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Abstract 

Background  The city of Port-au-Prince, Haiti, is experiencing an epidemic of firearm injuries which has resulted 
in high burdens of morbidity and mortality. Despite this, little scientific literature exists on the topic. Geospatial 
research could inform stakeholders and aid in the response to the current firearm injury epidemic. However, tradi-
tional small-area geospatial methods are difficult to implement in Port-au-Prince, as the area has limited mapping 
penetration. Objectives of this study were to evaluate the feasibility of geospatial analysis in Port-au-Prince, to seek 
to understand specific limitations to geospatial research in this context, and to explore the geospatial epidemiology 
of firearm injuries in patients presenting to the largest public hospital in Port-au-Prince.

Results  To overcome limited mapping penetration, multiple data sources were combined. Boundaries of infor-
mally developed neighborhoods were estimated from the crowd-sourced platform OpenStreetMap using Thiessen 
polygons. Population counts were obtained from previously published satellite-derived estimates and aggregated 
to the neighborhood level. Cases of firearm injuries presenting to the largest public hospital in Port-au-Prince 
from November 22nd, 2019, through December 31st, 2020, were geocoded and aggregated to the neighborhood 
level. Cluster analysis was performed using Global Moran’s I testing, local Moran’s I testing, and the SaTScan software. 
Results demonstrated significant geospatial autocorrelation in the risk of firearm injury within the city. Cluster analysis 
identified areas of the city with the highest burden of firearm injuries.

Conclusions  By utilizing novel methodology in neighborhood estimation and combining multiple data sources, 
geospatial research was able to be conducted in Port-au-Prince. Geospatial clusters of firearm injuries were identified, 
and neighborhood level relative-risk estimates were obtained. While access to neighborhoods experiencing the larg-
est burden of firearm injuries remains restricted, these geospatial methods could continue to inform stakeholder 
response to the growing burden of firearm injuries in Port-au-Prince.
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Background
Traumatic injuries are a leading cause of death and dis-
ability for young people worldwide, with low-income 
and middle-income countries facing the highest burden 
[1]. In Haiti, from 1990 to 2017, interpersonal violence 
was the 3rd highest contributor to Disability-adjusted 
Life Years (DALYs) in males aged 15–49, behind only 
road traffic injuries and HIV/AIDS [2]. In recent years, 
the rates of interpersonal violence have spiked consid-
erably [3]. The health system in Port-au-Prince (PAP) 
faces a large burden of firearm injuries.

In this context, the current geospatial study was con-
ducted as part of the pre-implementation phase of Pro-
ject Trauma Haiti (PROTRA Haiti), a multistage effort 
to improve the quality of trauma care delivery and 
increase trauma care capacity in Haiti. PROTRA Haiti 
is a multi-institutional collaboration between estab-
lished Haiti medical societies and Harvard Medical 
School, led by Harvard’s Program for Global Surgery 
and Social Change, Association Haitienne de Chirurgie, 
Comité de Trauma, and Société Haïtienne de Médecine 
d’Urgence et de Catastrophe. The first analysis of the 
pre-implementation phase, an epidemiological analysis 
of patients with traumatic injuries that had attended a 
large public hospital in Port-au-Prince, provided quan-
titative evidence on the large burden of firearm injuries 
overwhelming the capital [4]. Next steps in the pro-
ject which may be informed by this geospatial analysis 
include educational interventions, as well as improve-
ment of the record-keeping and data collection sys-
tems used in the emergency departments at partnering 
institutions.

In other contexts, it is known that firearm injuries have 
been shown to display epidemiologic behavior similar to 
infectious diseases. Patients who are victims of a non-
self-inflicted firearm injury are at an increased risk of 
becoming perpetrators of gun violence [5]. Similarly, vio-
lence can often spread through human networks, leading 
to periods of increased violence analogous to outbreaks 
of an infectious disease [6]. Despite the large burden of 
disease, there is a paucity of research to characterize the 
epidemiology of firearm injuries in Haiti.

Given this context, the objectives for this study were 
the following: First, to evaluate the feasibility of geo-
spatial analysis in Port-au-Prince, an area with lim-
ited mapping penetration. Secondly, this study seeks to 
understand the specific limitations faced in this context, 
which will be used to guide future data collection, imple-
mentation of interventions, and geospatial research in 
Port-au-Prince. Lastly, the study seeks to explore the geo-
spatial epidemiology of firearm injuries in patients pre-
senting to the largest public hospital in Port-au-Prince, 
specifically evaluating for clusters of firearm injuries.

Methods
Study design
The study consisted of geospatial analysis of patients with 
firearm injuries, including both exploratory spatial anal-
ysis and spatial cluster analysis. Geospatial analysis was 
performed using neighborhoods, which were estimated 
using data from the crowdsourced map platform Open-
StreetMap [7]. This was done to improve the resolution 
of the geospatial analysis beyond the level of communal 
sections, which is the smallest administrative boundary 
in the city.

Setting
This study took place in Port-au-Prince, the capital and 
most populous city in Haiti. The population of the city 
is estimated to be 987,311 people, with 2,618,894 peo-
ple in the larger metropolitan area [8]. Haiti is classified 
as a middle-income country [9]. Despite this, due to its 
colonial history, frequent natural disasters, and political 
instability, Haiti has the lowest GDP of the Latin America 
and Caribbean region [10]. Within Haiti, levels of income 
inequality are some of the highest in the region, with 
most extreme poverty occurring in rural regions [10].

Data sources and variables
Clinical data, crowdsourced maps, and satellite-derived 
population estimates constituted the data sources which 
were combined for this study to facilitate conducting 
research in a setting with a low penetration of mapping. 
Information for firearm injury patients and non-firearm 
injury patients was obtained from the emergency depart-
ment logbooks from Hôpital de l’Université d’Etat d’Haïti 
(HUEH), the largest public hospital in Haiti. Scanned 
handwritten HUEH logbooks were transcribed by the 
PROTRA Haiti Group. Data were quality checked (< 1% 
error rate), cleaned, grouped, and joined using the R Sta-
tistical Software [11] through an iterative process. Vari-
ables extracted for use in geospatial analysis included the 
emergency department visit date (giving the resulting 
dataset a temporal resolution of 1  day), patient diagno-
sis (coded as firearm injury or not a firearm injury), and 
a free text patient home address field. Prior research has 
demonstrated that home addresses can serve as a proxy 
for the location of injury for trauma patients [12].

The address field was geocoded using Google’s geoco-
ding application programming interface (API), [13] which 
was executed via an R script utilizing the ggmap pack-
age, [14] and then reviewed by Dr. Jean Pierre, who has 
local expertise in the topography of the city through prior 
work in urban planning. Results from the geocoding API 
output were not filtered based on API output parameters, 
given the uncertainty of the APIs performance in Port-
au-Prince. Additionally, filtration was unnecessary since 
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each output entry from the API was reviewed manually 
by Dr. Jean Pierre to ensure accuracy. Manual review by 
Dr. Jean Pierre consisted of three steps. First, the free text 
fields containing address information were reviewed to 
ensure sufficient information was available for inclusion 
in the analysis at the neighborhood level. Given variable 
completeness of addresses in the free text field, addresses 
which could not be confidently located at the neighbor-
hood level were excluded. Second, for addresses which 
were included, Dr. Jean Pierre then reviewed the matched 
GPS coordinates and compared this with the free text 
address. To facilitate this comparison, Dr. Jean Pierre 
referenced a large-scale map of the generated neighbor-
hoods, as well as digital maps including Google Maps 
and OpenStreetMap. For data points which matched 
correctly, this completed the manual review. For com-
plete addresses which matched incorrectly, there was an 
additional third step. For these locations, Dr. Jean Pierre 
manually appended a GPS coordinate for a point corre-
sponding to the address. This was done by Dr. Jean Pierre 
manually placing a pin on the correct location using 
Google Maps, and then appending the GPS coordinate 
for the pin to the dataset. In these instances, the cor-
rected, manually appended GPS coordinate was used for 
all data analysis. This process of manual review allowed 
the correction of GPS coordinates with enough preci-
sion to be accurately aggregated at the neighborhood 
level, without utilizing additional field work to geocode 
address fields. Furthermore, manual review and correc-
tion of GPS coordinates by Dr. Jean Pierre was needed 
to reduce systematic exclusion of patients from infor-
mal settlements, for which it was observed that the API 
performed poorly. Given safety concerns in many of the 
areas most impacted by firearm injuries, field coding of 
addresses using a GPS enabled device would not have 
been possible.

Data which were used to construct the neighborhood 
estimations was derived from OpenStreetMap, [7] and 
was determined to be the most accurate data source 
available for information on neighborhoods. In Port-au-
Prince, neighborhoods were encoded in OpenStreetMap 
as a tag of the place parameter called “suburb”, defined 
as “a part of a town or city with a well-known name and 
often a distinct identity” [15]. Suburbs were encoded as 
nodes in OpenStreetMap. A list of suburbs in Haiti was 
downloaded from OpenStreetMap using the Overpass 
Query Service [16] as a geojson file. The query parame-
ters were developed with the assistance of the R osmdata 
package, [17] and the resulting geojson file was imported 
using the R sf package [18]. As recent census data were 
not available, population estimates for Haiti derived from 
satellite imagery were obtained from WorldPop. Specifi-
cally, the 2020 constrained, top-down dataset was used 

[19]. The 2020 dataset was selected due to the best over-
lap with the study period. The constrained dataset was 
selected over the unconstrained as WorldPop reports 
that the unconstrained dataset tends to underestimate 
the population in urban areas. Lastly, the top-down data-
set was chosen to facilitate comparison with other litera-
ture that may rely on United Nations reported population 
estimates. Furthermore, the use of remote sensing popu-
lation data enabled the construction of neighborhoods 
that were smaller than available administrative bounda-
ries in Haiti. The constrained population count format 
from WorldPop was obtained as a raster image stored as 
a geotif file with a resolution of 100  m. Population data 
in the raster format was summed and aggregated in vec-
tor format at the neighborhood level using the function 
raster::extract available in the R package raster [20]. 
Lastly, a shapefile for existing administrative boundaries 
in Haiti was downloaded from the Humanitarian Data 
Exchange [21].

Inclusion criteria and bias
All patients which presented to the emergency depart-
ment of HUEH from November 22nd, 2019, through 
December 31st, 2020, were considered eligible for the 
study. Additional inclusion criteria for the geospatial 
analysis were diagnosis of firearm injury and a home 
address within the study area. The study area was defined 
as 16 communal sections (the smallest administrative 
boundary in Haiti) selected by Dr. Jean Pierre to encom-
pass the urban and densely populated parts of Port-au-
Prince which would be susceptible to firearm violence. 
In contrast, use of the official definition for the Port-au-
Prince metropolitan area would include a number of less 
densely populated communal sections encompassing 
suburban and rural areas. Local expertise suggests less 
densely populated communities are less susceptible to 
firearm injuries. Therefore, including less densely popu-
lated regions would falsely inflate clustering in urban 
areas. This is consistent with prior research in the United 
States, which shows that firearm assaults occur at a 
higher per capita rate in urban areas [22]. Another advan-
tage of manually selecting urban communal sections for 
inclusion is that it avoids the exclusion of densely popu-
lated areas which do not adhere to formal definitions of 
the city proper, such as the densely populated informal 
settlements on the hillsides surrounding the city. The 
resulting study area is summarized in Fig. 1.

Patients lacking complete address information were 
excluded. Additionally, there was an implicit exclusion 
criterion of patients who were not present in the data-
set, due to a lack of recording in the logbook or a loss 
of the logbook page prior to scanning. For the study 
period (406  days), there were only 273  days with any 
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patient data recorded. Therefore, we can estimate that 
the records for the study period are 67% complete. Miss-
ing data was observed primarily in consecutive periods, 
ranging from two weeks to four weeks in duration. These 
periods represent a combination of times when the hos-
pital was closed or when there were missing logbooks. 
Missing data does not follow any obvious pattern to the 
research team; however, the frequency of missing data 
does appear to increase as the study period progresses. 
It is possible that missing logbook pages will introduce 
bias—for example extremely high-volume days could be 
less likely to have a completed logbook. Additionally, the 
exclusion of missing or incomplete addresses may have 
preferentially excluded patients with life-threatening 
injuries, patients from informal settlements, or patients 
with lower levels of formal education.

Construction of neighborhoods
Together, the use of satellite-derived population esti-
mates, and crowdsourced mapping allowed the construc-
tion of neighborhood estimations. Neighborhoods were 
estimated by converting point data representing Open-
StreetMap “suburbs” to boundaries using Thiessen poly-
gons (also known as Voronoi diagrams), which were then 
spatially joined to the boundaries of the study area. This 
is a reasonable application of Thiessen polygons, as the 
OpenStreetMap “suburb” point is placed in the center of 
the neighborhood area [15]. Additionally, Dr. Jean Pierre 
reviewed the maps to ensure they provided reasonable 
estimations. This was done by comparing existing maps 
and local knowledge to the generated neighborhoods, 

to ensure they provided a realistic representation of 
boundaries within the city. It was noted that the gener-
ated neighborhoods were most accurate in the center of 
the city, as the use of Thiessen polygons creates greater 
distortion near the periphery of the study area. This is 
due to inherent distortion near outer boundaries due to 
the mathematics underlying the generation of Thiessen 
polygons, as well as the reduced density of the “suburb” 
points further from the center of the city. These neigh-
borhoods offered several advantages over existing admin-
istrative boundaries. First, they permitted analysis at a 
higher spatial resolution. Using neighborhood estimates, 
the included 16 communal sections were able to be con-
verted to 106 neighborhood estimates. The point data 
obtained from OpenStreetMap was converted to Thies-
sen polygons in R by using functions in the sf package 
[18]. Specifically, the Thiessen polygons were generated 
using the st_voronoi function, and were split using the st_
cast function. The resulting polygons were then trimmed 
to the study area by using the st_union function to per-
form a spatial join. This resolution allowed for operation-
ally relevant results of this study. Secondly, the use of 
neighborhoods allowed for an increased statistical power, 
permitting the use of geospatial cluster analysis. Lastly, 
these-crowdsourced derived neighborhoods may better 
capture the reality of the divisions within Port-au-Prince. 
This is especially true for the many informal settlements 
of the city, which disproportionately face a high burden 
of firearm injuries, and often cross arbitrary administra-
tive boundaries. The estimated neighborhoods are sum-
marized below in Fig. 2.

Analysis
Geospatial analysis included both exploratory and clus-
ter analysis. Exploratory analysis included presentation 
of a kernelled surface, prepared using the R package 
ggplot2’s stat_density_2d function [23]. Next, explora-
tory analysis presented firearm case counts and popu-
lation adjusted rate for each of the communal sections 
included in the study area. After this point, all additional 
analysis was performed at the neighborhood level, which 
were constructed using Thiessen polygons as previ-
ously detailed. The patient dataset contained addresses 
which had been converted to the spatial resolution of 
point data as described previously. This was then aggre-
gated to the neighborhood level using a spatial join. The 
patient dataset used had a temporal resolution of 1 day; 
however, for purely geospatial analysis, such as Moran’s 
tests, all cases during the study period were included in 
the neighborhood case total. Cluster analysis began with 
a global Moran’s I test for spatial autocorrelation, fol-
lowed by local Moran’s I test. The global Moran’s I test 
was performed using the R spdep package [24–26]. Local 

Fig. 1  Definition of the study area and demonstration of the three 
administrative boundaries in Haiti. Boundaries within the study area 
reflect communal sections. The department of Ouest is shaded dark 
gray and shows boundaries between communes. The light blue area 
represents Haiti’s other departments, the highest administrative level. 
The red dot marks the location of HUEH. Graphic by author
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Moran’s I testing was performed with an alpha of 0.10, 
with three different levels of correction for multiple test-
ing (in order of least to most conservative: unadjusted, 
performed in the R spdep package; manually corrected 
for a false discovery rate (FDR) [27] corresponding for 
the 106 neighborhoods, performed in the R spdep pack-
age and corrected using the base R stats package[11]; cor-
rected with a FDR corresponding to the spatial weights 
matrix, as implemented in the R rgeoda package. [28] 
Three levels of adjustment were performed due to con-
cerns for statistical power, as well as to allow comparison 
with evolving statistical standards of geospatial analy-
sis. Lastly, cluster analysis was performed in the SaTS-
can software [29]. While both the local Moran’s I test 
and SaTScan can be used to describe local patterns and 
detect hotspots, both were included for two reasons. 
First, exploratory geospatial analysis was performed in 

a sequential manner. The local Moran’s I test was per-
formed first, after which the findings of spatial autocorre-
lation were further explored using the SaTScan analysis. 
Given the time and computing resources required to per-
form SaTScan analysis, this was felt to be a worthwhile 
step. Secondly, and more importantly, the local Moran’s 
I test and SaTScan provided subtly different insights into 
the underlying epidemiology—namely, that the local 
Moran’s I test also detects high-low and low-low spatial 
autocorrelation, while SaTScan was only used to report 
positive spatial autocorrelation of cases (which could be 
comparable to high-high clusters in the local Moran’s I 
test). Models were run using a discrete Poisson probabil-
ity model scanning for areas of high rates only [30]. Clus-
ters were limited in size to 50% of the at-risk population. 
The model was run twice, once using a geospatial analy-
sis (purely spatial) and once using a geospatial-temporal 

Fig. 2  Thiessen polygon estimation of neighborhoods using nodes from OpenStreetMap. [7] Graphic by author
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analysis. Time aggregation was performed at the day 
level, with a limit of temporal clusters to 50% of the study 
period. Clusters which were purely temporal were not 
permitted in the SaTScan analysis. SaTScan performed 
999 replications, and the threshold for statistically signifi-
cant clusters was set at < 0.001. All graphics included in 
this paper were generated by the author by using the R 
Statistical Software [11]. The following R packages were 
used in the generation of the figures: ggplot2 [23], ggs-
patial [31], sf [18], egg [32], tmap [33], tmaptools [34], 
wesanderson [35], and basemaps [36].

Results
Of the 8611 patients included in the trauma logbook 
from HUEH, 342 patients with firearm injuries were 
identified, representing 4.0% of all emergency depart-
ment visits. Of this, 269 included patient address infor-
mation which could be geocoded with sufficient accuracy 
to be included in the geospatial analysis at a neighbor-
hood level. Of these 269 patients, the geocoded coordi-
nate reported by the Google API was confirmed to have 
sufficient accuracy for analysis at the neighborhood level 
in 208 cases. In other words, 61 of the 269 coordinates 
(23%) were updated during the manual review by Dr. Jean 
Pierre due to inadequate performance of the API in this 
setting. Lastly, patients residing outside of the study area 
were excluded, resulting in 248 cases of firearm injury 
included in the geospatial analysis.

When interpreting the kernel surface map, it was 
observed how areas of a high density of firearm injury 
cases often cross communal section boundaries. This 
lends support to the use of neighborhoods for further 
analysis. Additionally, the higher resolution of the kernel 

surface map demonstrates that firearm injuries appear 
most prominent in the parts of the city boarding the Car-
ibbean coast. The kernel surface map was not included in 
this publication in order to protect patient privacy, as it 
is possible to reverse-engineer point data from the ker-
nelled surface. The exploratory maps generated at the 
communal section level (excluded for brevity) demon-
strated the importance of adjusting for population lev-
els when examining case counts and provided results in 
a format readily interpretable by policymakers and local 
stakeholders. Exploratory spatial data analysis continued 
with Moran’s I testing. Global Moran’s I testing was per-
formed on the population adjusted rate (firearm injuries 
per 10,000 people) using data aggregated at the neighbor-
hood level and demonstrated significant positive spatial 
autocorrelation (I = 0.173, p = 0.0003). The results of the 
local Moran’s testing are shown in Fig. 3 on the follow-
ing page. which revealed a primary high-high cluster of 
spatial autocorrelation in the most central parts of PAP 
near the Caribbean coast. This can be interpreted as 
neighborhoods with high rates of firearm violence, which 
border other neighborhoods with high rates of firearm 
violence. Some significant low–high neighborhoods were 
also observed, which represent areas with low rates of 
firearm violence, bordering areas of high rates of firearm 
violence.

The results of the SaTScan analysis, shown below in 
Fig.  4, demonstrated both significant spatial and spa-
tial–temporal clusters. The SaTScan output tables are 
included below as Tables 1 and 2. A single spatial cluster 
(#1, shown below in red), accounted for 40.7% of all cases 
of firearm injuries during the study period. It is impor-
tant to note that this cluster spans several communal 

Fig. 3  Results from unadjusted and FDR adjusted (for the number of neighborhoods) local Moran’s testing at α = 0.10. Note that more conservative 
FDR adjustment using the number of neighbor-to-neighbor combinations did not result in any significant clusters. Graphic by author
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sections, again lending support for the need to conduct 
spatial analysis on a unit smaller than existing adminis-
trative boundaries. Additionally, spatial clusters detected 
by SaTScan suggest that people living in coastal areas 
extending north and south of the most central portion 
of the city are also at a higher risk for firearm injuries. 
Spatial–temporal clusters ranged from spanning several 
months to a single day. This suggests that the most cen-
tral parts of the city (the orange spatial–temporal cluster) 
are faced with chronic violence, while other parts of the 
city remain susceptible to periods of heightened violence 
of shorter durations.

Discussion
First, the results of this study serve as a proof of con-
cept of a novel geospatial methodological approach. 
Specifically, the combination of local expertise, several 
open-source datasets, and the use of Thiessen polygons, 
allowed the generation of a neighborhood level dataset 
in a setting with limited mapping penetration and signifi-
cant security concerns which restrict fieldwork. Despite 
the limitations, this methodology permitted the study of 
a pressing issue affecting the citizens of Port-au-Prince 
using geospatial methods. Without the previously men-
tioned methods, geospatial analysis of firearm injuries in 
this context may not have been possible. Future research-
ers may utilize and improve upon these techniques to 
facilitate geospatial research in areas with similar restric-
tions. Additionally, this study was able to identify current 
barriers to geospatial research in Port-au-Prince, and 
provide specific, realistic suggestions to help overcome 
these barriers.

Secondly, the results of this analysis demonstrate a high 
burden of firearm injuries in Port-au-Prince. These fire-
arm injuries are geospatially autocorrelated, clustering 
in the most central part of the city, and extending out-
ward slightly along the Caribbean coast. The results of 
the local Moran’s I testing of these areas (shown in Fig. 3) 

revealed a primary high-high cluster of spatial autocor-
relation. This can be interpreted as neighborhoods with 
high rates of firearm violence, which border other neigh-
borhoods with high rates of firearm violence. In more 
inland parts of the city, some significant low–high neigh-
borhoods were also observed, which represent areas with 
low rates of firearm violence, bordering areas of high 
rates of firearm violence. Local expertise suggests that 
these are wealthier parts of town with increased security 
due to a more prominent presence of government forces. 
The relative risk ratios in Tables  1 and 2 help quantify 
the variation in the burden of firearm injuries across the 
city. Many neighborhoods had relative risk ratios greater 
than five in the geospatial analysis, with relative risk 
ratios increasing well over ten in the geospatial temporal 
analysis.

The detection of clustering in space is consistent with 
the patterns suggested by existing literature of violent 
firearm injuries, which have shown significant geospatial 
variation in burden of firearm injuries [37]. The results of 
the spatial temporal analysis revealed clusters of approxi-
mately 4- and 7-months duration, which suggests the 
burden of firearm injuries in the city is primarily chronic. 
The presence of temporal clustering may suggest vio-
lence due to organized crime, which local expertise and 
media sources suggest undergoes periodic outbreaks due 
to conflicts between organized criminal groups. Future 
research is needed to clarify the forces driving a high bur-
den of firearm injuries in the area study. One hypothesis 
for why firearm injuries cluster in time is the social con-
tagion model, which states that when someone in a per-
son’s social network becomes a victim of gun violence, 
that person is at an increased risk for experiencing a fire-
arm injury in the future. Researchers in the U.S. city of 
Chicago have shown that the majority of firearm injuries 
in the city could be attributed to social contagion spread 
[38]. The average time from contagion (exposure to gun 
violence in one’s social network) to becoming a victim of 

Fig. 4  Results from SaTScan analysis of firearm injuries using a Poisson probability model. Labels for spatial clusters include the cluster number, 
the percentage of total cases captured by the cluster, and the relative risk. Clusters are ordered by cluster number, which is assigned by SaTScan 
based on the p-value. Spatial–temporal clusters are presented with the dates only. Graphic by author
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gun violence in the study by Green et  al. was 125  days, 
which could help explain the longer duration of the tem-
poral clusters detected in the current study [38].

Lastly, when comparing to literature it is important to 
note the epidemiological drivers of firearm injuries vary 
between and within nations. For example, one study in 

the United States and Canada found only a small portion 
of all firearm injuries were located in geospatial clusters 
[39]. However, the United States has unique epidemio-
logical drivers of firearm injuries, with a very high burden 
of self-injuries and accidents (which are especially promi-
nent in rural areas) [39]. If the previously mentioned 

Table 1  SaTScan spatial analysis output table

Cluster Neighborhood Neighborhood 
Population

Neighborhood 
Case Count

Neighborhood 
Relative Risk

Cluster Population Cluster 
Case 
Count

Cluster 
Relative 
Risk

P-value

1 Fort National 11,968 6 7.36 593,211 101 3.44 < 0.001

1 Poste Marchand 6317 3 6.90 593,211 101 3.44 < 0.001

1 Bel Air 14,626 6 6.02 593,211 101 3.44 < 0.001

1 Saint Gérard 34,242 13 5.70 593,211 101 3.44 < 0.001

1 Cité de Dieu 22,297 8 5.30 593,211 101 3.44 < 0.001

1 Cité Numéro Un 20,027 7 5.14 593,211 101 3.44 < 0.001

1 Saint Antoine 20,011 6 4.39 593,211 101 3.44 < 0.001

1 Bolosse 41,735 11 3.92 593,211 101 3.44 < 0.001

1 Morne à Tuf 27,762 7 3.70 593,211 101 3.44 < 0.001

1 Bois Verna 22,514 5 3.24 593,211 101 3.44 < 0.001

1 Croix Des Bossales 14,780 3 2.94 593,211 101 3.44 < 0.001

1 Champs de Mars 23,460 4 2.47 593,211 101 3.44 < 0.001

1 La Saline 17,176 2 1.68 593,211 101 3.44 < 0.001

1 Bas Peu De Choses 27,838 3 1.56 593,211 101 3.44 < 0.001

1 Portail Saint Joseph 29,571 3 1.46 593,211 101 3.44 < 0.001

1 Portail Leogane 21,008 2 1.37 593,211 101 3.44 < 0.001

1 Village Démocratie 54,673 5 1.32 593,211 101 3.44 < 0.001

1 Turgeau 28,902 2 0.99 593,211 101 3.44 < 0.001

1 Waaf Jérémie 21,960 1 0.65 593,211 101 3.44 < 0.001

1 Campêche 67,825 3 0.63 593,211 101 3.44 < 0.001

1 Deprez 24,785 1 0.58 593,211 101 3.44 < 0.001

1 Baillergeau 11,358 0 0.00 593,211 101 3.44 < 0.001

1 Saint-Martin 9999 0 0.00 593,211 101 3.44 < 0.001

1 Pacot 18,378 0 0.00 593,211 101 3.44 < 0.001

2 Nerette 16,040 19 18.36 16,040 19 18.36 < 0.001

3 Bel Air 14,626 6 6.02 274,495 62 4.00 < 0.001

3 Saint Gérard 34,242 13 5.70 274,495 62 4.00 < 0.001

3 Cité de Dieu 22,297 8 5.30 274,495 62 4.00 < 0.001

3 Bolosse 41,735 11 3.92 274,495 62 4.00 < 0.001

3 Morne à Tuf 27,762 7 3.70 274,495 62 4.00 < 0.001

3 Croix Des Bossales 14,780 3 2.94 274,495 62 4.00 < 0.001

3 Champs de Mars 23,460 4 2.47 274,495 62 4.00 < 0.001

3 La Saline 17,176 2 1.68 274,495 62 4.00 < 0.001

3 Bas Peu De Choses 27,838 3 1.56 274,495 62 4.00 < 0.001

3 Portail Saint Joseph 29,571 3 1.46 274,495 62 4.00 < 0.001

3 Portail Leogane 21,008 2 1.37 274,495 62 4.00 < 0.001

4 Fort National 11,968 6 7.36 58,323 22 5.85 < 0.001

4 Poste Marchand 6317 3 6.90 58,323 22 5.85 < 0.001

4 Cité Numéro Un 20,027 7 5.14 58,323 22 5.85 < 0.001

4 Saint Antoine 20,011 6 4.39 58,323 22 5.85 < 0.001
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study were instead limited to assaults with a firearm, 
the results may have differed. To the authors knowledge, 
there has been no scientific study of the causal break-
down of firearm injuries in Haiti. Future research could 
help quantify the relative burdens of interpersonal vio-
lence in comparison with other causes, such as uninten-
tional injury and self-harm.

The immediate policy implications of this study must 
keep in mind the unstable context that Port-au-Prince is 
currently experiencing. Additionally, a targeted outreach 
demonstrating lifesaving prehospital bleeding control 
techniques to areas identified in the clusters has been 
proposed. After electronic trauma logbooks are imple-
mented, for which funding has been secured, temporal 
analysis could provide early reporting of firearm injury 
clusters, so that hospitals can provide additional staff 
and surgical capacity. As stability and resource availabil-
ity improves, future implications of this study and these 

techniques could include staging of prehospital emer-
gency medical services or trial of a violence interruption 
program. Lastly, understanding the current limitations 
of geospatial analysis in Port-au-Prince can guide future 
efforts involving geospatial research in the city.

Specifically, several interventions could facilitate future 
geospatial research in Port-au-Prince. Participatory com-
munity mapping which includes informal settlements 
could improve the accuracy and resolution of the bound-
aries between population centers in the city. Future data 
collection would benefit from the use of a map (either a 
large physical map or a digital map via a tablet) to record 
address data, as this would directly capture geospatial 
coordinates. This is an improvement over relying on cod-
ing of addresses, as addresses in some areas of the city 
may be incomplete or difficult to geocode. For research 
related to trauma care, future researchers would benefit 
to additionally record the estimated location at which 

Table 2  SaTScan spatial–temporal analysis output table

Cluster Neighborhood Date range Neighborhood Cluster P-value

Pop Case count RR Pop Case count RR

1 Cité de Dieu 21/01/2020 to 11/05/2020 22,297 7 17.68 865,530 69 5.67 < 0.001

1 Poste Marchand 21/01/2020 to 11/05/2020 6317 2 17.48 865,530 69 5.67 < 0.001

1 Saint Antoine 21/01/2020 to 11/05/2020 20,011 5 13.96 865,530 69 5.67 < 0.001

1 Cité Numéro Un 21/01/2020 to 11/05/2020 20,027 5 13.94 865,530 69 5.67 < 0.001

1 Fort National 21/01/2020 to 11/05/2020 11,968 3 13.89 865,530 69 5.67 < 0.001

1 Bolosse 21/01/2020 to 11/05/2020 41,735 8 10.82 865,530 69 5.67 < 0.001

1 Morne à Tuf 21/01/2020 to 11/05/2020 27,762 4 8.01 865,530 69 5.67 < 0.001

1 Croix Des Bossales 21/01/2020 to 11/05/2020 14,780 2 7.47 865,530 69 5.67 < 0.001

1 Champs de Mars 21/01/2020 to 11/05/2020 23,460 3 7.08 865,530 69 5.67 < 0.001

1 Saint Gérard 21/01/2020 to 11/05/2020 34,242 4 6.49 865,530 69 5.67 < 0.001

1 Portail Leogane 21/01/2020 to 11/05/2020 21,008 2 5.25 865,530 69 5.67 < 0.001

1 Bois Verna 21/01/2020 to 11/05/2020 22,514 2 4.90 865,530 69 5.67 < 0.001

1 Bel Air 21/01/2020 to 11/05/2020 14,626 1 3.76 865,530 69 5.67 < 0.001

1 Portail Saint Joseph 21/01/2020 to 11/05/2020 29,571 2 3.73 865,530 69 5.67 < 0.001

1 Martissant 21/01/2020 to 11/05/2020 109,011 7 3.59 865,530 69 5.67 < 0.001

1 Savane Salée 21/01/2020 to 11/05/2020 87,372 5 3.18 865,530 69 5.67 < 0.001

1 Deprez 21/01/2020 to 11/05/2020 24,785 1 2.22 865,530 69 5.67 < 0.001

1 Bas Peu De Choses 21/01/2020 to 11/05/2020 27,838 1 1.97 865,530 69 5.67 < 0.001

1 Turgeau 21/01/2020 to 11/05/2020 28,902 1 1.90 865,530 69 5.67 < 0.001

1 Cité L’Eternel 21/01/2020 to 11/05/2020 31,175 1 1.76 865,530 69 5.67 < 0.001

1 Cité Brisson 21/01/2020 to 11/05/2020 35,411 1 1.55 865,530 69 5.67 < 0.001

1 Village Démocratie 21/01/2020 to 11/05/2020 54,673 1 1.00 865,530 69 5.67 < 0.001

1 Campêche 21/01/2020 to 11/05/2020 67,825 1 0.81 865,530 69 5.67 < 0.001

1 Waaf Jérémie 21/01/2020 to 11/05/2020 21,960 0 0.00 865,530 69 5.67 < 0.001

1 La Saline 21/01/2020 to 11/05/2020 17,176 0 0.00 865,530 69 5.67 < 0.001

1 Saint-Martin 21/01/2020 to 11/05/2020 9999 0 0.00 865,530 69 5.67 < 0.001

1 Chancerelles 21/01/2020 to 11/05/2020 27,727 0 0.00 865,530 69 5.67 < 0.001

1 Baillergeau 21/01/2020 to 11/05/2020 11,358 0 0.00 865,530 69 5.67 < 0.001

2 Nerette 02/02/2020 to 27/08/2020 16,040 13 25.19 16,040 13 25.19 < 0.001
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the injury occurred. A qualitative analysis of patients and 
stakeholders could help aid in understanding which fac-
tors are limiting access to timely trauma care in this spe-
cific context. Lastly, researchers could consider a network 
analysis of existing roadways and hospital distance, which 
could help capture some of the complexity of transporta-
tion routes which patients take to hospitals.

Limitations
There are significant limitations on the results of this 
study, and results should be interpreted with caution. 
The largest bias introduced is using data from only one 
hospital. It is likely that communities near other hospi-
tals will be systematically excluded from this study. Since 
HUEH provides care for most public patients in Port-au-
Prince, it was determined that the results of this study 
would be useful for those working to provide trauma 
care in the city, despite this potential effect on the patient 
population. Additionally, missing data and small sample 
size inhibits the detection of temporal clusters. Of note, 
there were two spatial temporal clusters of a single day 
duration which were detected during the SaTScan analy-
sis, but which did not meet the threshold for statistical 
significance. This is important to note for two reasons. 
First, this finding would support the belief that in addi-
tion areas with chronic exposure to firearm injuries, 
there are also areas which experience episodic expo-
sure to violence due to intermittent conflicts between 
armed groups–a belief which is evidenced by personal 
experience of the research team as well as news cover-
age [3]. Secondly, this illustrates the limitations of power 
of this study. Other limitations are inherent to the for-
mat of data sources used. For example, WorldPop data 
is a highly interpolated dataset generated from multiple 
sources, and is not a substitute for current, accurate cen-
sus data. Another limitation is the use of free text address 
fields, which are inherently less accurate than coordinates 
captured directly by a GPS device. Additionally, manual 
review was only performed by one researcher, future 
research could use parallel review by multiple independ-
ent researchers if manual address review is utilized. 
Lastly, a final limitation of the study is that the data used 
in this study predates the current surge of violence in 
Port-au-Prince, which began in 2021, and should not be 
assumed to represent the current reality.

Conclusion
Firearm injuries in Port-au-Prince demonstrate spatial 
autocorrelation and display epidemiology consistent with 
violent crime, including geospatial and geospatial-tempo-
ral clustering. Despite limitations to geospatial research 
in this setting, areas most at risk for firearm injuries can 
be mapped to the neighborhood level. Collaboration 

between academic institutions, non-state actors, and—
most importantly—Haitian medical professionals and 
other Haitian stakeholders, must continue to mitigate the 
public health impacts of the epidemic of firearm violence 
in Port-au-Prince.
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