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Abstract. Extreme precipitation events (EPEs) and flash floods incur huge damage to life and property in urban cities. Pre-

cipitation forecasts help predict extreme events; however, they have limitations in anticipating the impacts of extreme events.

Impact-based forecasts (IBFs), when integrated with information of hazard, exposure and vulnerability, can anticipate the im-

pacts and suggest emergency decisions. In this study, we present a serious game experiment, called the INSPIRE game, that

evaluates the roles of hazards, exposure, and vulnerability in a flash flood situation triggered by EPE. Participants make de-5

cisions in two rounds based on the extreme precipitation and flood that occurred over Mumbai on 26 July, 2005. In the first

round, participants make decisions for the forthcoming EPE scheduled for later in the afternoon. In the second round, they

make decisions for the compound events of extreme precipitation, river flood and high tide. Decisions are collected from 123

participants, predominantly Researchers, PhDs and Masters students. Results show that participant’s use of information to

make decisions was based on the severity of the situation. A larger proportion of participants used precipitation forecast and10

exposure to make correct decisions in the first round, while used precipitation forecast and vulnerability in the second. Higher

levels of education and research experience enabled participants to discriminate between the severity of the event and use the

appropriate information set presented to them. Additionally, between the choice of qualitative and quantitative information

of rainfall, 64% of the participants preferred qualitative over quantitative. Finally, we discuss the relevance and potential of

vulnerability integration in IBFs using inferences derived through the serious game.15

1 Introduction

The accuracy and precision of Quantitative Precipitation Forecasts (QPFs) has undergone remarkable improvements in recent

decades, owing to the advancement in computing technology and high-resolution data assimilation techniques (Kirkwood et al.,

2021; Samal et al., 2023; Singhal et al., 2023). Today, QPFs are available with high spatial and temporal resolutions and large

areal extent. Availability of QPFs with lead times of up to 15 days have enabled the timely forecasting of hydrological extremes20

such as extreme precipitation and flash floods, reasonably well (Ahlgrimm et al., 2016). Recently, aplications of precipitation

nowcasting have emerged which aim at high-resolution forecasting of rainfall, a couple of hours into the future, keeping in

mind the socio-economic needs and local decision-making (Ravuri et al., 2021; Ballard et al., 2016; Laura Poletti et al., 2019).
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Despite the increasing availability and performance of QPFs across the globe, loss of lives and economic damage have

continued to rise (Nanditha and Mishra, 2021; Lala et al., 2021; Singhal et al., 2022). Three main reasons may be advanced25

as to why the improvements in QPFs have not necessarily led to better mitigating the losses of lives and property. First,

improvements in the QPFs, themselves, are still lacking quality to accurately predict the magnitude, intensity and duration of

extreme hazards (EPE or flash flood). Second, early warning systems have generally used QPFs to focus on hazards rather

than on their impacts at local scale. Third, the obtained hazard information is not well integrated with the information of local

exposure and vulnerability. The lack of integration of the vulnerability information may not provide a clear and comprehensive30

understanding of preventive actions to the local public. Hence, there is a need for not just ‘forecasts’, but ‘Impact-based

Forecasts (IBF)’ informing the local public about ‘What the weather will do’ rather than just ‘What the weather will be’

(Hemingway and Robbins, 2020; Kaltenberger et al., 2020).

A well-informed decision-making in IBF requires two types of information to assess risks: (a) information regarding the

hazard and (b) information regarding the area-specific vulnerability. Information regarding the hazard, such as its magnitude,35

frequency, temporal duration and spatial extent, is available from the QPFs and is well documented in the literature (Papa-

giannaki et al., 2015; Coughlan De Perez et al., 2015; Robbins and Titley, 2018). However, human actions and interventions

produce vulnerability and, in particular, exposure, which are as important as the hazards themselves. Vulnerability is defined

as “the conditions determined by physical, social, economic and environmental factors that increase the susceptibility of an

individual, a community, assets or systems to the impacts of a particular hazard” (UNDRR, 2017). The information on vul-40

nerability is crucial to provide guidance for effective adaptation planning and informed decision-making processes (Næss

et al., 2006; Parker et al., 2019; Singhal and Jha, 2021). On the other hand, exposure is defined as “the situation of people,

infrastructure, housing, production capacities and other tangible human assets located in hazard-prone areas” (UNDRR, 2017).

Decision-making in IBF should be an integrated framework involving information on hazards (single or compound), exposure

and vulnerability to enable decision-makers to take timely mitigating actions (Kox et al., 2018).45

Serious games – games used for purposes other than entertainment – are a potential tool to train, improve and test decision-

making processes in a controlled environment (Rusca et al., 2012; Aubert et al., 2018). One objective of game-playing is

to transfer the lessons learnt to real-world decision-making (Geurts et al., 2007). Mayer (2009) defined serious games as

“experimental, rule-based, interactive environments, where players learn by taking actions and by experiencing their effects

through feedback mechanisms that are deliberately built into and around the game”. Craven et al. (2017) consider serious50

games as a space, free of the restrictions of the past systems, where scientists and policy-makers can come together. The game

presents a range of scenarios based on potential actions taken for various events, and each combination of selected actions for

an event has its own consequences (Aubert et al., 2019). Previous studies have noted that serious games are effective tools to

communicate advanced scientific concepts in fields such as climate adaptation, water resource management, urban planning

and disaster management (Arnal et al., 2016; Rumore et al., 2016; Flood et al., 2018; Crochemore et al., 2021). However, in55

the context of hydrological hazards such as EPEs and floods, most of the serious games have focused on the understanding and

communication of the hazard information rather than on the role of exposure and vulnerability in the decision-making process

(Crochemore et al., 2016; Terti et al., 2019).
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In this study, we present a serious game experiment which assesses the interplay between hazard, exposure and vulnerability

in a situation of flash flood triggered by extreme rainfall. The ‘INSPIRE flood’ game is here designed based on the dramatic60

flood of 2005 in Mumbai; all values for hazard and vulnerability provided in the game being derived from observations of

that particular event and area. Results from 123 answers collected during 6 game sessions are analyzed to explore how to best

combine and communicate hazard and vulnerability information for emergency decision-making in IBF. We argue that, with

hydrometeorological advancements, humans may be able to improve their capacity to forecast the magnitude, temporal duration

and spatial extent of EPEs in the near future; however, this may not guarantee fewer impacts from such EPEs, compared to65

what we are witnessing today. One of the ways of mitigating such impacts is by making the socio-environmental systems less

vulnerable (i.e. less exposed, less sensitive and more adaptable) to EPEs. Hence, we aim to show that vulnerability and its

underlying components need to be included in IBFs and decision-making protocols. We test combinations of extreme rainfall,

exposure and vulnerability to understand how the components of risk and their communication (i) alter decisions, (ii) influence

confidence in decisions, and (iii) are perceived in support of flood-based decision-making.70

2 Study Area and description of the extreme precipitation event

The game is inspired by the dramatic EPE and the consequent flood of 26-27 July 2005 in Mumbai, the financial capital of

India. The city is located on the west coast of India surrounded by the Arabian Sea on all sides as shown in Figure 1(a). It is

divided into 24 municipal wards (local administrative units) covering an area of 603 km2 (233 sq. mi) with a population of

approximately 20 million. Among the four rivers flowing through the city, the Mithi river is the most prominent one acting as75

a natural drainage channel and carrying excess water during the monsoon season, i.e., from June to September (JJAS) out of

the city towards the Arabian Sea.

On 26-27 July 2005, the city received an unprecedented precipitation of 944 mm over 24 hours with 190.3 mm rainfall in a

single hour as observed by the Santa Cruz observatory (Jenamani et al., 2006). The annual average precipitation for the city is

around 2000 mm. Over 60% of the city was flooded with large variability across wards (Figure 1b), mainly due to the extreme80

precipitation, and partly due to insufficient drainage systems, and a high tide of 4.48 meters which did not allow the flood water

from the Mithi river (Figure 1c) to drain out to the sea (Chitale et al., 2006). As a result, the transportation and communication

systems collapsed: the airport was closed, major roads were submerged, intercity trains were halted, and electricity was cut-off

in many parts of the city. About 1200 people lost their lives either directly or indirectly because of the torrential rainfall and the

subsequent deluge-related diseases (Gupta and Nair, 2011) and an economic damage of around 2 billion USD was incurred.85

3 The INSPIRE game

The aim of the ‘INSPIRE’ flood game is to test out different ways of communicating jointly the hazard and vulnerability

information for emergency decision-making. To this end, we test different joint visualizations of extreme rainfall, exposure and

vulnerability information in a decision-making process resembling that of the 2005 Mumbai flood.
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3.1 Game area90

The wards ‘K/W’, ‘H/E’ and ‘A’ (see Figure 1a and 1c) were selected for the setting of the game so as to represent three

different combinations of hazard and vulnerability levels. Wards ‘K/W’ (55%) and ‘H/E’ (90%) were the most affected wards

in the event. Ward ‘A’ was the least affected ward and serves as a control-ward in the game as players should not make drastic

decisions there. In addition, the three wards bring out different flooding drivers: ward ‘K/W’ was primarily flooded due to

extreme precipitation, while ‘H/E’ was impacted by the combination of extreme precipitation and the overflowing of the Mithi95

river. Lastly, the wards represent varying socio-economic conditions, from huge slum population (ward ‘H/E’) to flourishing

tourist hotspots (ward ‘A’) leading to different levels of vulnerability and exposure.

In the game and hereafter, the selected wards ‘K/W’, ‘H/E’ and ‘A’ are respectively referred to as towns ‘Alpha’, ‘Beta’ and

‘Gamma’ (Figure 1d). They represent parts of the fictitious INSPIRE city which was created for the game. The geographical

and socio-economic characteristics of these three towns mimic that of the three corresponding wards of Mumbai. Participants100

make decisions for each of these three towns.

3.2 Game session unfolding

3.2.1 Introduction of the game

Each participant is assigned the role of ‘Flood Risk Manager (FRM)’ for an adapted city called ‘INSPIRE’ (Figure 1d).

The main goal of each participant is to make the best possible emergency decisions to minimize the impact of the extreme105

precipitation and flood. The game moderator first informs the players of the area they will have to manage, with relevant

geographical and socio-economic characteristics of the city, and of the decisions they will have to make. Each participant

undertakes the game experiment independently and is given a worksheet to mark the decision choices: either to take an action,

or not to take it (Yes/No decisions). The game moderator ends the introduction round by informing the participants of the risk

of an upcoming extreme rainfall event across INSPIRE which may lead to flash floods.110

3.2.2 Game rounds

The game is then set in two rounds corresponding to successive times in the progression of the event. At the beginning

of each round, a crisis unit provides participants with field information (water level of the lake and river, sea tide height,

prevailing ground situation and possible future developments) from the Meteorological Department, Department of Town

Planning, Department of River Management, Department of Coast Management and the media cell (Figure 2). The participants115

are then provided with town-scale information of vulnerability, forecast accumulated rainfall and exposure in random order

(Figure 2). Based on the received information, the participants decide which decisions need to be implemented. On an average,

the participants required 22-25 minutes to play the two game rounds.
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3.2.3 End survey

After the game rounds, participants are requested to complete a survey (Section D; Figure A1; Appendix A) to reflect on120

their perception of the provided combinations of information (i.e., most preferred combination, usefulness of exposure and

vulnerability, qualitative or quantitative information of rainfall forecast etc.). Prescribed space for any feedback in the form of

comments and suggestions were provided at the bottom of Section D.

3.2.4 Game scoring

For each decision, the participant is awarded ‘approval points’ (+10 and -10 for each correct and incorrect decision respec-125

tively). There are a total of 360 potential points available in each of the two rounds, resulting in a total of 720 potential points.

At the end of the game, participants are given the correct and incorrect decisions, to calculate their score for each information

set, and their total score. Correct and incorrect decision choices are defined by a game-play by decision-makers in Mumbai

who often make real decisions in the wake of any extreme precipitation or flood event. The worksheets of those participants

are excluded from the analysis who make more decisions for Gamma (control ward), than Alpha or Beta in the first round, due130

to their lack of understanding of the flood situation or the rules of the game.

3.2.5 Debrief

After the game, a debriefing session of 10-15 minutes is convened to initiate and encourage discussion among the participants

about the game experiments, its structure, usefulness of the information provided to make informed decisions and the approach

towards their choice of decisions. Finally, the actual backdrop of the game, the Mumbai flood, is revealed to the participants.135

3.3 Information provided to players

During the game, the participants are provided with town-scale information of 4-hourly accumulated forecast rainfall, flood-

prone population density, exposure and vulnerability based on which they make decisions (see Figure 2). The rainfall forecast

is provided in both qualitative and quantitative forms in the game, to experiment different visualizations of rainfall informa-

tion. The information of flood-prone population density is provided quantitatively while exposure and vulnerability are only140

provided qualitatively.

The accumulated rainfall forecast, used in the game, is a slight modification of the actual rainfall observed during the event

on 26-27 July, 2005. The modification ensures that the rainfall in the three selected towns is contrasted. The actual forecast

issued for the event is not used in the game because it highly underestimates the actual rainfall, rendering it unreliable for

representing the actual developments in the event. The flood-prone population density (per sq. km) is calculated for the three145

selected wards as the total ward population multiplied by the percent area flooded during the 2005 event.

The information of exposure and vulnerability is statistically calculated using a set of indicators. Both exposure and vulner-

ability are calculated for each of the 24 wards of Mumbai. The values of the three selected wards (Alpha, Beta and Gamma)

are then provided as qualitative color-codes to the participants during the game; the color-codes vary in four severity levels (I
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to IV; denoting low, moderate, high and extreme) each corresponding to a quartile range, e.g. the 25% of the wards with the150

highest vulnerability are assigned a severity level IV (extreme).

3.4 Vulnerability and Exposure analysis

In this study, we consider vulnerability to be divided into three components- exposure, sensitivity and adaptive capacity (Gal-

lopín, 2006). The values of each of the components and the overall vulnerability were calculated for all 24 wards prior to ward

selection. The first step is to collect and identify relevant data (as ‘indicators’) and categorize them under the components of155

exposure, sensitivity and adaptive capacity. Each indicator is then standardized based on the actual area of the ward which

was under flood during the 2005 event. For instance, close to 55% of Alpha’s total area was flooded in the 2005 event, which

implies that each indicator value of Alpha is considered to be 55% of its actual value in this study. This standardization is done

to make sure that the vulnerability (and exposure) of each ward is calculated close to the reality of the 2005 flood event. Sub-

sequently, each indicator is normalized, weighted and aggregated to form the vulnerability index followed by their four-level160

categorization.

3.4.1 Rationale for indicators

Selection of appropriate indicators is essential for the accurate assessment of vulnerability. Several indicators may directly or

indirectly influence the cause or impact of floods which can be used to assess the vulnerability of an area. Such indicators

were obtained from publicly available data from government agencies (MCGM, 2022) and were selected to best define the165

flood vulnerability of wards of Mumbai. Table 1 lists all the selected indicators for this study along with their description and

relationship with vulnerability.

3.4.2 Normalization of indicators

The indicators are expressed in different units which require normalization before comparison. We use the maxima-minima

method to normalize the indicators in this study (Singhal and Jha, 2021) as shown in Eq. (1).170

Xij =
Vij −MinVim

MaxVim−MinVim
(1)

The normalized values are between 0 and 1, i represents the selected indicator, j is the selected ward, m is the total number

of wards. Vij is the value of the ith indicator. minVim and maxVim are the minimum and maximum values of the ith indicator

over the study area, respectively.

3.4.3 Weighting of indicators175

In this study, we assign weights to the indicators using the inverse variance method proposed by Iyengar and Sudarshan (1982).

The method has been widely used in several vulnerability studies (Murthy et al., 2015; Omerkhil et al., 2020). The two-step

equation is shown in Eq. (2) and Eq. (3).
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Wi =
k√

varjXij

(2)

where the variance is calculated for a given indicator i and all wards j. k is a constant such that180

k =

[
n∑

i=1

1√
varj(Xij)

]
(3)

Wi is the weight of the indicator i (between 0 and 1) and the sum of all the assigned weights is equal to 1.

3.4.4 Exposure, sensitivity, adaptive capacity and vulnerability

The sub-indices of exposure (E), sensitivity (S) and adaptive capacity (AC) are calculated using the normalized values and

weights of the corresponding indicators (Balaganesh et al., 2020) using Eq. (4).185

subindex =
∑n

i=1 WiXij∑n
i=1 Wi

(4)

Lastly, we use the additive (averaging) approach to calculate the flood vulnerability index (VI). The approach aggregates the

sub-indices of exposure, sensitivity and adaptive capacity as shown in Eq. (5).

V I =
E + S + (1−AC)

3
(5)

3.4.5 Categorization of indices190

The obtained indices (exposure, sensitivity, adaptive capacity and vulnerability) are categorized into four levels using the

approach proposed by Iyengar and Sudarshan (1982) as shown in Eq. (6). Each level (low, moderate, high and extreme)

is assigned 25% probability of occurrence based on the beta distribution which is generally appropriate to classify positive

random variable (Murthy et al., 2015).

f(z) =
za−1(1− z)b−1

B(a,b)
, 0 < z < 1 and a, b > 0 (6)195

Where B (a, b) is referred to as the beta function defined by Eq. (7).

B(a,b) =

1∫

0

za−1(1− z)b−1dz (7)

The maximum likelihood approach is used to estimate the parameters a and b of beta distribution.
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3.5 The experimental design

In the game, decisions are made in two rounds based on the two waves of extreme precipitation and flood that actually occurred200

over Mumbai on 26 July, 2005. The first round of decisions (R1) are made at 12:00 (noon) keeping in mind the forthcoming

extreme precipitation event scheduled for later in the afternoon. The second round of decisions (R2) are made at 16:00 for

the compound events of extreme precipitation, river flood and high tide later in the evening. Both rounds comprise three

information sets each. The details of the rounds and experiments are presented in Table 2. The main aim of the experiments is

to test different combinations of the hazard (extreme precipitation) and vulnerability information and identify the best suited205

combination for emergency decision-making. The participants make decisions in both rounds based on the received information

of extreme precipitation, exposure and vulnerability. In total, there are two rounds and three information sets which makes the

total set of experiments equal to six. Hereafter, a combination of round and information sets is denoted Rm_En where m = 1,

2 and n = 1, 2, 3. For instance, R1_E1 represents the first round of decisions informed with the first information set. The three

information sets in each round were delivered in three different orders depending on the game session: E1-E2-E3, E3-E2-E1210

and E2-E3-E1. This ensured that no combination of information had an advantage due to its placement as the first or last and

that results are independent from the order in which the information sets were delivered.

In both R1 and R2, three different combinations of hazard and vulnerability information are provided to the players. The ob-

jective of the first round is to familiarize the participants with the different combinations of information, and more importantly,

to understand their choice of combination when making emergency-decisions in the wake of an extreme precipitation event.215

The second round is played to understand the choice of information made by the participants to achieve higher scores during

compound events.

Specifically, in R1_E1 and R2_E1, the participants are provided with a quantitative forecast of the 4-hour accumulated

rainfall along with the flood-prone population density for Alpha, Beta and Gamma. In R1_E2 and R2_E2, the participants

receive qualitative information (as color-codes) of rainfall forecast and exposure, while in R1_E3 and R2_E3, they are provided220

qualitative information of vulnerability along with the information of rainfall forecast (see Table 2). With these six experiments,

the main aim is to identify the best possible combination of extreme rainfall and vulnerability information for emergency

decision-making. Alongside, two other research questions are also addressed: (i) is the quantitative information of rainfall

forecast and a single important indicator of flood prone population density sufficient for making optimal decisions during flash

floods? (ii) is it enough to consider exposure instead of vulnerability to improve emergency decision-making?225

During each of the six experiments, the moderator provides the hazard and vulnerability information to the participant.

The participant’s role is to assess the provided information and accordingly, mark the decisions in a worksheet (Figure A1;

Appendix A). After the decisions are made for each experiment, the participant also highlights the confidence in the decisions

they made.
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3.6 Game sessions and participants230

A total of 123 worksheets were collected through five distinct presentations of the game (Table B1; Appendix B). All sessions

were conducted in academic and research institutions and answers were collected on paper sheets. Participants start by filling

in their profile (positions, field of expertise and self-rated knowledge) as shown in Figure 3.

The distribution of participants by position, field of expertise and self-rated knowledge in their field is shown in Figure

3. The majority of participants identify as senior-level students, PhDs (48%) and Masters (24%), followed by researchers235

(22%; Figure 3a). The category of researchers encompasses professors, scientists, and other academic positions related to

science. Most participants (89%) identify their field of expertise as ‘natural science’, while the remaining participants identify

as ‘socio-economic science’ (Figure 3b). Moreover, we asked the participants, “How much would you rate your knowledge in

your field on a scale of 0 to 10?”. Around 70% of the participants rated their knowledge levels between 4 and 7, while 27%

rated themselves between 8 and 10 (Figure 3c). The remaining 3% considered their knowledge between 0 and 3.240

4 Results

4.1 Overview of the decision-making

Twelve participants (approximately 10% of 123) had a clear misunderstanding of the game context as they made a greater

number of decisions for the town of Gamma, than they did for Alpha or Beta in the first round. Based on the town-specific

information provided to players, Gamma should have been considered the least affected town in the game. In total, 111 work-245

sheets are analyzed.

The total possible score in the game (720), is divided into four quartiles. Around 14% of the participants scored in the first

quartile (0 to 180), 62% in the second quartile (181 to 360), 24% in the third quartile (361 to 540), while one participant

scored in the fourth quartile (541 to 720). The low scores of participants in the first quartile (lowest scores) can be attributed to

them adopting a risk-prone strategy. The presence of only one participant in the last quartile indicates that the decision-making250

process in the game was not overly straightforward. Participants in the third quartile probably had a better understanding of

the game, as they consistently made a greater number of correct decisions across experiments, regardless of the information

provided to them.

Results show that the participants were better prepared to make decisions in the second round (Figure 4). Around 80% of

the participants (89) scored higher in the second round than in the first (22). Seven participants scored the same in both rounds.255

Figure 4 (a-c) presents the cumulative distribution of scores in each of the three experiments from both rounds. Additionally,

Kolmogorov-Smirnov (KS) tests were performed indicating that the distribution pairs are statistically different at the 5% level

confidence. Participants scored higher in the second game round regardless of the experiment, but especially in E3 when they

were provided with the combination of qualitative rainfall forecast and vulnerability. Consistently higher scores in the second

round suggest that (a) there might have been a learning effect throughout the game, with better decisions being taken in the260

second round as participants became more familiar with the rules and the available information, or (b) the severity of the
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forecast event might have played a role as a higher severity in the second game round led to more actions taken by participants,

leading to higher scores.

4.2 The role of exposure and vulnerability in emergency decision-making

Figure 5 presents the cumulative distribution of the scores of the participants for each information set in the first (a) and second265

rounds (b). Here, our aim is to examine (i) if the different provided information led to different scores, and hence decisions, and,

(ii) whether the information of exposure and vulnerability helped the participants in making correct emergency decisions. In

the first round (R1), 43% of participants achieved higher scores when rainfall forecast and exposure (E2) information was given

to them. In the second round, the highest percentage of participants (47%) scored the highest when the information of rainfall

forecast and vulnerability (E3) was provided. Figure 5a shows less distance between the curves of R1_E1 and R1_E2 than270

between R1_E1 and R1_E3, with R1_E2 displaying higher scores overall and R1_E3 displaying the lowest score distribution.

In the second round (Figure 5b), there is an evident change in the distribution of scores for all three information sets. All

curves display higher median scores than in Round 1 as noted previously. R2_E1 and R2_E2 are located close together, and

the tails of their distributions have moved significantly towards negative scores. This possibly implies that some participants

could not consistently make the correct decisions for the highly severe compound events in Round 2 based on the information275

provided in E1 or E2. The curve for E3, which consisted of the lowest scores in the first round, has considerably moved

towards high positive scores in the second round. This indicates that most participants made a greater number of correct

decisions when given the total vulnerability information, thus achieving higher scores. Overall, the participants scored well

using the combination of rainfall forecast and exposure in the first round, and the rainfall forecast and vulnerability in the

second round, regardless of the order in which experiments were presented. The participants made different decisions based on280

the information of exposure alone and the full vulnerability information, and based on the severity of the crisis.

Further, we analyze the worksheets of the top 10 scorers in the game to understand which information they used. Among

these participants, 8 out of 10 scored higher in the second round than in the first. In the first round, four participants reached

higher scores with the information provided in experiment R1_E1 and four with R1_E2, while only two reached higher scores

with R1_E3. In the second round, five participants reached higher scores with the information in R2_E3, three with R2_E1285

and two with R2_E2. The information supporting the high scores of the top 10 scorers is largely consistent with the results

observed for the entire group of participants.

4.3 The role of education and knowledge in emergency decision-making

We select the participants with the following positions: ‘Masters’ (25 out of 111), ‘PhDs’ (55 out of 111) and ‘Researchers’

(31 out of 111), to understand their preferred choice of information. These three positions were selected to understand how290

education level and research experience influence emergency decisions. We assume that the researchers have the highest level

of education and experience, followed by PhDs and Masters. The participants were also asked to rate their knowledge in the

field of expertise on a scale from 0 to 10. Based on the received information, we divide participants who rated their knowledge
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between 0 and 6 (52 out of 111), and between 7 and 10 (59 out of 111). The inferences are drawn assuming that the participants

were as honest as one can be while rating one’s self.295

We analyzed the scoring patterns depending on the education-level and self-rated knowledge. Results show that the combi-

nation of information used to achieve the best scores are largely similar to the overall trend which was observed for all 111

participants (Section 4.2). Moreover, we calculated the mean scores achieved by each of the three positions to infer if the level

of education and experience played a role in achieving higher scores. Table 3a presents the mean score obtained by the three

positions in the two rounds. Researchers have the highest mean score in the first round followed by the PhDs and Masters. A300

similar trend is observed in the second round with Researchers performing comparatively better than both PhDs and Masters

suggesting that the level of education does play a role in decision-making. Further, Table 3b presents the mean scores based on

their self-rated knowledge. Results show that the participants reach almost similar mean scores in the first round irrespective of

their declared ratings. In the second round, the participants who rated themselves lower obtained higher mean scores (197) than

the participants who rated themselves higher (179). This suggests that self-declared knowledge may not be a reliable indicator305

of a participant’s decision-making ability.

4.4 The role of hazard-vulnerability context in emergency decision-making

In this section, we analyze the scores of the participants for each of the three selected towns in the study - Alpha, Beta and

Gamma. In the first round, when the event was announced and starting, participants achieved the highest mean score for

the town Alpha (47), followed by towns Gamma (36) and Beta (21). In the second round, when the severity of the event is310

announced and several drivers of flood come into play, the highest mean score is obtained for town Beta (67), followed by

towns Alpha (49) and Gamma (45). In Section 4.2, results showed that participants primarily used the information of rainfall

forecast + exposure to achieve higher scores in the first round, while rainfall forecast + vulnerability was mainly used in the

second. This suggests that the information of vulnerability helps to make better decisions compared to the information of

exposure. However, almost similar mean scores for Alpha in both the rounds indicate that contexts of ground-level hazards and315

vulnerabilities likely influenced decisions, just like information sets did.

Table 4 presents the level of hazard, exposure and vulnerability estimated for the three towns in the two rounds. Here,

the levels of exposure and vulnerability in the towns vary with the rounds because the indicators used to calculate them

are standardized based on the actual area of the ward which was flooded in 2005. Moreover, the cumulative distribution of

each participant’s score in the three towns are presented in Figure 6. Score distributions show that the participants used the320

information in E3 to make the best decisions in all the three towns, followed by E2 and E1, irrespective of the combination

of hazard-vulnerability prevalent in the three towns. Greater differences between the three information sets are observed in

Alpha and Beta, where the intensity of the hazard was the greatest (moderate to high in Alpha and high to extreme in Beta).

This suggests that in these towns where high hazard severity required drastic measures (all actions taken), the type of adjacent

vulnerability information played a discriminating role. On the opposite, in town Gamma, where the hazard severity was low325

to moderate, and where actions should have been taken parsimoniously, the vulnerability information did not necessarily help

discriminate between actions to take.
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4.5 Perceived usefulness of information compared to actual decision-making

In the final survey, we asked the participants a few questions on their perception of the usefulness of the different information

sets (see Figure A1; Appendix A). In this section, we first analyze the preferences of participants in terms of information sets,330

and then assess if these preferences are consistent with the scores, they obtain for each information set.

4.5.1 Participants prefer exposure and vulnerability information for emergency decision-making

In the final survey, we asked the participants about the usefulness of the exposure and vulnerability information in emergency

decision-making. We gave them four options to choose from - not useful, slightly useful, useful and very useful. Out of 111

participants, around 9% found the information slightly useful, 50% and 41% found them useful and very useful respectively,335

while none found the information as not useful (Figure 7). This suggests that the information of exposure and vulnerability

helped participants in making correct decisions.

4.5.2 Participants prefer qualitative rainfall information and exposure/vulnerability information for making

decisions

We asked the participants in the final survey, “if you had only one kind of information for making decisions, which one would340

you have preferred?” In response, 21 out of 111 participants picked the combination of quantitative rainfall forecast and flood

prone population density (E1) as the most useful to make decisions, and 29 out of 111 picked qualitative rainfall forecast

and exposure (E2) as the best information (Fig 8a). The highest number of participants (61 out of 111) chose the qualitative

rainfall forecast along with vulnerability (E3) as the most suitable to make decisions. We examine if the choices made by the

participants in the final survey are consistent with the scores they obtained in the game rounds. Results show that out of the 21345

participants who consciously opted for E1, 23% achieved higher scores in R1_E1 (using E1) than in R1_E2 and R1_E3, and

19% achieved higher scores in R2_E1 than in R2_E2 or R2_E3 (Figure 8b). Therefore, a small percentage of the participants

who preferred E1 in the survey actually achieved high scores with E1. Moreover, among the 29 participants who opted for E2

in the final survey, 47% actually scored higher with E2 in the first round, however, the percentage dropped to 21% in the second

round. Out of 61 participants who perceived E3 to be the most suitable information, 49% of them achieved higher scores in350

R2_E3 and 29% in R1_E3.

Results suggest that the participants’ perceived usefulness of information and its actual usefulness do not match. The largest

difference is observed in the case of E1 where participants could not obtain higher scores in any of the two rounds, using the

information of their choice. Close to half of the participants who preferred E2 or E3 actually achieved higher scores with their

preferred information set in either the first or the second round. The participants who preferred E2 in the survey achieved higher355

scores in the first round, while those who opted for E3 achieved the same only in the second round.
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4.5.3 Participants find qualitative information of rainfall suitable for making decisions

When asked in the final survey about their preference between the qualitative and quantitative information of rainfall, 64 out

of 111 participants responded in favor of qualitative, while 47 out of 111 opted for the quantitative form of rainfall (Fig 9a).

We compare these preferences with the scores they obtained during game play. Each player made a total of 72 decisions during360

the game in both rounds. Out of these 72 decisions, 24 were made using the quantitative information of rainfall, while the

remaining 48 were made with the qualitative information. Then, we examine the total number of correct decisions made by

the participants in their respective preferences. The 64 participants who preferred the qualitative information made on average

56% of correct decisions based on qualitative information in the first round, and 63% correct in the second (Fig 9b). For the

remaining 47 participants (who preferred the quantitative rainfall information in the end survey), 38% of the decisions were365

correct in the first-round while only 32% were correct in the second round (Fig 9c).

5 Discussions

5.1 The role of exposure and vulnerability in decision-making

One of the main research questions in this study is to ascertain which type of vulnerability information (between a population-

based single indicator, exposure and vulnerability) can best possibly combine with the extreme rainfall and flood information,370

for emergency decision-making in IBF. Most of the participants made the best decisions using the qualitative rainfall forecast

and exposure information in the first game round (extreme precipitation round). Interestingly, when the information of vul-

nerability was provided along with rainfall in the first round, far less number of correct decisions were made. In the second

round, the participants used the qualitative rainfall forecast and vulnerability information to make the best possible decisions

against compound events of extreme precipitation, river overflow and high tide. Vulnerability contained a larger scope of375

ground-level information than exposure. This implies that, in emergency situations, it is important to select the information

that best suits the decisions to be made, as also pointed out by (Misra et al., 2020). Mere availability of a greater (and possibly

more complicated) information can lead to information overload (van den Homberg et al., 2018), thus over-complicating the

decision-making process.

One of the main challenges in the game was to make sure that the participants differentiated between the exposure-380

vulnerability information, and use them according to the situation of the game. Differentiating between the two information

was tricky since they could only see the colors representing the severity of exposure/vulnerability, and not the actual indicators

or values used to create them. The participants used different information choices in the two rounds of the game to make

decisions which suggests that they could understand the difference between information. Also, it indicates that the information

of exposure and vulnerability have different roles in the decision-making process which is determined by the severity of the385

ground situation.
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5.2 The role of education and knowledge in decision-making

Similar to Kim et al. (2018), results from the game show that higher education level and research experience leads to better

emergency decision-making . Researchers obtained the highest mean score in both the rounds followed by the PhDs and Mas-

ters. Researchers, due to their higher education level, may have better understood the different hazard-vulnerability contexts of390

the two rounds. Higher research experience possibly allowed them to select the best information to make the decisions making

them more consistent in decision-making across three towns. The masters made significantly more correct decisions in the

second round than in the first, suggesting that they were able to adapt to the decision-making process.

Results from self-declared knowledge do not show a particular pattern in decision-making suggesting that it may not be a

reliable indicator of a participant’s decision-making ability. The possible reasons behind lack of a trend could be that (i) rating395

your own expertise in a research area is not simple, or (ii) a higher knowledge-level does not always correspond to better

emergency decision-making abilities.

5.3 The role of hazard-vulnerability context in decision-making

The ground-level situation of hazard and vulnerability determine which information can better manage the severity of the situa-

tion. For instance, when the intensity of the hazard was the greatest (such as in Alpha and Beta), the information of vulnerability400

played a discriminating role in suggesting the participants which decisions to actually make. When the hazard severity was low

(as in Gamma), the same vulnerability information could not always guide the participants in making decisions. This might

suggest that vulnerability information helped confirm the drastic measures in extreme situations. In towns with low to moderate

risks, a good understanding of actions and the level of risk-aversion of participants may have played a greater role than the

format of the vulnerability information.405

5.4 Perceived and actual usefulness of the presented information

Each participant had its own understanding of hazard, exposure and vulnerability, and upon playing the game, a personal

perception and experience of these concepts in the game. We asked the participants in the final survey about their perceived

usefulness of the exposure and vulnerability information in making decisions, almost all the participants (91%) found both

the information useful to very useful. On the most preferred combination of information, the majority of participants selected410

rainfall forecast + vulnerability, however, only a small percentage of them (29% and 49% in the first and second round,

respectively) could actually use it to make the correct decisions. Having said that, the perception of an information may not

always match with the highest obtained score. Preference may not be based solely on the score outcome, but also on the ease

of understanding the provided information (e.g. qualitative versus quantitative information), and on whether participants felt

they had comprehensive enough information to make the right decisions (e.g. exposure versus vulnerability). Interestingly, a415

larger proportion of participants (58%) preferred the qualitative information of rainfall over the quantitative information in the

survey. Results suggest that the participants who preferred the qualitative rainfall in the final survey were actually able to use

it to make correct decisions during the game (56% and 63% in the first and second round, respectively). However, a significant
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portion of participants who selected the quantitative rainfall in the end survey were unable to reach better decisions with the

information.420

5.5 Game limitations and prospects for future research

Although based on real events, the concepts involved in the INSPIRE flood game are wider-ranging than its storyline portraying

a flash flood situation in an urban context. Flash flood was considered as the hazard in the game, however other natural or

anthropogenic-induced hazards could also be included to assess the role of exposure and vulnerability in decision-making.

Moreover, a single participant could take all four possible decisions in the game. Roles can be distributed among players to425

better understand the participant’s thought-process behind each decision as shown by Terti et al. (2019). The role of rainfall

and flood forecast, its reliability and behavior were not evaluated in the game which was more of a focus-point in other similar

games (Arnal et al., 2016; Guido et al., 2023). It could be interesting (and a bit more complicated) to comprehend the decision-

making process when all three factors, i.e., hazard, exposure and vulnerability show uncertainty. Moreover, since the game was

played on worksheets with no real risk of damage to life and property, participants may have behaved as risk-prone and did not430

take sufficient actions, or as risk-averse, taking unnecessary actions. To avoid additional complexity, it was assumed that the

participants had unlimited resources and personnels to make and implement the decisions. Inclusion of some constraints such

as fixed number of volunteers for each decision, budgetary constraints or fictitious lives at stake could enhance the potential

reality of the game. The storyline of this game was real, however, oversimplification of such drastic events may impact the

transfer of overall outcome from the game to real-life decision-making, as opined by Aubert et al. (2019).435

While in the present work only exposure as a component of vulnerability was included, future work may add other compo-

nents such as sensitivity and adaptive capacity in the game to enhance the socio-economic understanding of an area. Addition

of more such concepts would enable the participants to better anticipate the probable impacts, especially in regions which

witness frequent floods (Weis et al., 2016). Moreover, future research could explore designing a two-step game in which the

decisions made by the participants are validated by people and stakeholders for whom the decisions are actually taken, instead440

of the decision-makers. These stakeholders can be office goers, parents, local shop owners, transport-owners etc. who opine

whether the decisions made by the participants are actionable to them or not. This will enhance the reliability of decisions that

are made on worksheets during the game and will help in bridging the gap between in-game decision-making and its practical

implementation on the ground. Finally, there is a need for better communication, and possibly greater simplification, of the

exposure and vulnerability information provided to the participants before the start of the game. To address this, future works445

may focus on presenting the information differently, which may also include the actual indicators used to create the qualitative

color-codes, as quantitative values or in the form of a warning matrix.

6 Conclusions

This paper presents a game experiment designed to simulate emergency decision-making in a situation of flash flood triggered

by extreme rainfall, inspired by the actual event of 2005 in Mumbai, India. The game is designed to understand the roles of450
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hazard, exposure and vulnerability information in impact-based forecasting and their perceived usefulness by decision-makers

for emergency management. It was played by a total of 123 participants in six distinct in-person sessions held in academic and

research institutions across India. In the game, participants were sequentially provided with town-scale information of 4-hourly

accumulated rainfall forecast, flood prone population density, exposure and vulnerability based on which they made decisions.

In the first round, participants made decisions in response to an extreme rainfall event, while in the second round they made455

the same decisions for compound events of extreme rainfall, flash flood and high tide.

During the game, participants were supposed to consider the given information in isolation and make fresh decisions each

time, without having any influence of the previous information provided in the previous experiment or round. In the first

round, a large proportion of the participants achieved higher scores using the combination of rainfall forecast and exposure. In

the second round, a majority of them obtained higher scores when the information of rainfall forecast and vulnerability was460

provided to them, regardless of the order of experiments.

The conclusions drawn from this game can help in further progress of impact-based forecasting of extreme hydro-climatic

events. First, it is important to include the information of local exposure and vulnerability, along with the rainfall-flood fore-

cast, while developing impact-based approaches or services. The information of exposure is particularly useful in making

preliminary decisions in the wake of an extreme hydrological event, while vulnerability is effective, if and when the ground465

situation has worsened over a period of time. During the feedback session, several participants, while acknowledging the rel-

evance of exposure and vulnerability, suggested providing a broader overview of the concepts before the start of the game.

Second, the participants demonstrated significant improvement in decision-making in the second round of the game. One of

the clear reasons for this improvement is that they developed a greater understanding of the decision-making process in the

first round. After the game, few participants in every session wished to play the first round again. When reminded to them that470

they already know the correct decisions, they asked to play a different game, as they believed they could make better decisions

this time around. This strongly indicates that there is a need for a greater focus on training and developing decision-makers

by putting them in diverse scenarios, presenting them with different information and working on their risk-taking behavior to

build a comprehensive decision-making expertise. Finally, the game is a simplified representation of reality having no ability

or intention to replicate the actual event which occurred over Mumbai in 2005. The main purpose is to experience, investigate475

and discuss the challenges of decision-making in such emergency situations and convey the possible solutions to real-world

impact-based forecasting as much as possible. The prospect of saving your town from flooding, collecting negative points for

incorrect decisions, the possibility of getting fired from their jobs, and the joy of saving your town in the end added a light

touch to the game and created an inclusive environment to discuss the usefulness of different information related to emergency

decisions for impact-based forecasting. The developed decision-making framework can be useful to forecasters, meteorological480

departments, urban planners, policy-makers and disaster response authorities to make well-informed decisions and generate

effective impact-based forecasts and early warnings.

Data availability. The data that support the findings of this study are available from the corresponding author upon reasonable request.
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Figure 1. Maps of the study area: (a) Location of Mumbai in India; (b) Ward-wise percent area flooded during the extreme precipitation and

flood event of 2005 (based on MCGM, 2006); (c) Wards selected for this study along with the flow direction of the Mithi river, originating

from the Vihar lake; and (d) An illustrative map of the three selected wards named Alpha, Beta and Gamma in the fictitious city of INSPIRE.
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Figure 2. Different information provided to the participants to make the four emergency decisions for each of the towns Alpha, Beta and

Gamma.
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Figure 3. The information about the participants pertaining to their (a) position, (b) field of expertise and (c) self-rated knowledge in their

field obtained from the worksheet.
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Figure 4. Cumulative distributions of the scores for information sets E1 (a), E2 (b), E3 (c) from Round 1 (no compound event, black line)

and Round 2 (compound event, red line).
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Figure 5. Cumulative distributions of the scores of all 111 participants depending on the information set (E1, E2, E3) (a) in the first round,

R1 and (b) in the second round, R2.
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Figure 6. Cumulative distributions of the 111 participants’ scores in the three towns of Alpha, Beta and Gamma depending upon the infor-

mation E1, E2 and E3.
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Figure 7. Participant’s answers, in the final survey, regarding the usefulness of the exposure and vulnerability information in decision-making.
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Figure 8. Description of (a) participants’ preference for the different information sets (E1, E2 and E3) as declared in the final survey, and (b)

percent of participants with a preference for each information set actually achieving a higher score with that preferred information set.
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Figure 9. Description of (a) participants’ preference, in the final survey, for the qualitative or quantitative information of rainfall forecast

provided and (b) participants’ actual performance during the two game rounds (R1 and R2) using qualitative rainfall information and (c)

quantitative rainfall information.

29

https://doi.org/10.5194/hess-2024-116
Preprint. Discussion started: 19 April 2024
c© Author(s) 2024. CC BY 4.0 License.



Ta
bl

e
1.

T
he

in
di

ca
to

rs
se

le
ct

ed
fo

rv
ul

ne
ra

bi
lit

y
as

se
ss

m
en

to
ft

he
24

w
ar

ds
.H

er
e,

(+
)i

nd
ic

at
es

th
at

th
e

vu
ln

er
ab

ili
ty

in
cr

ea
se

s
w

ith
an

in
cr

ea
se

in
th

e
m

ag
ni

tu
de

of
th

e
co

rr
es

po
nd

in
g

in
di

ca
to

ra
nd

,(
-)

in
di

ca
te

s
th

at
th

e
vu

ln
er

ab
ili

ty
de

cr
ea

se
s

w
ith

an
in

cr
ea

se
in

th
e

m
ag

ni
tu

de
of

th
e

co
rr

es
po

nd
in

g
in

di
ca

to
r

C
om

po
ne

nt
In

di
ca

to
r

D
es

cr
ip

tio
n

R
el

at
io

ns
hi

p
w

ith
vu

ln
er

ab
ili

ty

E
xp

os
ur

e
N

um
be

ro
fs

ch
oo

ls
To

ta
ln

um
be

ro
fs

ch
oo

ls
in

a
w

ar
d

Po
si

tiv
e

Po
pu

la
tio

n
de

ns
ity

Po
pu

la
tio

n
liv

in
g

in
pe

rs
q.

km
ar

ea
Po

si
tiv

e

Fl
oo

d
pr

on
e

ar
ea

(%
)

Pe
rc

en
ta

re
a

flo
od

ed
du

ri
ng

th
e

20
05

ev
en

t
Po

si
tiv

e

N
um

be
ro

fv
ul

ne
ra

bl
e

se
ttl

em
en

ts
R

es
id

en
tia

la
re

as
th

at
ar

e
pa

rt
ic

ul
ar

ly
pr

on
e

to
flo

od
s

Po
si

tiv
e

H
om

el
es

s
Po

pu
la

tio
n

N
o.

of
pe

op
le

liv
in

g
in

te
m

po
ra

ry
or

in
ad

eq
ua

te
ar

ra
ng

em
en

ts
Po

si
tiv

e

Sl
um

Po
pu

la
tio

n
N

o.
of

pe
op

le
liv

in
g

in
de

ns
el

y
po

pu
la

te
d

ar
ea

s
w

ith
lim

ite
d

ac
ce

ss
to

ba
si

c
se

rv
ic

es

Po
si

tiv
e

Se
ns

iti
vi

ty
W

at
er

L
og

gi
ng

Sp
ot

s
N

o.
of

de
si

gn
at

ed
ar

ea
s

w
he

re
ex

ce
ss

w
at

er
ac

cu
m

ul
at

es
du

e
to

po
or

dr
ai

na
ge

or
he

av
y

ra
in

fa
ll

Po
si

tiv
e

To
ta

lI
lli

te
ra

te
po

pu
la

tio
n

N
o.

of
pe

op
le

w
ho

la
ck

th
e

ab
ili

ty
to

re
ad

an
d

w
ri

te
Po

si
tiv

e

N
um

be
rO

fO
ut

fa
lls

N
o.

of
di

sc
ha

rg
e

po
in

ts
w

he
re

st
or

m
w

at
er

is
re

le
as

ed
in

to
a

na
t-

ur
al

w
at

er
bo

dy

Po
si

tiv
e

N
um

be
ro

fd
ila

pi
da

te
d

bu
ild

in
gs

B
ui

ld
in

gs
th

at
po

se
sa

fe
ty

ha
za

rd
s

to
flo

od
s

du
e

to
ne

gl
ec

t
or

ag
e

Po
si

tiv
e

A
da

pt
iv

e
C

ap
ac

ity
N

um
be

ro
fr

oa
ds

N
um

be
ro

fp
av

ed
ro

ad
s

de
si

gn
ed

fo
rv

eh
ic

ul
ar

tr
av

el
N

eg
at

iv
e

L
en

gt
h

of
ro

ad
s

(k
m

)
L

en
gt

h
of

pa
ve

d
ro

ad
s

de
si

gn
ed

fo
rv

eh
ic

ul
ar

tr
av

el
N

eg
at

iv
e

N
um

be
ro

fh
os

pi
ta

ls
N

o.
of

m
ed

ic
al

fa
ci

lit
ie

s
eq

ui
pp

ed
to

pr
ov

id
e

he
al

th
ca

re
fa

ci
li-

tie
s

N
eg

at
iv

e

E
m

er
ge

nc
y

A
ss

em
bl

in
g

Po
in

ts
L

oc
at

io
ns

w
he

re
in

di
vi

du
al

s
ga

th
er

du
ri

ng
a

cr
is

is
N

eg
at

iv
e

N
um

be
ro

fD
ew

at
er

in
g

Pu
m

ps
N

o.
of

m
ac

hi
ne

s
us

ed
to

re
m

ov
e

ex
ce

ss
w

at
er

fr
om

flo
od

ed
or

w
at

er
lo

gg
ed

ar
ea

s

N
eg

at
iv

e

30

https://doi.org/10.5194/hess-2024-116
Preprint. Discussion started: 19 April 2024
c© Author(s) 2024. CC BY 4.0 License.



Table 2. Details of the experiments involved in the study.

Round Experiment Hazard information Vulnerability information Form of vulnerability Compound events

R1 R1_E1 Rainfall forecast Flood prone population Quantitative No

R1_E2 Rainfall forecast Exposure level Qualitative No

R1_E3 Rainfall forecast Vulnerability level Qualitative No

R2 R2_E1 Rainfall forecast Flood prone population Quantitative EPE; River flood; High tide

R2_E2 Rainfall forecast Exposure level Qualitative EPE; River flood; High tide

R2_E3 Rainfall forecast Vulnerability level Qualitative EPE; River flood; High tide
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Table 3. The mean and cumulative score achieved by the participants in the two rounds based on (a) their position-level and (b) their self-

rated knowledge.

(a) Position-level Round 1 Round 2

Master 78 173

PhD 109 189

Researcher 134 223

(b) Self-rated knowledge

0 to 6 109 197

7 to 10 111 179
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Table 4. Levels of hazard, exposure and vulnerability calculated for the three towns in the two rounds. Here, * denotes the occurrence of

compound events.

Alpha Beta Gamma

Hlevel Elevel Vlevel Hlevel Elevel Vlevel Hlevel Elevel Vlevel

Round 1 Moderate Extreme Extreme High Moderate Low Low Low Moderate

Round 2 High High Extreme Extreme High* Moderate Moderate Low Low
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Appendix A: Game worksheet610

Figure A1. The worksheet (2 pages) distributed to the game participants in which they marked their decisions. The first page consists of

Section A where the participants fill in some of their personal details, and Section B where they mark the decisions for the first round.

The second page consists of Section C where the participants mark the decisions for the second round, and in Section D they submit their

responses to a final survey.
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Appendix B: The sessions of the game
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Appendix C: Optimal decisions

Figure C1. The optimal decisions based on which the decisions of the participants were evaluated. The decisions were obtained from a

representative of the MCGM, Mumbai.
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