inform ongoing
policy discussions that seek to balance COVID prevention and ensuring people can access
care. This study adjusted for potential confounders in assessing changes overtime. Firstly, we
adjusted for missing data in DHIS2, which is quite common in routine data but not always
done [49, 53]. This may be important as non-reporting may be compounded during COVID-
19 if Health Records and Information Officers work at reduced capacity during the epidemic.
Additionally, the WHO in a recent guide on using routine data to monitor the effects of
COVID-19 recommended adjusting for low reporting rates [54]. More generally, missing data
were often encountered and to gain an accurate and rapid picture of the effects of COVID poli-
cies in countries such as Kenya more needs to be done to improve DHIS2 data quality. This
will likely require investment in better infrastructure, supervisory support, formal data quality
assurance and human resources [55, 56]. A second strength was use of data from a reasonably
large number of hospitals from a broad geographic region covering all the counties across the
country. Thirdly, compared to previous studies [49, 57], we have used a prolonged pre-
COVID-19 period and a full 12 months post-COVID-19 period. This provided enough data
points to measure the post-COVID-19 trend with precision and also allow adjustments for sea-
sonal trends. Finally, we evaluated the potential effect of a second interruption to services, the
health care workers’ strike, and used sensitivity analysis to account for uncertainty in estimates
due to hospital level variability.

Limitations

We recognize some limitations of the study. There is poor reporting into DHIS2 of private
hospitals, especially those offering the equivalent of regional or tertiary level services. This
reduces the number or private hospitals in our sample and tends to exclude those with more
advanced patient care facilities. We also had to exclude some tertiary and more specialised cen-
tres from the public sector because these too reported less than 30% of months data. Our
finding that adult medical admissions were reduced may therefore be misleading if these
larger hospitals experienced a major rise in admissions if adults with severe COVID-19 sought
care at these sites preferentially. Importantly, we sought to analyse data on mortality of the
admissions analysed in this report. However, DHIS2 as implemented in Kenya makes this
extremely challenging as hospitals are unable to record zero deaths in a month, efforts to enter
a zero-value result in a missing value in the actual database. Accounting for this will need
more complex imputation procedures which are being explored. Additionally, given the nature
of the pandemic there are no potential controls for this study and so while it seems entirely
plausible that the effects, we describe are a consequence of the introduction of COVID-19 con-
trol measures it remains possible there are other unknown explanations. We also note that the
analysis was restricted to events occurring within hospitals and doesn’t account for those
occurring in primary health facilities or outside the health system. We evaluated the impact of
health worker strike on the analysis assuming a uniform impact across all hospitals due to lack
of a database that tracks strikes within hospitals nationally, however the length of the strike
might have been shorter for some hospitals. Lastly, we didn’t carry out sensitivity analysis,

but this is work we are considering in the future to assess any departures from the MAR
assumption.
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Conclusion

In a large sample of public hospitals significant drops were observed in monthly volumes of
live births (11%), over-fives admissions for medical (29%) and surgical care (25%) with espe-
cially high declines in admissions in the under 5 age group (59%). Similarly, substantial
declines were apparent in private hospitals, where significant reductions in admissions to the
medical (34%), surgical (28%) and paediatrics (62%) wards were observed. However, mater-
nity ward indicators and NBU admission rates were not affected in this sample of private hos-
pitals. The declines have been sustained and recent data suggests a reversal in trends with
services appearing to be going back to the historical levels starting March 2021.

Supporting information

S1 File. Distribution of hospitals and number of health facilities analysed for each indica-
tor including health facilities excluded for not reporting any month and those with less
than 30% of months reported. The definition of the indicators analysed is outlined.
(DOCX)

S2 File. Patterns of missing data across all the health facilities analysed including multiple
change point analysis plots.
(DOCX)

S3 File. Sensitivity analysis estimates.
(DOCX)

$4 File. Multiple imputation methodology.
(DOCX)

Author Contributions
Conceptualization: Steven Wambua, Mike English, Emelda A. Okiro.

Data curation: Steven Wambua, Lucas Malla, George Mbevi, Amen-Patrick Nwosu, Timothy
Tuti, Chris Paton, Samuel Cheburet, Ayub Manya, Mike English, Emelda A. Okiro.

Formal analysis: Steven Wambua, Lucas Malla, Mike English, Emelda A. Okiro.
Funding acquisition: Mike English, Emelda A. Okiro.

Investigation: Steven Wambua, Lucas Malla, George Mbevi, Amen-Patrick Nwosu, Timothy
Tuti, Chris Paton, Samuel Cheburet, Ayub Manya, Mike English, Emelda A. Okiro.

Methodology: Steven Wambua, Lucas Malla, George Mbevi, Amen-Patrick Nwosu, Timothy
Tuti, Chris Paton, Samuel Cheburet, Ayub Manya, Mike English, Emelda A. Okiro.

Project administration: Steven Wambua, Mike English, Emelda A. Okiro.
Resources: Mike English, Emelda A. Okiro.

Software: Steven Wambua, Lucas Malla.

Supervision: Mike English, Emelda A. Okiro.

Validation: Steven Wambua, Lucas Malla, George Mbevi, Amen-Patrick Nwosu, Timothy
Tuti, Chris Paton, Samuel Cheburet, Ayub Manya, Mike English, Emelda A. Okiro.

Visualization: Steven Wambua, Lucas Malla, George Mbevi, Amen-Patrick Nwosu, Timothy
Tuti, Samuel Cheburet, Mike English, Emelda A. Okiro.

PLOS Gilobal Public Health | https://doi.org/10.1371/journal.pgph.0000029 November 17, 2021 12/15


http://journals.plos.org/globalpublichealth/article/asset?unique&id=info:doi/10.1371/journal.pgph.0000029.s001
http://journals.plos.org/globalpublichealth/article/asset?unique&id=info:doi/10.1371/journal.pgph.0000029.s002
http://journals.plos.org/globalpublichealth/article/asset?unique&id=info:doi/10.1371/journal.pgph.0000029.s003
http://journals.plos.org/globalpublichealth/article/asset?unique&id=info:doi/10.1371/journal.pgph.0000029.s004
https://doi.org/10.1371/journal.pgph.0000029

PLOS GLOBAL PUBLIC HEALTH

The indirect impact of COVID-19 pandemic on inpatient admissions in 204 Kenyan hospitals

Writing - original draft: Steven Wambua.

Writing - review & editing: Lucas Malla, George Mbevi, Amen-Patrick Nwosu, Timothy

Tuti, Chris Paton, Samuel Cheburet, Ayub Manya, Mike English, Emelda A. Okiro.

References

10.

1.

12

13.
14.

15.
16.
17.

18.

19.

20.

John Hopkins University. COVID-19 Dashboard [Available from: https://coronavirus.jhu.edu/.

Uyoga S, Adetifa IM, Karanja HK, Nyagwange J, Tuju J, Wanjiku P, et al. Seroprevalence of anti—
SARS-CoV-2 IgG antibodies in Kenyan blood donors. Science. 2021; 371(6524):79-82. https://doi.org/
10.1126/science.abe1916 PMID: 33177105

O’Connell R, Khan M, Amir M, Bucheeri M, Khan W, Khan |, et al. The impact of COVID-19 on emer-
gency general surgery admissions and operative volumes: A single centre experience. The Surgeon.
2020. https://doi.org/10.1016/j.surge.2020.09.013 PMID: 33257272

Barden-O’Fallon J, Barry MA, Brodish P, Hazerjian J. Rapid assessment of Ebola-related implications
for reproductive, maternal, newborn and child health service delivery and utilization in Guinea. PLoS
currents. 2015; 7. https://doi.org/10.1371/currents.outbreaks.0b0ba06009dd091bc39ddb3c6d7b0826
PMID: 26331094

Bolkan HA, van Duinen A, Samai M, Gassama |, Waalewijn B, Wibe A, et al. Admissions and surgery
as indicators of hospital functions in Sierra Leone during the west-African Ebola outbreak. BMC Health
Serv Res. 2018; 18(1):846. https://doi.org/10.1186/512913-018-3666-9 PMID: 30413159

Brolin Ribacke KJ, van Duinen AJ, Nordenstedt H, Héijer J, Molnes R, Froseth TW, et al. The Impact of
the West Africa Ebola Outbreak on Obstetric Health Care in Sierra Leone. PLoS One. 2016; 11(2).
https://doi.org/10.1371/journal.pone.0150080 PMID: 26910462

Elston J, Moosa A, Moses F, Walker G, Dotta N, Waldman RJ, et al. Impact of the Ebola outbreak on
health systems and population health in Sierra Leone. Journal of Public Health. 2016; 38(4):673-8.
https://doi.org/10.1093/pubmed/fdv158 PMID: 28158472

Takahashi S, Metcalf CJE, Ferrari MJ, Moss WJ, Truelove SA, Tatem AJ, et al. Reduced vaccination
and the risk of measles and other childhood infections post-Ebola. Science. 2015; 347(6227):1240-2.
https://doi.org/10.1126/science.aaa3438 PMID: 25766232

Gostin LO, Friedman EA. A retrospective and prospective analysis of the west African Ebola virus dis-
ease epidemic: robust national health systems at the foundation and an empowered WHO at the apex.
The Lancet. 2015; 385(9980):1902-9.

Chang H-J, Huang N, Lee C-H, Hsu Y-J, Hsieh C-J, Chou Y-J. The impact of the SARS epidemic on the
utilization of medical services: SARS and the fear of SARS. Am J Public Health. 2004; 94(4):562—4.
https://doi.org/10.2105/ajph.94.4.562 PMID: 15054005

Ouma PN, Masai AN, Nyadera IN. Health coverage and what Kenya can learn from the COVID-19 pan-
demic. Journal of Global Health. 2020; 10(2). https://doi.org/10.7189/jogh.10.020362 PMID: 33110557

GoK W. Kenya Service Availability and Readiness Assessment Mapping (SARAM). Ministry of Health,
Nairobi Kenya. 2014.

Project-47 E. Project 47: Emergency Departments in 47 Counties. 2019.

MoH. Harmonised Health Facility Assessment. Provided by the HHFA team by personal communica-
tion. 2019.

DHIS2. Kenya Health Information System. 2018.
MoH-HIS. Kenya Master Health Facility Listing. 2016.

Kenya Medical Practitioners and Dentists Council. Approved Internship Centers 2020 [cited 2021 03/
06/2021]. Available from: https:/medicalboard.co.ke/functions/approved-internship-centres/.

Irimu G, Ogero M, Mbevi G, Kariuki C, Gathara D, Akech S, et al. Tackling health professionals’ strikes:
an essential part of health system strengthening in Kenya. BMJ global health. 2018; 3(6). https://doi.
org/10.1136/bmjgh-2018-001136 PMID: 30588346

Tuti T, Bitok M, Malla L, Paton C, Muinga N, Gathara D, et al. Improving documentation of clinical care
within a clinical information network: an essential initial step in efforts to understand and improve care in
Kenyan hospitals. BMJ Global Health. 2016; 1(1):e000028. https://doi.org/10.1136/bmjgh-2016-
000028 PMID: 27398232

English M. Designing a theory-informed, contextually appropriate intervention strategy to improve deliv-
ery of paediatric services in Kenyan hospitals. Implementation Science. 2013; 8(1):1-13. https://doi.
org/10.1186/1748-5908-8-39 PMID: 23537192

PLOS Gilobal Public Health | https://doi.org/10.1371/journal.pgph.0000029 November 17, 2021 13/15


https://coronavirus.jhu.edu/
https://doi.org/10.1126/science.abe1916
https://doi.org/10.1126/science.abe1916
http://www.ncbi.nlm.nih.gov/pubmed/33177105
https://doi.org/10.1016/j.surge.2020.09.013
http://www.ncbi.nlm.nih.gov/pubmed/33257272
https://doi.org/10.1371/currents.outbreaks.0b0ba06009dd091bc39ddb3c6d7b0826
http://www.ncbi.nlm.nih.gov/pubmed/26331094
https://doi.org/10.1186/s12913-018-3666-9
http://www.ncbi.nlm.nih.gov/pubmed/30413159
https://doi.org/10.1371/journal.pone.0150080
http://www.ncbi.nlm.nih.gov/pubmed/26910462
https://doi.org/10.1093/pubmed/fdv158
http://www.ncbi.nlm.nih.gov/pubmed/28158472
https://doi.org/10.1126/science.aaa3438
http://www.ncbi.nlm.nih.gov/pubmed/25766232
https://doi.org/10.2105/ajph.94.4.562
http://www.ncbi.nlm.nih.gov/pubmed/15054005
https://doi.org/10.7189/jogh.10.020362
http://www.ncbi.nlm.nih.gov/pubmed/33110557
https://medicalboard.co.ke/functions/approved-internship-centres/
https://doi.org/10.1136/bmjgh-2018-001136
https://doi.org/10.1136/bmjgh-2018-001136
http://www.ncbi.nlm.nih.gov/pubmed/30588346
https://doi.org/10.1136/bmjgh-2016-000028
https://doi.org/10.1136/bmjgh-2016-000028
http://www.ncbi.nlm.nih.gov/pubmed/27398232
https://doi.org/10.1186/1748-5908-8-39
https://doi.org/10.1186/1748-5908-8-39
http://www.ncbi.nlm.nih.gov/pubmed/23537192
https://doi.org/10.1371/journal.pgph.0000029

PLOS GLOBAL PUBLIC HEALTH

The indirect impact of COVID-19 pandemic on inpatient admissions in 204 Kenyan hospitals

21.

22,
23.

24,

25.
26.

27.

28.

29.
30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.
41.

42,

43.

44,

English M, Ayieko P, Nyamai R, Were F, Githanga D, Irimu G. What do we think we are doing? How
might a clinical information network be promoting implementation of recommended paediatric care
practices in Kenyan hospitals? Health research policy and systems. 2017; 15(1):1-12. https://doi.org/
10.1186/s12961-016-0162-8 PMID: 28095915

Rubin DB. Inference and missing data. Biometrika. 1976; 63(3):581-92.

Rubin DB. Multiple imputation after 18+ years. Journal of the American statistical Association. 1996; 91
(434):473-89.

Quartagno M. Multiple Imputation for Individual Patient Data Meta-Analyses: London School of Hygiene
& Tropical Medicine; 2016. https://doi.org/10.1002/sim.6837 PMID: 26681666

Quartagno M, Carpenter J, Quartagno MM, BaBooN S. Package ‘jomo’. 2020.

Quartagno M, Grund S, Carpenter J. Jomo: a flexible package for two-level joint modelling multiple
imputation. R Journal. 2019; 9(1).

Benneyan JC. The design, selection, and performance of statistical control charts for healthcare pro-
cess improvement. International Journal of Six Sigma and Competitive Advantage. 2008; 4(3):209-39.

Killick R, Eckley I. changepoint: An R package for changepoint analysis. Journal of statistical software.
2014; 58(3):1-19.

Taylor WA. Change-point analysis: a powerful new tool for detecting changes. 2000.

Bernal JL, Cummins S, Gasparrini A. Interrupted time series regression for the evaluation of public
health interventions: a tutorial. Int J Epidemiol. 2017; 46(1):348-55. https://doi.org/10.1093/ije/dyw098
PMID: 27283160

Hale T, Angrist N, Goldszmidt R, Kira B, Petherick A, Phillips T, et al. A global panel database of pan-
demic policies (Oxford COVID-19 Government Response Tracker). Nature Human Behaviour. 2021; 5
(4):529-38. https://doi.org/10.1038/s41562-021-01079-8 PMID: 33686204

Wagner AK, Soumerai SB, Zhang F, Ross-Degnan D. Segmented regression analysis of interrupted
time series studies in medication use research. J Clin Pharm Ther. 2002; 27(4):299-309. https://doi.
org/10.1046/j.1365-2710.2002.00430.x PMID: 12174032

University of Oxford. COVID-19: Stringency Index 2020 [Available from: https://ourworldindata.org/
grapher/covid-stringency-index?tab=chart&region=Africa&country=~KEN.

Gardner W, Mulvey EP, Shaw EC. Regression analyses of counts and rates: Poisson, overdispersed
Poisson, and negative binomial models. Psychol Bull. 1995; 118(3):392. https://doi.org/10.1037/0033-
2909.118.3.392 PMID: 7501743

Ver Hoef JM, Boveng PL. Quasi-Poisson vs. negative binomial regression: how should we model over-
dispersed count data? Ecology. 2007; 88(11):2766—72. https://doi.org/10.1890/07-0043.1 PMID:
18051645

Prais SJ, Winsten CB. Trend estimators and serial correlation. Cowles Commission discussion paper
Chicago; 1954.

Nelson BK. Time series analysis using autoregressive integrated moving average (ARIMA) models.
Acad Emerg Med. 1998; 5(7):739—-44. https://doi.org/10.1111/j.1553-2712.1998.tb02493.x PMID:
9678399

Schaffer AL, Dobbins TA, Pearson S-A. Interrupted time series analysis using autoregressive integrated
moving average (ARIMA) models: a guide for evaluating large-scale health interventions. BMC Med
Res Methodol. 2021; 21(1):1-12. https://doi.org/10.1186/s12874-020-01190-w PMID: 33397292

Bhaskaran K, Gasparrini A, Hajat S, Smeeth L, Armstrong B. Time series regression studies in environ-
mental epidemiology. Int J Epidemiol. 2013; 42(4):1187-95. https://doi.org/10.1093/ije/dyt092 PMID:
23760528

Rubin DB. Multiple imputation for nonresponse in surveys: John Wiley & Sons; 2004.

Siedner MJ, Kraemer JD, Meyer MJ, Harling G, Mngomezulu T, Gabela P, et al. Access to primary
healthcare during lockdown measures for COVID-19 in rural South Africa: an interrupted time series
analysis. BMJ open. 2020; 10(10):e043763. https://doi.org/10.1136/bmjopen-2020-043763 PMID:
33020109

Barasa EW, Ouma PO, Okiro EA. Assessing the hospital surge capacity of the Kenyan health systemin
the face of the COVID-19 pandemic. PLoS One. 2020; 15(7):e0236308. https://doi.org/10.1371/journal.
pone.0236308 PMID: 32687538

Agirdas C, Holding JG. Effects of the ACA on preventive care disparities. Applied health economics and
health policy. 2018; 16(6):859—69. https://doi.org/10.1007/s40258-018-0423-5 PMID: 30143994

McGuinness SL, Barker SF, O’Toole J, Cheng AC, Forbes AB, Sinclair M, et al. Effect of hygiene inter-
ventions on acute respiratory infections in childcare, school and domestic settings in low-and middle-

PLOS Gilobal Public Health | https://doi.org/10.1371/journal.pgph.0000029 November 17, 2021 14/15


https://doi.org/10.1186/s12961-016-0162-8
https://doi.org/10.1186/s12961-016-0162-8
http://www.ncbi.nlm.nih.gov/pubmed/28095915
https://doi.org/10.1002/sim.6837
http://www.ncbi.nlm.nih.gov/pubmed/26681666
https://doi.org/10.1093/ije/dyw098
http://www.ncbi.nlm.nih.gov/pubmed/27283160
https://doi.org/10.1038/s41562-021-01079-8
http://www.ncbi.nlm.nih.gov/pubmed/33686204
https://doi.org/10.1046/j.1365-2710.2002.00430.x
https://doi.org/10.1046/j.1365-2710.2002.00430.x
http://www.ncbi.nlm.nih.gov/pubmed/12174032
https://ourworldindata.org/grapher/covid-stringency-index?tab=chart&region=Africa&country=~KEN
https://ourworldindata.org/grapher/covid-stringency-index?tab=chart&region=Africa&country=~KEN
https://doi.org/10.1037/0033-2909.118.3.392
https://doi.org/10.1037/0033-2909.118.3.392
http://www.ncbi.nlm.nih.gov/pubmed/7501743
https://doi.org/10.1890/07-0043.1
http://www.ncbi.nlm.nih.gov/pubmed/18051645
https://doi.org/10.1111/j.1553-2712.1998.tb02493.x
http://www.ncbi.nlm.nih.gov/pubmed/9678399
https://doi.org/10.1186/s12874-020-01190-w
http://www.ncbi.nlm.nih.gov/pubmed/33397292
https://doi.org/10.1093/ije/dyt092
http://www.ncbi.nlm.nih.gov/pubmed/23760528
https://doi.org/10.1136/bmjopen-2020-043763
http://www.ncbi.nlm.nih.gov/pubmed/33020109
https://doi.org/10.1371/journal.pone.0236308
https://doi.org/10.1371/journal.pone.0236308
http://www.ncbi.nlm.nih.gov/pubmed/32687538
https://doi.org/10.1007/s40258-018-0423-5
http://www.ncbi.nlm.nih.gov/pubmed/30143994
https://doi.org/10.1371/journal.pgph.0000029

PLOS GLOBAL PUBLIC HEALTH

The indirect impact of COVID-19 pandemic on inpatient admissions in 204 Kenyan hospitals

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

income countries: a systematic review. Trop Med Int Health. 2018; 23(8):816-33. https://doi.org/10.
1111/tmi. 13080 PMID: 29799658

Munywoki PK, Koech DC, Agoti CN, Cane PA, Medley GF, Nokes DJ. Continuous invasion by respira-
tory viruses observed in rural households during a respiratory syncytial virus seasonal outbreak in
coastal Kenya. Clin Infect Dis. 2018; 67(10):1559-67. https://doi.org/10.1093/cid/ciy313 PMID:
29668861

Ayieko P, Ogero M, Makone B, Julius T, Mbevi G, Nyachiro W, et al. Characteristics of admissions and
variations in the use of basic investigations, treatments and outcomes in Kenyan hospitals within a new
Clinical Information Network. Arch Dis Child. 2016; 101(3):223-9. https://doi.org/10.1136/archdischild-
2015-309269 PMID: 26662925

Birkmeyer JD, Barnato A, Birkmeyer N, Bessler R, Skinner J. The Impact Of The COVID-19 Pandemic
On Hospital Admissions In The United States: Study examines trends in US hospital admissions during
the COVID-19 pandemic. Health Aff (Millwood). 2020; 39(11):2010-7. https://doi.org/10.1377/hlthaff.
2020.00980 PMID: 32970495

Sokolski M, Gajewski P, Zymlinski R, Biegus J, Ten Berg JM, Bor W, et al. Impact of coronavirus dis-
ease 2019 (COVID-19) outbreak on acute admissions at the emergency and cardiology departments
across Europe. The American journal of medicine. 2020. https://doi.org/10.1016/j.amjmed.2020.08.043
PMID: 33010226

SHIKUKU DN, Nyaoke I, Gichuru S, Maina O, Eyinda M, Godia P, et al. Early indirect impact of COVID-
19 pandemic on utilization and outcomes of reproductive, maternal, newborn, child and adolescent
health services in Kenya. medRxiv. 2020.

WuY, Chen F, Wang Z, Feng W, Liu Y, Wang Y, et al. Reductions in hospital admissions and delays in
acute stroke care during the pandemic of COVID-19. Front Neurol. 2020; 11:1251. https://doi.org/10.
3389/fneur.2020.584734 PMID: 33250851

O’Reilly-Shah VN, Van Cleve W, Long DR, Moll V, Evans FM, Sunshine JE, et al. Impact of COVID-19
response on global surgical volumes: an ongoing observational study. Bull World Health Organ. 2020;
98(10):671. https://doi.org/10.2471/BLT.20.264044 PMID: 33177757

Mahmud MR, Cheserem B, Esene IN, Kalangu K, Sanoussi S, Musara A, et al. The impact of COVID-
19 on neurosurgical services in Africa. World Neurosurg. 2021; 146:e747—e54. https://doi.org/10.1016/
j.wneu.2020.11.004 PMID: 33248310

Ministry of Health Republic of Kenya. Kenya Health Sector Strategic Plan 2018 [Available from: https://
www.health.go.ke/wp-content/uploads/2020/11/Kenya-Health-Sector-Strategic-Plan-2018-231.pdf.

WHO. Analysing and using routine data to monitor the effects of COVID-19 on essential health services
2021 [01/06/2021]. Available from: https://www.who.int/bulletin/volumes/95/10/17-194399/en/.

Kihuba E, Gathara D, Mwinga S, Mulaku M, Kosgei R, Mogoa W, et al. Assessing the ability of health
information systems in hospitals to support evidence-informed decisions in Kenya. Global health action.
2014; 7(1):24859. https://doi.org/10.3402/gha.v7.24859 PMID: 25084834

Hagel C, Paton C, Mbevi G, English M. Data for tracking SDGs: challenges in capturing neonatal data
from hospitals in Kenya. BMJ Global Health. 2020; 5(3):002108. https://doi.org/10.1136/bmjgh-2019-
002108 PMID: 32337080

Barasa E, Kazungu J, Orangi S, Kabia E, Ogero M, Kasera K. Assessing the Indirect Health Effects of
the COVID-19 Pandemic in Kenya. Center for Global Development Forthcoming at https://
wwwcgdevorg/publication/assessing-indirect-health-effects-covid-19-pandemic-kenya. 2021.

PLOS Gilobal Public Health | https://doi.org/10.1371/journal.pgph.0000029 November 17, 2021 15/15


https://doi.org/10.1111/tmi.13080
https://doi.org/10.1111/tmi.13080
http://www.ncbi.nlm.nih.gov/pubmed/29799658
https://doi.org/10.1093/cid/ciy313
http://www.ncbi.nlm.nih.gov/pubmed/29668861
https://doi.org/10.1136/archdischild-2015-309269
https://doi.org/10.1136/archdischild-2015-309269
http://www.ncbi.nlm.nih.gov/pubmed/26662925
https://doi.org/10.1377/hlthaff.2020.00980
https://doi.org/10.1377/hlthaff.2020.00980
http://www.ncbi.nlm.nih.gov/pubmed/32970495
https://doi.org/10.1016/j.amjmed.2020.08.043
http://www.ncbi.nlm.nih.gov/pubmed/33010226
https://doi.org/10.3389/fneur.2020.584734
https://doi.org/10.3389/fneur.2020.584734
http://www.ncbi.nlm.nih.gov/pubmed/33250851
https://doi.org/10.2471/BLT.20.264044
http://www.ncbi.nlm.nih.gov/pubmed/33177757
https://doi.org/10.1016/j.wneu.2020.11.004
https://doi.org/10.1016/j.wneu.2020.11.004
http://www.ncbi.nlm.nih.gov/pubmed/33248310
https://www.health.go.ke/wp-content/uploads/2020/11/Kenya-Health-Sector-Strategic-Plan-2018-231.pdf
https://www.health.go.ke/wp-content/uploads/2020/11/Kenya-Health-Sector-Strategic-Plan-2018-231.pdf
https://www.who.int/bulletin/volumes/95/10/17-194399/en/
https://doi.org/10.3402/gha.v7.24859
http://www.ncbi.nlm.nih.gov/pubmed/25084834
https://doi.org/10.1136/bmjgh-2019-002108
https://doi.org/10.1136/bmjgh-2019-002108
http://www.ncbi.nlm.nih.gov/pubmed/32337080
https://wwwcgdevorg/publication/assessing-indirect-health-effects-covid-19-pandemic-kenya
https://wwwcgdevorg/publication/assessing-indirect-health-effects-covid-19-pandemic-kenya
https://doi.org/10.1371/journal.pgph.0000029

