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Abstract 

Introduction: There is a high burden of injuries in low- and middle-income countries 

(LMICs). Data management and storage systems are suboptimal, making it hard to share 

data. Also, small data sizes hinder the application of modern data science methods to 

draw insight.  Methods: We performed a document analysis of injury data dictionaries 

from 4 institutions located in 4 different LMICs for discrepancies among data elements. 

We also compared each of the dictionaries with the World Health Organization (WHO) 

data set for injury (DSI) and then explored harmonization strategies of injury data, given 

the discrepancies. Results: Of the 949 data elements across the dictionaries, there were 6 

(0.72%) shared data elements when considered by presence and 4 (0.45%) when 

considered by equality across the 4 dictionaries. The number of shared data elements 

varied when the dictionaries were compared in pairs and triads. We identified four 

methods of ensuring harmonization of injury data; 1) using the WHO DSI common data 

elements, 2) using the National Institute of Neurologic Disorders and Stroke (NINDS) 

common data elements, 3) using functions written in software like R and python, and 4) 

adopting a prospective and somewhat promising development of a framework that 

includes common data elements specific to injuries. We successfully harmonized three 

injury data sets from the Kilimanjaro Christian Medical Centre (KCMC).  Conclusion: 

There are huge discrepancies across injury data dictionaries in LMICs. Harmonization of 
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injury data from LMICs is however achievable and can result in a larger dataset. More 

research is needed in this area for the development of tools that facilitate injury data 

harmonization. 
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1. Introduction  

1.1 Burden of injuries 

Each year, 4.4 million people die from injuries globally (World Health 

Organization, 2021). Moreover, according to the Global Burden of Disease 2017 report, 

injuries were responsible for 252 million disability adjusted life years (DALYs) (Roth et 

al., 2018). The extent to which these alarming statistics reflect the true burden of injuries 

is questionable, given other sequelae and the financial burden associated with their 

management (Rosenkrantz et al., 2019). The burden of injuries is unevenly distributed 

across countries (Roth et al., 2018), with low- and middle-income countries (LMICs) 

experiencing a higher burden compared to high-income countries (Gosselin, 2009; James 

et al., 2020).  Despite a higher burden, limited attention is provided to injuries in LMICs 

(Gosselin, 2009; James et al., 2020).  

For decades, high-income countries have utilized high-quality data for injury 

surveillance and clinical policy making (Rosenkrantz et al., 2020). These countries have 

well-established trauma care systems that generate quality data which is used for 

research (Reynolds et al., 2017).  Limitations in data collection, management, and storage 

methods delay and obscure efforts aimed at improving injury surveillance, clinical 

policy making, and impact the overall population health and wellbeing. Researchers in 

LMICs have acknowledged that an available and functional trauma registry can result in 

https://www.zotero.org/google-docs/?MNktuu
https://www.zotero.org/google-docs/?MNktuu
https://www.zotero.org/google-docs/?EwPGsd
https://www.zotero.org/google-docs/?EwPGsd
https://www.zotero.org/google-docs/?mhw3vm
https://www.zotero.org/google-docs/?Lbqgoj
https://www.zotero.org/google-docs/?WqK9oz
https://www.zotero.org/google-docs/?WqK9oz
https://www.zotero.org/google-docs/?1UsiW3
https://www.zotero.org/google-docs/?pdZE4G
https://www.zotero.org/google-docs/?Q6d67I
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better injury surveillance and patient outcome (Bommakanti et al., 2018).  However, 

injury surveillance systems are generally poorly developed in LMICs (Mock et al., 2004). 

This may be related to limited funding (St-Louis et al., 2018).  

1.2 Trauma registries in LMICs 

In LMICs, trauma registry models fall within 4 basic categories; “emergency 

department (ED) only, ED with pre-hospital data, ED with in-hospital data, and ED with 

pre-hospital, in-hospital, and post discharge indicators” (Pyda et al., 2018). Successful 

implementation of the registry is more likely among facilities that utilize the ED-only 

model (Pyda et al., 2018). Most LMICs generally do not have the required resources such 

as finances to set up robust trauma registries comparable to those in high-income 

countries (St-Louis et al., 2018). Despite the resource constraint, there has been an 

increase in the number of trauma registries in LMICs within the last decade 

(Rosenkrantz et al., 2019; St-Louis et al., 2018). There are, however, marked differences 

in the registries (Pyda et al., 2018; Rosenkrantz et al., 2020).  

However, there are limitations in leveraging trauma registries. Inconsistencies in 

data elements have been found across trauma data bases (Simko et al., 2019). The 

challenges faced by LMICs to set up and sustain trauma registries are unique within 

specific countries (Bommakanti et al., 2018). To set up and sustain data harmonization 

https://www.zotero.org/google-docs/?lCVpK5
https://www.zotero.org/google-docs/?ut8Iyf
https://www.zotero.org/google-docs/?jAmz9v
https://www.zotero.org/google-docs/?hMqs8e
https://www.zotero.org/google-docs/?I9gin4
https://www.zotero.org/google-docs/?jAmz9v
https://www.zotero.org/google-docs/?EFWqUG
https://www.zotero.org/google-docs/?6SF05B
https://www.zotero.org/google-docs/?qtNiTQ
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pipelines, there is need for the existence of properly functional trauma registries within 

countries.  

Generally, data are collected and stored differently across countries and 

institutions within countries. This seems not to only be limited to trauma. In cancer data 

harmonization, there existed a possibility for a variable name to mean different things in 

different places (Rolland et al., 2015). Data harmonization requires that there be a 

consensus on data variables and units across countries (Burkhauser & Lillard, 2005). The 

benefits of data harmonization are countless (Doiron et al., 2013) and include attainment 

of large sample sizes (Hamilton et al., 2011; Khoury, 2004; Smith-Warner et al., 2006; 

Thompson, 2009), greater generalizability (Hamilton et al., 2011; Khoury, 2004; Noale et 

al., 2005), and improved validity of comparative analysis (Bath et al., 2010; Serra-Majem 

et al., 2003). 

1.4 Purpose of this study 

This work is among the first of a series of efforts aimed at establishing a Global 

Repository for Injury Data (GRID) for LMICs. The GRID is intended to be developed 

and implemented using the FAIR data principles: Findability, Accessibility, 

Interoperability, and Reusability. Given that injuries remain a global health crisis (Roth 

et al., 2018) and a leading cause of disability-adjusted life years (DALYs) in LMICs 

(Gosselin, 2009; James et al., 2020), establishment of the GRID is a major step towards 

https://www.zotero.org/google-docs/?DLvxIQ
https://www.zotero.org/google-docs/?GDVUtN
https://www.zotero.org/google-docs/?xA99A1
https://www.zotero.org/google-docs/?xA99A1
https://www.zotero.org/google-docs/?OHQBbP
https://www.zotero.org/google-docs/?OHQBbP
https://www.zotero.org/google-docs/?5aTyoT
https://www.zotero.org/google-docs/?5aTyoT
https://www.zotero.org/google-docs/?ciPGA6
https://www.zotero.org/google-docs/?ciPGA6
https://www.zotero.org/google-docs/?s04YRY
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understanding injuries in LMICs. With high quality and sufficient data, interventions 

that target prevention, control, and policy establishment in LMICs will be better 

informed.  

The objective of this study is to explore the discrepancies across current injury 

data collection registries in LMICs and explore strategies of harmonization of injury data 

given the observed discrepancies (Figure 1). In the context of this study, harmonization 

is the merging of two or more different data sets into one, such that the resulting data set 

has more data points, unique variable names, correct binding of corresponding 

variables, and preservation of non-corresponding variables.  This aim is achieved 

through the following specific aims 1) To identify similarities and differences across 

injury data dictionaries from LMICs, 2) To explore harmonization strategies for 

Tanzania injury data, and 3) To harmonize injury data from Tanzania Kilimanjaro 

Christian Medical Centre (KCMC). 
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Figure 1: Study flowchart 
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2. Methods   

2.1 Setting 

The setting of this study consists of four hospitals located in four LMICs: Brazil, 

Egypt, Armenia, and Tanzania. Each of the selected institutions has an existing tool for 

the collection of injury data. The State University of Maringa (SUM) is in Maringa, 

Brazil, a city with a total population of 423,666, and a hospital with 1,577 beds. Each 

year, SUM receives about 1,000 trauma patients. Surb Astvatsamayr Medical Center is 

located in Yerevan, Armenia. It receives about 15,000 inpatients annually and serves a 

catchment area of 42,000 people (Sourb Astvatsamayr Medical Center, n.d.). Ain Shams 

University is in Cairo, Egypt. The metropolitan region of Greater Cairo has a population 

of 20.5 million people (Cairo Population 2023, n.d.). Every year, Ain Shams University 

Hospital treats more than 2000 trauma patients and has approximately 3200 hospital 

beds. Currently serving a catchment area of 15 million people, KCMC is a referral 

hospital located in the Kilimanjaro region of Tanzania. and is the third-largest hospital 

in the country (Zimmerman et al., 2023) and sees about 2,000 injury patients a year. 

KCMC currently has 2 trauma registries in active use for trauma data collection.  

The WHO Data Set for Injury (DSI) (World Health Organization, 2020a) is a 

standard against which we compared the 4 data dictionaries. The WHO DSI consists of 

76 data elements recommended by the WHO to be included in injury data collection 

registries. The WHO data set for injury data elements were developed and published by 

https://www.zotero.org/google-docs/?DjIMgQ
https://www.zotero.org/google-docs/?MVpO4O
https://www.zotero.org/google-docs/?MVpO4O
https://www.zotero.org/google-docs/?MVpO4O
https://www.zotero.org/google-docs/?MVpO4O
https://www.zotero.org/google-docs/?ixKDq2
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the WHO to serve as a standardized case-based data collection tool in emergency 

departments (World Health Organization, 2020b). The overall purpose is to ensure 

interoperability and reusability of trauma data. The data elements are classified as core 

or extended. 

2.2 Discrepancies across injury registries 

A total of 4 documents (represented in this thesis by the names of the countries 

where the institutions are located) from the 4 institutions were analyzed for 

discrepancies. In addition to the discrepancies across the documents, each one was 

compared with the WHO DSI (World Health Organization, 2020). Data elements 

(variables) from each of the documents, including the WHO data set for injury were 

spread on a spreadsheet (Figure 2). The data elements were spread such that columns 

represented the documents (for example, “Tanzania”, with elements highlighted blue, 

includes all data elements in the document from KCMC) and rows represented the data 

elements (for example, moving across the row highlighted in light yellow, we find 

shared data elements across the five documents; WHO to Tanzania).  

Data elements from the respective dictionaries were the data points in our 

analysis. Each cell consisted of a data element from a specific document, or a 

combination of data elements, for matching purposes. The organization was such that 

https://www.zotero.org/google-docs/?v6rxQg
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data elements that were shared in two or more documents could be found across the 

same row.  

Data elements were matched at two levels. The first level consisted of matching 

according to presence or absence without regard to characteristics like data element 

type and number of levels. This first level was referred to as matching by presence. In 

the second matching level, referred to as matching by equality, data elements were 

matched if they had; 1) unambiguous meaning (neither included other variables nor 

meant something different, even if it could be inferred. This did not apply to date-time 

variables) 2), levels that agreed (similar parameterization), and 3) specified units, for 

data elements that contained units. 

 

Figure 2: Spreadsheet with data elements from the respective documents 

(represented by countries of origin)  
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Table 1 summarizes the documents analyzed. Of the documents, 3 were 

dictionaries while 1 was a set of data collection forms used for hospital data collection 

that included patient follow-up data. Two of the documents were completely in English. 

Two of the documents were divided into subsections. Moreover, one of the documents 

was adopted for use by multiple sites and 3 of the 4 were administered by an 

interviewer.  

Table 1: Summary of documents 

Construct Document (Country of institution owning document used to 

represent the document) 

 Brazil Egypt Armenia Tanzania 

Document type Data 

dictionary 

Data collection 

forms 

Data 

Dictionary 

Data Dictionary 

Purpose Collection 

of 

traumatic 

brain 

injury data 

Collection of 

data on hospital 

follow up of 

admitted 

patients  

Collection 

of 

traumatic 

brain 

injury data  

Collection of 

traumatic injury 

data 

Number of data 

elements 

28 341 103 576 

Original language 

of dictionary 

Portuguese Arabic and 

English 

English English 

Number of 

Subsections 

1 7 1 8 

Hospital Emergency All departments, Emergency Emergency 
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departments 

included 

(Number) 

departmen

t (1) 

dependent on 

patients’ 

diagnosis and 

treatment course 

department 

(1) 

department, 

Intensive care 

unit (ICU), 

SubICU, surgery 

(4) 

Used by multiple 

sites (Number of 

sites) 

No No Yes (6) No 

Used in at least 

one other country 

(Total number of 

countries) 

No No Yes (3) No 

Data collections 

method 

Interviewe

r 

administer

ed 

Data filled in 

health care  

provider(s) as 

part of care 

protocol 

Interviewer 

administer

ed 

Interviewer 

administered 

 

While spreading data elements on the Microsoft excel sheet, some adjustments 

were made to improve comparability. The adjustments resulted in a change in the 

number of rows of data elements used in making the Venn diagrams during analysis. In 

one instance, some data elements of documents were placed on more than one row, so 

they matched corresponding data elements of other documents.  For example, “BP_/_” 

was duplicated to match “Systolic blood pressure on arrival” and “Diastolic blood 

pressure on arrival”. Table 2 summarizes the adjustments made and final number of 

data elements included for each document. 
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Table 2: Adjustments made, and final number of data elements included for 

each document 

 Brazil Egypt Armenia Tanzania 

Actual number of data elements 

on document 

28 341 103 576 

Number duplicated 2 1 0 0 

Number merged 4 0 0 2 

Number excluded because they 

appeared more than once 

0 11 0 0 

Excluded for other reasons 0 87 (signatures -

37, care plan -49, 

consent -1)  

0 1 

(instructi

ons) 

Number of entries for 

comparison in terms of number 

of equal data elements 

28 244 103 574 

 

2.3 Harmonization of data from Tanzania Kilimanjaro Christian 

medical Centre (KCMC) 

Three data harmonization strategies were explored. First, the WHO Data Set for 

Injury (World Health Organization, 2020a) shares common data elements with injury 

data sets and could be used for data harmonization. Second, the National Institute of 

Neurologic Disorders and Stroke (NINDS) Common  Data Elements (CDE) (National 

Institute of Neurologic Disorders and Stroke Common Data Elements, n.d.) is a 

collection of common data elements meant to ensure consistency in the collection and 

https://www.zotero.org/google-docs/?MU4dKC
https://www.zotero.org/google-docs/?MU4dKC
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recording of data across neuroscientific clinical studies. The NINDS also provides a 

means for injury data harmonization. Data elements from registries could be matched 

with the NINDS CDEs just as they would be matched with the WHO data set for injury.  

The conditions covered by the NINDS include traumatic brain injuries, epilepsy, and 

stroke.   

Many software can be used for harmonization. To our knowledge, there are 

currently no known functions that can harmonize data with at least as many 

discrepancies as we have observed. To limit error associated with interpretation of 

variables, it may not be prudent to assign certain roles to machines. As such, the WHO 

data set for injury and the NINDS CDE harmonization approaches would work well 

when 5 or more data sets need to be harmonized while the use of functions would work 

well for the harmonization of less than 5 data sets.    

2.3.1 Participants 

The three registries harmonized in this study, pediatric injuries (702 rows, 912 

columns), treatment of care (ToC) (1435 rows, 640 columns), and traumatic brain injuries 

(TBI) (3693 rows, 132 columns) are registries used in the collection of injury data at 

KCMC. The pediatric injuries registry is used to collect injury data from pediatric 

patients at KCMC. The TBI registry includes all ages, and the treatment of care is used to 

collect injury data from non-pediatric cases 18 and above presenting at the KCMC for 
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medical care. The harmonization was done with a function written in R version 4.2.1. 

(Appendix 1) 

2.4 Analysis 

The entries (data elements) in the spreadsheet were converted to numbers, such 

that data elements across rows were represented by unique numbers. The converted 

spreadsheet was imported into R version 4.2.1 for analysis. Levels of discrepancies were 

displayed on Venn diagrams. First, a Venn diagram that included all 4 data elements 

was used to display discrepancies in terms of available data elements across the four 

documents, triads of documents and pairs of documents. This displayed discrepancies 

by availability of data elements. Second, a similar analysis that included data elements   

by equality was done.  Non-numeric discrepancies were analyzed using thematic 

analyses.   

To compare each document with the WHO Data Set for Injury, we displayed the 

number of data elements of the WHO Data Set for Injury present in each document and 

expressed them as a percentage of the total number of data elements within the WHO 

Data Set for Injury. This information was displayed on a bar chart. We also displayed all 

data elements within the WHO Data Set for Injury that were not found in the documents 

on a table.  
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3. Results 

3.1 Discrepancies across documents 

The number of shared data elements were 6 (0.72%) based on presence (fig 3A) 

and 4 (0.45%) based on equality (Figure 3B). Across triads and pairs of dictionaries, the 

number of shared data elements were a minimum of 7 (0.84%) and a maximum of 13 

(1.56%) and 57 (6.84%) respectively (Figure 3A). These numbers reduced when the data 

elements were analyzed by equality.  The number of shared data elements varied by 

subsections (Table 4). There were no shared data elements under prehospital and prior 

facility care across any of the documents and a few data elements under clinical 

conditions. 

 

Figure 3: Comparison of dictionaries in terms of data elements. A) by presence 

(similarity), B) by equality 
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Table 3: Discrepancies across documents using the WHO minimum data for 

injury categories as themes 

Theme  

Patient 

registration 

Least number of discrepancies across the dictionaries as these data 

elements are essential to keep track of patients admitted. Noticeably, 

the terms “gender” and “sex” are used interchangeably. 

Initial 

Clinical 

Condition 

Commonly collected data elements such as Arrival Date, Initial 

Glasgow Coma Scale, Heart Rate, Oxygen Saturation, Initial Systolic 

Blood Pressure, and Initial Spontaneous Respiratory Rate were present 

in at least 3 datasets. Importantly, the WHO DSI data elements Signs of 

Life, First Vital Sign Assessment Time, and Time of First Provider 

Assessment were absent in all datasets. These could however be 

inferred from other data elements 

Details of 

Injury 

Data elements related to the Mechanism of Injury (MOI) and whether 

the injury was intentional, were present in 75 and 25% of dictionaries, 

respectively. Further description of MOI was mostly either absent or 

collected in different formats than recommended. Information 

regarding mass casualty events and the use of protective devices were 

completely absent. Brazil and Egypt reported 1 and 0 out of the 12 data 

elements, respectively. 
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Prehospital 

and Prior 

Facility Care 

No agreement among the dictionaries. The Tanzanian dictionary 

contained 33.3% of the variables 

Injury exam Condition and Number of Provider-Defined Serious Injuries were 

completely absent from all dictionaries. Anatomic region injured was 

only present in one dataset. 

Emergency 

unit details 

Information regarding emergency unit Departure Date, Time, and 

Disposition was only disclosed in one of the data dictionaries 

Inpatient 

details 

Facility Discharge Date and Disposition were present in 3 and 2 

dictionaries, respectively. Inpatient Interventions, Date, and Time of 

arrival to the Operating Theatre were completely absent. Brazil 

provided no information for the data elements in this section. 

 

There were 9, 18, 24, and 31 shared data elements between Brazil, Egypt, 

Romania, and Tanzania respectively and the WHO data set for injury (Figure 4). Across 

the 7 sections of the WHO Data Set for Injury, there were several data elements that 

were absent across the documents (Table 4). Some of the data elements, such as “Age” 

could be inferred from other data elements, such as “Date of birth”. They are different 

constructs anyway, given that “Date of birth” cannot be inferred from “Age”. 
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Figure 4: Shared data elements between documents and the WHO data set for 

injury 

 

Table 4: WHO data set for injury data elements absent across documents  

WHO 

minimum 

data set 

for injury 

category 

Excluded sections across data dictionaries 

 Brazil Egypt Armenia Tanzania 

Patient 

registrati

on 

Core: If unknown, 

age category; 

Injury geographic 

location 

Core: If 

unknown, age 

category; Injury 

geographic 

Core: If 

unknown, age 

category 

 

Core: If 

unknown, age 

category, 

Injury 
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Extended: date of 

birth; patient 

occupation 

location 

 

Extended: date 

of birth 

geographic 

location 

 

Extended: 

date of birth 

Initial 

clinical 

condition 

Core: Number of 

prior facilities; 

Arrival time; Time 

of first provider 

assessment; 

Emergency 

unit/facility 

arrival mode; 

Signs of life; First 

vital sign 

assessment time; 

Initial 

spontaneous 

respiratory rate; 

Initial heart rate; 

Initial systolic 

blood pressure; 

Initial oxygen 

saturation; initial 

AVPU; GCS 

qualifier; 

Supplemental 

oxygen 

administration 

 

Extended: 

Referring facility 

level; Number of 

major medical 

comorbidities; Is 

patient pregnant?; 

Number of pupils 

Core: Number of 

prior facilities; 

Arrival time; 

Time of first 

provider 

assessment; 

Emergency 

unit/facility 

arrival mode; 

First vital sign 

assessment time; 

Initial oxygen 

saturation; initial 

AVPU; GCS 

qualifier 

 

Extended: 

Referring facility 

level; Number of 

major medical 

comorbidities; Is 

patient 

pregnant?; 

Number of 

pupils reactive to 

light; Initial gcs - 

eye; Initial gcs - 

verbal; Initial gcs 

- motor 

 

Core: Number 

of prior 

facilities; Time 

of first provider 

assessment; 

Emergency 

unit/facility 

arrival mode; 

initial AVPU; 

GCS qualifier; 

Supplemental 

oxygen 

administration 

 

Extended: 

Referring 

facility level; 

Number of 

major medical 

comorbidities; Is 

patient 

pregnant?; 

Number of 

pupils reactive 

to light 

Core: Number 

of prior 

facilities; Time 

of first 

provider 

assessment; 

Initial GCS; 

GCS qualifier; 

Supplemental 

oxygen 

administration 

 

Extended: 

Referring 

facility level; 

Number of 

major medical 

comorbidities; 

Is patient 

pregnant?; 

Number of 

pupils reactive 

to light 
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reactive to light; 

Initial gcs - eye; 

Initial gcs - verbal; 

Initial gcs - motor 

Details of 

injury 

Core: Setting; 

Activity; Injury 

event date; Injury 

event time; Mass 

casualty event; 

Intent; Protective 

devices; If 

drowning or 

submersion, intent 

of submersion; If 

poisoning or 

exposure, mode; 

Road user; If RTI, 

patient mode of 

transport 

 

Extended: If 

intentional 

assault, assault 

relationship: 

Counterpart to 

patient’s crash; 

Drug use 

Core: Setting; 

Activity; Injury 

event date; Injury 

event time; Mass 

casualty event; 

Intent; Protective 

devices; 

Mechanism; If 

drowning or 

submersion, 

intent of 

submersion; If 

poisoning or 

exposure, mode; 

Road user; If RTI, 

patient mode of 

transport;  

 

Extended: If 

intentional 

assault, assault 

relationship;  

Counterpart to 

patient’s crash; 

Drug use 

Core: Setting; 

Activity; Mass 

casualty event; 

Intent; 

Protective 

devices; 

Mechanism; If 

drowning or 

submersion, 

intent of 

submersion; If 

poisoning or 

exposure, mode; 

Road user 

 

Extended: If 

intentional 

assault, assault 

relationship;  

Counterpart to 

patient’s crash; 

Drug use 

 

Core: Setting; 

Activity; Mass 

casualty event; 

Protective 

devices; If 

drowning or 

submersion, 

intent of 

submersion; If 

poisoning or 

exposure, 

mode; Road 

user 

 

Extended: If 

intentional 

assault, 

assault 

relationship;  

Counterpart to 

patient’s 

crash; Drug 

use 

Prehospit

al and 

prior 

facility 

care 

Core: Scene of 

first transport care 

 

Extended: Facility 

where first care 

sought - arrival 

date; Facility 

where first care 

Core: Scene of 

first transport 

care 

 

Extended: 

Facility where 

first care sought - 

arrival date; 

Core: Scene of 

first transport 

care 

 

Extended: 

Facility where 

first care sought 

- arrival date; 

Core: Scene of 

first transport 

care 

 

Extended: 

Scene to first 

care transport 

mode; Priority 
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sought - arrival 

time; Scene to first 

care transport 

mode; Priority 

facility 

interventions; 

Procedures 

performed at the 

scene or during 

first transport 

Facility where 

first care sought - 

arrival time; 

Scene to first care 

transport mode; 

Priority facility 

interventions; 

Procedures 

performed at the 

scene or during 

first transport 

Facility where 

first care sought 

- arrival time; 

Scene to first 

care transport 

mode; Priority 

facility 

interventions; 

Procedures 

performed at 

the scene or 

during first 

transport 

facility 

interventions; 

Procedures 

performed at 

the scene or 

during first 

transport 

Injury 

exam 

Core: Conditions; 

Injury anatomic 

location; Number 

of provider-

defined serious 

injuries  

Core: 

Conditions; 

Injury anatomic 

location; Number 

of provider-

defined serious 

injuries 

Core: 

Conditions; 

Injury anatomic 

location; 

Number of 

provider-

defined serious 

injuries 

Core: 

Conditions; 

Injury 

anatomic 

location; 

Number of 

provider-

defined 

serious 

injuries 

Emergenc

y unit 

details 

Core: Emergency 

unit interventions; 

Emergency unit 

departure date; 

Emergency unit 

departure time; 

Emergency unit 

disposition 

 

Extended: If 

morgue or died 

official cause of 

death; 

Standardized 

Core: Emergency 

unit 

interventions; 

Emergency unit 

departure date; 

Emergency unit 

departure time; 

Emergency unit 

disposition 

 

Extended: If 

morgue or died 

official cause of 

death; 

Core: 

Emergency unit 

interventions; 

Emergency unit 

departure date; 

Emergency unit 

departure time; 

Emergency unit 

disposition 

 

Extended: If 

morgue or died 

official cause of 

death; 

Core: 

Emergency 

unit 

interventions 

 

Extended: If 

morgue or 

died official 

cause of death; 

Standardized 

diagnosis 
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diagnosis Standardized 

diagnosis 

Standardized 

diagnosis 

Inpatient 

details 

Core: Inpatient 

interventions; 

Date patient first 

arrived to 

operating theater; 

Time patient first 

arrived to 

operating theater; 

Facility 

disposition; 

Facility discharge 

date. 

 

Extended: 

inpatient 

intervention date; 

Total number of 

ventilator days; 

Number of 

operating theatre 

encounters; 

Complications; 

Functional status 

at disposition; if 

morgue or died 

official cause of 

death; 

Standardized 

diagnosis 

Core: Date 

patient first 

arrived to 

operating 

theater; Time 

patient first 

arrived to 

operating 

theater; Facility 

disposition 

 

Extended: 

inpatient 

intervention 

date; Total 

number of 

ventilator days; 

Number of 

operating theatre 

encounters; 

Complications; 

Functional status 

at disposition; if 

morgue or died 

official cause of 

death; 

Standardized 

diagnosis 

Core: Inpatient 

interventions; 

Date patient 

first arrived to 

operating 

theater; Time 

patient first 

arrived to 

operating 

theater 

 

Extended: 

inpatient 

intervention 

date; Total 

number of 

ventilator days; 

Number of 

operating 

theatre 

encounters; 

Complications; 

Functional 

status at 

disposition; if 

morgue or died 

official cause of 

death; 

Standardized 

diagnosis 

Core: 

Inpatient 

interventions; 

Date patient 

first arrived to 

operating 

theater; Time 

patient first 

arrived to 

operating 

theater 

 

Extended: 

inpatient 

intervention 

date; Total 

number of 

ventilator 

days; Number 

of operating 

theatre 

encounters; 

Complications

; Functional 

status at 

disposition; if 

morgue or 

died official 

cause of death; 

Standardized 

diagnosis 

Core: Core data elements, Extended: Extended data elements  
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3.2 Data harmonization strategies 

We found a good number of shared data elements between the WHO data set for 

injury and our data dictionaries. Therefore, mapping variables from different injury data 

sets to the WHO data set for injury common data elements (Figure 5, Figure 6) and then 

binding the corresponding data points together is a possible means of harmonizing 

injury data from LMICs. We did not perform any analysis on the NINDS CDE in this 

study. However, because just like the WHO data set for injury, it shares common data 

elements with the injury datasets, the same method described with the WHO Data set 

for injury could be applied to the NINDS CDE.   

As an alternative means of harmonizing data, we wrote a function that 

harmonizes data sets in pairs.  Our function takes as arguments two data sets to be 

harmonized (data 1 and data 2) and lists of shared data elements (list 1 and list 2) from 

the data sets such that the data elements are in the same order on both lists. We used the 

R function (appendix 1) which we developed for harmonization of injury data sets to 

harmonize three injury data sets from KCMC. This goal was completed through a series 

of steps. First, we simulated data that mimicked the discrepancies we would expect in 

injury data sets and wrote a function in R version 4.2.1 which could harmonize the data 

without any loss in data quality. The key deliverables of the function included 1) making 

sure that one name is adopted for each data element, 2) filling cells for data sets without 

particular data elements with NAs, 3) making sure that no data element is lost, and 4) 
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minimizing the risk of mistakes that may include combining variables that ought not to 

be combined and not combining variables that ought to be combined to the lowest 

possible level. 

 

Figure 5: Matching data elements with the WHO DSI common data elements. 

Top: Section of trauma registry, Bottom: Section of the WHO data set for injury 
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Our prospective solution is to create a collection of common data elements for 

injury data in a similar manner to what is within the NINDS CDE. We consider this as 

the most effective step towards ensuring future harmonization of injury data. 

 

Figure 6: What data harmonization is expected to look like 
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3.3 Harmonization of data from KCMC  

To harmonize the 3 data sets from KCMC, we followed the following steps: 1) 

data elements and associated labels from each of the registries were carefully extracted 

based and spread, based on similarities, on a spreadsheet such that shared data elements 

were found on the same rows (Figure 7). The row highlighted in yellow contains shared 

data elements across three dictionaries. Then, the spreadsheet was imported into R 

version 4.2.1. The respective matching data elements were pulled out and converted into 

lists and saved. Third, the data were imported into R and applied onto the function 

(Appendix 1). The result was a harmonized data set with 5830 rows and 1668 columns as 

well as preserved data quality. 

 

Figure 7: Data elements pulled out from the KCMC injury data dictionaries to 

be harmonized



 

26 

 

4. Discussion 

This paper is a part of a collection of early efforts that are aimed at establishing a 

global repository for injury data from LMICs.  We discuss discrepancies across injury 

data dictionaries from 4 different LMICs, as well as with the WHO minimum data set for 

injury. We also discuss harmonization strategies for injury data registries and proceed to 

a description of the methods we adopted for the harmonization of injury data from 

KCMC. 

Like previous studies (O’Reilly et al., 2016; Simko et al., 2019), we identified huge 

discrepancies across injury data dictionaries. The implications of this finding include a 

frustration of efforts to combine injury data from different LMIC facilities for injury 

research. This may limit the extent to which hidden patterns that occur across countries 

can be identified. As one would expect, the least area of discrepancy was in patient 

registration; it is obvious, given that data from every unique individual ought to be 

identifiable. “Gender” and “sex” were used to mean the same thing across dictionaries. 

Harmonization of the ‘gender’ and “sex” data elements would require adoption of either 

of them as the data element name in the harmonized data. However, had they meant 

“gender” and “sex” meant different things, they would be treated as different variables. 

The WHO DSI has the potential of guiding the data harmonization process; data 

elements of different data sets could be matched with its minimum data elements, 

https://www.zotero.org/google-docs/?NFNbnA
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enabling easy harmonization. However, as observed in our study, no document had the 

majority of its data elements found in the WHO DSI. This observation is not shocking, 

given that injury registries are traditionally designed within specific settings to collect 

data which are relevant in meeting specific needs. In most cases, culture and available 

diagnostic tools dictate, to some extent, the data that can be collected. Notwithstanding, 

the small number of shared data elements between the WHO DSI and the injury 

dictionaries may limit the extent to which we may depend on the WHO DSI for injury 

data harmonization.  

Our observed limited agreement between each dictionary and the WHO DSI 

means that the injury dictionaries did not perform well at capturing the minimum data 

recommended by the WHO. This finding is in line with previous studies that have 

reported differences in the extent to which national trauma registries are in alignment 

with the WHO minimum dataset for injury in the collection of neurotrauma data 

(Barthélemy et al., 2021). This is somewhat expected , given that the WHO DSI was only 

recently created to ensure that defined characteristics are included in any injury data 

collection tool.  

Currently, harmonization of injury data from LMICs will predominantly be done 

using the WHO DSI common data elements, the NINDS common data elements, or using 

statistical package functions like the one we developed and used in this study. The choice 

https://sciwheel.com/work/citation?ids=14093788&pre=&suf=&sa=0
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will often depend on the available data. In the long run, however, the establishment of 

packages in R, Python, and other programming software that include functions that aid 

in performing the steps in the data harmonization process would be of great value.  Injury 

data harmonization would be easier in the future, should a framework like the NINDS be 

established to facilitate the development of registries and subsequent data harmonization. 

On a rather prospective note, just as we have observed with the NINDS CDE, a 

critical analysis could be done and clearly defined common data elements for injury data 

be established. This could mean improving the WHO data set for injury such that the data 

elements are more explicit in terms of at least variable class and number of levels. As such, 

future researchers would consult the common data elements when designing injury data 

collection tools.  The established data elements would therefore be included in injury 

registries such that future injury data harmonization across LMIC would be facilitated. 

4.1 Study strengths and limitations 

With a focus on possibility for harmonization, this study reveals the 

discrepancies across injury dictionaries from 4 different countries. This is a major 

strength since the findings inform injury researchers on the discrepancies they should 

expect across injury data sets. This study also analyzes the documents by comparing 

each one of them with the WHO minimum data set for injury. This points to the extent 

to which current data collection tools in LMICs collect data that agree with both the 
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WHO data set for injury and with each other. Our study also identifies different 

harmonization strategies.  

Our analysis focused more on the availability of data elements than on data 

element equality in terms of variable type and number of variable levels. As such, we 

would expect more discrepancies should we consider variable equality in terms of type 

and number of levels.  In comparing the documents with the WHO minimum data set 

for injury, we focused on the presence of elements in a harmonizable manner. We would 

expect less discrepancies had the analysis been done considering variables that could be 

inferred. As an example, WHO DSI data elements “Signs of Life” and “First Vital Sign 

Assessment Time” were absent from all data dictionaries. They can however be inferred. 

Moreover, while our study reveals harmonization strategies for injury data, we 

have not provided details on how this harmonization should be done.  We would expect 

each of the harmonization strategies to have strengths and limitations. While the R 

function written and used for harmonization respects the principles of data 

harmonization, other unforeseen aspects such as the need to coerce the class of a 

variable to that of another for purposes of binding would have to be addressed. 

4.2 Implications for policy and practice  

Unlike prior studies, at least to our knowledge, this focused on quantifying the 

extent to which registries share data elements, as a means of exploring harmonization 
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strategies given the observed similarities and differences. We show possible means of 

harmonizing injury data. This may result in an increase in sample size, strengthening of 

research collaborations and facilitation of data storage and research.  

To facilitate future harmonization of injury data, policy makers may need to 

incentivize the use of the WHO DSI common data elements. Funding institutions should 

make it their policy to require and mandate the inclusion of WHO DSI common data 

elements as a criterion for funding consideration. 

4.3 Implications for further research 

Our study findings have taken research on data structures a step further. An 

understanding of the current discrepancies that exist across data dictionaries is, in 

addition to findings from previous studies, arguably an effective means of moving 

towards injury data harmonization strategies. We acknowledge the need for research on 

the strengths and limitations of the data harmonization strategies which we have 

discussed.  Furthermore, we can’t undermine the need to explore and establish 

sustainable methods of implementing structures that can enable data harmonization and 

data sharing within ethically sound and socially acceptable norms. 
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5. Conclusion 

Our study sought to identify discrepancies across injury data dictionaries and 

explore methods of harmonizing injury data, given the discrepancies. There are major 

discrepancies across injury data collection dictionaries that vary across pairs and triads 

of dictionaries. At a time when there is an increased need for data to inform policy and 

clinical decision making, data harmonization cannot be overlooked. Our study places 

data harmonization strategies in the spotlight. Despite the observed discrepancies, there 

exist methods of injury data harmonization. Injury data could be harmonized by binding 

datasets together using their 1) shared data elements, 2) common data elements of the 

WHO data set for injuries or the NINDS, and 3) applying functions written using 

programming languages. Prospectively, establishing a framework of common data 

elements for injury data would be a breakthrough in injury data harmonization. Such a 

framework will not only serve as a means of data harmonization but also a guide during 

development of injury data collection too
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Appendix A 

Appendix 1: The R function “harmonize_data()” used for data harmonization 

harmonize_data <- function(data1, data2, var1_ , var2_common){ 

# data1 is the first data set. The function is designed such that the common variables in the new 

data set will take the corresponding variable names of data1. data1 should therefore be chosen 

wisely among the two data sets to be harmonized. 

# data2 is the second data set. 

# var1_common is the character string of variables in data1 which are present in data2 though 

may not have the same name. 

# var2_common is a character string of variables in data2 which are present in data1 though may 

not have the same name (this means there must be manual inspection of the data sets prior to 

harmonization such that the common variables will be identified). 

   

  #In brief, this function harmonizes data by 1) matching two data sets by the data elements 

(variables) provided. Data elements should the same variable called differently in different data 

sets such as sex and gender, 2) aligning the common elements such that they fall on the same 

index positions and share the same column names (the column names of the elements from data1), 

3) binding the two data sets by rows such that the corresponding rows fall in place and the non-

corresponding rows are filled with 'NA's.  
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var1_common1 = c() 

   

  for (i in var1_common){ 

  var1_common1[i] <- c(i) 

} # iterating over the variables. This is done because the number may vary 

    

var2_common1 = c() 

   

  for (j in var2_common){ 

  var2_common1[j] <- c(j) 

} # iterating over the variables. This is done because the number may vary 

 

storage1 = c() 

storage2 = c() 

 

for (i in var1_common1){ 

      storage1[i] <- grep(i, colnames(data1)) 

} #this is for data1 
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for (j in var2_common1){ 

      storage2[j] <- grep(j, colnames(data2))  

# We are pulling the index numbers of the variables such that we could rearrange them to match 

the order of variables in data1  

} 

 

data1_new <- data1[, storage1] 

data2_new <- data2[, storage2] #Here we are rearranging the common variables in data2 in a 

way that they match those in data1  

 

#other_variables <- setdiff(colnames(data2), var2_common)  

 

colnames(data2_new) <- c(colnames(data1_new)) # The variables names of data1 are being 

assigned to the corresponding variable names in data2 

 

data2_other_vars = subset(data2, select = !colnames(data2) %in% var2_common) # 

Variables in data2 which are not common to variables in data1 are separated from the data set and 

saved in 'data2_other_vars'. This leaves only the variables that can be bound by rows arranged in 

the same order as in data1. Remember that at this point the common variables already have the 

same names as the variables in data1 
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data2_new <- bind_cols(data2_new, data2_other_vars) # The variables are bound to the new 

data2 data set which has its variables arranged such that they match the variables of data1 and 

have the same names as the data1 variables. 

 

 

data1_other_vars = subset(data1, select = !colnames(data1) %in% var1_common) # 

Variables in data1 which are not common to variables in data2 are separated from the data set and 

saved in 'data1_other_vars'. This leaves only the variables that can be bound by rows arranged in 

the same order as in data2. 

 

data1_new <- bind_cols(data1_new, data1_other_vars) # The variables are being bound to 

the new data1 data set which has its variables arranged such that they match the variables of 

data2 and have the same names. 

 

#At this point we can bind the two data sets by rows. 

 

harmonized_data <- bind_rows(list(data1_new, data2_new)) #binding our datasets by row 

 

return(harmonized_data) # This returns the harmonized variables.} 
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