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Abstract

Background: In most health areas, an information system is necessary for an effective fight against COVID-19.
Current methods for surveillance of diseases with epidemic potential do not include monitoring the adherence to
preventive measures. Furthermore, modern data collection methods depend often on technologies (e.g., cameras
or drones) that are hardly available in low-income countries. Simpler solutions could be just as effective.

Methods: A dashboard was used over a whole week to monitor preventive measures in Bukavu (DRC) by mid-May
2020. It was designed to collect from street passers-by information on the adherence to barrier measures, the level
of awareness of these measures, the opinion on their usefulness, and the health status of people in the households.

Results: Creating a dashboard and collecting the necessary data proved feasible. The use of barrier measures was
very limited and that of masks practically nil despite repeated recommendations from the health authorities. The
end of each day was the worst moment due to clearly insufficient distancing. Barrier measures were significantly
more used in areas where they were best known and most acknowledged. At the time of the study, there were
few sick people and only rare severe cases were attributed to COVID-19.

Conclusions: Creating COVID-19 situation dashboards in limited-resource metropoles is feasible. They give real-time
access to data that help fight the epidemic. The findings of this pilot study call for a rapid community awareness
actions to back national media-based prevention campaigns.
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Introduction
On May 11, 2020, the Ministry of Health of the Demo-
cratic Republic of Congo (DRC) had already recorded a
little more than one thousand confirmed cases of
COVID-19 [1]. Most of these cases were diagnosed in
Kinshasa though cases were also identified in various

provinces, especially in South Kivu. Since then, the
health authorities of DRC established national and pro-
vincial committees to contain the disease outbreak. To
adapt their decisions to the epidemic spread, these com-
mittees have to be regularly informed about changes in
the spread of the disease through the population and the
degree to which the population adheres to preventive
barrier measures.
Most DRC provinces are used to deal with health cri-

ses and, when the COVID-19 crisis broke out, the DRC
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was about to declare the end of the Ebola epidemic that
erupted in 2018 in North Kivu. The experience of past ep-
idemics being likely to orient responses to new epidemics
[2], the population of Bukavu (Eastern DRC, South Kivu)
was informed about the onset of the COVID-19 pandemic
since April 2020 and called to wear masks and use mea-
sures to protect people over 60 [3].
The management of a health crisis has to follow a

process that requires accurate data about the extent of
the epidemic, the changes in morbidity and mortality
rates, the adoption by the population of preventive mea-
sures, and the understanding and perceptions of the
population [4]. Furthermore, each new crisis is an op-
portunity to improve previous procedures, especially in
terms of data collection. For example, since March 2020,
COSMO study (COVID-19 Snapshot MOnitoring) in
Germany has required weekly updates about interactions
between risk perception, awareness, and disinformation
[5]. Besides, many other epidemic-specific initiatives
have been taken worldwide, including the creation of
dashboards to collect data to monitor the extent of the
epidemic [6]. The methods of data collection should be
adapted to each country or even each region.
The present article reports on a pilot experience for

the creation of a dashboard in limited-resource settings.
It was conducted in the streets of Bukavu by mid-May
2020. It describes (i) the process of data collection and
analysis; (ii) the findings regarding the use of barrier
measures, the level of awareness of these measures
among the passers-by, and the opinions of the latter on
the measures’ usefulness; and (iii) some information
about the health status of people of their households.

Materials and methods
Study setting and procedures
The study was carried out over a single week (May 14 to
May 20, 2020) in Bukavu, a city of one million inhabi-
tants. Five out of the 37 health areas of Bukavu were se-
lected for the study because they represent the diversity
of Bukavu’s population: Muhungu Diocésain, Ceca-40
Nguba, Maria, Neema, and Burhiba. These areas in-
cluded 165,549 inhabitants.
The data were collected by ten observers recruited

among the young physicians of Bukavu. These volunteer
observers had to test the feasibility of a data collection
method (or dashboard) before its implementation in
wider parts of the city. They were invited to attend four
meetings for consultation and training of which two
were held before data collection and two during data
collection.
In each of the five health areas, three typical streets

were chosen among the busiest, the medium busy, and
the quietest streets of the area. The choices were made

after discussions with the observers who know well their
city and the activities along its streets.
The observers had to visit the streets five times daily.

The approximate times of the visits (local time ± 1 h)
were 8 AM (designated as “early morning”), 11 AM
(“morning”), 12:30 PM (“noon”), 5 PM (“end of the day”),
and 7 PM (“early evening”).
The observers had to score the use of barrier measures

in the streets and interview some passers-by (Table 1).
The data were stored in a software application down-
loaded to the observer’s smartphones. Examining the use
of barrier measures included scoring three indicators: (i)
street population density, (ii) physical distancing, and (iii)
masking (Table S1). The indicators were rated on a Likert
scale: 0 for the most pejorative to 3 for the most favorable
regarding the fight against the epidemic (Table S1).
On each street visit, each observer had to take at least

one photo for later checks of the ratings. Each photo
had to be taken from the same spot with the same view
angle. It was automatically geolocated, dated, and
uploaded to the secure server of the study. Later, two in-
dependent assessors had to analyze the photos and rate
the indicators. The agreements between the three ratings
were later analyzed.
Each observer had to interview two passers-by imme-

diately or at his/her next visit. Each interview was geolo-
cated, dated, and saved on the server of the study. It
included three parts: (i) awareness of the barrier mea-
sures, (ii) opinion about their usefulness, and (iii) the
health status of people in the household. The answer to
each question was also rated on a similar Likert scale: 0
for the most pejorative answer (ignorance or uselessness)
to 3 for the most favorable answer (awareness and un-
derstanding) regarding the fight against the epidemic
(Table 1).
No personal data were collected, except for sex and

age. The photos were immediately destructed after asses-
sors’ checks.

Statistical analysis
The mean scores for street population density, distan-
cing, and masking were calculated over the whole city at
each of the five times of each observation day.
The distributions of the scores on the items of the

questionnaire were tabulated as numbers and percent-
ages. A mean score was calculated for each response
modality.
Regarding the health status of people in the household,

the study considered a ratio of the number of sick
people to the number of all people in the household.
The result was later expressed per one thousand
inhabitants.
Differences between health areas were assessed using

Pearson’s chi-square test. The mean scores (with their
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95% confidence intervals) for street population density,
distancing, masking, awareness of barrier measures, and
their usefulness were calculated per health area.
Correlation coefficients of Spearman were estimated to

quantify the relationships between five variables: street
population density, distancing, masking, awareness of
barriers, and opinion about barriers. The results were
tabulated and expressed graphically. The agreements be-
tween observers’ and assessors’ ratings were estimated
using weighted Kappa coefficients.
All data were entered and stored on a dedicated

website. All statistical analyses were carried out with R
software (R Core Team, 2019; R: a language and

Table 1 Content of the questionnaire given to passers-by in the
streets of Bukavu, DRC, May 2020

Questions and suggested answers Score Number
(%)*

The interviewed person

Women 101
(37.0%)

Age 24.5 (15;
76)

Place of residence

Within 1 km 2 147
(53.5%)

Farther than 1 km in the city 1 114
(4.1%)

Out of the city 0 14 (5.1%)

Knowledge about the barrier measures

Keep a minimum distance

Well known and understood 3 158
(57.0%)

Fairly known 2 71
(25.6%)

Poorly known or understood 1 35
(12.6%)

Not known 0 13 (4.7%)

Never touch a person

Well known and understood 3 156
(56.3%)

Fairly known 2 81
(29.2%)

Poorly known or understood 1 33
(11.9%)

Not known 0 7 (2.5%)

Cough into the elbow

Well known and understood 3 147
(53.2%)

Fairly known 2 66
(23.9%)

Poorly known or understood 1 51
(18.5%)

Not known 0 12 (4.3%)

Wash hands frequently with soap and water or
hydroalcoholic gel

Well known and understood 3 191
(69.2%)

Fairly known 2 57
(20.7%)

Poorly known or understood 1 25 (9.1%)

Not known 0 3 (1%)

Wear a mask

Well known and understood 3 172
(61.9%)

Fairly known 2 68
(24.5%)

Table 1 Content of the questionnaire given to passers-by in the
streets of Bukavu, DRC, May 2020 (Continued)

Questions and suggested answers Score Number
(%)*

Poorly known or understood 1 32
(11.5%)

Not known 0 6 (2.2%)

Wash frequently the mask

Well known and understood 3 171
(62.6%)

Fairly known 2 56
(20.5%)

Poorly known or understood 1 35
(12.8%)

Not known 0 11 (4.0%)

Opinion about the usefulness of the barrier measures

Very useful 3 180
(64.7%)

Fairly useful 2 62
(22.3%)

Poorly useful 1 23 (8.3%)

Useless 0 13 (4.7%)

Health status of persons within the household

Number of persons living in the household 6 (1; 20)

Number of sick persons living in the household 20.9

Probable link between one or more diseases with
the current epidemic

None 270
(98.2%)

At least one 4 (1.5%)

Two or more 1 (0.3%)

Number of death within the past 30 days 4.8

Probable link between one or more deaths with
the current epidemic

None 273
(100%)

At least one --

Two or more --

*Other values are either median (min; max) or number per 1000 inhabitants
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environment for statistical computing; R Foundation for
Statistical Computing, Vienna, Austria; URL http://www.
R-project.org). Significance was set at p < 0.05.

Results
Creation of the dashboard
Within each of the five health areas, three streets were
daily visited. This resulted in 105 observation days (i.e., 5
× 3 × 7). The number of daily visits was 3 over 98 days,
2 visits over 6 days, and 4 visits over one day; this re-
sulted in 310 visits (i.e., (98 × 3) + (6 × 2) + 4). Field
staffs used to spend nearly 20 min at each street visit
(median, 18 min; lower quartile, 9 min; upper quartile,
29 min).

Statements regarding passers-by density, distancing, and
masking
The first impressive finding was the wide difference in
passers-by densities according to the time of the day.
Figure 1 shows the daily periodic oscillations of the
mean density score and the mean distancing score.
There were no significant differences in each of these
mean scores between weekdays and weekends.
A low street population density (i.e., high mean density

score) is favorable to prevention against contamination.
The mean density scores (blue points) were close to value
2 at noon (low density) but had much lower values during
the rest of the day. This mean score dropped to its mini-
mum value (0.5) at the end of the day, which would

indicate that it was ranging between 0 (very high density)
and 1 (relatively high density).
Distancing reflected the proportion of passers-by distant

by more than 1 m. The red line in Fig. 1 shows the daily
changes in the mean score for distancing. This line is
overall parallel to the line that shows passers-by density: it
oscillates between 1.5 at noon and 0.5 at the end of the
day. The former value means that the distancing scores
were generally equal to 1 (distance often < 1m) or to 2
(distance often > 1m). Values at 0.5 seen at the end of the
day mean that the scores were either equal to zero (dis-
tance always < 1m) or to one (distance often < 1m).
Masking was anecdotal whatever the time of the day;

the mean score for masking was often close to zero (no
passer-by wearing a mask). Over all 310 street visits,
masks were seen only on 16 photos (5%) of which 15
were showing only 1 out of 3 passers-by wearing a mask.
Only one visit showed all passers-by with masks.

Awareness of barrier measures and opinion about their
usefulness
The observers interviewed 279 passers-by. Of these, 2
out of 3 were men, 1 out of 2 was aged ≤ 24.5 years, and
1 out of 3 aged > 30 years. Only 5% were strangers to
Bukavu, whereas 50% lived within 1 km of the street
where they were interviewed (Table 1).
The awareness of the barrier measures was rather sat-

isfactory in at least 50% of interviewed passers-by (min
53% for coughing in the elbow; max 69% for

Fig. 1 Mean scores of street population density (blue), distancing (red), and masking (green) at various times of the day on each of the 7 days of
the study (em, early morning; m, morning; n, noon; ed, end of the day; ee, early evening). The study was carried out between Thursday, 14 May
and Wednesday, 20 May, 2020
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handwashing). Roughly, up to 12% were hardly or poorly
aware of these measures. Finally, 87% of interviewed
passers-by believed the measures were “very useful” or
“fairly useful,” whereas 13% considered them “poorly
useful” or “useless” (Table 1).
The number of sick persons per household on each

day of the survey was rather low, nearly 2%. In 2% of the
declarations, the interviewed passers-by attributed the
health problem to COVID-19. In the households of the
passers-by, one out of 200 persons had died within the
last month. No death was attributed to COVID-19.

Differences between health areas
The mean score for street population density varied sig-
nificantly between health areas (p < 0.001); it ranged be-
tween 1.03 (95% CI 0.85; 1.21) and 2.29 (2.16; 2.42). The
mean score for distancing varied also significantly be-
tween health areas (p < 0.001); it ranged between 0.48
(0.34; 0.63) and 1.45 (1.23; 1.67). There was no signifi-
cant difference between health areas regarding masking.
The mean score for awareness of the barrier measures

varied significantly between areas (p < 0.001); it ranged
between 1.92 (1.75; 2.09) and 2.91 (2.86; 2.95).
The mean score relative to the opinion of interviewed

passers-by regarding the usefulness of the barrier mea-
sures varied also significantly between areas (p < 0.001);
it ranged between 1.84 (1.59; 2.09) and 2.83 (2.67; 2.98).

Correlations between the main variables of the
questionnaire
Figure 2 and Table S2 show the correlation matrix be-
tween these variables.
The areas with low street population density and ap-

propriate distancing were also the areas where the inter-
viewees were aware of the barrier measures and had a
positive opinion about their usefulness.
Unexpectedly and inexplicably, there was no signifi-

cant correlation between masking and low street popula-
tion density or appropriate distancing.
The areas where the interviewees were aware of the

barrier measures and had a positive opinion about their
usefulness were also the areas where masking was more
frequent, but the latter correlation was not found statis-
tically significant.

Agreement between field observers and photo assessors
Kappa coefficients for agreement regarding street popu-
lation density and distancing were 0.49 (95% CI 0.42;
0.56) and 0.24 (95% CI 0.15; 0.33) which represent, re-
spectively, a moderate agreement and a fair agreement
according to the classification of Landis and Koch [7].
No coefficient could be calculated for masking because
of the very low number of photos showing people wear-
ing masks.

Discussion
Within the setting of this study, creating a dashboard
and collecting the necessary data proved feasible. The
observers reported a limited use of barrier measures
and practically no use of masks despite repeated
recommendations from the health authorities, good
awareness of these measures, and acknowledgment of
their usefulness. At the end of each day, the situation
used to worsen given the nearly lack of distancing. A
non-negligible part of the population (roughly, 30 to
50%) was still ignoring the barrier measures or did
not fully acknowledge their usefulness (up to 13%).
These measures were more frequently used in areas
where they were the best known and the most ac-
knowledged as useful. Generally, awareness of barrier
measures was satisfactorily correlated with supportive
opinion on them but, regretfully, weakly correlated
with masking. At the time of the study, the number
of sick people was low and only rare severe cases
were attributed to COVID-19.
A poor compliance with barrier measures despite a

good awareness of their usefulness was often seen
elsewhere and in previous health crises. However, in
this study, a particular attention should be paid to
the place of the study. Bukavu is located in Kivu
province whose North was the epicenter of a recent
Ebola epidemic. This may explain the antagonism be-
tween knowledge and compliance:( i) the people had
a good awareness of barrier measures because most
measures are common to Ebola virus disease and
COVID-19, and (ii) they had a poor compliance with
masking because they ignored or poorly integrated
the need to protect themselves against a possible
contamination via contact with apparently healthy
persons (healthy carriers). In a document on the mea-
sures to apply during an Ebola epidemic, the WHO
stated: “Only people who are sick can spread Ebola
disease to others” [8]. With COVID-19, the situation
is different because the virus is transmissible for sev-
eral days before the appearance of symptoms [9]. The
people of Bukavu may probably not have a clear idea
of that difference and, thus, may not have been in-
clined to comply with barrier measures when they
met persons with no symptoms. This recalls one con-
dition of success of a crisis management: a good un-
derstanding of the risk [10]. Furthermore, it is already
well established that barrier measures should be
proof-based, simple, adaptable, rapidly put to use,
easy to use, and cost-efficient. The latter condition is
obviously crucial in countries where the population is
poor or vulnerable [11]. In fact, measures that lack
coherence are unsuitable for the social setting or pro-
posed with few empathies that may lead to suspicion
and fear [12].
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In most African metropoles, the end of the day is the
privileged moment for conviviality and informal trade
(which is often necessary for survival). This time is also
undoubtedly the most difficult moment for controlling
disease transmission. Currently, in such a context, mask-
ing seems to be the best way to control the spread of the
disease [13]. In other countries (e.g., Taiwan), masking
played a major role in stopping the epidemic [14]. How-
ever, announcing a compulsory mask-wearing measure
was not sufficient to generalize the use of masks. We fi-
nally believe that masking-recommendation dissemin-
ation, explanation, and iteration by various authorities,
at various levels, by all possible media and by local field
initiatives may ultimately help achieve the desired behav-
ior change.
The study found that a small but not negligible part of

the population was still ignoring the barrier measures or
did not acknowledge their usefulness. Despite its small
number, this part might include superspreaders whose
behavior may have a substantial impact on the disease
dynamics [15]. Educational programs targeting poorly
educated or marginal people seem necessary for a suc-
cessful fight against the epidemic.
The present study showed that barrier measures were

more frequently used in health areas where they were
the best known and the most acknowledged but its de-
sign did not allow establishing a cause-effect relation-
ship. Yet, in other contexts, it has been established that

awareness and acceptance of barrier measures have posi-
tive effects on people’s behavior [16].
In addition, this study showed that national media-

based campaigns are insufficient for reaching high levels
of compliance with barrier measures. This demonstrated
the need for local interventions to improve understand-
ing, help behavior change, and promote adherence to
new hygiene routines. To obtain behavior change, it
seems essential to reach a good understanding of the in-
formation [17]. Local community interventions at the
level of city districts seem necessary and feasible. In fact,
information through the media does not seem to im-
prove population adherence to barrier measures. Errone-
ous interpretations were still present in the study region
where successive epidemics have called for distinct rec-
ommendations and attitudes.
The agreements between observers and assessors re-

garding passers-by density or distancing were not satis-
factory. The assessors found it difficult to comment on
the photos. Estimating the distances between passers-by
on photos was not an easy task. In more favorable eco-
nomic contexts, the use of drones would be a better op-
tion because of the possibilities of measuring distances,
counting passers-by, and identifying masked ones [18].
Another possibility is to rely on observers’ statements
only or use two independent observers on a random
sample of streets but this entails a loss of documentation
through photography.

Fig. 2 Correlation matrix between the main variables of the questionnaire. The colored scale shows the values of Spearman correlation coefficients. Blue points
correspond to positive correlations and pink ones to negative correlations. The size of each point is proportional to the strength of correlation
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The success of this pilot study in an African metropole
demonstrates the feasibility of creating dashboards for
monitoring COVID-19 in limited-resource urban areas.
This was possible using available human resources and
minimal technical resources. Indeed, in such areas, a num-
ber of young physicians who do not have paid employ-
ments are willing to accept temporary jobs and the nearly
global access to the Internet on personal smartphones
helps data entry and management. Besides, data manage-
ment and analysis costs were markedly reduced with the
use of a web application able to perform real-time calcula-
tions that may be made readily available to the health au-
thorities without extra costs. These assets, especially the
low costs, would give any limited-resource metropole rea-
sonable abilities to create a dashboard. During the
COVID-19 crisis, a great number of institutions [19] and
cities in the world have created dashboards and appreci-
ated their utilities. KAP-type (knowledge-attitude-prac-
tice) questionnaires (such as the one used in Bukavu)
seem to be well suited to the African setting [20]. In fact,
collecting information about the awareness of barrier
measures, the opinion of the population, and the epidemi-
ology of the disease in terms of morbidity and mortality is
a major asset in the management of future health crises
similar to the COVID-19 pandemic [12].

Conclusion
Creating dashboards to monitor the implementation of
preventive measures is feasible in limited-resource me-
tropoles. These dashboards give real-time access to data
that help fight against the spread of an epidemic. The
findings of the present pilot study call for fast local com-
munity awareness actions to support national prevention
campaigns. It is hoped the study’s encouraging results will
give a chance for a small part of the budget devoted to
fighting the COVID-19 pandemic in a limited-resource
setting to be directed toward creating this type of dash-
boards, especially in densely populated cities.
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