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Abstract: Introduction: In 2017, WHO endorsed the Emergency Medical Team (EMT) Minimum Data Set (MDS) for real-time data
collection during health emergencies. It was first activated during Cyclone Idai in Mozambique in 2019. The objective
of the study is to evaluate the completeness of data collected by EMTs during the Cyclone Idai response in Mozambique.
Methods: This study evaluated data completeness from Cyclone Idai, analyzing 277 daily reports with 18,468 patient
consultations from 13 international teams between 27 March and 12 July, 2019. Completeness of team information, de-
mographics, health events, disaster relation, and outcomes were compared across EMT types and classifications using
box plots, Kruskal-Wallis, t-tests, and multivariable logistic regression. Results: During the 110-day response, 13 EMTs
submitted 277 daily reports on patient information. Findings showed that, out of the 277 daily reports, demographic
information was complete in 92.8% of reports, health event information in 62.1%, information on the relation of health
events to disaster in 57.4%, and outcome data in 50.2%. Type 2 EMTs exhibited higher data completeness, likely due to
greater resources and personnel, compared to Type 1 Mobile and Type 1 Fixed EMTs. Type 1 Fixed EMTs demonstrated
lower completeness for outcomes, health events, and disaster relation, potentially due to heavier workloads. Type 1
Mobile EMTs likely benefited from enhanced training and frequent interactions with data managers, which may have
contributed to their higher data completeness compared to Type 1 Fixed EMTs. Classified EMTs performed better over-
all. Conclusion: This study underscores the need for standardized training, and the data collection applications that
enable the automatic inclusion of information such as geotags.
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1. Introduction

Disaster response is a critical aspect of public health and

emergency management, requiring coordination of national

and international agencies. A crucial component of effective

disaster response is the collection and management of data,

including patient data, which supports decision-making, re-

source allocation, and evaluation of response strategies(1).

Ensuring data quality, particularly completeness, timeliness,

and reliability, is essential, especially when collected by mul-

tiple international emergency medical teams (EMTs) operat-

ing under stressful and resource-limited conditions(2).

During recent decades, researchers have highlighted the

∗Corresponding Author: Inn-Kynn Khaing; Department of Public Health
and Health Policy, Graduate School of Biomedical and Health Sciences,
Hiroshima University, Hiroshima, Japan. Tel: +81-82-257-5167, Email:
d226753@hiroshima-u.ac.jp, ORCID: https://orcid.org/0000-0001-8388-6975.

need for improved reporting of disaster-related data, with

a focus on comprehensiveness, timeliness, accuracy, and

transparency. Standardized data collection methods among

EMTs can address these needs. However, previous tools var-

ied across EMTs, hindering data integration and accurate re-

porting to national authorities(3, 4).

To address this, in 2017, the World Health Organization

(WHO) endorsed the EMT Minimum Data Set (MDS) as a

standardized tool for disaster-related health data collection.

It was developed as an international version of the Japanese

Surveillance in Post Extreme Emergencies and Disasters (J-

SPEED)(5), which was adapted from the Philippine’s SPEED

system(6). The EMT MDS (hereinafter MDS) was first im-

plemented during the response to Cyclone Idai, a devastat-

ing storm with massive destruction and a humanitarian cri-

sis in Mozambique, Zimbabwe, and Malawi in March 2019,

when 13 foreign EMTs used this tool for collecting patient

data. Since then, it has been used in more than ten addi-
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tional international health emergencies. However, to date,

no formal assessment has been conducted on the quality

of data collected using this tool. Two systematic reviews,

one analyzing 34 studies (2000–2015)(7) and another 97 stud-

ies (2011–2021)(8) identified key data quality dimensions re-

lated to emergency medical services: accuracy, complete-

ness, timeliness, accessibility, reliability, linkage, and consis-

tency.

This study aims to evaluate the completeness of data col-

lected by EMTs during the Cyclone Idai response, focusing on

organizational information, temporal factors, location data,

patient demographics, and health events, and their relation

to disaster and patient outcomes.

2. Methods

2.1. Study design and data source

This descriptive comparative study analyzed patient data

collected by international EMTs during the 2019 Cyclone Idai

response in Mozambique. This study evaluated data com-

pleteness from Cyclone Idai, analyzing 277 daily reports with

18,468 patient consultations from 13 international teams be-

tween 27 March and 12 July, 2019. Completeness of team

information, demographics, health events, disaster relation,

and outcomes was compared across EMT types and classi-

fications using box plots, Kruskal-Wallis, t-tests, and multi-

variable logistic regression.

In this study, only aggregated daily data were available, limit-

ing our ability to assess data accuracy at the individual level.

Furthermore, most teams didn’t report time of data entry,

preventing assessment of the time gap between patient con-

sultation and reporting. Accordingly, completeness was eval-

uated using predefined criteria (Figure 1).

Approval for ethical review was obtained from Hiroshima

University (Hiroshima, Japan; approval number: E-2059).

2.2. Participants

A total of 277 daily reports containing information on 18,468

patient consultations were included. These reports were sub-

mitted by 13 international EMTs. Five daily reports submit-

ted by one EMT deployed for a specialized non-clinical role

were excluded, as they contained no patient consultation

data.

2.3. Data gathering

Cyclone Idai made landfall near Beira City (Sofala Province)

on March 14–15, 2019. International EMTs deployed soon

after. The EMT Coordination Cell (EMTCC) of Mozambique

mandated the use of the MDS form from March 31. Fourteen

international EMTs deployed from March 27 to July 12 used

this reporting system with technical support from WHO and

the Japan Disaster Relief Expert Team.

The MDS tool (Supplementary Table 1) has 85 items across

four sections: Team Information (14 items, a–n), Daily Sum-

mary (6 items, o–t), MDS Statistics (50 items; No.1–No.50),

and Needs and Risks (15 items; No.51–No.65). EMT staff

manually complete the first three sections, while MDS Statis-

tics is populated by a data manager using consultation-level

data. All patient information was anonymous. Additional de-

tails are available online(9, 10).

Reports (Excel or paper) were compiled using the EMTCC-

provided “MDS Maker” tool generating CSV files and sub-

mitted via email. Some EMTs used their own IT systems. In

cases where internet was unavailable, teams hand-delivered

reports. Upon receiving the daily reports, either in Excel or

paper format, we first checked for duplicate entries, though

such cases were minimal. For paper-based submissions, we

contacted each team to confirm any unclear or potentially

inaccurate information. Afterwards, these were converted to

CSV format by the Japan-based EMT MDS off-site support

team, which also provided remote analytical assistance.

2.4. Outcome measures

Data completeness across four components: “Who” (organi-

zation/team details or contact information), “When” (activ-

ity date), “Where” (state, city, village, facility name, or geo-

tag), and “What” (demographics, health events, relation to

disaster, outcomes) was considered as the main outcome

measure. For “Who”, “When” and “Where”, completeness re-

quired at least one sub-item. For “What”, we flagged miss-

ing data if demographic or health event records were fewer

than reported cases. Completeness percentages were calcu-

lated for eight MDS items: team information, contact infor-

mation, activity date, location, demographics, health events,

disaster-relatedness, and patient outcomes. The sub-items

under each of the eight categories and the criteria used to as-

sess completeness are detailed in Figure 1, and the MDS form

is presented in Supplementary Figure 1.

2.5. Statistical analysis

Statistical analyses were conducted across EMT type (Type

1 Mobile, Type 1 Fixed, Type 2) and classification (WHO-

classified or non-classified). EMTs are classified by com-

plexity of care: i) Type 1 Mobile (≤20 staff, up to 50 outpa-

tients/day across multiple sites); ii) Type 1 Fixed (≤30 staff,

up to 100 outpatients/day); iii) Type 2 (≤70 staff, 1 operat-

ing room, ≥7 major or 15 minor surgeries/day), and iv) Type

3 (advanced orthopedic and reconstructive wound care)(11).

WHO-classified EMTs are verified to meet global standards

for patient care and operational capacity(12).

Box plots and pairwise statistical comparisons (Kruskal-

Wallis test and a t-test) were conducted to compare the

completeness by EMT type and EMT classification. The

Kruskal–Wallis test was used because the data violated nor-

mality and homogeneity of variance assumptions, as as-

sessed by the Shapiro–Wilk and Bartlett’s tests. Post hoc com-

parisons were conducted using Dunn’s test with Bonferroni

correction.

Multivariable logistic regression (conventional or Firth) was

performed to identify the associations between overall data
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completeness and day of response, number of consultations,

EMT type, EMT classification and completeness of data for

demographics, health events, their relation to the disaster,

and patient outcome. In cases where data was zero or too

small for Type 2 EMTs, conventional logistic regression could

not be applied due to the complete separation problem(13).

Firth regression addressed complete separation where con-

ventional models failed, using penalized likelihood to stabi-

lize estimates(14). Multivariable linear regression (with ro-

bust standard errors due to non-normal residuals)(15) was

performed to identify the factors (day of response, number

of consultations, EMT type, and EMT classification) associ-

ated with the overall data completeness.

Given that many important factors (staff workload, training

on EMT MDS, team management, etc.) influencing data

completeness were not captured in our dataset, the primary

aim of regression analysis was explanatory rather than pre-

dictive. All statistical analyses were conducted using STATA

version 17.1 (StataCorp; College Station, TX, USA).

3. Results

3.1. General characteristics of EMT reports

During the 110-day response, 13 EMTs submitted 277 daily

reports on patient information to the EMTCC. Table 1 sum-

marizes 277 daily reports submitted from March 27 to July

12, 2019, by 13 EMTs: three Type 1 Mobile, seven Type 1

Fixed, and three Type 2. In total, 18,468 health events were

recorded: 2089 by Type 1 Mobile, 12,964 by Type 1 Fixed, and

3415 by Type 2 EMTs. Average daily patient consultations per

EMT were 52 (Type 1 Mobile), 75 (Type 1 Fixed), and 66 (Type

2).

3.2. Data completeness by EMT type and classi-
fication

Table 2 shows the percentage of data completeness by EMT

type and classification. Of the 277 reports, 51 were from Type

1 Mobile EMTs, 174 from Type 1 Fixed, and 52 from Type

2. WHO-classified EMTs submitted 104 reports and non-

classified EMTs submitted 173 reports. All EMTs fully re-

ported team information, contact details, and date of activ-

ity. Location data were also 100% complete, with 99.6% com-

pleteness for the “state”, but lower rates for other location

categories (57.0% to 99.6%). Facility name was reported in

only 54.9% of reports overall, although Type 2 EMTs achieved

100% completeness in this category. Geo-tagging was under-

reported (57.0%), with higher rates in non-classified EMTs

(64.2%) than in classified EMTs (45.2%).

Demographics (age, sex) were 92.8% complete overall; Type 1

Mobile EMTs had the lowest (78.4%) and Type 2 EMTs had the

highest (100%) percentage. Health event completeness was

62.1% overall; Type 2 EMTs had the highest (100%) and Type

1 Fixed EMTs had the lowest (46.0%), and classified EMTs

had a higher rate (79.8%) than non-classified EMTs (51.4%).

Data on the relation to the disaster had an overall complete-

ness of 57.4%; Type 2 EMTs had the highest (82.7%) and Type

1 Fixed EMTs had the lowest (47.1%), and classified EMTs

had a higher rate (68.3%) than non-classified EMTs (50.9%).

Outcome-related data had the lowest overall completeness

(50.2%); Type 1 Fixed EMTs had the lowest (43.1%), and non-

classified EMTs (46.2%) had a lower rate than classified EMTs

(56.7%).

3.3. Overall completeness according to EMT type
and classification

Figure 2 presents box plots and pairwise comparisons of

overall data completeness by EMT type (left) and classifi-

cation (right). The Type 1 Mobile EMTs showed the great-

est variability (range: 50%–100%, an interquartile range

(IQR):75% –100%, median:100%). Type 1 Fixed EMTs had a

range of 62.5%–100%, median:75%, IQR:62.5% –100%. Type

2 EMTs had the least variability (range:75% –100%, me-

dian:100%, IQR: 87.5% –100%). Dunn’s post hoc test found

that Type 1 Fixed EMTs had significantly lower complete-

ness than Type 1 Mobile (z = 2.96, p = 0.005) and Type

2 (z = 5.44, p < 0.001). No significant difference was ob-

served between Type 1 Mobile and Type 2 EMT (z = 1.98, p

= 0.072). Non-classified EMTs had a mean completeness of

80.5% (range:62.5% –100%, median: 75%, IQR:62.5% –100%),

while classified EMTs had 86.8% (range: 50% –100%, median:

100%, IQR: 75% –100%). A pairwise comparison showed that

these two groups were significantly different (Mean differ-

ence= 6.3%; p = 0.0019).

3.4. Multivariate analysis

Table 3 shows the results of a multivariate analysis. For de-

mographic completeness, day of response was positively as-

sociated (adjusted odds ratio (AOR) = 1.14, 95%CI: 1.06-1.22,

p = 0.001), and the number of consultations had a slight neg-

ative effect (AOR = 0.98, 95%CI: 0.97-1.00, p = 0.019). Type

1 Mobile EMTs were less likely to report demographic data

(AOR = 0.16, 95%CI: 0.05-0.51, p = 0.002) compared to Type

1 Fixed EMTs. There were no significant differences between

Type 1 Fixed and Type 2 EMTs (p = 0.162) or between non-

classified and classified EMTs (p = 0.114).

For health event data, Type 1 Mobile (AOR = 5.47, 95%CI:

2.46-12.19, p < 0.001) and Type 2 EMTs (AOR = 143.24, 95%CI:

8.63-2376.92, p = 0.001) were more likely to report these data

than Type 1 Fixed EMTs. Classified EMTs (AOR = 3.88, 95%CI:

2.12-7.11, p < 0.001) were more likely to report health event

data than non-classified EMTs. Similar trends were seen in

disaster relatedness: Type 1 Mobile (AOR = 2.93, 95%CI: 1.40-

6.14, p = 0.004) and Type 2 EMTs (AOR = 5.96, 95%CI: 2.66-

13.36, p < 0.001) were more likely to report these data than

Type 1 Fixed EMTs. Classified EMTs (AOR = 2.22, 95%CI: 1.27-

3.90, p = 0.005) were more likely to report these data than

non-classified EMTs. Outcome data showed a marginal neg-

ative effect with response day (AOR = 0.99, 95%CI: 0.98-1.00,

p = 0.024), while Type 1 Mobile (AOR = 2.17, 95%CI: 1.06-4.41,

p = 0.033) and Type 2 EMTs (AOR = 2.19, 95%CI: 1.13-4.24, p =
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0.020) were more likely to report these data than Type 1 Fixed

EMTs. Overall data completeness was higher for Type 1 Mo-

bile and Type 2 EMTs (Coefficient = 7.64, 95%CI: 5.67-9.62, p

< 0.001) and for classified EMTs (Coefficient = 6.75, 95%CI:

2.41-11.09, p = 0.002).

4. Discussion

The current analysis revealed moderate overall data com-

pleteness, with variation by EMT type, classification status

and data category. All 13 EMTs fully reported team and

contact information, which is crucial for effective coordina-

tion with local health authorities and international organiza-

tions(16). Team details also allow verification of team qual-

ifications, capabilities and performance tracking and adher-

ence to standards, ultimately contributing to improved over-

all data management(17).

Dates of activities were consistently reported. This informa-

tion is essential for tracking the progression of health events

over time and guiding decisions regarding resource alloca-

tion and intervention strategies (18). Location data were also

marked as complete if any one field (e.g., state, city, village,

facility, or geo-tag) was filled. However, this approach in-

troduces variability in geographic precision. For instance,

“state” provides a limited utility compared to more specific

fields like “village” or “facility name”(19). This lack of gran-

ularity prevents pinpointing the exact location of a health

event, which is particularly important for Type 1 Mobile

EMTs. We found that geo-tagging was underreported (57%),

especially by Type 1 EMTs. Since Type 2 EMTs were based in

hospitals, they are not required to provide geo-tagging. Given

the importance of precise mapping(20), other EMT types

should be encouraged to provide geo-tags. Japan’s J-SPEED

app, which auto-collects geo-data, offers a useful model for

developing a mobile MDS tool.

The overall completeness of demographic data (92.8%) was

high, but reporting was lower for health events (62.1%),

disaster-relatedness (57.4%), and outcomes (50.2%). Type 2

EMTs consistently outperformed others, likely due to smaller

patient loads and greater resources(11). In addition, during

a cyclone, patients are more likely to experience minor prob-

lems than serious conditions(21, 22). These teams saw an av-

erage of 66 patients per day, compared to 75 for Type 1 Fixed

EMTs, which may have allowed them to devote more time for

careful data entry.

Type 1 Mobile EMTs had more variable completeness but

outperformed Type 1 Fixed EMTs in key categories such as

health events and outcomes. Although the Type 1 Mobile

units are smaller(11), their decreased workload compared

to Type 1 Fixed EMTs may allow for more effective training

of team members and better adherence to MDS reporting

requirements. Additionally, more frequent interaction with

EMTCC staff may have helped mobile teams improve report-

ing.

Among all studied items, the overall completeness percent-

ages for the relationship of health events to the disaster

(57.4%) and for patient outcome (50.2%) were very low. We

hypothesize that this may reflect unclear definitions rather

than staff capacity alone. To address these issues, the current

research team is currently conducting a questionnaire survey

among EMT members who have used the EMT MDS tool in

an effort to identify areas that need improvement during the

data collection process. Classified EMTs performed better

overall than non-classified EMTs (86.8% vs. 80.5%), partic-

ularly in health event and disaster-related data. Multivariate

analysis confirmed these differences. These results suggest

that classified EMTs have more robust internal systems and

protocols for data reporting. However, non-classified EMTs

reported geo-tags more often (64.2% vs. 45.2%), suggesting

that practices from both groups could inform improvements.

It was found that several factors influenced the completeness

of data reporting. The number of consultations had a small

but statistically significant inverse relationship with the re-

porting of demographic information. This may suggest that

high patient volumes can overwhelm EMTs and reduce their

capacity to capture detailed patient information. In contrast,

the day of response had a positive relationship with report-

ing of demographics, in that a longer response period was

associated with better reporting. This may be because teams

become more organized and efficient in their reporting pro-

cesses over time.

While this study provides important insights into data com-

pleteness using the EMT MDS tool during the Cyclone Idai

response, generalizing these findings to other disaster set-

tings should be done with caution. Cyclone Idai was the first

major event to implement the EMT MDS system, and EMTs

may have had limited prior experience with the tool. Ad-

ditionally, Mozambique’s specific resource constraints, dig-

ital infrastructure, and contextual factors—such as limited

mobile connectivity and reliance on paper-based reporting

for some teams—may differ from other settings where digital

tools and training systems are more advanced. In contrast,

countries or regions with better digital preparedness and

more experienced EMTs may achieve higher data complete-

ness. Nonetheless, the patterns observed in this study—such

as the better performance of classified EMTs and the inverse

association between workload and data completeness—may

still offer relevant lessons for improving EMT data systems in

diverse contexts. Further research using data from more re-

cent responses and varied geographic settings will be essen-

tial to assess the consistency and applicability of these find-

ings.

The findings of this study highlight several areas of data re-

porting during emergency health responses that need im-

provement. First, regular training for all EMT types is es-

sential to ensure more consistent data collection, particu-

larly for Type 1 Fixed and Mobile EMTs, which showed greater

variability and lower overall completeness. The consistently

higher performance of classified EMTs underscores the value

of adhering to international standards, and the practices of

these classified teams could serve as a model for improving
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the reporting practices of all teams. Capacity-building pro-

grams that target non-classified EMTs could also help bridge

the gap in data quality, particularly in critical areas such as

reporting of health events and outcomes. Finally, provid-

ing feedback to individual EMTs on their data completeness

could help them focus on specific areas that need the most

improvement. Further studies should assess additional di-

mensions of data quality beyond completeness, including

accuracy and timeliness, to provide a more comprehensive

evaluation of EMT MDS performance. Expanding the assess-

ment to include subsequent emergency responses will help

determine whether data quality improves over time as teams

gain experience.

5. Strengths and limitations

This study has strengths and limitations. This is the first

study to examine data completeness for multiple types and

classifications of EMTs, and this provides valuable insights

into how different teams perform in terms of reporting health

data during a disaster. Another strength is that this study

was a comprehensive evaluation of data completeness using

a standardized format that has only recently become avail-

able — the MDS tool.

A key limitation of this study is the reliance on aggregated

data, which may obscure missing entries within subgroups.

For instance, data were considered complete if the total num-

ber of health events matched the number of patient consulta-

tions, yet individual patients may have experienced multiple

events or none at all. Without individual-level records, it is

not possible to verify the completeness of event reporting per

patient or to assess internal inconsistencies across variables.

Future analyses using individual-level data will be essential

to more accurately evaluate data completeness and report-

ing quality. Another potential limitation is reporting bias,

wherein teams may have preferentially completed simpler

fields, such as demographic information, while neglecting

more complex or ambiguous ones, such as patient outcomes

or the relationship of health events to the disaster. This se-

lective reporting may reflect time constraints, unclear defi-

nitions, or a lack of familiarity with certain MDS categories.

As a result, the observed completeness may overestimate the

reliability of critical but more challenging data elements. Ad-

ditional training and improved form design may help ad-

dress these gaps in future deployments. Additionally, as Cy-

clone Idai was the first event to use the EMT MDS, individual-

level data was not collected, a limitation that complicated

the use of data cleaning. Future analyses should focus on

individual-level data to ensure more accurate assessments.

Most importantly, the current finding was based on a sin-

gle case—Cyclone Idai that occurred in 2019. Because the

EMT MDS was newly introduced during the 2019 Cyclone

Idai response, teams were likely still becoming familiar with

the tool. As EMTs gain experience and training in using the

MDS, data completeness and quality may have improved in

subsequent deployments. Therefore, the findings from this

single early event may not reflect current performance levels.

Longitudinal studies across multiple responses are needed to

assess trends in data completeness and evaluate the impact

of growing proficiency over time.

6. Conclusions

The present study of the completeness of EMT data dur-

ing the Cyclone Idai response in Mozambique highlights

the importance of robust data collection practices during

emergency health responses. Although classified EMTs and

higher-capacity EMTs performed better overall, there remain

significant challenges, particularly for mobile and fixed Type

1 EMTs. Improving the consistency of reporting for all EMT

types will be critical for ensuring that the health data col-

lected during emergencies is accurate, complete, and action-

able. These improvements will enhance immediate response

efforts and contribute to better planning and preparedness

for future disasters. Implementing a real-time data quality

alert system could help improve overall data accuracy and

completeness.
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Table 1: General characteristics of emergency medical team (EMT) reports during 27 March - 12 July 2019

Affected prefecture Values
Number of EMT that reported data
Total 13 (100)
Type of EMTs
Type 1 mobile 3 (23)
Type 1 fixed 7 (54)
Type 2 3 (23)
EMT classification
Classified 5 (38)
Non-classified 8 (62)
Number of daily reports 277 (100)
Type 1 mobile 51 (18)
Type 1 fixed 174 (63)
Type 2 52 (19)
Days of response 110 days
Type 1 mobile 27 days (28 March - 23 April)
Type 1 fixed 90 days (27 March - 12 July)
Type 2 29 days (30 March - 27 April)
Total number of patient consultations 18,468 (100)
Type 1 mobile 2,089 (11)
Type 1 fixed 12,964 (70)
Type 2 3,415 (19)

Average number of patient consultations per EMT per day1

Type 1 mobile 52 ± 36.9
Type 1 fixed 75 ± 48.6
Type 2 66 ± 20.8
Data are presented as number (%) or mean ± standard deviation.
1An overall average was obtained by dividing the total number of consultations across all days by the total
number of EMT team-days.

Table 2: Data completeness in different minimum data set (MDS) items by emergency medical team (EMT) types and classification

MDS items EMT types Classified
All type (n = 277) 1 mobile (n = 51) 1 fixed (n = 174) 2 (n = 52) Yes (n = 104) No (n=173)

Team information
Total 277 (100.0) 51 (100.0) 174 (100.0) 52 (100.0) 104 (100.0) 173 (100.0)
Organization name 277 (100.0) 51 (100.0) 174 (100.0) 52 (100.0) 104 (100.0) 173(100.0)
Team name 277 (100.0) 51 (100.0) 174 (100.0) 52 (100.0) 104 (100.0) 173 (100.0)
Team information
Total 277 (100.0) 51 (100.0) 174 (100.0) 52 (100.0) 104 (100.0) 173(100.0)
Contact person 277 (100.0) 51 (100.0) 174 (100.0) 52 (100.0) 104 (100.0) 173 (100.0)
Phone number 186 (67.1) 49 (96.1) 87 (50.0) 50 (96.2) 103 (99.0) 83 (48.0)
Email 275 (99.3) 51 (100.0) 174 (100.0) 50 (96.2) 103 (99.0) 172 (99.4)
Date of activity
Total 277 (100.0) 51 (100.0) 174 (100.0) 52 (100.0) 104 (100.0) 173 (100.0)
Location
Total 277 (100.0) 51 (100.0) 174 (100.0) 52 (100.0) 104 (100.0) 173 (100.0)
State 276 (99.6) 50 (98.0) 174 (100.0) 52 (100.0) 104 (100.0) 172 (99.4)
City 250 (90.3) 49 (96.1) 174 (100.0) 27 (51.9) 78 (75.0) 172 (99.4)
Village 224 (80.9) 29 (56.9) 169 (97.1) 26 (50.0) 57 (54.8) 167 (96.5)
Facility name 152(54.9) 22 (43.1) 78 (44.8) 52 (100.0) 81 (77.9) 71 (41.0)
Geo tag 158 (57.0) 35 (68.6) 123 (70.7) 0 (0.0) 47 (45.2) 111 (64.2)
Information on
Demography (age, sex) 257 (92.8) 40 (78.4) 165 (94.8) 52 (100.0) 93 (89.4) 164 (94.8)
Health events 172 (62.1) 40 (78.4) 80 (46.0) 52 (100.0) 83 (79.8) 89 (51.4)

Relation# 159 (57.4) 34 (66.7) 82 (47.1) 43 (82.7) 71 (68.3) 88 (50.9)
Outcome 139 (50.2) 31 (60.8) 75 (43.1) 33 (63.5) 59 (56.7) 80 (46.2)

Data are presented as number (%); #: relation of health events to disaster.
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Table 3: Multivariate analysis of the relationship of the day of response, number of consultations, emergency medical team (EMT) type, and

EMT classification with data completeness

MDS items Information on
Sex and age1 Health events1 Relation2# Outcome1 Overall completeness3

AOR
(95%CI)

P AOR
(95%CI)

P AOR
(95%CI)

P AOR
(95%CI)

P Coefficient P

Day of response
Value 1.14 (1.06-

1.22)
0.001 0.99 (0.98-

1.00)
0.117 0.99 (0.98-

1.00)
0.15 0.99 (0.98-

1.00)
0.024 0.03 (-0.05-

0.12)
0.443

Number of consulta-
tions
Value 0.98 (0.97-

1.00)
0.019 1.00 (0.99-

1.00)
0.628 1.00 (1.00-

1.01)
0.31 1.00 (1.00-

1.01)
0.277 0.03 (-0.01-

0.08)
0.134

Type of EMT
1 fixed Reference 7.64 (5.67-

9.62)
<0.001

1 mobile 0.16 (0.05-
0.51)

0.002 5.47 (2.46-
12.19)

<0.001 2.93 (1.40-
6.14)

0.004 2.17 (1.06-
4.41)

0.033

2 7.87 (0.44-
142.0)

0.162 143.24 (8.63-
2376.92)

0.001 5.96 (2.66-
13.36)

<0.001 2.19 (1.13-
4.24)

0.020

Classification status
Non-classified Reference 6.75 (2.41-

11.09)
0.002

Classified 0.45 (0.17-
1.21)

0.114 3.88 (2.12-
7.11)

<0.001 2.22 (1.27-
3.90)

0.005 1.41 (0.82-
2.42)

0.211

Model fit statistics Wald chi2(4) = 22.42, Wald chi2(4) = 27.54, Wald chi2(4) = 28.97, Wald chi2(4) = 13.94, p < 0.001; Adjusted,
p = 0.0002 p <0.001 p <0.001 p = 0.0075 R2=0.11; Root MSE = 15.4

Data are presented with 95% confidence interval (CI). All variables including Day of response, number of consultations,
Type of EMTs and Classification status of EMTs are included in the model. AOR: Adjusted Odds Ratio; MSE: Mean
Square Error; #: relation of health events to disaster.
1 Multivariable Firth logistic regression was conducted.
2 Multivariable conventional logistic regression was conducted.
3 Multivariable linear regression was used.
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Figure 1: Framework for assessing the situation of emergency medical teams in minimum data set (MDS) completeness. Detailed information

on MDS items are shown in Supplementary Figure 1.

1 MDS1-MDS3: Male, Female-Non-pregnant, Female.

2 MDS4-MDS29: Trauma (MDS4-MDS8), Infectious diseases (MDS9-MDS18), Additional items that will be included based on the current

situation (MDS19-MDS22), Emergency (MDS23, MDS24), Other key diseases (MDS25-MDS29).

3 MDS44-MDS46: Directly related to event, indirectly related to event, not related to event.

4 MDS 36-MDS42: Discharge without medical follow-up, Discharge with medical follow-up, Discharge against medical advice, Referral, Dead

on arrival, Death within facility.

Figure 2: Pairwise comparisons of overall completeness according to emergency medical team (EMT) type and EMT classification. P value is

derived from Dunn’s test with Bonferroni correction and t-test to calculate the median and mean difference of data completeness among types

of EMT and between non-classified and classified EMTs, respectively. N- Number of EMTs in each category.
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Supplementary Figure 1: Detailed information on emergency medical team (EMT) minimum data set (MDS) daily reporting items (available

on: https://wkc.who.int/our-work/health-emergencies/knowledge-hub/health-data-management/health-data-collection-tools).
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