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Abstract: The rush of the humanitarian suppliers into the disaster area proved to be counter-pro-

ductive. To reduce this proliferation problem, the present research is designed to provide a tech-

nique for supplier ranking/selection in disaster response using the principles of utility theory. A 

resource allocation problem is solved using optimisation based on decision maker’s preferences. 

Due to the lack of real-time data in the first 72 h after the disaster strike, a Decision Support System 

(DSS) framework called EDIS is introduced to employ secondary historical data from disaster re-

sponse in four humanitarian clusters (WASH: Water, Sanitation and Hygiene, Nutrition, Health, 

and Shelter) to estimate the demand of the affected population. A methodology based on multi-

attribute decision-making (MADM), Analytical Hierarchy processing (AHP) and Multi-attribute 

utility theory (MAUT) provides the following results. First a need estimation technique is put for-

ward to estimate minimum standard requirements for disaster response. Second, a method for op-

timization of the humanitarian partners selection is provided based on the resources they have 

available during the response phase. Third, an estimate of resource allocation is provided based on 

the preferences of the decision makers. This method does not require real-time data from the after-

math of the disasters and provides the need estimation, partner selection and resource allocation 

based on historical data before the MIRA report is released. 

Keywords: disaster response; need estimation; resource based; MADM; AHP; MAUT; utility  

theory; humanitarian clusters; humanitarian supply 

 

1. Introduction 

The overall aim of the disaster relief operation is to ensure the survival and health of 

the maximum possible number of victims [1,2]. This operation is required to benefit the 

affected community’s development and reduce the vulnerability of the population to fu-

ture hazards. In the days and weeks immediately following a disaster, the basic relief 

supplies and services are provided free of charge to save and preserve human lives. This 

enables families to meet their basic needs for medical and health care, shelter, clothing, 

water, and food. However, the problem is in the early hours after the disaster strike, there 

is no official estimate of these needs. The first official UN report of preliminary Multi-

Cluster/Sector Initial Rapid Assessment (MIRA) is released three days after the disaster 

strikes. This present problems as some quick decisions and actions need to be taken in the 

absence of detailed assessments and lack of appropriate Decision Support Systems (DSS) 

which may lead to loss of lives amongst others. For example, during the UK flood in 2014, 

even though good warning systems were in place [3], the lack of decision-making tools, 

led to the death of seven people and the destruction of 1700 homes. It is critical to under-

stand that these negative effects happened in the presence of the exact knowledge of 

where and when the storm/flood would strike, in a developed country with a sufficient 
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budget for prevention. Therefore, the lack of DSS in developing countries would be far 

more devastating. Like other decision-making problems with human elements, the pref-

erences of decision makers also play a role in this resource allocation under uncertainty. 

The objective of this research is to provide a DSS for partner selection/ranking using only 

the data available before the release of MIRA report to reduce the partners’ proliferation 

problem. So, this research addresses two questions: First to what extent is possible to es-

timate the resources required for humanitarian response operation in the absence of MIRA 

report within the first three days. Second to what extent is possible to optimise the re-

source allocation decisions within humanitarian response operation considering the pref-

erences of the decision makers. 

The preferences become important when you note that decision makers in disaster 

affected area, operate based on their background, beliefs, experience, and political views. 

For example, in some areas where the conflicts are an issue, some decision makers are 

reluctant towards the use of military relief supplies. Some decision makers due to experi-

ence might prefer government or NGO, International or local suppliers, UN or voluntary 

resources, and so on. To answer the above questions, this research aims to develop a DSS 

which could optimise the allocation of resources prior to the release of MIRA report and 

based on the decision makers’ preferences. The DSS includes a framework for need as-

sessment of the affected population to enhance the need-based resource allocation 

through decision makers’ preferences. In this process, various humanitarian guidelines 

and official reports were used to argue that it is possible to outline minimum standard 

requirements for each disaster type and based on the affected countries’ socio-economic 

characteristics. This estimates a list of requirements in disaster situation for affected pop-

ulation with priorities. This list can be the basis for need-based resource estimates. The 

estimates then are used to optimize the allocation of the resources available by humani-

tarian suppliers based on the principles of utility theory and resource-dependency theory. 

The agent-based optimisation technique which is where all DSS methods above overlap, 

are in general based on the principles of decision theory Neumann-Morgenstern in the 

40s. This allows agents to select decision criteria, evaluate, and compare the options and 

act upon them. This can be viewed as combination of Utility theory and Probability theory 

[4]. Decision-making in a disaster situation, in particular fits well within both utility and 

probability as it is a decision scenario under uncertainty. The literature in this ilk are 

mainly divided in two branches; Rational choice and Expected utility (EU) and Behav-

ioural and Prospect theory [5]. The former has arisen from mathematical literature, and 

provides clear formulations, whereas the latter is more practice-based and tries to show 

the controversies in the Expected utility theory [6]. This research is not an attempt to focus 

on the challenges facing Utility theory or study how and why decision makers decide the 

way, they do. The research focused on Utility theory to maximise the preferences of the 

decision makers who decide based on the reasons out of scope of this research. In fact, the 

investigation into the reasoning behind their preferences can be the subject of further stud-

ies on Prospect theory by other scholars. 

This research provides a technique for supplier ranking/selection in disaster response 

by analysing the archival data, and decision support tools. Using Linear programming 

optimisation, Analytical Hierarchy processing (AHP) and Multi-attribute utility theory 

(MAUT) a DSS is developed based on secondary data. The DSS includes Phase1-ESTIMA-

TION of the need in four humanitarian clusters (WASH, Nutrition, Health and Shelter). 

This will be the basis for estimating the demand of the affected population. Phase 2-OP-

TIMISATION selects the set of suppliers (and their resources) based on the decision 

maker’ preferences. Using the AHP technique, a matrix of hypothetical decision makers’ 

preferences is built and used to find the value of each supplier in the eye of the decision 

maker. The Significance of EDIS is that despite using numerical data, it does not require 

data gathering at the time of the disaster and uses historic data. EDIS can be complemen-

tary to existing methods for task allocation and scheduling techniques in disaster man-

agement, as a quicker data feed. This research also provides an insight into decision-
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making to reduce the uncertainty based on the principles of resource- dependency theory 

and through collaboration, as the most suitable group of suppliers are selected to share 

their resources based on the optimisation technique using the principles of the utility the-

ory. Methodological contribution is a design to simulate the decision-making under un-

certainty by taking into account the opinion of human agents (decision maker). It also uses 

mathematical optimisation in addition to the opinion of human agents, which integrates 

the heuristic and mathematical approaches of decision-making. It also bridge the gap in 

needs prioritisation by providing numerical priorities. Practical contribution is that by 

providing a range of it enables the decision maker to decide based on their budget limita-

tions and personal preferences. It also gives different humanitarian organisations the 

chance to customise the model using their own database if required.  

The structure of the paper is organised as follows. We present a literature review 

followed by an elaboration of data sources. The method is then outlined where input and 

output are provided. The results section expands on input/output and provides details of 

the optimization through AHP. The process of collecting the preferences of the decision 

makers through a questionnaire is outlined and then the ranking of the suppliers through 

MAUT is provided. The discussion outlines the answers to the research questions, elabo-

rates the contribution and then presents the limitations and the future research directions. 

2. Literature Review 

The present research addresses the partner proliferation problem in disaster response 

networks as one of the most recurring problems in humanitarian operations. The existing 

experiences of failure in disaster management operations in large-scale disasters, signals 

the necessity to investigate an effective disaster relief management, which is successful in 

minimising the negative effects of the disasters [7] specifically with the focus on reducing 

the problem of partner proliferation. Due to counterproductive effects of this phenome-

non on the whole disaster relief operation, the quality of response is damaged [8]. The 

proliferation of actors is induced due to the extreme requirements of the disaster which 

forces to mobilise and recover all the available sources [9] and therefore all available part-

ners are encouraged to participate.  

The negative effect of this reactionary response [10] is twofold. First, the mandatory 

growth in the relief budget in the public sector (UN, Red Cross and governments) as well 

as the fund raising by the private sector (such as NGOs) exceeds the absorption capacity 

of an overstretched humanitarian industry. This pushes the inexperienced actors includ-

ing the public image seeking companies into activities outside their area of expertise 

[11,12]. This situation leads to the oversupply of uncoordinated and inexperienced part-

ners [13]. This rush of all available partners creates a range of partners from competent 

and incompetent, reputable and disreputable, opportunistic and committed, well-estab-

lished and just-formed in addition to individuals, tourists and also companies which aim 

to generate a favourable public image, to increase their long-term profit. They enter the 

disaster-effected area in a chaotic pattern and cause the proliferation problem Figure 1. 

This as mentioned before, results in the budget stretch leading to the oversupply of a range 

of heterogeneous uncoordinated and inexperienced partners [13]. 
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Figure 1. Partner’s entry pattern into the affected area of Hurricane Katrina. Source: Comfort 

(2007). 

Figure 1 shows the chaotic pattern of partners’ rushing into the affected area of Hur-

ricane Katrina. This increases the load on the affected populations, local authorities, and 

coordination structures for information or services. It also increases the costs due to rep-

licated offices and overheads, produces a counterproductive duplication and confusion of 

efforts, and leads to competition between agencies for donations, facilities, and publicity.  

The second negative effect of proliferation is the increase in the risks of inappropriate 

aid, due to the time pressure of competition and the rush for publicity. This increases the 

risk to the quality of the response and reputation of the humanitarian community through 

the actions of inexperienced or irresponsible agencies and damages the quality of the re-

sponses [8]. The damage is enhanced by the fact that this wasted effort could be used 

instead to take advantage of the capabilities of the partners within the network and creates 

competition between the agencies over funding [11,14]. The study suggests that one of the 

reasons for failure in disaster relief network lies in the incompatibility of the disaster relief 

situation with the existing collaborative structures used for managing the response oper-

ation.  

The uncertainty and the lack of information [15] together with damaged infrastruc-

ture [16] unequal and ineffective distribution of demand and supply and their respective 

fluctuations [9,17], unsteady flow of the financial resources obtained by fund-raising from 

occasional donors [18] all make the planning and long-term outlook almost impossible. 

Additionally, long-term approaches in practice are usually profit-based whilst in disaster 

situations the non-financial factors such as the time value of commodities are much 

greater than the costs associated [18,19], which make the conventional profit-based values 

less accurate. Therefore, due to the lack of control and information in disaster situations, 

the existing structures such as supply chains or project-based collaborations might fall 

short in practice because these structures require a certain amount of knowledge about 

the supply, demand, timing, costs, etc. which are generally unknown in disaster situa-

tions.  

This research proposes restructuring the relief network to accommodate the charac-

teristics of the disaster situation to work with the minimum data available and without 

much pre-planning. The negative impacts of proliferation can be reduced if the partners 

are carefully selected according to the requirements of each particular disaster to make 

sure the interaction between heterogeneous partners does not have a counterproductive 

effect. An efficient operation needs to be supported with a suitable selection of partners 

who work together efficiently and guarantee the success of collaboration. The current 

study builds upon empirical research carried out in the field of decision making in disaster 
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response operations as a response to calls [20] stating that an optimal network structure 

to assist in resolution of disasters is yet to be developed.  

Dealing with the proliferation problem in a disaster situation falls under the heading 

of Decision Support Systems (DSS) in disaster situation [10,21]. The current literature 

mostly utilises DSS borrowed from logistics or production management studies into the 

disaster decision. The resource allocations generally include criteria-based optimisations. 

This criteria could include tangible characteristics of the resources including their location 

[22,23], Facilities [24], price [25], time [26–29], due date [30–33]. These are based on a fully 

informed decision environment and are time consuming to calculate or use complicated 

software and database which might not be available at the time of the disaster.  

For example, task and resource allocation based on request from the aid centres as-

suming the data are available and reliable with no mention of the gap between the disaster 

strike and the data release [34]. They also are mostly based on the established distribution 

centres and fail to consider the ad hoc centres. The similar research considers community-

based DSSs which tests all variations of the aid team to find the best [35] this trial and 

error is time consuming and there is no guarantee that the teams keep their members, 

performance and dynamic.  

Others investigate distribution of resources [36,37], scheduling of supply chain for 

the delivery of resources [38], using genetic algorithms [39] integer linear programming 

in [40] to minimize the transportation cost, reinforcement learning [41] or MCDM to en-

hance the operational effectiveness of humanitarian activities [42]. The relief urgency in-

dex [43] using time-varying demand, population density, vulnerable population, damage, 

and last delivery to improve the relief distribution, fails to include the weight and the 

scalability of above factors. Other tools include stochastic optimization techniques know-

ing the exact number of national resources [44], using Nash equilibrium [45,46].  

Other DSS rely on characteristics of the suppliers instead of resources. This could 

include measurable characteristics of the suppliers such as their attributes [26,47–49], part-

ners’ goal achievement probabilities [50] and performance indicators [51]. We argue that 

these criteria, although useful for planning and mitigation phases of disaster, are unsuit-

able for a disaster response due to the scarcity of data and time pressure associated with 

the disaster situation.  

Additionally, regardless of the characteristics of the resources and/or suppliers, the 

decisions made by humans during disaster response, are highly affected by their prefer-

ence. This has been addressed in few papers including risk preferences of decision makers 

[52], deep learning in resource prioritisation [53], mathematical models for resource opti-

misation based on community values in mitigation phase of disaster in few African coun-

tries [54], policy based resource optimisation for response [55]. The above criteria are often 

combined with mathematical optimisation techniques including AHP [56–59], Multi-at-

tribute decision making under uncertain conditions [60–65], linear programming [10,66–

68] and rule-based techniques [22], case-based reasoning [69] and spatial modelling of the 

resources [70]. It is noteworthy to mention this is a review of static models and dynamic 

models such as relief delivery models and route optimisations [71] or workflow modeling 

are not the focus of this research. 

Based on the argument above, the research focuses on the partner selection in disaster 

situations as a solution to the partner proliferation problem. However, although a huge 

body of literature exist on the “how to restructure the selected partners”, these approaches 

face a serious problem of duplication of efforts and the counterproductive effect of the 

operations during the disaster response operation. The existing research on this area 

mainly focuses on preparation, mitigation, and recovery phases by suggesting various 

long-term collaborative structures such as supply chains [72–75]. The problem arises from 

the high state of uncertainty in the response phase due to the temporary and urgent nature 

of the aid required, and the chaotic nature of disaster strike. This uncertainty affects the 

available data required for planning [15], the stream of financial resources [18] and un-

known and fluctuating, supply and demand [9,15,17]. Due to the scarcity of the date 
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before the release of MIRA report, this article develop a decision making framework 

(EDIS) for selecting suitable partners by reviewing the records of natural onset disasters, 

which have happened worldwide since 1980, and their data are available in various hu-

manitarian databases (Emdat.be, 2014; Munichre.com, 2014;ReliefWeb, 2014; Gdacs.org, 

2014). EDIS ultimately deals with the proliferation problem by ranking and selecting the 

most suitable partners based on the principals of the Decision theory and Resource-based 

theory.  

The significance of this research is that in addition to dealing with the primary prob-

lem of the research (proliferation problem), it provides a framework for estimation of the 

needs, and resource optimisation through the allocation of the resources to the needs dur-

ing the disaster response operation. This framework is noteworthy because currently the 

first official report of the disaster effects is released 72 h after the disaster strikes leading 

to a three-day gap between the decisions about the distribution of aid, and obtaining in-

formation about the actual needs amongst the affected population. The EDIS framework 

in this sense is an attempt to cover this gap by using the data available at the time of the 

disaster striking. This characteristic is also helpful because when a disaster strikes in many 

areas the people who decide about the allocation of the resources, are not trained in the 

field of decision making or logistics. Instead, they happen to be in the disaster-affected 

area before experts arrive, and this framework could help them to make decisions using 

historic data and without the use of any complicated software, only excel sheets. 

3. Data 

Various scholars and humanitarian organisations categorise the criteria or require-

ments in the response operations. The preliminary review identified myriads of criteria 

[2,20,76–79]. The list of these criteria of requirements is presented in Figure 2. 

 

Figure 2. The requirements of the disaster affected area. 

Figure 2 shows where these requirements overlap. The majority of the organisations 

emphasise on the importance of the key life-saving activities including food security and 

nutrition, shelter and settlement (including non-food items), water and sanitation and 

health actions. Additionally, except for one organisation [76] which focuses solely on 
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saving the lives of the survivors, the rest of the sources agree that rescue, evacuation and 

fatality management, education and logistics are also important. Some criteria emphasise 

on the importance of secondary hazard control [20,79] whilst some criteria are only men-

tioned by one source only such as psychological support [78,80], warning and security [2], 

livelihood [81], emergency infrastructure and recovery of lifeline services and activating 

emergency operation [20], mass prophylaxis, emergency triage, critical resource logistics, 

emergency information and warning, incident management, emergency operation man-

agement, volunteer and donation management, responder safety and health, emergency 

public safety and security, isolation and quarantine, secondary hazard control, medical 

surge and medical supply [79]. To summarise, the key life-saving activities or mass care 

activities are shared by all above organisations and therefore are the focus of this study.  

The minimum standards of needs for key life-saving activities is drawn from the pre-

vious practice in similar disasters, published by humanitarian organisations [2,20,76–79]. 

The significance of this method is that by knowing the number of affected population, and 

based on the minimum standard, the required units of aid for each disaster scenario can 

be calculated. This process in this article is called “need estimation”.  

The data required for the estimation phase is collected from standard minimum re-

quirements published in the following. This includes the internal reports and working 

papers from variety of government archives including Census Bureau, Department of La-

boure, military, European Central Bank [82], Federal Emergency Management Agency 

[79], various bodies of UN [1,2,83,84], World Health Organisation [85,86], Global Health 

Council [80,87,88], Office for the Coordination of Humanitarian Affairs [81,89–96] and 

various foundations and associations including OXFAM [97], The Association for 

Healthcare Resource & Materials Management, Health Industry Group Purchasing Asso-

ciation, Health Industry Distribution Association [98], Sphere project [76], National Vol-

untary Organisations Active in Disaster [99] in addition to other reports [100–102]. Table 

1 shows the literature used in developing the need assessment technique. 

Table 1. Data sources for needs-assessment. 

Title of the Report Publisher 

A Case Study: Joint Needs Assessment after the West Sumatra Earthquake ECB (2009) 

Global Health Cluster Partners’ survey GHC. (2012), 

Winter floods 2013/14 Hartwell-naguib and Roberts (2014) 

Disaster emergency needs assessment IFRC (2000) 

IFRC shelter kit IFRC (2009a) 

World disaster report IFRC (2009b) 

Mass fatality management following the South Asian tsunami disaster: 

case studies in Thailand, Indonesia, and Sri Lanka 
Morgan et al. (2006) 

Multi/cluster-sector initial and rapid assessment (MIRA) Community level 

assessment 
OCHA (n.d) 

MIRA report—Pakistan Floods OCHA (2012a) 

MIRA report -In preparedness for disasters and emergencies A joint initia-

tive between Government and the humanitarian community 
OCHA (2012b) 

MIRA Report Pakistan Floods OCHA (2012c) 

The Philippines second-phase MIRA report for tropical storm WASHI 

(Sending) 
OCHA (2012d) 

Inter-agency initial rapid needs assessment preliminary report, (October). OCHA (2013a) 

Joint Rapid Damage and Needs Assessment Report, OCHA (2013b) 

MIRA report Philippines typhoon Haiyan. OCHA (2013c) 

Central African republic multi-cluster/sector initial rapid assessment OCHA (2014) 

Sylhet phase 1 rapid emergency assessment OXFAM (2012) 
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Emergency Relief Logistics : Evaluation of Disaster Response Models 

Based on Asian Tsunami Logistics Response. 
Patrice (2008) 

Target capabilities list 
U.S department of homeland security 

(2007) 

Medical-surgical supply formulary by disaster scenario. AHRMM and HIDA and HIGPA (n.d.) 

The sphere project Sphere project (2011) 

Shelter after disaster UNDRO (1982) 

An Overview of Disaster Management. UNDRO (1992) 

Shelter project UNHCR (2010) 

Emergency handbook UNICEF (2005) 

National voluntary organisations active in disaster VOAD (2011) 

Management of dead bodies after disasters WHO (2011) 

Classification and minimum standards for foreign medical teams in sud-

den onset 
WHO (2013) 

The resources in Table 1 were used to consolidate a need-based list of life-saving ac-

tivities. This list was then categorized based on the humanitarian cluster system offered 

by Inter-Agency Standing Committee [77] to address the right of the affected population 

to receive the assistance required to live with dignity. This minimum standard require-

ment will be used in the first step of the methodology as described below. 

The Effect of Type of Disaster on Need Estimation 

The demand also may vary based on the type of the disaster because the type of dis-

aster influences the extent of the effects. For example, earthquake causes the highest rate 

of death within different type of disasters. Additionally, some linguistic measures [76] 

shows that in an earthquake or high wind, food scarcity is not an issue, whilst it is quite 

probable in tsunami. For example, based on these data, it is unlikely that the affected pop-

ulation suffers from the food scarcity in the aftermath of earthquakes or winds, whilst it 

Is quite probable in after a tsunami. By adding to the effects of the different types of dis-

asters, Table 2 is created. The following ranks are applied to the situation If Small = 1, Rare 

= 2, Few = 3, Moderate = 4, Many = 5, Common = 6, High = 7. It is noteworthy that the 

ranks need to be considered as priorities and not the actual numbers. Therefore, we started 

the priorities from 1 for simplification. It is possible to start it from any other number such 

as 0.57, 0.58, 0.59, or even start from 1000; 1100; 1200 as long as it makes it possible to show 

higher priorities. The result of this accumulation is summarised in Table 2 as ranked from 

1–7, (1) being the lowest weight to (7) to the highest weight effect. The numbers are only 

representatives of weights and is not to be treated as actual numbers. 

Table 2. Weights of the effects in various types of disasters. 

Effect Cluster 
Complex 

Emergency 
Earthquake 

High 

Wind 
Flood Tsunami Eruption 

Deaths Fatality management 5 5 3 3 5 Varies * 

Severe injuries Health Cluster Varies * 5 4 3 3 4 

Increased risk of com-

municable diseases 
WASH cluster 7 Varies * 1 Varies * Varies * 5 

Food scarcity Food cluster 6 2 2 Varies * 6 5 

Major population dis-

placements 
Shelter cluster 6 2 2 6 Varies * 6 

* The word “varies” is transferred from its original [76] and implies that the different records and 

scholars never agreed on a number on the specific disasters. 
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Table 2 shows that when earthquakes strike, fatality management, and medical mass 

care require the highest level of resources followed by food and shelter. Another conclu-

sion is that after floods, the most required resources are shelter whilst after a flash flood 

and tsunami the highest priority is food cluster. Because the data set was void of infor-

mation about the eruptions, the definition from [103] was used for this disaster type. It 

suggests that in eruptions the population displacement is often a consequence. Therefore, 

in general the eruption response prioritises are temporary shelter materials; safe water 

and basic sanitation; food supplies; and the short-term provision of basic health services 

and supplies. Using this data, decision makers could know roughly that when an earth-

quake strikes fatality management needs more participants than food supplying Suppli-

ers. However, this rule does not indicate prioritising the population, and in applying this 

rule, it should always be taken into consideration that the live population has a higher 

priority. As a result, the mass care needs of the live population should be dealt with first 

before fatality management is put into place. This data is further used in combination to 

minimum standard requirement to estimate the needs as described as follows in the 

method. 

4. Method 

Decision-making methods suitable for a disaster network allocation, can be viewed 

as a multi-criteria decision-making problem [104]. Some scholars emphasize on the im-

portance of DSS techniques in addressing specific disaster response problems [22,70]. The 

DSS designed for this research for allocation of the resources to the affected population is 

called EDIS (Estimating for DISaster response ) Framework. EDIS follows two consecutive 

phases combining the existing decision techniques and determinants, suitable for the 

characteristics of the disaster response. The first step is “estimation” of the minimum re-

sources required for the affected population and the second step is “optimisation” of these 

requirements by the decision makers as illustrated in Figure 3. 

 

Figure 3. Inputs and outputs of the paper. 

The principles of the resource-based view outlines that if the collaboration is to be 

successful it needs to focus on the resources, also based on the principles of the resource-

dependency theory the companies collaborate in order to acquire critical resources and 

reduce uncertainty [105] which is the case in the disaster situation. The idea is to use the 

historic data about how many units of resources are required in similar situations in order 

to estimate the approximate needs. The rest would be an optimisation problem using the 
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mathematical programming based on the principles of the utility theory. This insight out-

lines the design of the research to investigate two propositions.  

This research addresses two questions: First to what extent is possible to estimate the 

resources required for humanitarian response operation in the absence of MIRA report 

within the first three days. Second to what extent is possible to optimise the resource al-

location decisions within humanitarian response operation considering the preferences of 

the decision makers. This question is answered by a scenario-based decision making pro-

cess to optimise the balance of available resources in possession of suppliers (supply) to 

the needs of the affected area (demand) as illustrated in Figure 3. The focus on this re-

search are natural onset disasters or disasters with no-notice [22] such as eruption or earth-

quake. 

This system categorises the minimum standard needs of affected population as Shel-

ter, Nutrition, WASH (water and sanitation), and Health in 43 main needs. For simplicity 

and illustration purpose an example of the result of this accumulation is articulated in 

Table 3. 

Table 3. The examples of minimum requirements for life saving activities. 

Humanitarian Cluster Specification Per Person Per Household 

WASH 

Transportation containers (10–20 L) N/a 1 

Storage containers (10–20 L) N/a 1 

Blankets 1  

Total basic water needs 7.5–15 L/day  

Patients 60 L/day  

Open wells 1/400  

Toilets 1/50 people  

Nutrition 

Salt, iodised edible 1 1 

Fish, canned, sardines, vegetable oil, 150 g 2 1 

Pasta, durum wheat meal 1 1 

Rice, white, long grain, irri6/2 1 1 

Oil, rapeseed 1 1 

Beans, white, small 1 1 

Shelter and settlement 

Tarpaulins (4 m × 6 m)  1 

Ropes (30 m)  1 

Saws  1 

Roding, small and largo nail (1/2 kg each)  1 

Shovels  1 

Hoe  1 

Machete  1 

Health cluster 

Doctors 4.57 100 

Nurses 5.9 100 

Others 6 100 

Table 3 accumulates data from different resources leads to an average number. For 

example, IFRC (Cited by WHO, pp. 48–49) states: “200 people/day 10–20 beds for over-

night observation, Supplies to treat 30,000 people. For a month, per 12–14 h shift: 1 Doctor, 



Sustainability 2022, 14, 13423 11 of 30 
 

1 Pharmacist/Nurse, 1Curative/Community Health Nurse, 1 Midwife/Nurse, 2 General 

Technicians” from this statement, we can conclude that for 200 people/day we require a 

maximum of 20 beds, 1 doctor, 3 nurses and 2 other medical personnel and 1000 units of 

treatment supplies (30,000 for 30 days). 

There are two points to keep in mind when looking at the above numbers. Minimum 

requirements for each cluster are expressed based on the person or household needs. A 

household is defined as a group of people who eat from a common pot, and share a com-

mon stake, interpreting and improving their socio-economic status from one generation 

to the next [106]. There are many options available for food as long as it provides the 2100 

kcal required for each person [76] and complies with the cultural norms of the affected 

society. Additionally, the demand also may vary based on the type of the disaster. 

Optimisation 

For the optimisation of partner selection, a DSS is required that embeds the partner 

selection criteria for partner configuration. For the particular case of this research the de-

cision methods used in literature were compared to identify the most suitable technique 

to be used in the research. A review shows a variety of hard methods (with quantitative 

and numerical values) and heuristic methods (with linguistic and quantitative values) in 

the decision-making field. As mentioned before the process of optimization in this re-

search includes balancing the available suppliers’ resources (supply) to the needs of the 

affected area (demand). Therefore, a multi-criteria [53,107–110] resource based [55] DSS 

which accommodates the characteristics of the disaster response is required [104]. These 

characteristics may include the time pressure [24], big database [111] and multiple per-

spective of decision makers [112].Variety of hard methods (with quantitative and numer-

ical values) and heuristic methods (with linguistic and quantitative values) in the deci-

sion-making field can be used. The suitability of them is assessed in Table 4. 

Table 4. Criteria suitable for disaster response DSS. 

Method 

Accommodating 

Preference (Sub-

jective Values 

Rank Rever-

sal Problem 

Accommodate the 

Interaction of Sub-

jective Expert Advise 

Only Offers 

local Opti-

mal 

Difficult for 

Average 

User 

Require 

Strong Data 

Set 

AHP YES YES     

ANP  YES YES    

Heuristic algorithms    NO   

Evolutionary Algorithm     NO  

Fuzzy logic      NO 

Neural network      NO 

TOPSIS       

Mathematical program-

ming 
    NO  

Table 4 indicates the strength and weaknesses of each method. There is one specific 

group of hard or mathematical methods capable of accommodating numbers and quanti-

tative values (as opposed to fuzzy or qualitative values) such as goal programming and 

integer programming [113]. These methods for the purpose of this research seem to be 

unsuitable because they formulate the problem in objective terms and fail to accommodate 

subjective attributes, here subjective preferences of decision makers. In addition, due to 

the high load of computation, these methods are not suitable for this research, a big da-

taset.  
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Another set of methods, which are vastly used in this area are evolutionary algo-

rithms [108], however they become very slow when the number of selections arises and 

they might offer only a local optimal solution [67]. Additionally, the main drawback of all 

above methods is that they require a high level of specialised knowledge that is likely to 

be well beyond what possessed by disaster response decision makers. Alternatively, neu-

ral network analysis is suitable in disaster response networks for large data sets for train-

ing [53,114], however the quality of estimation in disaster situation under certainty is not 

trustworthy for training. Expert systems such as fuzzy logic are suitable for linguistically 

expressed expert’s experience for multi-criteria optimisation [115,116]. Because this 

method is based on drawing fuzzy based rules out of the series of data, and in the absence 

of data, the rules cannot be confidently drawn. Both fuzzy methods and neural networks 

are only as strong as their database, so in the absence of such a strong database the rule-

based system may fail [117]. This is noteworthy to mention that there is no record of deci-

sion makers’ choices of suppliers in the disaster response in the literature despite a good 

record of disaster impacts in the literature. 

Another group of methods, such as Multi-Attributive Decision-Making (MADM) as 

part of Multi-Attributive Utility Theory (MAUT) used for disaster response [65,110] also 

seems more suitable for optimization in this research. The reason is their capability of 

accommodating the non- certain preferences of decision makers, and linguistic expert’s 

opinion which are required for supplier selection. These may include Analytical Hierar-

chy Process (AHP), Analytical Network Process (ANP) and Technique for Order of Pref-

erence by Similarity to Ideal Solution (TOPSIS). MADM is a branch in the decision-making 

for choosing between a finite number of alternatives.  

In the EDIS, we assume that the number of suppliers in disaster response is finite so 

it seems appropriate to use MADM. One of the weaknesses of MADM methods is the rank 

reversal problem [118], which means that result of the ranking (direction of maximising 

or minimising and the ranking method itself) differs with the quality of the information 

available and the set of criteria representing the reality. However, in the uncertain envi-

ronment of the disaster response, the decision maker always has to settle for available or 

obtainable data. This is because of the time pressure [24] and the often destroyed infra-

structure which makes it impossible to improve the quality of the data. Therefore, the low 

quality of the data is going to affect the result of their decision, no matter what decision-

making method they choose. Thus, these methods still seem like good candidates. Within 

popular MADM methods ANP which is used for prioritization [119] is incapable of ac-

commodating the subjective perspectives of decision makers [104], which is one of the 

elements of the optimisation model in EDIS.  

Another option, Technique for Order Performance by Similarity to Ideal Solution 

(TOPSIS), is used for group decision-making under uncertainty of information in order to 

select suitable suppliers [58,120]. This method can rank alternatives regarding defined cri-

teria by minimising their distance from a positive ideal solution and maximising their 

distance from the negative ideal solution. However, this method also is based on objective 

values and therefore it ignores the subjective decision maker preference required in our 

research.  

The most suitable option within MADM is AHP, which is used extensively in sup-

plier selection [59,121–123]. This method is a good method for our research because unlike 

the other MADM methods mentioned above, it accommodates the subjective values, in-

cluding the decision maker’s preferences. To summarise Table 4, due to time pressure 

inherent in disaster situation, a DSS methods with a high execution time such as evolu-

tionary algorithms, which slows down towards the end, need to be avoided. They also 

require a high degree of technical mathematic understanding, which the average decision 

maker in disaster response network might not have.  

Another characteristic of any DSS run by people is that their preferences may hugely 

influence the result. Thus, the methods in which the subjective preferences of decision 

maker are not accommodated should be excluded such as ANP or TOPSIS. For those 
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reasons the final candidate for optimization here are AHP to rank the utility of disaster 

response suppliers based on the decision maker’s preferences to allocate the resources in 

demand by affected population to the resources offered by supplier. This selection is 

based on the resources the supplier has in accordance to the estimated needs for the re-

spected disaster impact. 

5. Results 

The present research suggests two steps; the first step estimates the needs required 

for a particular disaster, based on minimum standard requirement for disaster. The sec-

ond step is to optimize the resource allocation using the principles of utility theory by 

ranking the decision maker’s preferences and the disaster needs priorities into an AHP 

model. In summary the article provides an optimization technique between demand and 

supply of the disaster affected area. The results are classified based on the input and out-

put demonstrated in Figure 2. 

5.1. Input 

The input is the demand estimated based on the affected population, minimum 

standard requirement, and the weight of the disaster type. The minimum requirements of 

life saving activities (Table 3) coupled with the weight of disaster type (Table 2) can pro-

vide an estimation for the required resources to address the humanitarian needs for that 

disaster type in that cluster. However, the socio-economic characteristics of the affected 

country can also influence the need estimation as discussed below. 

5.1.1. Inputting the Effect of Socio-Economic Characteristics on Need Estimation 

In addition, the economic characteristics of the affected regions could influence the 

priority of needs. Typically, the events that result in the highest numbers of fatalities are 

located in regions with increased risk and vulnerable populations. This is often com-

pounded by limited infrastructure and poor integration of the health system into disaster 

preparedness, response, and recovery [86]. For example, more foreign medical care is re-

quired for a disaster, which strikes in Sub-Saharan Africa, than a disaster in the Middle 

East, due to the capabilities of medical infrastructure. Therefore, different levels of atten-

tion are required for various clusters in different types of disasters.  

For example, after an earthquake, the food cluster in Japan and Philippines require 

different levels of attention, due to their different level of infrastructures. To address this 

issue the indicators of socioeconomic development have been included in the model. 

These indicators including lack of coping capability and susceptibility were drawn from 

the medical capabilities, and sanitation/nourishments of each country are annually calcu-

lated by the United Nation and published in the world risk report [124,125].  

These indicators include the ‘coping capability’ indicators, which were calculated, 

based on (amongst other criteria) the number of physicians and hospital beds/per 10,000 

inhabitants by UN. This indicator has been added to the model as weights, to signal the 

health cluster capability of the country. Furthermore, a ‘susceptibility’ indicator based on 

(amongst other criteria) access to the water sanitation and nourishment calculated by UN 

is also added to the model as a weight to signal the food and WASH cluster. These weights 

signal the criticality of the situation on a specific cluster in a particular country. It also 

provides an opportunity for comparison between different disasters as in Table 5. 
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Table 5. Comparing two different disasters with their weights. 

Year Origin Cluster Weight 
Lack of Cop-

ing Capability 
Susceptibility 

Cluster Weight 

for Earthquake 
Cluster Priority 

2005 Pakistan FOOD  38.84 5 =38.84 × 5 = 194.2 

  WASH  38.84 5 =38.84 × 5 = 194.2 

  Health 87.39  Varies 87.39 

  Shelter   2 =100 × 2 = 200 

  Other (Fatality)   2 =100 × 2 = 200 

2011 New Zealand FOOD  16.19 5 =16.19 × 5 = 80.95 

  WASH  16.19 5 =16.19 × 5 = 80.95 

  Health 39.79  Varies 39.79 

  Shelter   2 =100 × 2 = 200 

  Other (Fatality)   2 =100 × 2 = 200 

Table 5 shows that by comparing the 2005 disaster in Pakistan with the 2011 disaster 

in New Zealand, without knowing any other information, including the type of disaster, 

we can tentatively claim that the health cluster (in terms of hospital beds and physicians) 

in Pakistan is almost two times less likely to cope with the disaster effects than New Zea-

land. The reason is that Pakistan’s lack of coping capability is 87.39% compared to New 

Zealand’s, which is 39.79%. The same principle can be used to interpret the susceptibility 

based on access to food and nourishment. It shows that Pakistan (38.84% susceptibility) is 

three times more likely to suffer from mal-nourishment, lack of water, and sanitation than 

New Zealand (with 16.19% susceptibility).  

These numbers should also be considered as probabilities or risk factors and not ac-

tual numbers. They are only to be used for signalling what areas of needs should be pri-

oritised. Combining the criteria affecting the needs in a disaster situation (including evi-

dence from previous experiences, the type of disaster, and economic aspects of the af-

fected region), the priority for each task can be calculated. Assume we must choose be-

tween disaster response clusters in both Pakistan and New Zealand at the same time. 

Based on the data in Table 3 the priorities would be shelter and fatality management in 

both counties because their priorities are higher than other clusters and equal to 200. The 

next priority is food and WASH for Pakistan (both 194 points for priority), followed by 

the Health cluster for Pakistan (87.39 points for priority), then food and WASH for New 

Zealand (80.95 points for priority), followed by the Health cluster for New Zealand 

(30.79). This data is obtainable and calculated without knowing any other information 

about the disaster including its type. 

5.1.2. Estimating the Required Resources: An Example 

The affected number for Pakistan earthquake 2005 is used for an example. The total 

of 75,000 injured and 2,800,000 displaced population are the basis for this calculation. 

There are few assumptions associated with this example. First, assuming there is an over-

lap between the injured and displaced population, and for that reason we then assumed 

that the injured only use the health cluster and water for patient needs and the rest are 

being used by the displaced. There are four prominent categories of needs, one for each 

humanitarian cluster including health, nutrition, WASH and shelter. Multiplying the 

needs for one person in Table 1 and estimated number of people in need of that particular 

help, would provide the total number of needs required for that cluster. So the need for 

each cluster is calculated as: [Total unit required for a cluster = Minimum standard re-

quirement * estimated impact]. A sample of 21 needs for the illustrative purposes are dis-

tributed between four humanitarian clusters is presented in Table 6 combining the result 

of Tables 2 and 5. 
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Table 6. Needs estimation for Pakistan earthquake 2005. 

Humanitarian Cluster Specification Per Person Number 
Estimated 

Need 

Cluster 

Priority 

WASH 

Transportation containers 

(10–20 L) 
0.2 2,800,000 560,000 194 

Storage containers (10–20 L) 0.2 2,800,000 560,000 194 

Blankets 1 2,800,000 2,800,000 194 

Total basic water needs 7.5–15 L/day 2,800,000 42,000,000 194 

Patients 60 L/day 75,000 4,500,000 194 

Open wells 1/400 2,800,000 7000 194 

Toilets 1/50 people 75,000 1500 194 

Nutrition 

Salt, iodised edible 1 2,800,000 2,800,000 194 

Fish, canned, sardines, veg 

oil, 150 g 
2 2,800,000 5,600,000 194 

Pasta, durum wheat meal 1 2,800,000 2,800,000 194 

Rice, white, long grain, irri6/2 1 2,800,000 2,800,000 194 

Oil, rapeseed 1 2,800,000 2,800,000 194 

Beans, white, small 1 2,800,000 2,800,000 194 

Shelter and settlement 

Tarpaulins (4 m × 6 m) 0.2 2,800,000 560,000 200 

Ropes (30 m) 0.2 2,800,000 560,000 200 

Saws 0.2 2,800,000 560,000 200 

Roding, small and largo nail 

(1/2 kg each) 
0.2 2,800,000 560,000 200 

Shovels 0.2 2,800,000 560,000 200 

Hoe 0.2 2,800,000 560,000 200 

Machete 0.2 2,800,000 560,000 200 

Health cluster 

Doctors 0.0457 75,000 3428 87.39 

Nurses 0.059 75,000 4425 87.39 

Others 0.06 75,000 4500 87.39 

Table 6 is calculated based on the minimum standard requirement in Table 2. For 

example, in the health cluster the need for a doctor in Pakistan earthquake 2005, is 75,000 

doctors or 16,605 L water/day. Additionally, the cluster priority column shows that the 

community is less likely to cope with shelter shortage than the other needs, so in allocating 

the resources, the shelter (200 cluster priority) needs to be prioritised slightly over nutri-

tion and water (194 cluster priority) and then health needs (87 cluster priority). This is also 

confirmed by the number of displaced who would require shelter, water and food 

(2,800,000 people) as opposed to the number injured (75,000 people). 

5.2. Output: The Optimized Set of Resources Available from Different Suppliers 

By entering the preferences of the decision makers, their subjective views which can 

affect the decisions are taken into account. The supply is the optimised in terms of the 

ranks of suppliers who have resources available for the required response phase. 

5.2.1. Building AHP Model Based on Decision Makers’ Preferences 

Due to the subjective nature of decisions, different decision makers, provided with 

the same options and data, make different decisions, based on their preferences. In disas-

ter situation when we have different suppliers, choosing between different suppliers and 

their resources is important to optimise the allocation of resources. A set of questionnaires 

are conducted from experts in disaster management field. The data collection process is 

described below. 
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Collecting Decision Maker’s Preferences 

This questionnaire was provided to the participants which overall took three weeks 

to complete for 42 participants. The information about the research and invitation for par-

ticipation was distributed amongst various organisations (Environment agency, Crisis de-

partments of five different embassies, Business continuity departments of Munich RE, 

Barclays Bank and Lloyds bank, and individuals who had connections with humanitarian 

organisations including UN, UNISDR, UNICEF, World Vision, Caritas International, Brit-

ish Red Cross, American Red Cross, Save the children and various specialised forums and 

groups related to disaster management on LinkedIn (including Business Continuity and 

Disaster Recovery Professionals, Business Continuity Management & Risk, Business Con-

tinuity/Disaster Recovery Network, Disaster & Emergency Management, Disaster, Disas-

ter, Disaster Management—Multi Hazard Risk Assessment, Disaster Researchers and Dis-

aster Management Professionals, Disaster Risk Management Practitioners, Emergency 

Preparedness Consultants/Trainers Group, GWU Institute for Crisis, Disaster and Risk 

Management, Humanitarian & Disaster Response Technology Network, Innovations in 

Disaster Management and Emergency Response !,Natural disasters and natural hazards, 

Natural Hazards and Disaster Risk Management, Performance Management, Profession-

als in Emergency Management, World Conference on Disaster Management). 68 people 

initially expressed interest and were sent the questionnaire but at the end 42 filled ques-

tionnaires were returned. 

The respondents are asked to identify in respect to each one, the criteria for partner 

selection which criterion is more important and how much more important on a scale of 

1 to 9. This is the basis for questionnaire 1 (decision preference). These criteria include the 

type of partners (Government, NGO, Military, International organisations such as Red 

Cross and UN and volunteers), size, experience of the partners, their surge capacity (the 

ability to rapidly expand beyond normal capacity to meet the increased demand) and their 

cluster (WASH, nutrition, health, shelter). The first questionnaire is given to both groups 

of participants in order to identify their preferences. The goal, criteria, and sub-criteria 

considered in this questionnaire are articulated in Figure 4. 

 

Figure 4. Components of the questionnaire about the selection decision. 
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The first row in Figure 4 shows that the goal of this questionnaire is to define the 

characteristics of the desirable partners in the view of each decision maker. The second 

row gathers the data about the characteristics of the desired partner in terms of the fol-

lowing criteria: Type of the partner in respect of being governmental, NGO, International, 

Military or Volunteer organisation as sub criteria. Size of the partners based on ANLAP’s 

(2012) categories for humanitarian organisations, being Small (under 10 million USD ex-

penditure), Medium (between 10–49 million USD expenditure), Big (between 50–99 mil-

lion USD expenditure) and Very big (more than 100 million USD expenditure). Experience 

of the partners being Low (Under 5 disasters), Medium (Under 10 disasters), High (under 

50 disasters) and Expert (more than 50 disasters). Partner’s surge capacity (the ability to 

rapidly expand beyond normal capacity to meet the increased demand) being None (0% 

of the total capacity), Low (under 10% of the total capacity), Medium (under 30% of the 

total capacity) and High (over 30% of the total capacity). Partner’s international expansion 

being Yes (expanded internationally such as UN), No (expanded only locally such as local 

charities). Partner’s ability to address the needs for humanitarian cluster being WASH, Nu-

trition, Health, and Shelter. So the numerical preferences for the above decision criteria 

being type, size, experience, surge capacity, expansion and cluster is collected through the 

questionnaire in Table 7. 

Table 7. Pairwise Comparison Questionnaire to elicit decision-maker’s preferences. 

 How Much More Im-

portant 
Equal 

How Much Less Im-

portant 
 

1 Type of the partners 

Government 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 NGO 

Government 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 Military 

Government 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 International 

Government 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 Volunteers 

NGO 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 Military 

NGO 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 International 

NGO 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 Volunteers 

Military 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 International 

Military 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 Volunteers 

Volunteer 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 International 

2 Size of the partner 

Small 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 Medium 

Small 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 Big 

Small 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 Very big 

Medium 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 Big 

Medium 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 Very big 

Big 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 Very big 

3 Experience of the partners 

Low 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 Medium 

Low 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 High 

Low 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 Expert 

Medium 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 High 

Medium 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 Expert 

High 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 Expert 

4 Partner’s surge capacity 

None 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 Low 

None 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 Medium 

None 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 High 
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Low 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 Medium 

Low 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 High 

Medium 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 High 

5 International expansion 

Yes 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 No 

6 Humanitarian cluster 

WASH cluster 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 Nutrition cluster 

WASH cluster 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 Shelter cluster 

WASH cluster 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 Health cluster 

Nutrition cluster 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 Shelter cluster 

Nutrition cluster 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 Health cluster 

Shelter cluster 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 Health cluster 

7 Decision criteria 

Type 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 Size 

Type 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 Experience 

Type 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 Surge capacity 

Type 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 International Expansion 

Type 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 Cluster 

Size 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 Experience 

Size 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 Surge capacity 

Size 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 International Expansion 

Size 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 Cluster 

Experience 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 Surge capacity 

Experience 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 International Expansion 

Experience 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 Cluster 

Surge capacity 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 International Expansion 

Surge capacity 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 Cluster 

International Expansion 9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9 Cluster 

The data gathered in this questionnaire was then used to calculate the preference 

weights using AHP. The preferences of the decision maker can be quantified using AHP. 

This is calculated by a set of pairwise comparison matrices where the verbal preference 

(e.g., extremely less/more important) is translated into numerical values (e.g., 1/9 to 9). 

The AHP weight calculated for these values can get values from zero to 1.0 or from 0% to 

100% as shown in Figure 5. 
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Figure 5. A snapshot of the process of calculating AHP preference. 

Imagine we have a decision maker who prefers to be involved government organisa-

tion the most; in other words, if s/he wanted to decide based on the type of the organisa-

tion s/he would definitely choose the government over International organisations. A de-

cision maker with the AHP values is calculated as the government had the highest value 

for this particular participant (60.8%) whilst the International organisations and volun-

teers had the lowest value (6.5%) as shown in Table 8. 

Table 8. Example: The preferences of one of the participants towards the type of the partners. 

AHP 

1 0.608 60.80% 

2 0.168 16.80% 

3 0.094 9.40% 

4 0.065 6.50% 

5 0.065 6.50% 

For example, in Figure 5 the government had the highest value for this participant 

(60.8%) whilst the international organisations and volunteers had the lowest value (6.5%). 

In other words, if s/he wanted to decide based on the type of the organisation s/he would 

definitely choose the government over international organisations. This process gives a 

full set of preference for each unit of resource per partner, presented in Table 9. 

Table 9. Example of AHP for participant/unit of resource per partner. 

Resources AHP Weight Partner 1 Partner 2 Partner 3 Partner 4 Partner 5 

Total basic water needs 0.58407534 0.46365588 0.49915368 0.60237036 0.7427232 0.6225768 

Rice 0.12190161 0.09676902 0.10417772 0.12571994 0.1550128 0.1299372 

Tent 0.7279017 0.5778294 0.6220684 0.7507018 0.925616 0.775884 

Doctors 0.09822288 0.07797216 0.08394176 0.10129952 0.1249024 0.1046976 

Table 9 shows that the preference for doctors (a resource in the health cluster) for this 

participant is AHP = 0.98 or 9.8%; whilst s/he considered water (a resource in the WASH 

cluster) much more important (AHP = 0.58 or 58%). In addition, the AHP weight of each 

resource for each partner was calculated. For example, the water provided by Partner 4 
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had a higher preference (74%) than the water provided by partner 2 (49%) due to the pref-

erence this participant had towards the characteristics of these partners (including type, 

size, expansion and so on). 

5.2.2. Calculating MAUT for Each Supplier 

Based on the above priorities calculated by AHP, the MAUT produced for each sup-

plier can be calculated as follows. 𝑈𝑖(𝑥) is a single utility function or preference function 

associated with candidate i, which represents the utility values the decision maker at-

taches to each candidate and is obtained by using the AHP process. To aggregate the 

scores of each attribute in the MAUT process, the linear additive utility form is the fre-

quently simplified assessment procedure as given by Equation (1)—Utility function of the 

candidates based on the available resources: 

𝒏 

𝑽(𝒚𝒊) = ∑𝒓𝒊𝒋.𝒖𝒊(𝒙). 

𝒊 = 𝟏 

 

where 𝑟𝑖𝑗 represents the resource j available to candidate i. The 𝑉(𝑦𝑖) will be the value of 

the candidate i because of the resource j they have available. The AHP weights calculated 

before then were used to calculate the utility of each resource as well as the utility of that 

resource for that partner Table 10. 

Table 10. An example of the utility for a participant. 

Resource Utility Partner 1 Partner 2 Partner 3 Partner 4 Partner 5 

Water 25.115 15.301 42.927 23.492 13.369 47.316 

Rice 4.145 7.548 10.001 5.406 15.346 10.785 

Tent 67.695 39.292 14.308 22.521 71.272 51.984 

Doctors 6.778 4.834 3.442 6.078 7.744 8.899 

For example, in Table 9 the utility of the water provided by Partner 1 is 15.30, whilst 

the utility of water for all the partners is 25.11. The total utility of all the resources that 

each partner holds can be calculated as the accumulated values of that partner’s utilities. 

For example, for these particular participants, the utility of partners can be calculated and 

be used to rank the partners as exhibited in Table 11. 

Table 11. Example of partners ranked/participant’s preferences. 

Rank Partner Total Utility Type Size Expansion Experience Surge Capacity 

1 Partner 5 1520.572 Government Small Yes Low Low 

2 Partner 14 1371.679 Government Small No Low Low 

3 Partner 18 1354.951 Government Small Yes Low Very high 

4 Partner 12 1307.894 Government Small Yes High High 

5 Partner 16 1164.387 Government Medium Yes Low Very high 

6 Partner 6 1146.227 NGO Small No Very high Low 

7 Partner 13 1052.240 Volunteer Small Yes Medium Low 

8 Partner 3 1031.565 Volunteer Medium Yes High High 

9 Partner 10 1030.562 Volunteer Small Yes High Very high 

10 Partner 9 1016.646 Government Medium No High Very high 

Table 11 shows an example of the rankings of the partners based on this participant’s 

preferences. For example, Partner 5 is the most desirable partner with a utility of 1520. 

This also shows that the most desirable partners for these participants are small govern-

mental entities. In addition, it seems that this participant does not value the experience or 

the surge capacity of the partners as critical requirements for a disaster response. Finally, 
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the experts were asked to fill out the second questionnaire. An example of the accumu-

lated data is exhibited in Table 12. 

Table 12. An example of the result of the optimise resource-based decision-making. 

Resource Name 

Re-

source 

Code 

Total Re-

sources 

Required Re-

sources 
Utility Supplier 1 Supplier 2, Supplier 300 

Transportation con-

tainer 
N1 20.5065 221.4 0.0007 0.1324 0.1185 0.1087 

Storage containers N2 108.1904 221.4 0.0007 0.1467 0.0147 0.2348 

Toilets N4 21.0673 1107 0.0007 0.0411 0.0675 0.0675 

Blankets N6 22.3937 1107 0.0007 0.0235 0.0895 0.0205 

basic water N16 110.1125 16605 0.0007 0.3155 0.2421 0.6309 

Patient water N17 1.4999 66420 0.0007 0.0005 0.0062 0.0054 

Open Well N18 28.3749 4.428 0.0007 0.0661 0.0717 0.117 

FISH150 g N19 5573.1222 2.214 0.0007 23.1098 30.4462 12.8388 

RICE, N22 1074.4942 221.4 0.0017 3.0079 6.236 5.0621 

SALT, N23 107.6255 221.4 0.0017 0.044 0.6309 0.5722 

PASTA N27 54.8545 221.4 0.0017 0.1541 0.2788 0.0734 

OIL, rapeseed N29 114.2209 221.4 0.0017 0.2421 0.6016 0.4915 

Tarpaulins N31 109.3716 442.8 0.0099 0.6823 0.4989 0.1687 

Ropes (30 m) N32 55.6266 6642 0.0099 0.1264 0.3233 0.1003 

Saws N33 3.6562 1107 0.0099 0.0107 0.0193 0.0111 

Roding N34 21.323 110.7 0.0099 0.0862 0.1442 0.1011 

Shovels N35 232.2283 1107 0.0099 0.4906 0.8176 1.4122 

Hoes N36 22.5286 1107 0.0099 0.0535 0.0416 0.11 

Machetes N37 21.6605 1107 0.0099 0.0981 0.0937 0.0937 

Doctors N42 0.0372 0.5115 0.0103 0.0112 0.0133 0.0038 

Nurses N43 32.313 0.8775 0.0103 25.3685 30.1751 2.6237 

Table 12 shows that for example, in this scenario the total available resources N42 = 

Doctors, are 0.0372 for each 100 people. However, the number of required doctors is more 

than 0.515 for 100 people. Although due to the scarcity of this resource, and the fact that 

the decision maker needs all the helps s/he could get, it is still possible to rank the Suppli-

ers based on the decision maker’s preference. As you see, the utility of the doctors that 

Supplier 2 can provide (0.133) is greater than the number doctors that Supplier 1 can pro-

vide (0.0112). In addition, as can be seen in this case the utility of the health cluster (0.103) 

is more than the other clusters. The utility of the shelter cluster is 0.099, whilst the utility 

of the nutrition is 0.017 and WASH is 0.0007. Therefore, if a decision maker must decide 

which need to prioritise, s/he should first consider choosing the Suppliers who can pro-

vide the doctors, nurses, etcetera, rather than the Suppliers who can provide, food, water, 

or shelter. 

5.2.3. Ranking Suppliers Based on their MAUT 

To get a better understanding about how the Suppliers in different scenarios for dif-

ferent decision makers may differ, an example is presented in Table 13. 
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Table 13. An example of the Suppliers ranked based on MAUT. 

Scenario1, 

Decision Maker 2 

Scenario 2, 

Decision Maker 2 

Scenario 1, 

Decision Maker 1 

Scenario 2, 

Decision Maker 1 

Supplier Num-

ber 
MAUT rank 

Supplier Num-

ber 
MAUT rank 

Supplier Num-

ber 
MAUT rank 

Supplier Num-

ber 
MAUT rank 

153 1.132760 211 9.145249 41 0.633922 284 1.729715 

41 1.093821 156 9.040183 2 0.627644 211 1.718803 

103 1.091799 284 9.018674 34 0.626475 2 1.701977 

49 1.087162 57 8.936134 147 0.624786 29 1.691246 

34 1.074619 238 8.921111 188 0.624258 238 1.690334 

89 1.059594 43 8.817729 89 0.619832 59 1.683765 

147 1.045495 29 8.813828 128 0.618894 221 1.665627 

47 1.042461 132 8.809210 49 0.618527 158 1.657653 

258 1.041538 158 8.665270 103 0.614152 16 1.635905 

2 1.038681 47 8.611685 64 0.605774 57 1.628362 

Table 13 shows the ranking of the Suppliers based on the highest utility to the lowest 

for this example. Based on the preferences of decision maker 2 and the needs predicted in 

scenario 1, Supplier 153 with a total utility of 1.13 is the best option followed by Supplier 

41 with 1.09 utility, etc. 

6. Discussion 

The present research is designed to provide a technique for Supplier ranking/selec-

tion in disaster response. The research employs various techniques including analysing 

the archival data, and decision support tools including Linear programming optimisation, 

Analytical Hierarchy processing (AHP), Multi-attribute utility theory (MAUT) to develop 

several decision techniques based on secondary data. This research provides an approach 

to Supplier configuration in disaster situation in two phases. The ESTIMATION process 

answers the first research questions is “how to estimate the needs of the affected popula-

tion at the time of the disaster strike?”. Using various resources, the minimum standard 

requirements for a disaster response in four humanitarian clusters (WASH, Nutrition, 

Health and Shelter) was defined. This estimation was used as the basis for estimating the 

demand of the affected population in disasters. This exceeds the use of minimum standard 

requirements provided by the Sphere project because it draws upon various sources to 

provide the data about the required units of medical help and nutrition.  

This framework could also further be developed to provide data about fatality man-

agement, evacuation, and required well contamination teams. This also complements the 

existing literature on provide the priority of the disaster type, and tasks during each dis-

aster type. Even though some linguistic priorities are practiced in the literature [76], the 

numerical priorities that can contribute to the quantification of the needs were missing. 

The priorities suggested in this research are required to be investigated further with the 

fuzzy logic analysis of the experts’ opinions regarding the priorities of each, task/need for 

each disaster type/country. However, this is another extensive research in its own merit 

and is out of scope of this research. The OPTIMISATION process answers the second 

question “how to optimise the selected set of suppliers (and their resources) based on the 

decision maker’ preferences. This is a framework for disaster response supplier selection 

using the principles of utility theory. In this step, the Suppliers are ranked based on their 

importance for hypothetical decision makers. Using the AHP technique, a matrix of hy-

pothetical decision makers’ preferences is built and used to find the value of each Supplier 

in the eye of the decision maker. This step can be defined as a resource allocation problem 

with the target of optimising the utility of the response Suppliers’ set for each decision 

maker. The optimisation here is like a variety of supplier selections based on MCDM 
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[126,127]. The variable which needs to be maximised is the utility of the suppliers in the 

eye of the agent (here the decision maker).  

The EDIS can be complementary to the abundance of existing methods for task allo-

cation and scheduling techniques [71,128,129] in disaster management, as a quicker data 

feed. Furthermore, the research shows that comparing to the existing decision models in 

humanitarian sector the EDIS could prevails the existing guideline based on highly spe-

cialised data in HAZUS [130] or highly subjective decision maker’s preferences in HISS 

[131] from The European Interagency Security Forum (IESF). In a sense, EDIS gives nu-

merical estimations, and clearly expressed choices of suppliers whilst it is using simple 

available data. Contribution to theory is that it provides a unique insight into the growing 

body of research a part of decision-making under uncertainty where it is attempted to 

reduce the uncertainty by “gaining accumulated access” to other firms’ resources mean-

ing that every member has access to the resources of all the other members. This is based 

on the principles of resource- dependency theory and through collaboration. Because the 

collaboration act in practice is no guarantee of a successful disaster response due to the 

interaction of contributors, the most suitable group of suppliers to accumulate and share 

their resources are selected based on the optimisation technique using the principles of 

the utility theory.  

Methodological contribution is that this model provides a design to simulate the de-

cision-making under uncertainty in the disaster situation by considering the opinion of 

human agents (decision maker). It also uses mathematical optimisation in addition to the 

opinion of human agents, which integrates the heuristic and mathematical approaches of 

decision-making. This also complements the existing literature by drawing upon various 

studies to provide the priority of the disaster type, and tasks during each disaster type. 

Even though some linguistic priorities are practiced in the literature (Sphere project, 2011), 

the numerical priorities that can contribute to the quantification of the needs were miss-

ing. Practical contribution is that by providing a range of it enables the decision maker to 

decide based on their budget limitations and personal preferences. It also gives different 

humanitarian organisations the chance to customise the model using their own database 

if required. The practical contribution of the article is the needs estimation tool. This 

framework uses various resources to articulate the minimum standard requirements for 

disaster response in four humanitarian charter clusters (WASH, Nutrition, Health, and 

Shelter).  

The humanitarian organisations could use this tool to estimate the resources required 

to response to the needs of the affected population before the MIRA report is released. 

The significance is threefold. First, it is the first decision framework of its type that enables 

the decision maker to estimate the needs and select the partners using the data that are 

readily available for each country at the time of the disaster. Reliance on the available data 

at the time of the disaster, which are freely available to the public would reduce the cost 

of the data gathering, and the time required for collecting and analysing these data. Con-

sequently, it speeds up the response time of the operation to the disaster by almost 72 h, 

which is vital at the time of the disaster. In addition, it is the only existing framework not 

limited to a certain type of disaster (although it just considers the five types of disasters) 

or geographical or chronological order. Another contribution is that the model has the 

capability of accommodating the socioeconomic characteristics of the affected population, 

which hugely influences the required aid in humanitarian response practices. The authors 

also believes that this model in long-term could facilitate establishing a centralised data-

base for humanitarian response which is long overdue. 

7. Limitations and Future Research Direction 

The first limitation of this work is the lack of secondary data regarding the specific 

requirements of non-key-life-saving activities which led to the exclusion of them from the 

study. However, the principles of this research can be extrapolated to non-key life-saving 

activities when the data is available. However, data collection on this scale requires the 
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cooperation of various humanitarian organisations including the UN, IFRC, and govern-

ment related organisations, in addition to the private and public humanitarian organisa-

tions and charities (like the process in the sphere project) and is out with the scope of the 

current research. management, evacuation, and required well contamination teams.  

Second, the priorities suggested in this research are required to be investigated fur-

ther with the fuzzy logic analysis of the experts’ opinions regarding the priorities of each, 

task/need for each disaster type/country. However, this is out of scope of this research. 

Nevertheless, this research provides the preliminary basis for the further development of 

such framework.  

The third limitation is that the EDIS model is based on two major assumptions. The 

first assumption is that a data base for humanitarian suppliers already exists. However, 

creating and maintaining such a database requires the cooperation of the international 

humanitarian bodies. The model cannot be fully tested before the creation of a standard-

ised accredited database containing data on humanitarian suppliers, their selection crite-

ria, and regular updates of the database. This project can be further discussed with inter-

national humanitarian entities with regard to the applicability of launching a universal 

initiative for gathering data and building a universal humanitarian database. The model 

is built upon secondary data from various sources amongst others in which the data varies 

from case to case. Therefore, the model is only as accurate as its data feed.  

The fourth limitation is that the optimisation constraints in this model are just the 

resources, the optimisation could be improved if other constraints such as time and cost 

could be considered. This could also be improved if the tasks can be separately defined in 

detail, and then the task allocation and resources related to the allocated task of each sup-

plier could be optimised. Although the contribution of the current study is its model, fur-

ther empirical research is required to develop an extensive database for the potential hu-

manitarian suppliers at the industry level. The future research direction could follow dif-

ferent paths. For example, the EDIS model is based on the resources-based optimisation, 

it considers the decision makers’ preference and characteristics in various other criteria 

such as experience, type, and size of the organisation, its surge capacity, and international 

expansion.  

Further research is required to identify the actual non-resource based determinants 

of supplier selection in disaster response. Another suggestion is to provide a holistic re-

search study involving all humanitarian actors to further identify and standardise the 

minimum requirements in a disaster response by considering the actual disaster type, and 

the geographical location and culture of each potential affected county. Another path 

could be the application of the EDIS model to various case studies and analyse the result 

and the areas of improvement. In addition, the EDIS model could be more accurately cus-

tomised if it could analyse the data for each individual country, where it is possible to 

define exact scenarios for each disaster type, and the needs and suppliers required. This 

also may greatly improve the quality of estimations. The EDIS model is based on two 

major assumptions. The first assumption is that a pool of humanitarian partners already 

exists. However, creating and maintaining it requires the cooperation of the international 

humanitarian bodies.  

The model cannot be fully tested before the creation of a standardised accredited da-

tabase containing data on humanitarian partners, their selection criteria, and regular up-

dates of the database. This project can be further discussed with international humanitar-

ian entities with regard to the applicability of launching a universal initiative for gathering 

data and building a universal humanitarian database. Second, the model is built upon 

secondary data from various sources (Emdat.be, 2014, Munichre.com, 2014; ReliefWeb, 

2013a; Gdacs.org, 2014), amongst others in which the data varies from case to case. There-

fore, the model is only as accurate as its data feed. Although the contribution of the current 

study is its model, further empirical research is required to develop an extensive database 

for the potential humanitarian partners at the industry level.  
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The future research direction could follow different paths. For example, the EDIS 

model is based on the resources-based optimisation, it takes into account the decision 

makers’ preference and characteristics in various other criteria such as experience, type, 

and size of the organisation, its surge capacity, and international expansion. Further re-

search is required to identify the actual non-resource-based determinants of partner selec-

tion in collaborative networks with the focus on disaster response. Another suggestion is 

to provide a holistic research study involving all humanitarian actors in order to further 

identify and standardise the minimum requirements in a disaster response by considering 

the actual disaster type, and the geographical location and culture of each potential af-

fected county. Another path could be the application of the EDIS model to various case 

studies and analyse the result and the areas of improvement. 
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