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Abstract: Introduction: Predicting the number of emergency medical team (EMT) consultations that are needed following a nat-

ural or man-made disaster can help improve decisions regarding the dispatch and withdrawal of these teams. This study
aimed to predict the number of consultations by EMTs using the K value and constant attenuation model.
Methods: Data were collected using the Japan-Surveillance in Post-Extreme Emergencies and Disasters (J-SPEED) and
Minimum Data Set (MDS) for five disasters in Japan and one disaster in Mozambique. We compared the number of
consultations, which was predicted based on K value and constant attenuation model with actual data collected with
J-SPEED/Minimum Data Set (MDS) tools. Results: The total number of EMT consultations per disaster ranged from
684 to 18,468. The predicted curve and actual K data were similar for each of the disasters (R? from 0.953 to 0.997), but
offset adjustments were needed for the Kumamoto earthquake and the Mozambique cyclone because their R? values
were below 0.985. For the six disasters, the difference between the number of consultations predicted based on K values
and the measured cumulative number of consultations ranged from +1.0% to +4.1%. Conclusion: The K value and
constant attenuation model, although originally developed to predict the number of patients with COVID-19, provided
reliable predictions of the number of EMT consultations required during six different disasters. This simple model may
be useful for the coordination of future responses of EMTs during disasters.
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1. Introduction

Disasters triggered by natural hazards with sudden onset,
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asters in 2022 surpassed the annual average of the past two
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decades (1), and there have been over 10,000 recorded disas-

ters worldwide since 1970 (2). These disasters have signifi-
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cant impacts on the society and health, and require rapid re-
sponses from diverse professionals.

A disaster typically leads to the dispatch of Emergency Med-
ical Teams (EMTs) who provide the medical care needed be-
cause of the sudden onset of injured and sick people. The
World Health Organization (WHO) has proposed that EMTs
operate under the coordination of the EMT Coordination Cell
(EMTCC) (3), which faces various challenges during disaster
response. For instance, existing resources are overwhelmed
by disasters, and it is therefore crucial to optimize the num-
ber of EMTs and deploy the right mix of EMT personnel to
avoid duplication of efforts and gaps in coverage (3, 4). How-
ever, it can be challenging to accurately determine the num-
ber and types of EMTs required during the acute phase of
a disaster (5) and to determine the optimal timing for their
withdrawal. The timely withdrawal of EMTs is crucial for pre-
serving essential medical activities and ensuring that the ob-
jectives of EMTs were achieved. Factors such as patient load,
the need for follow-up, and available alternative resources
are considered in these decision-making processes. Predict-
ing patient load is important for determining the timing of
EMT withdrawal, and is also critical for identifying the need
for medical resources and ensuring timely delivery of medi-
cal care to decrease deaths and injuries (6). Numerous stud-
ies have emphasized the importance of predicting consul-
tation volumes for resource allocation, coordination of care,
triage, and situational awareness (7-9).

The Great East Japan Earthquake in 2011 underscored the
necessity for standardized EMT daily reporting procedures,
and led to establishment of the Joint Committee for Dis-
aster Medical Recording and a proposal for Japan Surveil-
lance in Post-Extreme Emergencies and Disasters (J-SPEED).
J-SPEED was inspired by the Surveillance in Post-Extreme
Emergencies and Disasters (SPEED) system developed in the
Republic of the Philippines, and was first activated during
the 2016 Kumamoto Earthquake (10). It currently serves as a
comprehensive framework for EMTs in Japan to compile real-
time health data during disasters.

This study aimed to predict the number of consultations
by an EMT following a disaster using the K value and con-
stant attenuation model on J-SPEED and Minimum Data Set
(MDS) records.

2. Methods
2.1. Study design and setting

This study aimed to evaluate the accuracy of K value
and constant attenuation model, which was developed by
Nakano et al. to predict the cumulative number of COVID-19
patients (11), in predicting the number of patient consulta-
tions with EMTs during disasters. We compared the number
of consultations, which was predicted by K value and con-
stant attenuation model with actual data collected with J-
SPEED/Minimum Data Set (MDS) tools during five disasters
in Japan and one disaster in Mozambique.

The Hiroshima University Ethics Committee examined and
approved the ethics of all procedures used in this study (ap-
proval number: E-2059).

2.2. Participants

Data on the number of consultations from eight disasters
were collected from J-SPEED or MDS from the years 2016 to
2020. Seven of these disasters occurred in Japan, and one
was in Mozambique. Two Japanese disasters, namely the
Northern Kyushu heavy rain in 2019 and Typhoon No. 15
in 2019, were excluded from analysis due to insufficient data
coverage (periods less than 15 days). The impact of the 2018
West Japan heavy rain was significant, and required interven-
tions by EMTs in three prefectures. However, the 38 consul-
tations reported in Ehime Prefecture were limited to only 10
cases. Consequently, data from Ehime Prefecture were ex-
cluded from the analysis, but data focusing on consultations
in Okayama and Hiroshima Prefectures were examined.

2.3. Data collection

The J-SPEED is a real-time data collection and reporting tool
developed in 2015 to standardize daily reporting by Emer-
gency Medical Teams (EMTs) during emergencies in Japan.
The J-SPEED was based on the Surveillance in Post-Extreme
Emergencies and Disasters (SPEED) of the Republic of the
Philippines. J-SPEED enables EMTs in Japan to collect real-
time health data during emergencies and disasters, covering
26 key items, including demographic information and health
events.

The MDS is an international version of J-SPEED, which was
endorsed by the World Health Organization in 2017. The
MDS expands upon the J-SPEED framework by incorporating
additional items, such as procedures performed, outcomes,
and the relation of health events to the disaster. The MDS was
first activated during Cyclone Idai in Mozambique in 2019.
In Japan, the number of consultations by EMTs is reported
using the J-SPEED form, while the WHO MDS tool was used
during Cyclone Idai. Both systems generate standardized
daily reporting forms to facilitate coordination during disas-
ter response and provide raw data in CSV (comma-separated
value) format for detailed analysis. Further details about J-
SPEED (12, 13) and MDS (14, 15), including their implemen-
tation and impact, can be found in the relevant reports and
publications.

2.4. Statistical analysis

We estimated the K value as the primary statistical analysis in
this study. The K value is an indicator of the cumulative num-
ber of patients during the most recent week, and the constant
attenuation feature allows this indicator to predict future cu-
mulative numbers of patients. The cumulative number of pa-
tients predicted by the constant attenuation model is consis-
tent with the Gompertz model (16), which has been widely
used in demography, cell biology, and other disciplines (17).
These calculations rely solely on time series data of the target
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numerical variable, making it applicable even in the chaotic
situations of disasters. As such, this model provides a user-
friendly tool for prediction, because it only requires knowl-
edge of the cumulative number of patients.

The K value and constant attenuation model was employed
to predict the cumulative number of EMT consultations and
is derived from the daily count of consultations recorded by
J-SPEED/MDS during the onset of a disaster. The K value is
defined by the following equation:

N@d-7)
Kd)=1- —N(d)
where N(d) and N(d —7) are the cumulative number of con-
sultations up to day d and day d — 7 from the first day that
J-SPEED data were collected. Given that N(d) has a mono-
tonic increase, the K value ranges from 0 to 1. Without loss of
generality, the daily change in N(d) can be expressed using
the time-dependent exponential factor a(d) as:

N@d+1) = e“DN(a)

The proposed constant attenuation feature of this model as-
sumes that a(d) can be expressed as:

ald+1) =ka(d)

The K value can then be approximated by a first-order linear
function within a range (0.25 < K < 0.9), and when the slope
of the function is K’, k can be defined as:

k=1+2.88K'

Under this assumption, when predicting the transition of the
K value at a certain time, the measured K value can be ap-
proximated linearly and drawn as a straight line within the
specified range (0.25 < K < 0.9). For lower values of K, the
predicted K value can be drawn recursively using the for-
mula:

Kd+1)=1-(1-K(@)*

The coefficient of determination, RZ, can then be calculated
to determine the agreement between the predicted K values
and the actual K values.

A large discrepancy between the predicted and actual K val-
ues on day d indicates a significant change in circumstances
during that time period. In such instances, an offsetting pro-
cess is used, in which the cumulative number of consulta-
tions N(d) is reset to 0, and the K values are recalculated us-
ing the new cumulative number of consultations, with day d
serving as the starting point:

Kd+1)=1-1-K(@d)k
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The above equation also allows predictions of the transition
of N(d).

Then, Ny, (d) can be calculated as the seven-day moving av-
erage of the cumulative number of consultations:

N(d-3)+Nd-2)+---+N(d+2)+ N(d+3)

Np(d) = -

If the last day with a measured K value greater than 0.25
is defined as day z, then N;,(z—4), can be substituted for
Ny (z—3):

_ Ny (z—-3)
_ 3y = palz—4) _ = m
Np(z—-3)=¢ Nm(z—4)a(z—4) lOg(Nm(z—4))
3 1 Ni(z—3)
T Og(Nm(z—4))
(k== -d)
N(d)=Npz—4) xe  1F

Microsoft Excel (Microsoft Corp., Redmond, Washington,
USA) was used for all calculations.

3. Results

3.1. Baseline characteristics of studied disasters

The final analysis included 13,925 consultations for five dis-
asters reported in J-SPEED (Kumamoto earthquake, West
Japan heavy rain, Hokkaido earthquake, Typhoon No. 19, and
Kumamoto heavy rain) between 2016 and 2020 and 18,468
consultations for a 2019 cyclone in Mozambique reported in
MDS.

The total number of EMT consultations per disaster ranged
from 684 to 18,468. Table 1 shows the onset date, period of
data collection by J-SPEED and MDS, and number of EMT
consultations for each of the six disasters. Among the five
disasters in Japan (two earthquakes, two torrential rains, and
one typhoon), the EMTs were active for periods ranging from
27 to 48 days. In contrast, for the Mozambique cyclone, the
EMTs were active for 108 days. EMTs began reporting within
10 days of onset of the West Japan heavy rain, within 12 days
of onset of the Mozambique cyclone, and within 3 days of on-
set for the other disasters.

Figure 1 shows the daily number of consultations for each
disaster (left) and the percentage of daily consultations rela-
tive to the total for each disaster (right). The Mozambique cy-
clone had the greatest number of consultations per day (755
consultations on day 10) followed by the West Japan heavy
rain (616 consultations on day 9). However, relative to the to-
tal for each disaster, the Hokkaido earthquake on day 3 and
the West Japan heavy rain on day 9 had the greatest percent-
ages of daily consultations. In contrast, the Mozambique cy-
clone had relatively low percentages of daily consultations
throughout the data collection period, and this percentage
remained relatively steady, even after the peak on day 10.
This variability in daily consultations among these six disas-
ters underscores the absence of a uniform discernible pat-
tern, even though each disaster had a large peak immediately
following its onset.
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JEVNERH Factors affecting the length of stay (LOS) in intensive care unit (ICU) patients undergoing CABG and their mean score out of 5

Name of Disaster Date of Onset Data Collection Period Duration (day) | Number of EMT Consultations*
Kumamoto Earthquake** 14 April 2016 16 April 2016-2 June 2016 48 8,102

West Japan Heavy Rain 28 June 2018 8 July 2018-24 August 2018 48 3,582

Hokkaido Earthquake 6 September 2018 | 6 September 2018-7 October 2018 32 741

Mozambique Cyclone 15 March 2019 27 March 2019-12 July 2019 108 18,468

Typhoon N19 10 October 2019 | 13 October 2019-21 November 2019 40 684

Kumamoto Heavy Rain 3 July 2020 5 July 2020-31 July 2020 27 816

*The total number of consultations includes cases that resulted in deaths. **From April 16 to April 24, data is preliminary
and only includes reports from limited areas. EMT: Emergency Medical Team.

3.2. Model agreement

Figure 2 shows the model calculations (for 0.25 < K < 0.9)
and actual data for the six disasters. In most cases, it took
two days for the K value to drop below 0.9, at which time it
was used for predictions (d = 9 days from the start of EMT
reporting). However, it took 5 days for the K value to drop
below 0.9 for the West Japan heavy rain and the Mozambique
cyclone (d = 12 days from the start of EMT reporting).

The coefficient of determination, R?, was close to 1.0 for
each disaster, indicating high levels of agreement between
the actual K data and the predictions. R? was somewhat
lower (below 0.985) for the Kumamoto earthquake and the
Mozambique cyclone, necessitating further analyses of these
two disasters. Thus, the measured K values had a change in
rate of decrease after the K values became calculable starting
on the third day (d = 10) for the Kumamoto earthquake and
starting on the nineteenth day (d = 26) for the Mozambique
cyclone. We therefore offset the cumulative number of con-
sultations to yield new K values for each disaster (Figure 3).
In each case, the new coefficient of determination, R?, was
closer to 1.0, indicating a better fit of the prediction line.
Figure 4 shows the outcomes of predicting the change in the
cumulative number of EMT consultations, N(d), from the
prediction lines obtained for the different K values for each
disaster.

Table 2 presents the measured number of consultations
recorded up to the end of each EMT reporting period and
the projected cumulative number of consultations up to the
same time based on the K value projection for each disas-
ter. For each disaster, the difference between the measured
and predicted numbers of EMT consultations was less than
5%. The parameter z (number of days required for predic-
tion) ranged from 14 days (Hokkaido earthquake) to 44 days
(Mozambique cyclone) from the start of EMT reporting, and
was longer for the two disasters that were subjected to offset-
ting.

4, Discussion

We examined use of the K value and constant attenuation
model, which was originally designed to predict the cumu-
lative number of COVID-19 patients, for predicting patient
loads during different disasters. We utilized data on the num-
ber of consultations provided by EMTs that were collected

from the daily report forms of J-SPEED and MDS for six dis-
asters (earthquakes, cyclones, and heavy rains) that occurred
in Japan and Mozambique between 2016 and 2020. For each
disaster, the difference between the measured and predicted
cumulative number of consultations was less than 5%.

Our review of the literature showed that most prediction
methods used in emergency management that consider nat-
ural and man-made disasters have taken one of two primary
directions. Some prediction methods focus on logistic and
infrastructural issues (18), and include forecasting logistic
challenges (19), emergency evacuation (20), relief resource
distribution (21), building and economic damages (22, 23),
and hospital function during the days following a disaster
(24). Other prediction methods center on methodologies for
characterizing the emergency response of local hospitals to
disasters by assessing patient treatment, triage processes, pa-
tient transfers (25), and estimates of the number of deaths
from earthquakes (6). However, no suitable method has yet
been proposed for predicting patient loads during disasters
that require EMTs.

Most existing models (except the one proposed by Fujimoto
et al. (6)) require multiple inputs to make predictions. How-
ever, recent advancements in disaster research have high-
lighted the importance of simple, readily applicable predic-
tion methods that can be effectively employed to support
real-time disaster response efforts. In emergency situations,
where time is of the essence, prediction models must not
only be accurate but also practical and quickly executable
to ensure timely and effective decision-making (26). Recog-
nizing this necessity, some researchers have contributed to
this concept. For example, Fujimoto et al. introduced simple
methods that can rapidly forecast the number of deaths and
quantify the need for medical resources, including the de-
ployment of medical experts. However, this previous model
only predicts the number of deaths during earthquakes in
Japan, not the number of patients requiring medical treat-
ment. Since the number of medical treatments directly im-
pacts EMT operations, there is therefore a more urgent need
for these predictions than for predictions of deaths or eco-
nomic losses. The model described herein, despite its sim-
plicity, provided accurate predictions of patient loads in six
different disasters.

The current model only requires the cumulative number of
patient consultations during the initial days of a disaster
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Name of Disaster Total N of Consultations Estimated of Consultations Days of Data Collection Day z*
Kumamoto Earthquake 8,102 7,842.6 96.8% 48 26 o
West Japan Heavy Rain 3,582 3,435.1 95.9% 48 18
Hokkaido Earthquake 741 750.2 101.2% 32 14
Mozambique Cyclone 18,468 17,711.9 95.9% 108 44 L
Typhoon N19 684 675.6 98.8% 40 16
Kumamoto Heavy Rain 816 824.4 101.0% 27 17

* Day z is the last day with a measured K value greater than 0.25. **For offsetting disasters, day z is the last day the measured K value

is greater than 0.25 after offsetting.

to predict future patient loads. Our findings demonstrated
the usefulness of this approach for earthquakes, floods,
tsunamis, and hurricanes in Japan and Mozambique. Be-
cause a disaster can occur almost anywhere and at almost
any time, it can be challenging to rapidly estimate the cumu-
lative number of medical cases as feedback to EMTs if exten-
sive data collection is required for model inputs. Therefore,
the ability to predict changes in the number of EMT consul-
tations using a single parameter (the essence of the model
described herein) makes our approach especially useful.

In the mathematical model used here, if there is a large dis-
crepancy between the predicted and measured K values,
then the cumulative number of consultations is reset to 0 and
the K values are recalculated from this new starting point.
We applied this offset for two of the disasters we analyzed.
For the 2016 Kumamoto earthquake, we applied an offset on
the tenth day after the start of J-SPEED data collection. This
offset was needed because the lack of data collection outside
the Aso district between April 16 and April 24 led to a sudden
increase in consultations after April 25, and this manifested
as an increased K value. Similarly, for the Mozambique cy-
clone, we applied an offset on the 19th day after obtaining the
K values (corresponding to the 26th day after the start of data
collection). This offset may have been needed because of fur-
ther damage from another disaster (Cyclone Kenneth), which
occurred in northern Mozambique on April 25 and affected
more than 400,000 people. Itis likely that the additional dam-
age caused by this second cyclone influenced the K values.
These changes in K values suggest the model can promptly
detect changes, including alterations in aggregation methods
and environmental factors. This feature could also assist in
the early detection and mitigation of infectious disease out-
breaks in emergency shelters. In general, an abrupt increase
in the K value indicates a deviation from the expected trend
and the need for proactive measures to address the different
conditions.

Despite our implementation of these adjustments, the
Mozambique cyclone dataset still had the lowest R? among
the six disasters. This may be attributable to differences
in EMT activities between Japan and Mozambique. More
specifically, in Japan, patients can consult their local family
doctors after the acute phase of a disaster. In contrast, in
Mozambique, where the medical system is less robust, pa-
tients might seek long-term medical consultation from EMTs

for conditions unrelated to the disaster (14). Additionally, the
limited reporting from only one EMT during the May 14 to
July 12 period in Mozambique may have led to bias.

The mathematical model employed in this study (origi-
nally designed for predicting COVID-19 infections) lacks an
evidence-based explanation for its applicability to the field
of disaster medicine. However, we speculate that mathemati-
cal similarities between the transmission of an infectious dis-
ease and the deployment of EMTs to disaster-affected areas
explain the effectiveness of this model for the field of disaster
medicine. When deciding to withdraw an EMT, each team
must consider its own situation as well as the situations of
other teams. For example, when one team starts to withdraw
it is likely the nearby teams will also withdraw.

The K value approach used here can potentially be extended
beyond disaster settings, and be used as a tool for post-
disaster evaluations. Comparing the actual number of pa-
tients with the number predicted using the K value approach
can provide a more comprehensive assessment of the mea-
sures taken and events that occurred. This evaluation can
also provide a valuable foundation for the management of
future disasters. For instance, analyzing the discrepancy be-
tween predicted and measured patient numbers can provide
information regarding the effectiveness of different interven-
tions, such as the deployment of EMTs, the timing of EMT
withdrawal, and the causes of post-disaster outbreaks. The
examination of past disasters, including the number of EMTs
dispatched, the advantages and disadvantages of different
timings for EMT withdrawal, and investigation of the causes
of a disaster, may help to improve future strategies for disas-
ter response. Moreover, when predictions are based on the
same model, they can be compared at different scales and
for different types of disasters. This comparative analysis can
provide valuable insights into the generalizability and adapt-
ability of the K value approach when used for different types
of disasters, thereby enhancing its utility as a predictive tool
for disaster management. Overall, leveraging the K value ap-
proach for post-disaster evaluation can be considered a sys-
tematic framework for learning from past experiences and
improving responses to future disasters.

To improve the accuracy and timeliness of predictions for
medical treatments during disasters, it may be necessary to
adapt variables of the existing model so they align with the
activity cycle of EMTs. Moreover, investing in advanced train-
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ing and ensuring consistent reporting practices among EMT
members may further optimize the effectiveness of the K
value approach for disaster responses.

When employing this forecasting method to determine the
timing of EMT withdrawal, it is imperative to establish clear
withdrawal criteria, such as the K value at the time of with-
drawal. These withdrawal criteria should consider many fac-
tors, including the scale of the disaster, the number of EMTs
deployed, the readiness of the affected area to receive pa-
tients, and political considerations. The establishment of
specific withdrawal criteria remains a topic for future re-
search.

5. Limitations

The K value approach has strengths and limitations when
applied in disaster settings. A major advantage is that it
can predict changes in the number of medical consultations
using a single parameter, an important feature when en-
countering a chaotic and multifaceted disaster. This sim-
plicity streamlines the prediction process and enables rapid
decision-making. Additionally, our model employs a real-
time adjustment mechanism that adapts to incoming data
and unexpected surges, supporting Klus et al.’s assertion that
dynamic adaptive systems flexibly adjust event types and
sizes in real time based on changing data inputs (27).

One limitation of our approach is that inconsistency among
EMT members regarding use of data collection tools such as
J-SPEED may introduce errors in data collection and entry
that could lead to discrepancies between predicted and mea-
sured numbers. A second limitation is that we directly ap-
plied a mathematical model that was originally developed for
predicting COVID-19 cases, not the utilization of EMTs dur-
ing disasters. However, the K value model was initially de-
rived from the cumulative number of COVID-19 cases during
the previous week to leverage the one-week cyclical pattern
of COVID-19 testing. Although this approach leads to more
stable predictions, it also means that the first K values are
not accessible until 1 week later. When applied to disasters,
this delay means it is difficult to estimate values soon after
disaster onset. Disasters typically require urgent responses
and require accurate predictions of the need for EMTs.

6. Conclusions

The K value and constant attenuation model, originally pro-
posed for the COVID-19 epidemic, reliably predicted the
number of EMT consultations during six different disasters.
This straightforward method of prediction can potentially
improve the activities of the Emergency Medical Team Coor-
dination Cell, thereby significantly enhancing disaster medi-
cal operations.
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