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Abstract. With accelerating climate change, the impacts of natural hazards will compound and cascade, making them more

complex to assess and manage. At the same time, tools that help decision-makers choose between different management op-

tions are limited. This study introduces a visual analytics dashboard prototype (https://www.pathways-analysis-dashboard.net/)

designed to support pathways analysis for multi-risk Disaster Risk Management (DRM). Developed through a systematic de-

sign approach, the dashboard employs interactive visualisations of pathways and their evaluation - including Decision Trees,5

Parallel Coordinates Plots, Stacked Bar Charts, Heatmaps, and Pathways Maps - to facilitate complex, multi-criteria decision-

making under uncertainty. We demonstrate the utility of the dashboard through an evaluation with 54 participants at varying

levels and disciplines of expertise. Depending on the expertise (non-experts, adaptation / DRM experts, pathways experts),

users were able to interpret the options of the pathways, the performance of the pathways, the timing of the decisions, and

perform a system analysis that accounts for interactions between the sectoral DRM pathways with precision between 71% and10

80%. Participants particularly valued the dashboard’s interactivity, which allowed for scenario exploration, added additional

information on demand, or offered additional clarifying data. Although the dashboard effectively supports the comparative

analysis of pathway options, the study highlights the need for additional guidance and onboarding resources to improve acces-

sibility and opportunities to generalise the prototype developed to be applied in different case studies. Tested as a standalone

tool, the dashboard may have additional value in participatory analysis and modelling settings. This study underscores the value15

of visual analytics for the DRM and Decision Making Under Deep Uncertainty (DMDU) communities, with implications for

broader applications across complex and uncertain decision-making scenarios.

1 Introduction

Societies face complex disaster risk management (DRM) decisions under uncertain changing conditions influenced by climate

change and socioeconomic factors (Buskop et al., 2024 in review; Simpson et al., 2023; Walker et al., 2008). For example,20

New York must plan for sea level rise and storm surges while considering adaptive responses such as protection, adaptation, or

retreat (Haasnoot et al., 2021). In Australia and the United States, managing forest fire risk requires navigating uncertainties

in forest management, urban planning, and climate projections (Johnson et al., 2023; de Rigo et al., 2013). These examples
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illustrate that DRM decisions anticipate evolving risks shaped by the interaction of natural and human systems and should

incorporate a forward-looking approach.25

Pathway thinking, particularly within the Decision-Making Under Deep Uncertainty (DMDU) community, has become

prevalent in addressing these complexities. For example, frameworks like Dynamic Adaptive Pathways Planning (DAPP)

guide flexible and robust decision-making in plausible futures (Haasnoot et al., 2024). Pathways thinking promotes adaptive

decision-making over time, allowing stakeholders to identify immediate and long-term options, avoid lock-ins, and implement

staged risk reduction measures (Hanger-Kopp et al., 2022; Thaler et al., 2023; Haasnoot et al., 2019; Cradock-Henry and30

Frame, 2021; Werners et al., 2021).

Recently, DAPP has been adapted for multi-risk settings (DAPP-MR), which consider interactions between different haz-

ards and sectors (Schlumberger et al., 2023). Such interactions can cause cascading impacts between sectors and regions or

interaction effects between risk management strategies (de Ruiter et al., 2021; Nilsson; Simpson et al., 2021; Kool et al., 2024).

DAPP-MR takes a stepwise approach to manage these interactions to find combinations of viable pathways for all sectors35

and a range of risks. This method first analyses sector risk pathways individually before increasing complexity by integrating

pathways across multiple sectors and risks and assessing pathway combinations under diverse future scenarios. Despite its

promise, evaluating pathways in multi-risk settings remains challenging because of the many combinations of pathways, risks,

sectors, and future scenarios. A recent case study on DAPP-MR with four actors and two hazardsthree sectors (agriculture, shipping,

municipality) and two hazards (river floods and droughts) illustrated the difficulty in analysing such multidimensional data,40

highlighting the need for better visualisation tools to unravel complexity and support DRM (Schlumberger et al., 2024).

Information visualisation, which facilitates the exploration, sense making, and communication of complex data (Hinda-

long et al., 2020; Salo and Hämäläinen, 2010), has become a valuable tool for analysing pathways. However, visualisations

in DMDU often lack justification for design choices or evaluation of their support for decision-making (Hadjimichael et al.,

2024). Only a few studies evaluate visualisation tools based on cognitive science principles and user feedback (Bonham et al.,45

2022; Shavazipour et al., 2021). Visual analytics can help analyse DRM pathways in a multi-risk environment, enabling in-

teractive data exploration, fostering an iterative (Shneiderman, 1996) and collaborative analysis process (Ceneda et al., 2017;

Bajracharya et al., 2018). However, visual analytics applications in DMDU remain limited, with few studies demonstrating

their effectiveness for DRM (Bonham et al., 2024; Hadka et al., 2015; Woodruff et al., 2013).

In this study, we aimed to design and evaluate a visual analytics dashboard (https://www.pathways-analysis-dashboard.net/)50

tailored for analysing pathways in multi-risk settings. We develop a set of visualisation alternatives based on a systematic

design process (Munzner, 2009) and embed them in an interactive dashboard to support the analysis for a wide range of

potential users. The developed dashboard is evaluated through feedback from 54 potential users. The paper is structured as follows.

Section 2 describes the design process and evaluation approach; Section 3 presents and discusses the evaluation results; Section 4 provides reflections; and

Section 5 concludes.55
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2 Methods

Following a systematic approach (Munzner, 2009), we used a five-step iterative design process (Figure 1) to create an interactive

pathways analysis dashboard. The following subsections provide a concise overview of the design process, with further details

available in Appendices A to ?? and Supplementary Material. As we refer to multiple types of steps and questions in the

following sections, we want to briefly distinguish between key terms. In the following, we will use ’design steps’ to develop60

and evaluate the dashboard. We use ’themes of analysis’ to differentiate between major components of pathways analysis and

’questions of interest’ to describe questions that users need answers for. These questions are translated into ’analysis operations’

in abstracted terms using information visualization terminology to clarify the analysis goals and method.

In the first design step, users and key questions for pathways analysis are identified to ensure that visualisations are designed

for the right purpose (Hindalong et al., 2020). In the second step, these key questions are translated into analysis operations,65

abstractions of what essential visualisation characteristics will be used (how) to extract the relevant information from the

visualisation, used to answer the key questions (Munzner, 2009). Afterwards, in step three, the raw model output data is

transformed into visualisable formats to support analysis operations (Correa et al., 2009; Munzner, 2014). Step four identifies

visualisation types that align with the transformed data dimensions and analysis operations. Lastly, in step five, user feedback

is collected through a survey to assess the objective fit (ability to gain intended insights) and subjective fit (ease of information70

extraction).

Figure 1. Design process to develop a visual analytics dashboard and evaluate its objective and subjective fit.

2.1 Identify pathways analysis questions and context

In the first step of the design of the pathways analysis dashboard, we defined the pathways analysis context, including identified

target users and their capacities, and formulated key questions of interest. Similarly to Ruppert et al. (2013), we developed a

set of user types. Based on our expertise and ongoing transdisciplinary research on multi-risk DRM, we first identified stake-75

holders generally involved in pathways development or risk assessment processes to aggregate specific generic characteristics
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of the stakeholders (e.g., capacities, questions of interest) into different user types. We calibrated and refined these user types

through expert inputs from six semi-structured interviews and two 60-minute focus groups (n = 21) collected feedback on a preliminary

pathways analysis framework and potential users, based on previous studies (Schlumberger et al. 2022, 2024). We engaged 21 researchers from the

professional network of coauthors working on disaster risk management, risk communication, climate change adaptation, and80

pathway thinking in different sectors, summarised in Table 1. The interviews and workshops followed the guidelines of Hove

and Anda (2005) (Supplementary Material S1 for details). An extensive description of this first step can be found in the Supplementary

Material, including the final conceptualization of different user types.

Table 1. Participants of validation exercise (n=21) and the key fields of expertise identified based on publicly available information [This table

has been added.]

Field of expertise Number of participants with expertise

Decision-making, governance 4

Disaster Risk Management 8

Systemic Risk 5

Adaptation Pathways 3

Climate change adaptation 4

Risk communication 5

Agriculture 2

Infrastructure 3

other 2

Feedback from interviews indicated that the pathways analysis process needs to be guided, introducing relevant concepts

and the purpose of the analysis, as stakeholders often have limited time and resources. Multi-risk decision-making remains a85

relatively new and complex topic

In the second step, we abstracted the pathways analysis questions into analysis operations to clarify the analysis goals and

methods (Table 2), according to standard design practices (Amar et al., 2005; Wehrend and Lewis, 1990). These abstractions

help clarify why users engage in the analysis (e.g., finding trends, outliers, etc.) and which types of analyses they would like to

conduct (e.g., compare different alternatives, discover patterns, etc.). (Brehmer and Munzner, 2013). The abstraction identifies90

which properties of a pathway data set are most relevant and what properties of a visualisation will be used to find answers

to the question of interest. The bolditalicized terms in Table 2 used for the description of the analysis operations are based on

Brehmer and Munzner (2013) (definitions in Table A). Furthermore, wWe used the term ‘candidate’ to refer to both a pathway

option or a specific action as part of a pathway. Furthermore, and we used the term ‘attribute’ to refer to any property or value

of the candidate (such as name, description, performance objective, etc.). We also used the term ‘data subset’ to express that95

some datasets to be visualised will be only subsets of the whole dataset, for example, showing values for objective keys for a

specific time horizon, scenario or combination of pathways.
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Table 2. Four themes of pathways analysis (first column), related questions of interest (second column) and corresponding analysis opera-

tions (third columns). Italic terms in the second column mark analysis operations which are defined in the Table A1.

Theme Question of Interest Analysis operation

A. What

are the

pathways

options?

What measures are available for ad-

dressing the identified risk?

Select individual candidates to lookup different attributes of the candidates.

Which measures are short-term actions

or long-term options?

Arrange relevant candidates to identify the distribution of candidates.

How do pathways options differ? Select candidates to lookup and compare attributes of the candidates.

B. How do

the pathways

options per-

form?

How does each pathway perform

across key performance criteria?

Filter or select candidates based on attributes (1) to compare trends in at-

tributes across candidates and (2) to identify candidates with attribute out-

liers.

How robust are these pathways un-

der different future scenarios and time

horizons?

Change between different data subsets to explore correlation and similarity

of candidate attributes across different subsets.

What are synergies or trade-offs be-

tween different performance criteria?

Order attributes of different candidates to identify correlations between at-

tributes.

How does the performance of path-

ways change when accounting for

multi-risk interactions?

Change between different data subsets and overlay candidate attributes of

different subsets (1) to explore candidates with attributes of high and low sim-

ilarity across the data-sets (2) to locate the outlier subsets with the strongest

similarity/difference of candidate attributes.

C. How do

these path-

ways options

map out in

time?

When are points reached where a

change in strategy is required?

Select candidates to lookup attributes (time, name, additional information).

How does the timing of these points

change for different future scenarios?

Arrange attributes of candidates to identify the distribution of attributes

Change between different data subsets to explore candidates with attributes

of high and low similarity across the data-sets.

How do multi-risk interactions affect

the timing of these points?

Change between different data subsets, overlay candidate attributes of differ-

ent subsets to explore the similarity of candidate attributes across the data-

sets.

D. Which

combinations

of pathways

serve multiple

hazards and

sectors?

How do individual pathway options

align or conflict with those of other ac-

tors?

Select candidates, overlay candidate attributes of different data subsets to

identify trends in similarity across attributes.

Change between different candidates, overlay candidate attributes of differ-

ent subsets to compare outliers in similarity across attributes and candidates.

What are synergies and trade-offs of

collaborating with other actors?

Change between different candidates, overlay candidate attributes of differ-

ent subsets to compare outliers in similarity across attributes and candidates.
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2.3 Determine data transformations

After defining user analysis needs, this step focused on suitable data transformations to visualise these needs. DRM data for

pathway analysis are multidimensional, spanning scenarios with external (climate, socio-economic) and internal (actor mea-100

sures) uncertainties. However, effective visualisation typically handles up to five dimensions to maintain clarity (Mackinlay,

1986; Siirtola, 2007). This means that choices must be made regarding reducing dimensionality and the number of data points

shown. Both depend on the interest of the stakeholders and their previous experience or analysis capabilities (Bonham et al.,

2024; Kwakkel et al., 2016).

In DMDU, statistics-based summary methods are commonly used for dimensionality reduction to calculate the robustness105

of pathways. Robustness is defined as the ability of a policy option to perform well across an ensemble of uncertainties while

minimising regret. Various performance robustness indicators can be calculated using combinations of statistical properties

(e.g., mean and standard deviation) of the data set in a (sub)set of scenarios (Bartholomew and Kwakkel, 2020). Furthermore,

filtering often reduces data density (Brehmer and Munzner, 2013). For example, while the performance of different pathways

could be analysed for each year of the planning horizon, specifying (a set of) times of interest reduces the number of relevant110

data points to be considered for the analysis (e.g., Kwakkel et al., 2015; Schlumberger et al., 2024).

To explore relevant transformations, data from a case study on the Waal River in the Netherlands was used, modelling flood

and drought interactions across agriculture, urban, and shipping sectors over 100 years with a resolution of 10 days (Haasnoot

et al., 2012; Schlumberger et al., 2024). Each sector manages climate risks by implementing sequences of DRM measures

called ’DRM pathways’. The pathways of each sector are evaluated based on sectoral objectives in combination with the DRM115

pathways of different sectors and accounting for climate variability and climate change scenarios (Schlumberger et al., 2024).

Details on the case study and data flow are provided in Supplementary Material S2.

2.4 Designing information visualisations to complete the analysis operations

When developing the interactive dashboard (https://www.pathways-analysis-dashboard.net/) and integrating fit-for-purpose

visualisations, we focused on two components: 1) designing information visualisations to complete the analysis operations and120

2) creating an environment that serves a wide range of usersdifferent user types to gain additional insight into the concepts and

purpose of the themes of analysis.

The systematic design process resulted in a dashboard environment that supports users in analysing DRM pathways and

their effectiveness in reducing the complexity of climate risk analysis through interactive visualisations. The visualisations on

the dashboard are aligned with analysis operations, creating an accessible and interactive environment that serves a wide range125

of users. Built with Python 3.10, the dashboard uses open source tools (Dashc2, Plotlyc2, and Pathways Generatorc2) and is

hosted on Heroku. The URL of the dashboard, www.pathways-analysis-dashboard.net, is accessible with a Web browser and

an Internet connection.
c2https://dash.plotly.com/
c2https://plotly.com/
c2https://github.com/Deltares-research/PathwaysGenerator

6

www.pathways-analysis-dashboard.net
https://dash.plotly.com/
https://plotly.com/
https://github.com/Deltares-research/PathwaysGenerator


2.4.1 Designing information visualisations to complete the analysis operations

We identified five visualisation methods as potentially suitable (Figure 2). Each visualisation was deemed appropriate to answer all relevant questions of130

interest (Table 2) per theme of analysis A to D. It was also considered whether the visualisations are scalable to be modified and used for the system analysis

theme. Visualisations were identified based on a literature review in the field of visualisation research and cognitive studies (e.g., Börner et al., 2019; Munzner,

2014) and the DMDU community (e.g., Gold et al., 2022; Gratzl et al., 2013; Haasnoot et al., 2024; Hindalong et al., 2020; Moallemi et al., 2020; Trindade

et al., 2019), author discussions and preliminary testing.Research in information visualisation and cognitive science offers a wide array

of guidelines to develop fit-for-purpose visualisations (e.g., Munzner, 2009; Padilla et al., 2018). Effective visualisations must135

balance human perceptual limits, especially when encoding complex, multi-dimensional data. Research has shown that humans

can process up to five dimensions using spatial encodings, such as position on an axis, combined with visual cues like color or

shape (Siirtola, 2007). However, visual clarity declines when more than seven colors are used, particularly for users with visual

impairments (Munzner, 2014). Therefore, balancing the expressiveness of visualisations - how much data is conveyed - with

their effectiveness - how easily insights are grasped - requires careful consideration (Mackinlay, 1986). Initially, we focused140

on static visual encodings. These proved too limited for the amount of data (dimensions) and range of analysis operations we

sought to address. Consequently, we shifted towards interactive visualisations that allowed for the same visual encodings but

provided greater flexibility by offering information on demand and highlighting specific properties of the data. Ultimately, the

design process resulted in the development of a dashboard environment, which offers the highest degree of interaction with

the visualizations as well as contextual support for interpreting the data while minimizing the cognitive load on the visual-145

izations themselves (Franconeri et al., 2021; Ceneda et al., 2017). Following inspiration from Munzner (2014), we identify a

list of visualisations that can handle the data dimensions/density and analysis operations, as summarised in Table A2 in the

Appendix. We aimed to identify one visualisation type per theme. We don’t claim that we considered all possible visualisation

types, but got inspiration from common visualisation researchin the field of visualisation research and cognitive studies (e.g.,

Börner et al., 2019; Munzner, 2014) and the DMDU community (e.g., Gold et al., 2022; Gratzl et al., 2013; Haasnoot et al.,150

2024; Hindalong et al., 2020; Moallemi et al., 2020; Trindade et al., 2019), author discussions and preliminary testing. During

the process, we came across multiple visualisation types, which we deemed unsuited after first testing and reflection, mostly

because they could cope less well with the number of dimensions or information density.

When developing the visualisations, we took into account multiple guiding principles. Where possible, we used two different

coding channels to convey the key information. As such, we used colours and different patterns to distinguish between different155

measures, or colours in combination with annotations or information on demand to obtain information about the performance

robustness of pathways. Also, we use descriptive figure titles to allow users to easily deduce which (sub)-dataset is currently

visualised. For the choice of the colour scheme, we considered the potential use context of the dashboard: multiple stakeholders

would analyse their specific pathway options before coming together to investigate synergies and trade-offs across sectors and

risks. We identified objectives as the core element of the analysis that should be recognisable across the different steps. As160

such, we chose the colour schemes per sector to combine them across the sectors without leading to confusion by changed

colour-schemes.
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We identified interactive Decision Trees (DTs) as the most effective format to explore pathway options. DTs are well-suited

to represent hierarchical structures (Shneiderman, 1996) and help users learn about the sequences of specific measures and

their relevance as short- or long-term actions. On-demand information provides additional context on each measure. In line165

with best practices (Munzner, 2014), we used dual encoding - colour and pattern - to highlight measures of interest (Figure 2a).

For the assessment of the performance of the pathways, we identified three alternatives:

– Parallel Coordinates Plots (PCP) are effective for revealing correlations in high-dimensional data (Itoh et al., 2017;

Siirtola, 2000). They use polylines intersecting multiple parallel y-axes to show how pathways perform across objectives.170

PCPs work best when the number of options and objectives is moderate, preventing visual clutter (Dzemyda et al., 2013;

Munzner, 2014). Users can interactively filter values by selecting ranges on one or more axes (Siirtola, 2000), and colour

hue is used to distinguish between pathway options, including those with and without interaction effects (Figure 2b).

PCPs are also scalable, allowing more objectives to be added for system-level analysis.

– Stacked Bar Charts (SBC) use dimensional stacking to present the cumulative performance of pathways while pre-175

serving information about the performance per individual objective (Gratzl et al., 2013; Streit & Gehlenborg, 2014).

This design supports users who want to analyse either overall or objective-specific performance. Colour hue and pattern

are used to distinguish between different performance objectives and different interaction effects, respectively. We used

on-demand information in combination with the bar lengths to encode the key information of pathway performance and

interaction effects (Figure 2c). We ordered bars by total value for system-level views to facilitate comparison (Gratzl et180

al., 2013).

– Heatmaps (HM) display quantitative data across two categorical keys using colour-coded matrices (Munzner, 2014).

HMs are scalable, similar to PCPs, and are suited for visualising complex combinations at the system level. We nor-

malised values to apply a consistent colour scheme across attributes (Shavazipour et al., 2021), enabling comparison

and pattern recognition. HMs offer high information density and effectively summarise trends and clusters (Hindalong185

et al., 2020). Instead of interactivity, we use annotations in addition to colours for dual encoding the performance and

interaction effects per objective (Figure 2d).

To address questions on the timing of adaptation tipping points, we implemented Pathway Maps (PMs), which visualise

sequences of decisions over time (Haasnoot et al., 2012, 2024). These "Metro-map" style diagrams move from left to right,

with splits and intersections indicating decision points - moments requiring a choice between continuing or adjusting the course190

of action. PMs add information on timing when compared to DTs and help stakeholders understand how early decisions shape

future flexibility. Our interactive PMs allow users to highlight all pathways linked to a specific tipping point (Figure 2e). On-de-

mand details support the interpretation of the timing of adaptation tipping points. We overlaid maps for cases with and without

interactions to visualise interaction effects. For system-level analyses, we opted to display separate PMs for different actors,

avoiding the complexity of integrated system-level maps as in Schlumberger et al. (2022).195
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Figure 2. Set of visualisation types for pathways analysis. Visualisation of pathway options using Decision Tree (a). Parallel Coordinates

Plot (b), Stacked Bar Chart (c) and Heatmap (d) are used to explore performance across multiple objectives for different pathway options.

Pathways map to investigate the timing of decision-making (e).

2.4.2 Creating an environment that serves a wide range of users

The dashboard’s multi-page layout separates the four themes of analysis, guiding users through a stepwise analysis. Users first

analyse their specific sectoral pathway options, then their pathway performance, and finally the timing of adaptation tipping

points to identify a short list of promising pathways that best meet their specific objectives. In the last step of analysis, different
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sectoral actors bring their individual shortlisted pathways to one table to explore the combination effects of different sectoral pathways in a collaborative learn-200

ing steppathways from different sectoral actors are combined explore the interaction effects on the entire system. The general

dashboard structure is shown in Figure 3, and possible options to modify the visualization are available, e.g., selecting a

specific time horizon or climate scenario or choosing different robustness definitions to determine the performance robustness.

Additionally, guidance on how to read the visualisation is provided, and explanations for key terms relevant to the pathways

analysis (e.g., robustness, scenario) can be obtained on demand.205

Figure 3. Dashboard outline. To offer guidance and flexibility, it contains the following elements: A short description of the analysis task at

hand, including additional information on demand regarding key concepts (1). A section to select the relevant analysis focus. This section

varies from theme of analysis to theme of analysis (2). A short explanation of how to read the visualisation and what options for interaction

are given (3). A Navigation bar offers means to navigate between the different themes and clarify the current theme of analysis (4). The

interactive visualisation itself is used for the analysis operations (5). The survey was embedded into the dashboard to improve accessibility

(6).

2.5 Test objective and subjective fit

To evaluate the effectiveness of the dashboard and the visualisations, we embedded a 15-to 30-minute questionnaire based

on best practices (Kosara et al., 2003; Conati et al., 2014; Dimara et al., 2018). The set of survey questions was developed

based on the general analysis questions presented in Tab. 2. The questions were tailored to objectively evaluate the answers for

the specific case study data used. The full list of questions can be found in Tab. A3 in the Appendix. The co-authors shared210

the link to participate in the survey within their professional and personal contexts, which includes the research institutes and

multi-risk projects, as well as networks from past conferences. The survey was open for 6 weeks from September to October
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2024. The survey involved a broad and diverse range of 54 potential users and experts in the fields of information visualisation,

disaster risk management, and pathways thinking and beyond. Responses were screened out for validity, notably excluding

dummy inputs (e.g. combination of no free-text feedback, identical Likert-scale evaluations, overarchingly random inputs) and215

duplicates (which happened if they kept their sessions open too long). Although participants were encouraged to complete the

entire questionnaire, intermediate results were saved per analysis theme. We consider all available data for the evaluation, even

if the participants did not complete the whole questionnaire.

The objective fit of the dashboard and its visualisations was evaluated by the precision of the responses to a set of analysis

questions compared to the answers the authors deemed correct (Gratzl et al., 2013). We chose a varying set of simple and more220

complicated questions. We performed a dashboard analysis from an aggregated level to the specific analysis task of a given

visualisation (Plaisant, 2004). In the analysis, we strongly emphasised questions where the response’s precision was below 70%

to discuss challenges and misconceptions that were widely represented among survey participants. To evaluate the subjective

fit of the dashboard, participants were asked to express their agreement with sentences stating that the visualisation was easy to

understand, that they are confident in their response, that they had enough information to use the visualisation effectively and225

that they would use this type of visualisation for similar questions (Dimara et al., 2018) using the 5-point Likert scale (‘totally

disagree’ to ‘totally agree’). Qualitative feedback provided additional anecdotal evidence on dashboard strengths and areas for

improvement (Conati et al., 2014).

3 Evaluating the visual analysis dashboard

We collected feedback from 54 participants, with responses from all participants on visualisation of the pathways options, 85%230

(n = 46) on the robustness of performance, and 81% (n = 44) on decision timing. Approximately 70% (n = 38) completed the

survey for all analysis themes. Most of the participants (78%, n = 42) worked in research, 9% in the private sector (n=5), and

96% did not report visual impairments (n = 52). The expertise of the participants included DMDU / Pathways (n = 13), Climate

Adaptation / DRM (n = 17) and other fields such as Architecture, Computational Science, and Governance (n=24) (see Table

A4).235

The dashboard provided relevant information to the participants, see Figure 4. The correct answer rates were above 70%

for most expert groups and analysis themes, with one outlier for the analysis of the system for non-experts (61%). Expertise

influenced success in decision-timing and system analysis, favouring those with prior experience in pathways and system

thinking. The subjective fit was similarly expertise-dependent. DMDU experts were more likely to find the visualisations clear,

be confident in their responses, and foresee using them again, while non-experts were more neutral.240

3.1 Evaluation of the dashboard to support pathways options analysis

Pathway options were analysed using a DT (Figure 2a). The objective fit was assessed using four questions (see Figure 5a),

with the participants accurately answering most of the questionsA1 and A4. Questions A2 and A3 were less well answered (hit

rates: 60%, n = 54) for different possible reasons. Question A2 required participants to identify the starting measure in most
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Figure 4. Percentage of correct answers (left) and subjective evaluation (right) for all participants (gray dots) and averaged across partici-

pants of the same expertise (coloured lines and markers) for the four themes of analysis. Note that the number of participants is different

for each step: exploration of pathway options (n=54), pathways performance (n=42), pathways timing (n=40), and system analysis (n=35).

pathway options. One participant reflected that "information is spread over the entire figure [...]. I need to read the y-axis on245

the right and move back to the left." Similarly, participants pointed out that the visualisation design did not intuitively lead

the focus of a participant from the left to the right (e.g. "Connecting lines could have arrowheads, would make the sequence

visually more intuitive").

Question A3 required participants to identify the most frequent measure being implemented in the long term. The question

lacked clarity about the definition of ‘long-term’ ("What is most the option to be implemented at a later stage. ‘Large dike250

increase’ is the last option most often. However, ‘small dike elevations’ occurs most often in the last two steps."). We considered

only the last option to be defined as long-term, but fifteen out of the 19 incorrect answers consider the past two sequence steps

as long-term, which could arguably be correct as well.
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Figure 5. Evaluation of the dashboard for the first theme of analysis (’What are the pathway options?’) based on the inputs from the users

(n=54). Left: Evaluating the objective fit based on the share of correct answers (C) compared to wrong (W) and partially correct answers

(o) (for the full set of questions, refer to Table A3 in the Appendix). Right evaluating the subjective fit, differentiated in how easy they find

the visualisation (e), how confident they are about the made choice (c), if the had enough information (i) and whether they would use this

visualisation type for similar problems (u).

The evaluation of the subjective fit is overarchingly positive, as summarised in Figure 5right. Participants generally agree that

the visualisation provides enough information, is easy to understand, makes them feel confident that they answered correctly,255

and would be used for similar problems. Subjectively, participants positively valued the colour scheme and symbols (e.g.

"The icons are clear, the colours assist distinguishing the measures") but noted issues with colour logic and icon density (e.g.

"There are a lot of symbols, which if you’re not used to them takes time to read the figure. Greater difference in colours might

be useful." or "colours for measure are not logical (elevation should be brown, crops yellow, ditch blue..."). The participants

appreciated the interactive nature of the visualisations (e.g. "I like the interactive nature of the figure. The extra information that260

comes when you hover over an action is helpful."). At the same time, multiple participants criticised the lack of background

information, which makes it challenging to make sense of the pathway options presented and why some are possible and others

are not (e.g. "no additional information on the feasibility of each pathway, which makes it more difficult to understand why

some measures need to be in an earlier stage compared to others or why one is more flexible.").

3.2 Evaluation of the dashboard to support pathways performance analysis265

For the performance analysis, the participants were randomly presented with a PCP, SBC, or HM (Figures 2b to 2d). PCP and

SBC outperformed HM in clarity and correctness, as shown in Figure 6. Subjectively, participants found HM challenging to

13



interpret and would not use such a visualisation for similar problems. In contrast, PCP was appreciated for dealing with the

multi-objective analysis of performance robustness and would use it again despite lower confidence in their answers chosen.

The evaluation of the subjective fit is somewhat ambiguous. It should be noted that the DMDU experts evaluatedperceived PCP270

much more positively compared to the other expert groups, while the patterns were quite similar for SBC. Non-experts were

particularly uncertain about their responses when using PCP and HM. Although participants subjectively tended to agree that

SBC offered sufficient information and that they were confident in their responses, they disagreed that the visualisation was

easy to use and thus tended not to use it for similar problems.

The participants mentioned some challenges that were relevant for all different visualisations. The participants had a particular275

struggleparticularly struggled to understand the concept of robustness of the pathways and thus how they could deduce infor-

mation about robustness from the figure (e.g. "I struggle to understand how to evaluate robustness’). One participant asked

for more information on how it is calculated (e.g. ’Black-box how performance robustness was calculated."). Similarly, par-

ticipants referredstated that they would need more contextual information to understand why the pathways options are analysed

and where the differences come from (e.g. "I don’t understand, but want to know how the strategies were identified and if the280

differences between them are meaningful.") and how terms such as synergies and trade-offs are applied in this context (e.g. "it

is not clear on the difference between synergy loss and trade-off loss [...] Some explanation of how these terms are applied

here and are different from each other in their application to farmer strategies could help."). Multiple participants suggested

additional guidance (e.g. "Put a video with a talk to help navigate with an example.’ or ’Everything is useful, but need to put

an example first.").285

For PCP, question B3 was not answered correctly by any participant (n= 13), while 50% of the participants provided

partially correct answers to question B6. For question B3, the task was to identify the pathway option with the best robustness,

and a combined consideration of robustness performance across multiple objectives was required. In the introductory text, it

is mentioned that robustness is evaluated across objectives. However, no further details were provided on how to carry out

this evaluation between objectives. Additionally, aggregating this performance across parallel axes is a recognised weakness of290

this type of visualisation (Siirtola, 2007). For question B6, asking to identify the pathway(s) with the best robust performance

concerning one objective when accounting for interactions, it appears that similar colour coding of lines representing different

pathways led participants to incorrect answers ("difficult to follow the lines across the figure - some colours were difficult to

distinguish, so hard to determine what the value was for some of the pathways"). This also implied that some participants did

not use the full potential of the interactive elements, which would have allowed them to filter pathway options that fall in certain295

ranges along each of the axes. The general feedback was positive ("I’ve never seen a figure like this and I actually find it a very

good way to summarise key information that I (trying to put myself in shoes of a farmer) would want to see."). Participants

appreciate how the figure allows for comparing multiple variables simultaneously and visually represents different scenarios,

helping to evaluate the efficiency of adaptation investments. The use of colours and multiple axes to show robustness scores is

noted as a valuable feature that makes information easier to interpret ("The different colours and the different axes illustrating300

the different robustness scores").
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For SBC, more participants were able to correctly answer question B3 (47%, n = 9), understanding that the shortness of

the stacked bar measured the robustness across objectives. One participant interpreted the length in the opposite way, selecting

the pathway with the longest bar as the most robust. The number of partially right answers to question B3 can be associated

with a bug (before fixing the bug: 1 out of 9 participants correct; after fixing bug: 8 out of 10 participants correct) in the early305

version which resulted in bars of equal performance having different lengths ("the crop productivity loss bar looked different

for different pathways, but the information shown by hovering was that the loss was same"). Most of the participants did not

correctly answer question B6 (hit rate 30%), identifying the pathways with the best performance concerning one objective

when considering interactions with another sector. The incorrect answers seem to be misled by the representation of synergy

and trade-off effects in the visualisation as additional bars of different lengths ("I don’t know what the synergy or trade-off310

effects mean."). Multiple participants indicated that they would prefer more information. One participant stated: "The sizing

of the bars is not 100% intuitive. Potentially adding an x-axis would help."e participants appreciated interactive features such

as hovering, which allowed participants to engage with the content and explore various climate scenarios, helping to visualise

interactions effectively ("Very clear descriptions on the bottom when hovering over each box"). Furthermore, participants

confirmed that the colours and shading used in the figure help readability, making complex information more accessible ("The315

colours and shading help to understand the graphic").

For HM, participants particularly struggled with questions B3, B5 and B6 (Figure 6). Regarding question B3 (hit rate 30%,

n=11), an explanation is that the robustness between objectives is not clearly encoded in the visualisation of HM (and PCP)

compared to SBC. For questions B5 and B6 (hit rate 40% and 10%), participants were asked to discover patterns of interaction

effects. 7 out of 9 incorrect answers indicated they could not discover clear patterns of interaction effects. Feedback from320

multiple participants suggested that the information was not clearly provided (e.g. "Interaction effects are difficult to determine

[...]. I think some additions such as an arrow (up or down for conflict vs. synergy) or a texture (different hatches to denote

conflict or synergy) would be very helpful for understanding interactions" and "There’s too much information in this figure for

it to be easy to understand. While helpful to have the explanation, the asterisk busies the figure"). At the same time, participants

appreciated the structure and outline using colour-coding to highlight robustness ("I like the clear representation of robustness325

tradeoffs across the three criteria") and completeness of information ("I think this table shows the results of each pathways

which is very informative.").
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Figure 6. Evaluation of the dashboard for the second theme of analysis (’How do the pathways options perform?’) based on the inputs from

the users (n=46). Left: Evaluating the objective fit based on the share of correct answers (C) compared to wrong (W) and partially correct

answers (o) (for the full set of questions, refer to Table A3 in the Appendix). Right evaluating the subjective fit, differentiated in how easy

they find the visualisation (e), how confident they are about the made choice (c), if they had enough information (i) and whether they would

use this visualisation type for similar problems (u).
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3.3 Evaluation of the dashboard to support pathways timing analysis

PM (Figure 2e) were used to analyse the timing, with six questions that evaluated the objective fit, as shown in Figure 7left.

Interestingly, the participants only struggled with question C2 (hit rate 40%, n=44), which asked for the maximum number330

of measures to be implemented in a specific scenario for any pathway. Most of the participants who gave an incorrect answer

indicated a higher number of measures than actually necessary, which can be related to a lack of clarification on the different

markers used (e.g. "I don’t know what the filled in vs. not filled circles meant"). It appears that participants who struggled with

question C2 did not make use of interactive options to highlight the pathways from or to a specific measure, which makes

the pathways of interest distinguishable from the rest. Furthermore, some might not have seen that additional information on335

demand is available in a box below the plot ("I prefer to have the button explanation in the figure, rather than use it in a

legend.").

In general, the evaluation of the subjective fit of the pathways was positive, as shown in Figure 7right. Although most of the

non-expert participants would not agree that the visualisation is easy to understand and that they are confident in their choices,

the participants tended to agree that the visualisation offers enough information and that they would use such a figure for similar340

purposes. The most relevant challenges participants encountered with the figure included difficulty distinguishing between

overlapping pathways, especially when several converge around the same tipping points. Some participants found it challenging

to differentiate the colours, making it difficult to follow specific pathways and understand the timing of certain measures. The

absence of pathway numbers and the proximity of circles made the figure harder to navigate, with some participants unsure

if empty markers represented tipping points or measures. Additionally, the reliance on visual rather than textual information345

and the placement of the legend added to the confusion. Some participants also struggled to understand the goals implied by

questions such as ’need to be’; a few found it difficult to comprehend the y-axis.

On the positive side, participants appreciated the visualisation’s ability to clearly represent the timing of measures and

tipping points once they became familiar with it. The interactive elements that allowed participants to click on the pathways for

more detailed information were considered valuable. The figure effectively illustrated the path dependencies and the influence350

of interactions on timing (e.g. "It is easy to identify synergies"). The design also allowed for a clear comparison of long-term

versus short-term actions ("The concept is quite intuitive and assists in seeing long-term vs short-term actions and what is

available later in the period"). The participants generally found the PM a strong communication tool to represent complex

scenarios.
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Figure 7. Evaluation of the dashboard for the third theme of analysis (’How do these pathway options map out in time?’) based on the inputs

from the users (n=44). Left: Evaluating the objective fit based on the share of correct answers (C) compared to wrong (W) and partially

correct answers (o) (for the full set of questions, refer to Table A3 in the Appendix). Right evaluating the subjective fit, differentiated in

how easy they find the visualisation (e), how confident they are about the made choice (c), if the had enough information (i) and whether

they would use this visualisation type for similar problems (u).

3.4 Evaluation of the dashboard to support system-level pathways analysis355

3.4.1 System-level performance analysis

Evaluating the objective fit revealed challenges with the navigation of the interface and the clarity of the figure, as shown

in Figure 8. Some participants (HM: n=2, PCP: n=2, SBC: n=1) filled in obviously incorrect answers in combination with

a clear indication that they could not read the figures because they did not use the navigation bars of the dashboard ("don’t

know, too much complexity!" or "No data was displayed. Did I do sth wrong? My answers are not based on any analysis.").360

One participant noted that the interface was easier to use for this analysis question than for others, making the analysis more

complicated than necessary: "I think it was more the fiddly interface but this section was less easy to operate and understand

for me.". Most participants found the visualisations rather difficult to understand, along with a similar reasoning outlined in

Sect.3.2. Furthermore, labels used to indicate combinations of pathways from different sectors felt abstract and difficult to

interpret quickly ("The row label (e.g., 1,5,3,0) can acquire some effort to understand correctly").365

Specifically, SBC were more effective, and the participants agreed that they would reuse them for similar tasks. At the same

time, PCP and HM were more complicated to interpret, as summarised in Figure 8right. An explanation may be that the option
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to gradually increase the number of stacked bars to be shown helps its completeness (e.g. "was nice to be able to show multiple

combinations in one figure for robustness").
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Figure 8. Evaluation of the dashboard for the fourth theme of analysis (’Which combinations of pathways serve multiple hazards and

sectors?’) based on the inputs from the users (n=38). Here, the focus is on the analysis concerning the performance. Left: Evaluating

the objective fit based on the share of correct answers (C) compared to wrong (W) and partially correct answers (o) (for the full set of

questions, refer to Table A3 in the Appendix). Right evaluating the subjective fit, differentiated in how easy they find the visualisation (e),

how confident they are about the made choice (c), if they had enough information (i) and whether they would use this visualisation type for

similar problems (u).
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3.4.2 System-level decision-timing analysis370

PM for timing analysis showed a strong objective fit, as shown in Figure 9left. However, some participants reported technical

problems or feeling overwhelmed by information (e.g. ’The pathway map figure is not working for me. Please disregard all

answers pertaining to it (answering was mandatory).’). Subjectively, participants valued the feature that allowed the high-

lighting of specific pathways, helped clarity, and made it easier to explore the integration of pathways into a broader set of

combinations of pathways. The subjective fit was perceived as overall positive. The participants found several advantages in375

the figure. Participants indicated that they liked the simplicity of the pathways figure, finding it less overwhelming than PM in

the previous analysis theme, resulting in a similar evaluation of the subjective fit as shown in Figure 9right.

Figure 9. Evaluation of the dashboard for the fourth theme of analysis (’Which combinations of pathways serve multiple hazards and

sectors?’) based on the feedback from the users (n=39). Here, the focus is on the analysis with regard to the timing. Left: Evaluating

the objective fit based on the share of correct answers (C) compared to wrong (W) and partially correct answers (o) (for the full set of

questions, refer to Table A3 in the Appendix). Right evaluating the subjective fit, differentiated in how easy they find the visualisation (e),

how confident they are about the made choice (c), if they had enough information (i) and whether they would use this visualisation type for

similar problems (u).

4 Discussion

In this study, we developed a visual analytics dashboard prototype to support pathways analysis in complex systems, with

applications for multi-risk DRM and DMDU. Despite study limitations, our findings provide valuable insight into the design380

process and visualisations for pathways analysis, offering lessons relevant beyond this study.
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4.1 Limitations

This study has several limitations that may have impacted our findings. First, while the dashboard was designed for collabora-

tive decision-making in a participatory modelling context, participants tested it as a standalone tool without any introductory

presentation in the context of case studies. Some participants noted the need for additional context and training, indicating385

that such a complex topic requires more than an intuitive interface. We acknowledge that testing the dashboard without its

intended contextual framing may limit the generalisability of participants’ responses - particularly concerning its participatory

development process and collaborative use, which remain open research questions. However, as the available multi-risk DRM

pathways case study did not offer any involved stakeholders, we intentionally chose this minimal setup to test the dashboard’s

standalone interpretability as a form of stress-testing. The fact that many users could still use the tool effectively suggests a390

robustness in the design and a promising foundation for future, more contextualized applications. Second, we evaluated the

dashboard with 54 participants, which - while comparable to similar studies (e.g., Bautista and Carenini, 2008; Conati et al.,

2014; Dimara et al., 2018; Gratzl et al., 2013; Shavazipour et al., 2021) - is still limited, especially given the varied expertise

and distribution among visualisation types. However, anecdotal feedback, a crucial information source on visualisation utility

(Kosara et al., 2003), was consistent among participants. This suggests that the sample size may have been sufficient (Munzner,395

2008). However, most of the participants were researchers, while policy makers or decision makers are the primary intended usersHowever, most par-

ticipants were researchers, while policy- or decision-makers are the primary intended users. This choice was deliberate, given

that multi-risk decision-making remains a relatively new and complex topic

Despite these limitations, we gained meaningful insight into the design process and its results. Systematically defining visual-

isation elements, identifying users, their objectives, and their approach to finding information and matching it with available400

data and visualisation types were essential during the design process. For example, the iterative refinement of analysis questions

and operations, particularly in a complex domain, confirmed the importance of continuously revisiting these design elements

(Johnson, 2004; Munzner, 2008). The survey feedback emphasised the value of involving end users throughout the design processIn this study,

we only engaged in limited input throughout the design process, which still offered valuable insights regarding limitations and

useful elements of the visualisations. Involving actual decision-makers can even further improve the utility of the visualisations405

to minimise confusion and ensure that visualisations meet their intended purpose effectively (Sedlmair et al., 2012).

Outside of the information visualisation research community, there seems to be limited application of systematic design

processes. We came across multiple studies that discussed or used visualisations with potential users (e.g., Gill et al., 2020;

Shavazipour et al., 2021) or mentioned fundamental design principles to adhere to (e.g., Bonham et al., 2022), but none

provided explicit reasoning for the final design or insight into the design process. Based on our positive experience, it seems410

vital for research communities such as multi-risk DRM or DMDU to not underestimate the value of thinking about how to use

visualisations and for what purpose (Munoz et al., 2018).
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4.3 Dashboard effectiveness

Survey results suggest that DT, PCP, SBC and PM effectively support the analysis of pathways in complex systems, while HM

seems less suitable. Most participants answered the analysis questions accurately, demonstrating the dashboard’s potential for415

decision support. For some questions, e.g. question 3 in the performance robustness theme of analysis, the inherent strengths

and weaknesses of different visualisation types also contributed to the quality of the responses. Ideally, users could switch

between different visualisation types for specific analysis tasks or to confirm their interpretations. For example, while PCP

help explore tradeoffs across objectives, SBCs are good at comparing the overall performance across multiple objectives.

We incorporated interactive elements and a step-by-step analysis process to balance data complexity with user capacity420

(Franconeri et al., 2021). Most participants appreciated interactive elements that allowed them to explore different scenarios.

Hovering or clicking to explore options in greater detail allowed users to simplify complex information. For example, in

performance analysis, participants appreciated that hovering provided additional information, which could otherwise have

been overwhelming if presented simultaneously. Additionally, evaluation suggests that users grew more confident with specific

visualisation types (e.g. PM or SBC) across the individual themes of analysis despite added complexity.425

However, feedback highlighted challenges related to information density. Multiple participants felt that dashboard visualisa-

tions showed too much information. In contrast, others found certain elements lacking sufficient information, particularly with

regard to key concepts new to most survey participants (e.g., ’synergies’, ’robustness’) or did not fully utilise these features,

suggesting the need for clearer instructions on how to use interactive elements to improve user experience and understanding.

Several respondents suggested implementing storytelling techniques or scenario-based examples to make the analysis more430

relatable, which indicates that the effectiveness of the chosen visualisations and the dashboard can still be improved.

4.4 Contributing to the fields of multi-risk DRM and DMDU

This dashboard prototype, along with the user feedback collected, provides contributions to the use of visualisations and

dashboards in the emerging field of multi-risk disaster risk management and DMDU. Most applied visualisations, such as HM,

PCP, and PM, are already widely used within the DMDU community (Hadjimichael et al., 2024). Our study provides insights435

into the strengths and limitations of each visualisation type for users with varying degrees of expertise. By evaluating these

visualisations in a structured environment, we contribute evidence on each approach’s utility and potential pitfalls, supporting

their adaptation in future DMDU applications. This study also emphasises the value of interactive visualisations for DMDU,

such as our dashboard, providing users with options to explore details, interpret properties (e.g., tipping points within PM), and

adjust the analysis focus (e.g., filtering by scenarios or time horizons). The interactive elements proved beneficial in helping440

users manage the complexity of the data by enabling a customised exploration, thus enriching the decision-making process.

This study joins a small but growing body of work demonstrating the benefits of interactive visualisation in DMDU, such as

Bonham et al. (2024), which developed a dashboard for evaluating water management strategies under different robustness

criteria.

23



At the same time, this study offers a starting point for discussing and improving the toolset for policy analysis in the context445

of multi-risk DRM. The demand for DRM approaches that consider cross-sectoral, multi-hazard interactions over time is

gaining traction (IPCC, 2022; Simpson et al., 2021; Thaler et al., 2023; UNDRR; Ward et al., 2022; Westra and Zscheischler,

2023), and there is a growing body of conceptual guidance to do so to support decision-making (e.g., de Angeli et al., 2022;

Hochrainer-Stigler et al., 2023; Schlumberger et al., 2022). However, our experience developing this dashboard highlights

a persistent gap (Boon et al., 2022): While decision-makers are encouraged to consider interconnected risks and interacting450

strategies, visualisation tools capable of clearly illustrating these complex interactions to help a decision-maker to choose

between two DRM options remain scarce.

This dashboard prototype and our findings from the iterative design and evaluation process could serve as a starting point

for developing (better) multi-risk DRM decision support tools. Specifically, insights from our design process offer a basis for

discussing and identifying (additional) key analysis questions relevant to multi-risk DRM. In contrast, the dashboard provides455

visual elements suitable for answering these questions effectively. In this study, we assumed that decision-makers would tackle

sector-specific risk strategies before incorporating multi-sectoral interactions. This approach, progressing from simpler to more

complex analyses, proved effective and may offer a practical approach for supporting decision-making in multi-risk DRM.

5 Conclusions & Recommendations

This study presents a novel visual analytics dashboard prototype tailored to support pathways analysis in complex, multi-risk460

decision-making contexts, specifically within Disaster Risk Management (DRM). Using a systematic iterative design approach,

we developed a dashboard that addresses key steps in analysing pathways in complex systems, such as exploring pathway

options, evaluating performance robustness, and visualising decision timing. Feedback from 54 participants at various levels

of expertise provided information on the dashboard’s utility, strengths, and limitations, revealing both the potential and areas

for improvement in visualisation-based decision support for DRM.465

The findings indicate that DT, PCP, SBC, and PM effectively analyse pathways within complex systems. These visualisations

enable users to engage with DRM data, facilitating a comparative analysis of pathway options across dimensions like perfor-

mance and timing. Participants valued the dashboard’s interactivity, which allowed them to investigate different scenarios,

explore specific measure sequences, and access additional details on demand. However, feedback also highlighted challenges

with information overload, where participants felt overwhelmed by the volume of data or noted a lack of context for certain470

elements.

This study contributes to the Decision-Making Under Deep Uncertainty community by offering empirical evidence on the

effectiveness of specific visualisations in analysing pathways. The prototype dashboard addresses apresents a first attempt at ad-

dressing the gap in DRM decision support tools by enablingregarding multi-criteria and multi-risk analysis through interactive,

user-centred design. However, improving the objective and subjective fit of the dashboard by addressing survey feedback475

is an important next step. In particular, while the dashboard effectively supports pathway comparison regarding sequence,

performance, and timing, participants noted that it offers limited insight into the underlying dynamics that explain pathway
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outcomes. This explanatory gap limits the utility of the dashboard as a decision support tool, particularly for users who need

to understand the trade-offs and synergies behind different choices. Incorporating additional visualisations, such as time series

graphs, could clarify how pathways evolve and why specific outcomes occur.480

Moreover, adapting this prototype to a flexible, generalizable framework could allow it to be tailored for different datasets,

criteria, and design choices, broadening its applicability. Although designed for DRM, the flexible structure of the dashboard

suggests that it could be adapted for use in other domains, such as climate-resilient development, where decision makers also

face complex, multi-criteria, and uncertain environments (?Langendijk et al., 2024). Studying how learning and decision-

making evolve around such a tool would be valuable, especially as different stakeholders can bring diverse perspectives and485

criteria, often requiring negotiation to identify optimal DRM pathways for the system as a whole (Gold et al., 2022; Smith

et al., 2019). In general, this dashboard prototype demonstrates the potential of visual analytics to support the analysis of

DRM pathways by managing the complexity of multidimensional data and facilitating a nuanced understanding of the pathway

options and their implications. With improvements in accessibility, guidance, and adaptability, the dashboard could serve as

a valuable tool for decision-makers navigating uncertain futures across sectors. Recognising and managing the complexity of490

multiple risks and actors is becoming increasingly important in light of climate change and socioeconomic developments.
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Appendix A: Appendix510

Table A1. Terms for analysis operations and their definition as suggested in Brehmer and Munzner (2013) used in this study.

Term Definition Source

How?

Arrange Arrange refers to the process of organising visualisation elements

spatially

Brehmer and Munzner

(2013)

Change Change pertains to alterations in visual encoding. Brehmer and Munzner

(2013)

Filter Given some concrete conditions on attribute values, find data cases

satisfying those conditions.

Amar et al. (2005)

Overlay Superimpose one entity on top of another so as to affect a composite

appearance while still retaining the separability of each component

layer.

Mullins and Treu (1993)

Select Determine a set of objects to be manipulated, enabling highlighting,

annotation, filtering, or details-on-demand.

Heer and Shneiderman

(2012)

Why?

Browse Explore the system with no specific purpose other than discovering

what is available. The user is inserted into various different contexts.

Mullins and Treu (1993)

Compare Examine the characteristics or qualities of two or more objects or

concepts for the purpose of discovering similarities or differences.

Mullins and Treu (1993)

Explore Explore entails searching for characteristics without regard to their

location, often beginning at an overview level of the visualisation

[37].

Brehmer and Munzner

(2013)

Identify Recognise the nature of an object or indication according to implicit

or predetermined characteristics

Mullins and Treu (1993)

Lookup Given an object, determine a specific property of that object. Casner (1991)
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Table A2. Matching questions of interest, analysis operations and data and suited visualisations.

A. What are the pathways options?

Question of interest What measures are available for addressing the identified risk?

Analysis operation Select individual candidates to lookup different attributes of the candidates

What data 2D table (name, description)

Scale (number of items) tens

Possible visualisations Decision Tree

Question of interest Which measures are short-term actions or long-term options?

Analysis operation Arrange relevant candidates to identify the distribution of candidates

What data 2D table (name, position in sequence)

Scale (number of items) tens

Possible visualisations Decision Tree

Question of interest How do pathways options differ?

Analysis operation Select candidates to lookup and compare attributes of the candidates.

What data 2D table (name, position in sequence)

Scale (number of items) tens

Possible visualisations Decision Tree

B. How do the pathways options perform?

Question of interest How does each pathway perform across key performance criteria?

Analysis operation Filter or select candidates based on attributes (1) to compare trends and (2) to identify candidates with outliers

What data 4D table (option, objectives, scenario, time-horizon)

Scale (number of items) hundreds (filtered: tens)

Possible visualisations Heatmap, Parallel Coordinates, Stacked Bar (all interactive)

Question of interest How robust are these pathways under different future scenarios and on different time horizons?

Analysis operation Change between different data subsets to explore correlation and similarity of candidate attributes across different subsets.

What data 2D table (option, objectives)

Scale (number of items) tens

Possible visualisations Heatmap, Parallel Coordinates, Stacked Bar

Question of interest What are synergies or conflicts between different performance criteria?

Analysis operation Order attributes of different candidates to identify correlations between attributes

What data 2D table (option, objectives)

Scale (number of items) tens

Possible visualisations Heatmap, Parallel Coordinates, Stacked Bar

Question of interest How does the performance of pathways change when accounting for multi-risk interactions?

Analysis operation Select individual candidates to lookup different attributes of the candidates

What data 3D table (option, objective values, objective values without interaction)

Scale (number of items) tens

Possible visualisations Heatmap, Parallel Coordinates, Stacked Bar (all interactive)
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C. How do these pathways options map out in time?

Question of interest When are the critical points where a change in strategy is required?

Analysis operation Select candidates to lookup attributes (time, name, additional information). Arrange attributes of candidates to identify

the distribution of attributes

What data 4D table (option, year, new measure, scenario, description)

Scale (number of items) hundreds (filtered: tens)

Possible visualisations Pathways Map (interactive)

Question of interest How does the timing of these points change for different future scenarios?

Analysis operation Change between different data subsets to explore candidates with attributes of high and low similarity across the data-sets

What data 4D table (option, year, new measure, description)

Scale (number of items) tens

Possible visualisations Pathways Map (interactive)

Question of interest How do multi-risk interactions affect the timing of these points?

Analysis operation Change between different data subsets, overlay candidate attributes of different subsets to explore the similarity of

candidate attributes across the data-sets

What data 5D table (option, year, year without interaction, new measure, description)

Scale (number of items) tens

Possible visualisations Pathways Map (interactive)

D. Which combinations of strategies serve multiple hazards and sectors?

Question of interest How do individual pathway options align or conflict with those of other actors?

Analysis operation Select candidates, overlay candidate attributes of different data subsets . . . to identify trends in similarity across attributes.

Change between different candidates, overlay candidate attributes of different subsets to compare outliers in similarity

across attributes and candidates.

What data 6D table (option, other options, objectives, objectives without interaction, scenario, time-horizon)

Scale (number of items) hundred thousands (filtered: tens to hundreds)

Possible visualisations Heatmap, Parallel Coordinates, Stacked Bar (all interactive), Pathways Map (interactive)

Question of interest What are synergies and conflicts of collaborating with other actors?

Analysis operation Change between different candidates, overlay candidate attributes of different subsets to compare outliers in similarity

across attributes and candidates

What data 6D table (option, other options, objectives, objectives without interaction, scenario, time-horizon)

Scale (number of items) hundred thousands (filtered: tens to hundreds)

Possible visualisations Heatmap, Parallel Coordinates, Stacked Bar (all interactive), Pathways Map (interactive)

Table A3: Overview of all questions, correct answers or inputs of the survey

General Questions before start of the survey
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G1 Do you have any visual impairments or conditions that might influence the way you

perceive visual content?

Options: [Yes: specify / No / I

don’t know / I don’t want to

share]

G2 What is your field of work? Options: [Research / Public

Administration / Private Sec-

tore / Other]

G3 What are your areas of expertise (use key terms and separate by ’;’) Free-text

G4 How often do you use visualisations for analysis? Options: 1-5 Likert scale (never

– every day)

G5 What is your experience with the following visualisation techniques? [’SBC’, ’PCP’,

’H’, ’Pathways Map’]

Options for each viz type: 1-5

Likert scale (never – every day)

What are the pathways options?

A1 How many pathway alternatives do you have? 7

A2 How many alternative pathways start with measure ’flood resilient crops’? 2

A3 Which measure is considered most often as the long-term measure (being implemented

at a later stage)?

large_dikes

A4 Which first implemented measure offers the most flexibility with regards to future op-

tions?

Flood Resilient Crops

A5 I find this figure easy to understand Options: 1-5 Likert scale (to-

tally disagree – totally agree)

A6 I am confident that I read this figure correctly to inform my answer-choice Options: 1-5 Likert scale

A7 This visualisation provides enough information to justify your answer Options: 1-5 Likert scale

A8 I would use this visualisation for similar problems Options: 1-5 Likert scale

A9 Please briefly describe one or two challenges you had when reading the figure (if any) Free-text

A10 Please briefly describe one or two things you find useful about this figure (if any) Free-text

How do the pathways options perform?

B1 What do the colours represent in the figure? Depends on viz type: pathway,

robustness, objectives

B2 How much Crop Productivity Loss [%] do we expect for Pathway 5 over a time horizon

of 60 years in the 4 ◦C climate scenario with no pathway interactions considered?

60

B3 In the 4 ◦C climate change scenario, which pathway(s) is most robust at the time horizon

of 60 years with no pathway interactions considered?

[3,4]
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B4 Which pathway(s) results in the highest Impacted Lifestock after 100 years in a 1.5 ◦C

climate scenario with no pathway interactions considered?

[0]

B5 When accounting for the presence of Farmer - Drought interactions, do we experience

more synergy or more trade-off effects in a 1.5 ◦C climate scenario over the next 60

years?

Synergies

B6 When accounting for the presence of Farmer - Drought strategies, which pathway(s)

show the best robustness regarding Crop Productivity Loss in a 4 ◦C climate scenario

over the next 60 years?

[0,1,2,3,4,5,6,7]

B7 I find this figure easy to understand Options: 1-5 Likert scale

B8 I am confident that I read this figure correctly to inform my answer-choice Options: 1-5 Likert scale

B9 This visualisation provides enough information to justify your answer Options: 1-5 Likert scale

B10 I would use this visualisation for similar problems Options: 1-5 Likert scale

B11 Please briefly describe one or two challenges you had when reading the figure (if any) Free-text

B12 Please briefly describe one or two things you find useful about this figure (if any) Free-text

How do these pathways options map out in time?

C1 In which year is the first measure needed in a 1.5 ◦C climate scenario with no pathway

interactions considered?

2052

C2 What is the maximum number of measures that need to be implemented in one pathway

in a 1.5 ◦C climate scenario over the 100 years with no pathway interactions considered?

2

C3 In a 1.5 ◦C climate scenario, which first implemented measure offers the most flexibility

with regards to future options?

Flood Resilient Crops

C4 In a 4 ◦C climate scenario, which first implemented measure offers the most flexibility

with regards to future options?

Flood Resilient Crops

C5 When accounting for the presence of Farmer - Drought interactions, what is the general

effect on the timing of measure implementation compared to the case without interactions

in a 4 ◦C climate scenario?

earlier

C6 When accounting for the presence of Farmer - Drought interactions, by how many years

does the implementation of ’Large Dike elevation increase’ in pathway 6 shift in a 4 ◦C

climate scenario compared to the case without interactions

-3

C7 I find this figure easy to understand Options: 1-5 Likert scale

C8 I am confident that I read this figure correctly to inform my answer-choice Options: 1-5 Likert scale

C9 This visualisation provides enough information to justify your answer Options: 1-5 Likert scale

C10 I would use this visualisation for similar problems Options: 1-5 Likert scale

C11 Please briefly describe one or two challenges you had when reading the figure (if any) Free-text
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C12 Please briefly describe one or two things you find useful about this figure (if any) Free-text

Which combinations of strategies serve multiple hazards and sectors?

D1 Looking at Pathways Performance with the pathway combination Farmer Flood - Path-

way 1, Farmer - Drought Pathway 5, Municipality - Flood Pathway 6 and Shipping -

Drought Pathway 0: what are the expected Farmer - Flood Costs in a 4 ◦C climate sce-

nario?

Different options: [10 / 110 /

150]

D2 Looking at Pathways Performance with the pathway combination Farmer Flood - Path-

way 1, Farmer - Drought Pathway 5, Municipality - Flood Pathway 3 and Shipping -

Drought Pathway 0: what are the expected Farmer - Flood Costs in a 4 ◦C climate sce-

nario?

Different options: [0 / 20 / 30]

D3 Which of the two considered Municipality Flood Pathways is more attractive from a

Farmer - Flood perspective in a 4 ◦C climate scenario?

3

D4 Looking at Pathways Maps with the pathway combination Farmer Flood - Pathway 1,

Farmer - Drought Pathway 5, Municipality - Flood Pathway 6 and Shipping - Drought

Pathway 0: how many measures are implemented for Farmer - Flood Pathway 1 in a 4
◦C climate scenario?

2

D5 Looking at Pathways Maps with the pathway combination Farmer Flood - Pathway 1,

Farmer - Drought Pathway 5, Municipality - Flood Pathway 3 and Shipping - Drought

Pathway 0: how many measures are implemented for Farmer - Flood Pathway 1 in a 4
◦C climate scenario?

1

D6 Which of the two considered Municipality Flood Pathways is more attractive from a

Farmer - Flood perspective in a 4 ◦C climate scenario?

3

D7 I find this figure easy to understand Options: 1-5 Likert scale

D8 I am confident that I read this figure correctly to inform my answer-choice Options: 1-5 Likert scale

D9 This visualisation provides enough information to justify your answer Options: 1-5 Likert scale

D10 I would use this visualisation for similar problems Options: 1-5 Likert scale

D11 Please briefly describe one or two challenges you had when reading the figure (if any) Free-text

D12 Please briefly describe one or two things you find useful about this figure (if any) Free-text

A1 Classification of participants according to their expertise

Survey participants were asked to self-describe their expertise. We used this to investigate to what degree prior experience with

the concepts is affecting the objective and subjective fit of the visualisations. The expertise attributes that were used to assign

participants to specific expert groups are summarised in Table A4.
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Table A4. Overview of expert groups and key expertise attributes that are distinctive for allocating participants

Expert group Distinctive expertise attributes

DMDU Decision making under deep uncertainty, scenarios, pathways

Climate Change Adaptation, DRM Climate adaptation, multi-hazards, flood adaptation, statistical modelling, DRM, risk manage-

ment

Other General topics without focus on uncertainty or climate adaptation, includes fields like economics,

water quality, food systems
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