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13 Abstract
14 Diverse groups exhibit enhanced capabilities in tackling complex problems compared to 

15 individuals. Also, involving diverse stakeholders has been shown to improve the 

16 understanding of complex social-ecological systems. Considering this, we investigated how 

17 pooling the knowledge of diverse stakeholder crowds can create new, emergent knowledge 

18 on cascading drought impacts. We define ‘emergent knowledge’ as information that only 

19 becomes visible when multiple perspectives are combined. Therefore, we used participatory 

20 modeling to capture the systemic effects of droughts on diverse socio-economic and 

21 environmental systems. We interviewed 25 stakeholders with different expertise to obtain 

22 individual causal loop diagrams (CLDs) representing how drought impacts propagate in a case 

23 study in Thuringia, Germany. These CLDs were aggregated to develop a collective CLD. We 

24 then compared the individual and collective CLDs using graph theory statistics. Our analysis 

25 revealed emergent system-level features, such as feedback loops, that only became apparent 

26 when combining individual perspectives. Also, variables like ‘biodiversity loss’, which had 

27 minimal influence within the individual CLDs, gained influence in the collective CLD. These 

28 findings demonstrate how pooling diverse stakeholder knowledge on cascading drought 

29 impacts unveils new insights that may be hidden when considering only individual 

30 perspectives. We anticipate these findings to enhance the integration of knowledge from 

31 diverse stakeholder crowds when studying complex drought impacts. Furthermore, these 

32 findings highlight the need for careful consideration in selecting domain expertise in 

33 participatory processes that study drought impact cascades, as the system dynamics can vary 

34 substantially.

35
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37 1. Introduction
38

39 Droughts trigger a series of cascading and compounding impacts (CCI) due to 

40 interdependencies between coupled natural and social systems (1,2). As such, they often 

41 cause impacts that transcend sectors (3). For example, the low water availability in European 

42 rivers in 2022 had far-reaching consequences for the energy sector, leading to decreased 

43 nuclear and hydropower generation (4,5). As a result, electricity prices increased, causing 

44 subsequent disruptions in industrial production (6). The effects of droughts can also spill over 

45 beyond their initial temporal and spatial domains, impacting areas not directly exposed to the 

46 physical hazard (7). Indeed, droughts have been shown to lead to food security crises due to 

47 food production shocks in countries other than those where the food is produced (8). 

48 Consequently, gaining a deeper understanding of drought cascading impacts is crucial to 

49 inform the ex-ante management of systemic risks, as emphasized in the research agenda of 

50 the Integrated Research on Disaster Risk 2021-2030 (9) and by several researchers (10,11).

51

52 Responding to this need, scholars are investigating the propagation of droughts’ impacts and 

53 how they interact with society (12,13). Typically, qualitative descriptions and narrative 

54 accounts based on observed data are employed to depict how the impacts unfold (14). For 

55 example, (13) conducted a literature review, examining scientific articles to identify evidence 

56 of cascading consequences of droughts in 8 case studies. Detailed studies focusing on 

57 specific economic sectors, such as agriculture, are also prevalent (15). Nevertheless, gaining 

58 a holistic understanding of the drought CCI across multiple sectors remains challenging due 

59 to the limited availability of impact data (16).

60

61 To provide a nuanced and comprehensive understanding of drought CCI, local stakeholders 

62 who experience or manage drought-related challenges may play a significant role, as they 

63 possess first-hand knowledge regarding the affected systems (17). Such knowledge becomes 
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64 valuable when data on impact occurrence is incomplete or access restricted (18,19). 

65 Furthermore, by involving local stakeholders, researchers can ensure that the study findings 

66 reflect the reality of the affected population (20) while at the same time promoting social 

67 learning (21).

68

69 While including stakeholder perspectives to investigate drought impacts is not a new topic 

70 (22–25), few studies have attempted to systematically model the relationship between multi-

71 sector impacts based on the stakeholder inputs (26). Even fewer have explored how group 

72 diversity can provide new knowledge on the CCI of droughts. However, as stakeholders hold 

73 a partial understanding of complex systems (19) shaped by their experiences and values, 

74 relying solely on single perspectives exposes a significant gap in our knowledge of drought 

75 CCI patterns. Instead, collective intelligence, that is, the ability of a group to solve problems 

76 effectively, can support an improved understanding of drought impact dynamics. Collective 

77 intelligence also referred to as the wisdom of crowds, has been shown to lead to an enhanced 

78 understanding of complex social-ecological systems (27) or to promote changes in awareness 

79 of climate change impacts (28).

80

81 In this study, we draw from research on collective intelligence (18) and complex systems 

82 theory (29,30) to examine the CCI of droughts. We hypothesize that by combining the 

83 perspectives of diverse stakeholders, emergent knowledge about the CCI becomes tangible. 

84 By emergent knowledge, we refer to an understanding of CCI that is not apparent within 

85 individual stakeholders’ perspectives but emerges when combining diverse perspectives. This 

86 idea follows the concept of emergent system properties, where the system is more than the 

87 sum of its individual parts (30). To address this hypothesis in a real-world context, we employ 

88 a participatory modeling approach that leverages causal loop diagrams (CLD) and social 

89 network analysis to quantify emergent knowledge. Specifically, we aim to (1) identify the 

90 impacts or drivers that most significantly emerge in influencing the impact cascades according 

91 to collective insight and (2) determine new knowledge concerning the structural properties 
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92 (such as feedback loops or other complex structures) of CCI that emerges when pooling 

93 diverse stakeholder perspectives.

94

95 The participatory process took place in a case study on the German federal state of Thuringia, 

96 a region recently affected by severe drought conditions with far-reaching consequences 

97 across multiple sectors (14,31). This area experienced drastic forest dieback in 2019 and 

98 2020, during which over a third of all trees were damaged (14). Recent drought events (e.g. 

99 2003, 2018, 2019) exposed the region to Germany’s most severe soil moisture deficits (32). 

100 Furthermore, Thuringia is particularly prone to future temperature increases according to 

101 climate model ensembles considering different greenhouse gas concentration scenarios (33). 

102

103 2. Methods and data
104

105 We engaged in a participatory process with local stakeholders with experience in managing 

106 drought-related challenges following a multi-step research design (see Fig 1). First, we 

107 generated causal loop diagrams (CLDs) through individual stakeholder interviews. In these 

108 CLDs, drought impacts and their drivers are described as variables (i.e. nodes) connected 

109 within a network structure to indicate causal relationships. Second, we homogenized the 

110 individual CLDs by grouping the variables across all CLDs according to similar terms and 

111 concepts. We then created a collective CLD that aggregates all individual CLDs. This 

112 collective CLD was then validated by stakeholders within a group workshop to assess whether 

113 it depicts the reality of CCI. To identify emergent knowledge resulting from the aggregating of 

114 CLDs, we employed network statistics to evaluate the network structure and its properties 

115 (e.g. node centrality). The following sections describe these steps in detail.

116

This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


6

117

118 Figure 1: Overview of the research process. 

119

120 2.1. Stakeholder selection

121

122 Stakeholder selection is a crucial step in participatory processes, as stakeholders directly 

123 influence the research outcomes (34). Here, we employed a purposive sampling approach   

124 (35) to provide a diverse representation of stakeholders from different types of institutions 

125 (NGOs, state or administrative agencies, private persons, or businesses) and sectors (e.g. 

126 agriculture, forestry, or water supply). Initially, a list of 44 potential stakeholders was developed 

127 based on consulting with local partners in the case study and complementing web research. 

128 These stakeholders were categorized based on the sector and type of institution they 

129 represent. Of the 44 people contacted between September and November 2022, 25 (56%) 

130 agreed to participate in the interviews. The stakeholders who accepted the invitation were 

131 ensured with a comprehensive description of the research goals and were informed about 

132 their right to withdraw from the study at any time.

133

134 2.2 Elicitation of individual causal loop diagrams (CLDs) 

135 through interviews

136
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137 We used CLDs to capture and visualize stakeholders’ perspectives on the cascading impacts 

138 of droughts. CLDs are widely used in participatory modeling as they allow for an intuitive 

139 mapping of causal relationships reflecting individuals’ perspectives on particular phenomena 

140 (36,37). With a network structure, CLDs represent system variables (e.g. crop yields, 

141 precipitation) as nodes, whereas links (directed edges of the network) indicate how the 

142 variables are related (see Fig S1). CLDs effectively model complex dynamics by detailing how 

143 changes in one variable influence others, either amplifying (via positive links) or reducing (via 

144 negative links) their effects (for details on CLDs, see Biggs et al., 2021).

145

146 To elucidate the stakeholders’ CLD, we conducted 25 semi-structured interviews lasting for 

147 30-45 minutes, either in person or remotely. At the beginning of the interviews, the interviewer 

148 introduced the concept of CLDs and the purpose of the research. Stakeholders were then 

149 prompted to discuss both current and future drought impacts in Thuringia and the drivers 

150 contributing to them. Each of these impacts and drivers was drawn by the interviewer in a 

151 collaborative tool (Mental Modeler, see (18)) as a variable (i.e. network node). With each 

152 added variable, stakeholders were requested to indicate links to existing ones (i.e. network 

153 edge). Also, we asked the stakeholders about how the drought impacts cascaded and other 

154 interactions among the drought impacts they considered. All questions were formulated as 

155 open questions to not influence the participants’ answers. For example, we phrased the 

156 question as ‘What drought impacts did you perceive’ instead of ‘Did you perceive any impacts 

157 in the agricultural sector’. The interview protocol is provided in supplementary Table S1. 

158

159 2.3 Homogenization and merging of the individual causal 

160 loop diagrams

161
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162 The interviewed stakeholders often (1) used different terms to convey identical variables (e.g. 

163 crop yield and harvest) or (2) explained the drought impacts and their drivers to varying levels 

164 of detail (e.g. decreasing hamster population and species loss). Thus, to merge individual 

165 CLDs into a unified collective CLD, they must undergo a “homogenization” process. 

166 Homogenization involves establishing a shared terminology and detail level to unify 

167 comprehension of terms across individual CLDs.

168

169 To aggregate all variables and links from the individual CLDs and create a collective CLD that 

170 reflects the pooled perspectives of all stakeholders, we followed the approach by (38). 

171 Therefore, we homogenized the variables used in each CLD by mapping them to similar 

172 concepts. For example, ‘crop yield losses’ and ‘yields in agriculture’ were aggregated to the 

173 variable ‘crop yields’. This task was conducted by two team members, who labeled and edited 

174 each other’s suggestions to arrive at a homogenization that both agreed to. Disagreements 

175 were solved by discussions between them. We removed several variables we identified as 

176 describing concepts that were too fuzzy or non-measurable (e.g. “forest management of the 

177 past”). After creating a shared terminology, we replaced the original variable names with the 

178 homogenized equivalents in each CLD. This process is detailed in File S1 to provide 

179 transparency about the decisions taken.

180

181 We then aggregated the individual CLDs by starting with the largest one in terms of variables 

182 and iteratively added the other CLDs in order of their size, following a similar procedure as 

183 (39). As we incorporated each CLD, any variables and links not already present in the 

184 aggregated model were added. To investigate knowledge saturation (40,41), a point where 

185 further interviews do not yield new variables, we assessed the number of new variables added 

186 by each CLD. If this number converges towards 0, it signals that a satisfactory number of 

187 interviews have been conducted. 

188
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189 2.4 Visualization of the collective causal loop diagrams

190

191 To visualize and describe the collective CLD we applied two visualization techniques from 

192 network analysis. First, we conducted a k-core analysis (42)  to visualize densely connected 

193 and influential variables (i.e. core) and less central ones (i.e. peripheral). This technique 

194 identifies central structures by considering the number of connections per variable. As a result, 

195 each variable was assigned a k coreness, with higher values indicating greater centrality and 

196 influence. Variables with the highest k can be interpreted as the network’s robust core.

197

198 Second, we analyzed which socio-economic and environmental systems have been 

199 mentioned and how they are related. To this end, we first categorized each variable into one 

200 of 7 systems: climate, water system, biodiversity, agriculture, forestry, economy, and water 

201 economy. Then, we counted the number of links between different systems to better 

202 understand how they are connected by impact cascades. This provided an overview of the 

203 interconnected impact patterns in the collective CLD and how impacts propagate through the 

204 different socio-economic and environmental systems.  

205

206 2.4 Validation of the collective causal loop diagram via a 

207 workshop

208

209 The validity of the collective CLD was assessed through a 2 hours workshop involving 30 

210 participants. These participants were key stakeholders from the case-study area, including 

211 researchers working on drought impacts, environmental agencies, and ministry 

212 representatives working on drought and water scarcity. They were divided into 5 groups, each 

213 comprising six individuals and a moderator. The participants were presented with a simplified 

This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

https://www.zotero.org/google-docs/?broken=7UxM4M
http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


10

214 version of the aggregated CLD on a large poster (see Fig S2). These simplifications were 

215 needed because of the high density of edges, which limited visual comprehension and aimed 

216 to provide a visually comprehensible CLD. They involved removing variables mentioned only 

217 once and eliminating redundant linkages. Moderators guided each group in examining the 

218 CLD and adjusting by adding or correcting links or variables. Following the workshop, we 

219 documented the variables and links the participants added or removed, as detailed in 

220 Supplementary Table 2.

221

222

223 2.5 Analyzing the significance of each variable

224

225 We measured and compared the centrality of variables within the CLDs using graph statistics 

226 to identify which specific impacts or drivers emerge as most influential in the CCI impact 

227 patterns (see research question 1). Various centrality statistics can identify critical variables in 

228 CLD (43). Here, we used betweenness centrality, which is calculated as the number of 

229 shortest paths passing through a given variable relative to all shortest paths in the network. 

230 For the CCI of droughts, this can be interpreted as identifying the key variables through which 

231 drought impacts propagate. We selected this statistic because it effectively pinpoints variables 

232 that control information flow within networks (44). 

233

234 We compared the betweenness centralities of variables between individual and collective 

235 CLDs to identify those that emerge as influential when pooling stakeholders’ knowledge. For 

236 instance, a variable could display low centrality in the individual CLDs while having a high 

237 centrality in the collective CLD. This would indicate the strong influence of such variable 

238 becomes visible only when pooling diverse knowledge. Therefore, we calculated the 

239 betweenness centrality for each variable in the individual CLDs and normalized it based on 
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240 the maximum and minimum centrality of each CLD. Then, we compared these normalized 

241 centrality means of the individual CLD’s variables with the respective counterparts in the 

242 collective CLD. This allowed us to understand better how aggregating diverse perspectives 

243 enhances the identification of variables with significant systemic influence.

244

245

246 2.6 Analyzing the structural properties of the causal loop 

247 diagrams

248

249 To answer research question 2 and provide evidence on structural system properties of the 

250 CCI that emerge when pooling individual stakeholder perspectives, we leveraged network-

251 level statistics that can measure different structural features. We compared individual and 

252 collective CLDs using network-level statistics (i.e. average path length, diameter, 

253 centralization, transitivity), which we interpreted as indicators of CCI complexity. Network-level 

254 statistics describe the overall structural features of the CLD rather than focusing on individual 

255 variables. The selected statistics enabled us to evaluate the complexity of the cascading 

256 impact patterns, the level of interconnectedness among variables, and the degree of 

257 centralization of impact cascade patterns towards individual variables. A detailed description 

258 of each statistic is provided in Table 1. For instance, average path length measures the 

259 average distance between all nodes in the CLD. This can be interpreted as how tightly 

260 connected variables are and how nuanced cascading patterns are described. Complementing, 

261 the diameter of a CLD represents the maximum length of the longest causal chain in the CLD. 

262 A larger diameter signifies more extended and indirect causal pathways between variables. 

263 Network centralization determines if a CLD is centered around a few highly central variables 

264 or has a more decentralized structure. Network transitivity assesses the likelihood in networks 

265 that connections between three variables form a closed loop. Specifically, if node A is 
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266 connected to node B, and node B to node C, there is a high probability of a direct link between 

267 node A and C. For CLDs, we interpret these triangular formations as indicators of complex, 

268 non-linear interdependencies among variables.

269

270 Table 1:  Overview of network-analysis statistics used in this study. Variable-level 

271 statistics concern individual nodes, while network-level statistics concern 

272 characteristics that describe the entire network.

Statistic Definition Interpretation

In-degree 
centrality

The sum of links incoming to a particular 
node in the network

Level of influence received from other variables, 
how many factors directly affect it within the system

Out-degree 
centrality

The sum of links outgoing to a particular 
node in the network

The extent of its influence on other variables factors 
it directly impacts within the system

Variable
-level

Betweenness 
centrality

Importance of a particular node based 
on its role as a bridge

Role as an intermediary in the interactions between 
variables

Average path 
length

Average distance between all pairs of 
nodes in the network

The average number of causal steps or links that 
connect variables in the system

Diameter The maximum shortest distance 
between any two nodes in a net

Maximum distance across which a causal effect 
travels within the system

Centralization Measure of how centralized a network is 
towards a particular node

High centralization suggests that a small number of 
variables have a significant number of connections

Transitivity A measure of tendency for 
interconnectedness or clustering in a 
network

The extent of causal effects in the system to form 
closed loops or chains of influence

Network
-level

Feedback loop Closed-directed cycle in a network Structural elements that either drive escalating or 
balancing dynamics in the reflected system

273

274 We specifically analyzed emerging feedback loops as these are a common structural feature 

275 contributing to the non-linear dynamics of complex social-ecological systems (45–47). In 

276 CLDs, a feedback loop is defined as a set of variables that are connected by edges in a closed 

277 cycle. This allows for the continuous flow of an impulse created by the change of one variable 

278 within the loop, which can either be self-reinforcing or self-regulating. In self-reinforcing 

279 feedback loops, all variables change in the same direction, thereby creating a snowball effect 

280 where an initial impulse is continuously amplified. A reinforcing feedback loop could drive the 

281 escalation of a particular impact, such as increasing water scarcity. For example, increased 

282 agricultural water demand can lead to over-extraction of groundwater, limiting water availability 
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283 and resulting in even more aggressive groundwater extraction. Instead, balancing feedback 

284 loops prevents the escalation of a particular effect. For example, water conservation measures 

285 that respond to decreasing groundwater levels can lead to reduced water usage and thereby 

286 stabilize groundwater levels. 

287

288 3. Results

289 3.1. Individual interviews and CLDs of drought-society 

290 interactions

291

292 We conducted 25 interviews, resulting in 21 individual CLDs, which could be further 

293 processed. Reasons for interviews that failed to produce a CLD are declined usage for 

294 research purposes (n=1), technical failure of the modeling software during the interview (n=1), 

295 and stakeholders preferring traditional interviews over CLD development (n=2). The 

296 organizational types of the selected stakeholders (i.e. NGOs, government bodies, research, 

297 and industry) exhibit equal presence across organizational types, with scientists being an 

298 exception, being featured only twice. Each sector type is ensured representation by at least 

299 one expert, although certain sectors are disproportionately emphasized, particularly in the 

300 case of nature conservation and industry (Table 2).

301

302 The CLDs resulting from the individual interviews vary in the number of variables yet share a 

303 strong degree of cross-sectoral impact patterns. Stakeholders used a median of 9 variables 

304 with high variance (minimum: 3, maximum: 22, standard deviation: 5.4). Overall, the variables 

305 in the individual CLDs are linked to an average of 5 socio-economic and environmental 

306 systems.

307
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308

309 Table 2: Overview of represented sectors and organizational type.

Class N

Nature conservation 5

Industry 4

Water supply 3

Agriculture 3

Science 2

Water ecosystems 2

Forestry 1

Fishing 1

Water management 1

Represented expertise

Environmental ecosystems 1

NGO 9

Governmental body 8

Industry 6

Organization type

Research center 2

310

311 3.2. Collective CLD of drought-society interactions

312

313 The aggregation of the 21 individual CLDs led to a collective CLD consisting of 76 variables, 

314 summarizing those 345 originally mentioned by the stakeholders. We remove 42 variables 

315 that do not describe measurable concepts (File S1). During the aggregation of the CLDs, we 

316 observed a saturation point concerning the introduced variables (Fig 2). This indicates that a 

317 satisfactory number of interviews have been conducted. Here, the 3 largest CLDs already 

318 introduce 52% of all variables to the collective CLD, while the last 5 CLDs only add 2.2%. 

319 Thus, it can be argued that the collective CLD fully covers the CCI system under investigation 

320 and that conducting additional interviews would only add a few new information.

321
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322

323 Figure 2: Aggregation of individual CLDs. Bars represent the number of variables 

324 included in each individual CLD. The red line indicates the number of new variables 

325 introduced in each step of the aggregation. 

326

327 K-core analysis results showed that the collective CLD consists of a densely connected core 

328 and a less well-connected peripheral structure (Fig 3a). In the center, variables with a high k-

329 core centrality engage in a dynamic interplay, impacting and being impacted by others. 

330 Variables in the peripheral structure with lower k-core centrality either influence the core 

331 structure or are influenced by it.

332

333 The collective CLD displays high interconnectivity among the different systems (see Table S1 

334 for the definition of all systems). Particularly, there are many connections between variables 

335 associated with ‘climate’ (e.g. precipitation) and ‘water’ systems (e.g. surface water level) (Fig 

336 3b). These two densely interconnected systems facilitate the propagation of climatic trends to 

337 bio-physical drought conditions and consequent impacts. Variables in the ‘water’ system hold 

338 connections to all those systems where impacts are felt, such as ‘agriculture’, ‘forestry’, and 

339 ‘economy’. Among the systems impacted by drought, we observe differences in the number 

340 of ties to other systems. For instance, dense interconnections exist between the ‘forestry’ and 

341 ‘biodiversity’ systems, reflecting upon the ecosystem services provided by forests. Instead, 
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342 stakeholders included few links between ‘forestry’ and ‘agriculture’, which matches 

343 expectations.

344   

345 Figure 3: Visualization of collective CLD and cross-sectoral linkages. A) k-coreness 

346 visualization of the collective CLD. High coreness values indicate a higher level of 

347 centrality and influence in the overall system dynamics. B) Connections in the 

348 collective CLD between the individual socio-economic and environmental systems. The 

349 size of an edge corresponds to the number of variables in each system, and the size of 

350 ties corresponds to the number of connections between two systems. 

351

352 During the validation workshop, stakeholders suggested 20 additional variables and mildly 

353 questioned existing links. However, only five of these were not part of the collective CLD 

354 already. The suggested 15 variables were only removed in the simplified version of the CLD 

355 presented to the workshop participants yet contained in the collective CLD we analyze in the 

356 subsequent sections. Each group questioned an average of five existing links and added an 

357 average of 5.8 links. Similarly, a large share of the added links is part of the collective CLD 

358 already, yet had been removed for simplification. The validation highlights the logical 

359 consistency of the CLD and the convergence toward a complete representation of the system 
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360 under investigation. Even though the workshop participants come from highly diverse 

361 backgrounds (e.g. public sector, science), the CLDs were effective in instigating discussions. 

362 This emphasizes the applicability of CLDs in providing a neutral communication technique 

363 (48).

364

365 3.3 Emerging critical variables in CCI drought propagation 

366 patterns

367

368 The betweenness centralities of each variable reveal influential impacts and drivers within 

369 individual and collective CLDs. These can be regarded as variables with a higher importance 

370 in influencing the CCI patterns. Overall, the betweenness centrality scores of variables in the 

371 individual CLDs vary significantly (see Fig 4). For instance, ‘water use restrictions’ stands out 

372 as the most central variable in one but ranks least central in another CLD (median: 0.35, sd: 

373 0.36). These variances occur across most variables and highlight the differences in their 

374 perceived centrality depending on the stakeholders’ viewpoints. Conversely, variables with 

375 lower variance are either variables positioned at: (i) the beginning of CCI patterns, thus 

376 possessing a low centrality (e.g. climate change), (ii) the end of CCI patterns, thus possessing 

377 a high centrality (e.g. biodiversity losses), (iii) the middle of CCI patterns, thus possessing 

378 medium to high centrality (e.g. industrial production). Yet, it is important to state that the 

379 variation across models displayed here depends on the number of times a variable is 

380 mentioned in individual CLDs. 
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381

382 Figure 4: Betweenness centralities of individual variables in the individual CLDs. Higher 

383 values indicate variables with a greater impact on the overall dynamics of the system, 

384 as they are positioned at key junctures in the causal relationships. The centralities are 

385 normalized to 1 for each CLD individually to allow for comparisons using the CLD’s 

386 maximum and minimum betweenness centrality values. Boxplots represent median, 

387 0.25 and 0.75 quantiles. Circles represent outliers.

388

389 This picture changes drastically when considering the collective CLD: our results show that 

390 several variables transition from low centrality in the individual CLDs to high scores in the 

391 collective one (Fig 5A, green marking). As a result of the aggregation process, these variables 

392 become strongly embedded in the collective CLD, thus gaining prominence. For example, 

393 ‘biodiversity loss’ holds low centrality in the individual CLDs as it functions predominantly as 

394 an outcome variable (13 links from other variables, 3 links to other variables). However, when 

395 aggregating both ingoing and outgoing links, the ‘biodiversity loss’ becomes more embedded 

396 in the CCI patterns. This example shows how variables can emerge as central only when 

397 aggregating diverse stakeholder perspectives. 
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398

399 Figure 5: A Betweenness centrality of variables in the individual CLDs and collective 

400 CLD. For the individual CLDs, betweenness centrality was calculated and normalized 

401 by the CLD’s respective minimum and maximum betweenness centrality. Then, for each 

402 variable, the mean betweenness centrality was computed across all individual CLDs. B 

403 histogram with the distribution of betweenness centralities in the collective CLD.

404

405 At the same time, we identify variables with high centrality in the individual CLDs but with low 

406 centrality in the collective CLD (Fig 5A, blue marking). For example, ‘snow' emerges as the 

407 most central variable in the individual CLDs while featuring low centrality in the collective CLD. 

408 These variables typically are mentioned by only one stakeholder, resulting in a lack of 

409 emergent effects that could elevate their centrality in the collective CLD. Essentially, these 
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410 variables can be perceived as outliers that are not part of a collective understanding shared 

411 by multiple stakeholders. 

412

413 The disparity between the collective and individual CLDs is supported by their weak correlation 

414 (Fig 4a). Although there is a positive correlation (R2 = 0.1), its low value suggests that many 

415 variables that are central in the individual CLDs are not influential in the collective CLD and 

416 that many variables influential in individual CLDs lack influence in the collective CLD.

417

418 3.4 Emergent-system-level properties

419

420 The structure of the collective CLD is decentralized and less dependent on single variables 

421 (Fig 6b). Overall, the pooling of diverse knowledge leads to more complex CCI patterns, as 

422 indicated by the average path length, network diameter, and network transitivity. The average 

423 path length in the collective CLD (2.6) is higher than in most individual CLDs (median 2.1). 

424 Similarly, the network diameter of the collective CLD is larger, indicating a more detailed 

425 depiction of cascading impacts. Additionally, the network transitivity of the collective CLD 

426 (0.26) exceeds the median of the individual CLDs (0.11). This highlights the emergence of 

427 transitive structures in the collective CLD, implying higher complexity levels in the described 

428 CCI drought patterns. 

429

430 The decentralized structure in the collective CLD is reflected by its moderate network 

431 centralization (0.14). While there is still a core-peripheral structure, the core comprises 

432 multiple, equally central variables. In contrast, the individual CLDs show strong variation in 

433 centralization (median 0.14, sd: 0.1). This decentralization stems from varying stakeholder 

434 prioritizations, which are reconciled through aggregation. These findings were as expected 
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435 since the number of variables in a CLD significantly influences these network statistics, and 

436 the collective CLD has more variables. 

437

438 We find an increase in the number of feedback loops when aggregating randomly sampled 

439 individual CLDs. While only 2 of 21 stakeholders described a total of 7 feedback loops in the 

440 individual CLDs, the collective CLD features 108 feedback loops. This trend is highlighted 

441 when a varying number of individual CLDs is gradually combined (see Fig 6b). Our results 

442 show that the number of feedback loops increases exponentially. For instance, aggregating 8 

443 CLDs results in a median of 6 feedback loops, whereas combining 15 CLDs leads to 26 

444 feedback loops. Also, outliers for each boxplot show that the number of apparent feedback 

445 loops resulting from these aggregations depends on which CLDs are sampled.

446

447

448 Figure 6: A: Number of emergent feedback loops when aggregating multiple individual 

449 CLDs. B: Network-level statistics measuring characteristic features of both individual 

450 and collective CLDs.

451

452 In the collective CLD, we identify both balancing and self-reinforcing feedback loops that 

453 underscore the CCI patterns' interconnected nature and the system's non-linear behavior. 

454 While seemingly intuitive, these feedback loops only emerge upon aggregating individual 

455 CLDs. For example, several balancing feedback loops center around ‘water use restrictions’, 

456 which stabilize both ground- and surface-water levels within industrial water withdrawal, 
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457 agricultural irrigation, and general water consumption (see Fig 7a). The implementation of 

458 water use restrictions leads to reduced water withdrawal and, subsequently, a decline in 

459 industrial production. In turn, this eases the presence of water use restrictions. According to 

460 the participating stakeholders, these restrictions prompt a decrease in overall water 

461 consumption, raising groundwater and surface water levels, thus prompting a reduction in 

462 water-use restrictions. In the ‘agriculture’ system, water use restrictions lower the available 

463 irrigation water, thereby contributing to an increasing ground- and surface water level, again 

464 reducing the water-use restrictions in place. 

465

466 Self-reinforcing feedback loops emerge in the collective CLD, implying escalating effects on 

467 water quality and biodiversity (see Fig 7b). In this example, water quality and biodiversity 

468 losses are coupled with drought impacts. For example, a decline in water quality leads to a 

469 reduction in biodiversity, which amplifies the drying out of ecosystems. Consequently, 

470 ecosystems lose their natural water absorption capacities, and the overall water quality further 

471 deteriorates. Additionally, water quality and eutrophication form a self-reinforcing feedback 

472 loop. As water quality declines due to increased eutrophication, a diminishing water quality, in 

473 turn, accelerates eutrophication.

474

475 Figure 7: Example feedback loops that emerge in the collective CLD. A) balancing loops 

476 involving water use restrictions. B) reinforcing loops on water quality and biodiversity 

477 losses. 
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478 4. Discussion

479

480 Collective intelligence has been shown to provide improved estimates and knowledge 

481 compared to individuals in various domains (18,19,49). Against this background, our findings 

482 confirmed that aggregating individual stakeholder knowledge on CCI of drought can indeed 

483 lead to new knowledge on certain system elements. Using CLDs and network statistics, our 

484 study provides insights into critical variables and system properties that only emerge when 

485 pooling diverse stakeholder knowledge and perspectives. 

486

487 Our findings illustrate the applicability of CLDs for analyzing complex patterns of drought-

488 induced CCI from diverse perspectives. Prior work has leveraged CLDs to capture the 

489 complex dynamics imposed by drought impacts while focusing on the system complexity 

490 (24,50). However, the added value of stakeholders and participatory research designs remains 

491 unexplored for studying CCI patterns of droughts. Thus, our study contributes by highlighting 

492 the suitability of CLDs for integrating different, unique perspectives on CCI and providing a 

493 series of statistics and analyses for drawing new knowledge from these. Particularly, the 

494 aggregation process of the CLDs shows if a knowledge “saturation” is reached, where all 

495 relevant impacts and drivers within the studied system are considered. Thereby, the system’s 

496 boundaries (i.e. the variables relevant to understanding a system) can be clearly defined 

497 (40,51). As saturation was achieved after around 17 interviews (Fig 2), we can reason that the 

498 most relevant drivers and impacts of droughts have been mapped in the interview process. 

499

500 By comparing the betweenness centrality of variables between the individual CLDs and the 

501 collective CLDs, we identified multiple variables that emerged as influential in the CCI patterns 

502 only when combining stakeholder perspectives. For example, ‘biodiversity losses’ was not 

503 central within individual CLDs. It becomes highly central only when aggregating the individual 

504 CLDs, reflecting its positioning within key CCI impact patterns of drought (52,53). This 
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505 observation points to the benefits of explicitly combining diverse stakeholder perspectives to 

506 reveal critical system components. For future research, our results stress the importance of 

507 considering individual system components in CCI patterns from different perspectives to 

508 assess their total influence.

509

510 The emerging knowledge concerning structural features of CCI drought impacts became 

511 evident when considering feedback loops within the models. While the individual models held 

512 mostly no feedback loops, their number drastically increased in the collective CLD. For 

513 instance, it became the collective insight of stakeholders that highlighted the balancing role of 

514 water use restrictions in emerging feedback loops. The resulting balancing feedback loops 

515 thereby contributed to a more stable water withdrawal. Prior research has emphasized the 

516 critical role of feedback loops in understanding complex system dynamics, as these loops 

517 introduce key non-linear elements, such as escalating or balancing behaviors (29,30,50). 

518 While previous work on drought impacts has underscored their relevance (50,54), our 

519 research contributes by stressing how the knowledge of feedback loops might only be visible 

520 when combining knowledge from stakeholders with different expertise.  

521

522 The participatory design of this research enhanced stakeholder engagement and contributed 

523 to instigating discussions. The interviews and workshop facilitated a stronger sense of 

524 interaction and intuitive access to the study subject. Also, the intuitive network visualizations 

525 of the CLD allowed stakeholders with different levels of expertise to reflect on CCI patterns 

526 and quickly understand the aggregate CLD. Multiple studies have shown such positive effects 

527 of participatory research using CLDs across other domains (48,55,56). Therefore, we 

528 advocate for more widespread use of participatory modeling approaches for communicating 

529 CCI of droughts as their multi-sectoral nature requires the involvement of diverse stakeholders 

530 (without knowledge of modeling techniques required) to understand such complex systems 

531 better 

532
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533 Our study has certain limitations that warrant consideration. First, our findings concern a single 

534 case study and thus constrain their generalizability. Future research should thus compare 

535 such findings across regions exhibiting different CCI patterns. Second, the qualitative nature 

536 of the CLDs can limit the practical use of such models e.g. for policy-making. Therefore, we 

537 suggest using e.g. fuzzy-cognitive maps or system dynamics modeling for a (semi-) 

538 quantitative modeling of such impact cascades for future research (16). These could be used 

539 to test different scenarios, such as unintended consequences of adaptation measures. 

540 However, it's essential to note that these methods tend to be more cognitively demanding, 

541 requiring thorough understanding and expertise in their application.

542

543 5. Conclusion 

544

545 In this study, we analyzed how pooling the knowledge of individual stakeholders on CCI 

546 drought impacts can lead to new knowledge about the system. We found that this pooling 

547 uncovered emergent system-level features, such as feedback loops, and variable-level 

548 characteristics. Indeed, variables that hold little importance in individual mental models 

549 became more significant in collective ones. This includes variables such as biodiversity loss 

550 and the role of water use restrictions, which only became apparent through the synthesis of 

551 individual perspectives. These findings underscore the unique value of integrating diverse 

552 stakeholder knowledge in understanding complex drought impacts. The study underscores 

553 the necessity of considering a variety of expert opinions to capture the complexity of drought-

554 society interactions, emphasizing that the dynamics of drought impacts can significantly vary 

555 based on the diversity of knowledge integrated into the model. For future research, these 

556 findings are essential for designing assessments and modeling complex, multi-sectoral 

557 drought impacts as they highlight the role collective intelligence can play in revealing otherwise 

558 ignored aspects of environmental phenomena.

559
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728 Supporting information

729

730 S1 Fig. Illustration of CLD composition and functionality. CLDs consist of a set of nodes 

731 and edges where nodes represent variables and edges the causal relationships between 

732 them. Relationships can be positive or negative, referring to whether a change in one 

733 variable leads to an increase or decrease in the state of the second variable.

734

735

736 S2 Fig. Simplified collective CLD that was presented to stakeholders during the 

737 validation group workshop. 
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739 S1 Table: Definition of systems into which variables in the CLDs are categorized.

System Description

Agriculture Involves the cultivation of crops and the 
rearing of livestock for food production

Biodiversity Includes the variety of plant and animal life 
within a particular habitat or ecosystem

Water economy This system focuses on the management 
and distribution of water resources for 
various human activities

Forestry Forestry involves the management and 
conservation of forests 

Economy The economic system encompasses the 
production, distribution, and consumption of 
goods and services 

Climate Encompasses the long-term patterns of 
temperature, precipitation, wind, and other 
atmospheric conditions in a particular region

Water system Comprises the interconnected network of 
water bodies, including rivers, lakes, and 
groundwater
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741 S2 Table. Interview guideline

Introductory questions

1. Describe your position
2. What are your areas of focus and responsibilities?
3. How long have you been working in this position?
4.  How would you assess your knowledge of droughts and low water levels in 

Thuringia? (Low, Moderate, High)

Sector-specific impacts

1. What specific impacts of drought and water scarcity have been observed in your 
sector in the past?

2. Are there geographic hotspots in Thuringia for the outlined impacts?
3. What are the possible causes of these impacts, such as socio-economic or climatic 

factors?
4. In your opinion, what impacts of drought and water scarcity can be expected in 

your sector in the future? Can you think of impacts that have not yet occurred but 
could occur (plausible impacts)?

Cascading, interconnected, and other cross-sectoral impact relationships

1. What cascading and interdependencies exist between the outlined drought 
consequences?

2. Apart from cascading impacts, where have you experienced overlaps (e.g., 
conflicts, compromises, or collaborations) with other sectors? What caused these 
situations, and do they occur only during specific drought events or regularly?

Coping and adaptation measures

1. To what extent does your organization engage in preparations and activities to 
address the impacts of drought and water scarcity?

2. What coping and adaptation measures has your institution already taken in the 
past to address the impacts of drought and water scarcity in your sector? Have the 
effects of these measures been evaluated, and if so, what was the assessment?

3. How urgently do you consider coping and adaptation measures in terms of future 
impacts of drought and water scarcity in your sector?

4. In addition to the existing coping and adaptation measures, are there any further 
measures that your institution considers for future implementation? Under what 
circumstances are these measures being considered?

5. What measures should be implemented to avoid future cross-sector conflicts 
arising from drought and water scarcity (e.g., agreement on compromises, 
collaborations, etc.)?

742

743 S1 File. Documentation of model aggregation. 
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