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Abstract 6 

Resilience is a central concept in ecology and environmental policy, yet its meaning 7 

and quantification remain inconsistent across subfields. Clarifying how resilience is 8 

defined and measured across the subfields of ecology is therefore a critical step 9 

towards delivering coordinated efforts to strengthen resilience research. Here, we 10 

analyse 594 studies published between 1977 and 2025 to determine how resilience is 11 

quantified across ecological contexts. Using large language models to extract 12 

structured data and conditional inference forests to assess predictors of metric choice, 13 

we show that resilience is most commonly (~25%) quantified using recovery rate and 14 

recovery degree, but no single metric dominates. Crucially, study attributes like 15 

organisational level, methodological approach, and disturbance regime explain only a 16 

small fraction of variation in metric selection. Despite this apparent inconsistency, more 17 

than 90% of studies draw from a shared set of six quantitative dimensions of resilience. 18 

This combination of weak constraint and latent convergence suggests that resilience 19 

metrics function as a flexible but implicitly standardised toolkit rather than as context-20 

specific constructs. We argue that this hidden structure provides a foundation for a 21 

unified, multidimensional resilience framework that can support synthesis across 22 

ecological systems and improve the translation of resilience science into conservation 23 

and policy. 24 

 25 
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Introduction 26 

Global change is accelerating biodiversity loss1,2 and altering ecosystem functioning 27 

worldwide3,4. In this context, resilience has become a central concept in ecology5,6 and 28 

a cornerstone of environmental policy7,8. Yet, despite its widespread use, resilience 29 

remains difficult to define and even harder to measure consistently across studies9,10. 30 

This lack of clarity limits our ability to compare results11, synthesise evidence12, and 31 

translate ecological understanding into actionable management strategies13,14.  32 

Since its introduction by Holling15, resilience has been interpreted in multiple ways. 33 

Early formulations emphasised the capacity of a system to absorb disturbances 34 

without shifting to an alternative stable state16, highlighting nonlinear dynamics and 35 

regime shifts17. Subsequent work introduced “engineering resilience”, the rate at which 36 

systems return to equilibrium following disturbance18, reflecting a more tractable and 37 

operational perspective in conservation and management contexts19. Over time, 38 

additional interpretations have proliferated, spanning multiple levels of biological 39 

organisation and focusing on distinct aspects of system dynamics20. As a result, 40 

resilience is now quantified using a wide range of metrics, from recovery rates21 and 41 

degrees of return22, to measures of resistance23, invariability24, and tipping-point 42 

proximity25. 43 

Today, resilience is widely invoked throughout ecology and operationalised in 44 

divergent ways10,26. Ecologists working across levels of biological organisation, from 45 

individuals27, populations21 to communities23,28, ecosystems25,29 and landscapes30, 46 

employ diverse metrics to capture different aspects of system responses to 47 

disturbance. For instance, community ecologists may assess interaction-network 48 

resilience as robustness to secondary extinctions23, or quantify compositional 49 

resilience as the persistence or recovery of species assemblages28, whereas 50 

ecosystem ecologists may evaluate functional resilience, either as the maintenance of 51 

photosynthetic performance under stress29 or as the temporal stability of primary 52 
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productivity dynamics25. The diversity of foci used by ecologists highlight how 53 

resilience is a multidimensional and context-dependent concept. However, while the 54 

need to understand how disturbances shape natural systems across levels of 55 

biological organisation is increasingly recognised5,31, the conceptual plurality of 56 

resilience has sown widespread and persistent confusion, hindering integration of 57 

resilience research across subfields9,32. Previous attempts to unify the concept have 58 

largely focused on theoretical clarifications9,14 or on advocating specific metrics10,33. 59 

However, these efforts have not resolved the diversity of practices observed in 60 

empirical research. A key unresolved question is whether this diversity reflects 61 

meaningful differences among ecological systems and research contexts, or whether 62 

resilience metrics are selected more flexibly, independent of study design. 63 

Here, we address this question through a large-scale synthesis of resilience 64 

research in ecology. We analyse 594 studies published in leading journals between 65 

1977 and 2025, using large language models to extract standardised information on 66 

how resilience is quantified and the contexts in which it is studied. We then test whether 67 

study attributes (e.g., level of biological organisation, methodological approach, 68 

disturbance characteristics, and measured response variable) predict the choice of 69 

resilience metric. Our results reveal a striking pattern: although resilience is quantified 70 

in diverse ways, metric choice is only weakly structured by study context. At the same 71 

time, the vast majority of studies draw from a common set of metrics to quantify 72 

resilience, indicating an underlying convergence in practice. We interpret this 73 

combination of weak constraints and shared structure as evidence that resilience 74 

metrics function as a flexible but implicitly standardised toolkit. Building on this insight, 75 

we argue that a unified, multidimensional framework of resilience is both feasible and 76 

necessary to advance synthesis across ecological systems and to strengthen the 77 

application of resilience science in conservation and policy. 78 

 79 
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Patterns and temporal trends in resilience metric use 80 

Resilience metrics cluster into six shared ways of quantification despite terminological 81 

diversity. To enable consistent comparisons across resilience studies, we first 82 

standardised the diverse terminology used to quantify resilience in the literature. 83 

Reported metrics were harmonised into six quantitative categories—recovery rate, 84 

recovery degree, recovery time, resistance, latitude and invariability—each assigned 85 

to a single term (Table 1). Importantly, we note that a given study may employ multiple 86 

metrics. We find that resilience research is dominated by direct-response approaches, 87 

yet exhibits substantial heterogeneity in how resilience is quantified. Indeed, across 88 

the 594 papers examined from 15 journals between 1977 and 2025, 80.8% quantify 89 

resilience based on directly observed system responses to disturbances, whereas 19.2% 90 

studies rely on inference-based approaches using proxy indicators such as interaction 91 

strength or land-use types (Fig. 1). Of the studies examining direct-responses to 92 

disturbances (n = 479), we identify at least 21 distinct combinations of resilience 93 

metrics. Here, recovery rate and recovery degree are the most frequently used 94 

categories, occurring in 32.8% and 31.3% of studies, respectively. Recovery time 95 

(17.5%) and resistance (14.4%) are also common, whereas multidimensional 96 

approaches combining multiple dimensions of resilience remain rare (9.2%). 97 

Despite a rapid increase in resilience research, we find no evidence that the 98 

field is converging on a common metric (Fig. 2). Even in the most recent decade, no 99 

metric exceeds one quarter of usage. To examine whether the distribution of resilience 100 

metrics shifts with the development of the field of ecology, we analysed temporal trends 101 

across five-year intervals. Across the entire study period, recovery rate and recovery 102 

degree consistently remain among the most frequently adopted resilience metrics, 103 

despite the total number of studies explicitly quantifying resilience increases sharply 104 

over time. However, even when combined, these two metrics account for less than half 105 

of all quantifications during the most recent decade (2016–2025). Two temporal shifts 106 
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are particularly evident. First, inference-based approaches began to increase during 107 

2011–2015 and now account for approximately one quarter of resilience studies as per 108 

the most recent period (2021–2025). Second, the multidimensional quantification of 109 

resilience emerges during 2016–2020 and subsequently stabilises at around 10% of 110 

studies. Aside from these changes, the proportional representation of other resilience 111 

metrics remains stable over time. Focusing on the most recent period (2021–2025), no 112 

single metric category exceeds one quarter of usage. 113 

 114 

Distribution of study attributes 115 

Our results show that resilience research spans multiple levels of biological 116 

organisation, methodological approaches, and measured variable types, with 117 

numerous combinations represented across studies (Fig. 3). The categories of 118 

measured resilience variable types are defined in Supplementary Table 1. Most 119 

studies focus on ecosystem (36.5%, n = 217) and community levels (35.0%, n = 208), 120 

whereas investigations of resilience in populations (14.1%, n = 84), landscapes (9.1%, 121 

n = 54), and individuals (5.7%, n = 34) are less frequent. Field observational studies 122 

predominate the landscape of resilience research (58.2%, n = 346), followed by model-123 

based simulations (30.1%, n = 179) and field experiments (25.8%, n = 153). Significant 124 

associations emerge among the levels of biological organisation, chosen 125 

methodological approach, and measured variable type (Supplementary Table 2). For 126 

instance, landscape-level studies are more likely to employ model-based simulations 127 

and to quantify resilience by measuring environmental context variables, such as land-128 

use type or network properties. Ecosystem-level research predominantly measures 129 

functional indicators, including productivity and biogeochemical fluxes, whereas 130 

community-level studies emphasise structural attributes such as composition and 131 

diversity and more frequently rely on field experiments. Population-level studies most 132 

often quantify abundance-based measures and process-based parameters such as 133 
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population growth rate and recruitment rate, while these studies show a greater 134 

representation of model-based simulations. In contrast, individual-level resilience 135 

investigations primarily focus on physiological or growth-related indicators. 136 

      The context of the disturbance under examination, such as its pattern, type, and 137 

duration, also exhibits a non-random landscape (Supplementary Fig. 1; 138 

Supplementary Tables 3 and 4). The categories of disturbance type are summarised 139 

in Supplementary Table 5. Among the most striking patterns here are the greater 140 

representation of pulse (short-term, discrete events34) relative to press disturbances 141 

(long-term, continuous pressures34) in studies that manipulated disturbances, and the 142 

lower occurrence in unmanipulated studies of disturbances involving changes in 143 

resource availability or chemical conditions, such as nutrient limitation or pollution. The 144 

duration of the study also varies significantly across disturbance types, with studies 145 

examining climatic, geophysical, and fire disturbances generally being characterised 146 

by longer observation periods than those focused on structural, chemical and resource 147 

availability disturbances (Supplementary Table 4).  148 

      Among the studies based on field data, resilience research is concentrated in North 149 

America, Western Europe, and China (Supplementary Fig. 2). Of the recorded 150 

disturbance events, climatic disturbances constitute the largest share (39.5%), 151 

reflecting the frequent study of phenomena such as drought and temperature extremes. 152 

Other disturbance categories are less frequently examined, such as biotic 153 

disturbances (13.5%) or fires (8.8%). Furthermore, using the IUCN habitat 154 

classification35, we show how forest ecosystems account for the largest share (23.5%) 155 

of studies examining resilience globally, followed by neritic marine systems (16.6%), 156 

grasslands (13.1%), and wetlands (12.8%). In contrast, the study of resilience in 157 

deserts, savannas, and urban systems contributes together only 6.9% of the overall 158 

share (Supplementary Fig. 2c). Moreover, taxonomic coverage in the examined 159 

publications is strongly skewed toward plants (51.9% of studies that specify focal taxa), 160 
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with animal resilience being examined in 23.7% of such studies and other kingdoms 161 

appearing less than 6% (Supplementary Fig. 3).  162 

 163 

Study attributes as predictors of resilience metric choice 164 

Study attributes exert limited but detectable influence on the choice of resilience metric. 165 

To assess this relationship, we fit conditional inference forests to predict the resilience 166 

metric category from eight study attributes (see Methods). Classification performance 167 

of our model exceeds the expectation by chance (mean macro–F1 = 0.293, 95% CI: 168 

0.221–0.363; compared with a random baseline of 0.167 for six classes), indicating 169 

that study context provides only limited explanatory power for the choice of resilience 170 

metric, although overall discriminative power remains modest. The prediction accuracy 171 

of our model varies across resilience metric categories (Supplementary Table 5), 172 

implying that certain metric categories exhibit particularly weak associations with study 173 

attributes. For instance, the quantification of resilience via multiple metrics is the most 174 

difficult category to classify correctly (F1 = 0.029), followed by recovery time (F1 = 175 

0.196), which is often confused with recovery degree and recovery rate 176 

(Supplementary Fig. 4). Together, these results indicate that resilience metrics are not 177 

strongly constrained by ecological context. 178 

      Our permutation importance analysis identified the response variable measured in 179 

the resilience study as the most influential predictor of the resilience metric used by 180 

authors, followed by the methodological approach and disturbance pattern (Fig. 4a). 181 

Specifically, removing information on these three study attributes causes the largest 182 

decline in the model’s predictive performance. Other study attributes contribute 183 

comparatively little to the predictive performance of our model. Within the measured 184 

variables (Fig. 4b), studies quantifying process-based indicators (e.g., demographic or 185 

food-web parameters) are disproportionately associated with rare resilience metrics, 186 

defined here as single, uncommon metrics (<5% usage), such as resistance and 187 
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invariability. We also find that studies that measure quantity-type variables, such as 188 

abundance and biomass, are more likely to adopt latitude (i.e., the maximum 189 

magnitude of disturbance a system can tolerate before shifting to an alternative stable 190 

state36) as the resilience metric. In contrast, structural variables, like community 191 

composition or diversity, are most frequently associated with recovery degree, 192 

whereas functional response variables, such as productivity or respiration rate, most 193 

commonly correspond to recovery rate. Methodological approach further differentiates 194 

metric selection (Fig. 4c). In particular, latitude is disproportionately adopted in model-195 

based simulations and laboratory experiments relative to field-based approaches. By 196 

contrast, field experimental studies most frequently employ recovery degree, whereas 197 

recovery rate is used with similar probability across all methodological approaches. 198 

Disturbance regime shows a similar structuring effect (Fig. 4d). Studies examining 199 

pulse disturbances show higher adoption of recovery degree, recovery time and 200 

multidimensional quantification than those focused on press disturbances. Conversely, 201 

press-disturbance studies more frequently adopt latitude and recovery rate. Full 202 

conditional probability distributions for all predictor categories are provided in 203 

Supplementary Table 6. Taken together, these results reveal a field in which resilience 204 

is quantified using diverse metrics that are only weakly constrained by study context, 205 

yet consistently fall within a shared set of dimensions. 206 

 207 

Discussion 208 

Resilience has long been characterised by conceptual and metric inconsistencies in 209 

ecology9,26. Here, we use large language models to extract information at scale across 210 

594 publications published between 1977 and 2025 to assess past and current 211 

practices in resilience research. We find that the quantification of resilience in ecology 212 

remains as diverse in recent publications as in the past, with recovery rate (sensu Van 213 

Nes & Scheffer37) and recovery degree (sensu Van Ruijven & Berendse38) being the 214 
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relatively most common metrics. Applying conditional inference forests to test whether 215 

inconsistency in resilience quantification relates to study context and author choice, 216 

we further find that key attributes of each study such as level of biological organisation 217 

or methodological approach show only weak associations with how authors chose to 218 

quantify resilience in their systems. This pattern indicates that resilience metrics are 219 

not strongly constrained by the inherent characteristics of ecological subfields. Our 220 

findings highlight opportunities to reduce communication barriers and foster evidence-221 

based consensus. Below we propose a roadmap to achieve such a synthetic view of 222 

resilience in ecology. 223 

 224 

Limited progress in unifying the resilience concept 225 

Recent studies continue to emphasise the persistence of diversity and conceptual 226 

fragmentation in resilience quantification24,39. Similarly, we find that no single resilience 227 

metric has achieved dominance. The two most commonly used metric categories in 228 

our dataset are recovery rate and recovery degree, corresponding to the rate of return 229 

to equilibrium following disturbance37 and the deviation of the post-recovery state from 230 

the original stable state38, respectively. Notably, recovery degree is not among the two 231 

resilience concepts most frequently discussed in the theoretical literature9,26, namely 232 

ecological resilience (i.e., the maximum disturbance a system can absorb without 233 

shifting to an alternative stable state, represented as latitude in this study15) and 234 

engineering resilience (i.e., the rate of return to equilibrium following perturbation, 235 

represented as recovery rate in this study18). The prominence of recovery degree as a 236 

resilience metric may instead reflect practical and conceptual advantages. Recovery 237 

degree can convey information similar to recovery rate when the endpoint of recovery 238 

cannot be clearly determined22. Moreover, recovery degree accommodates situations 239 

in which systems do not fully return to their pre-disturbance state, thereby aligning 240 

conceptually with latitude and the possibility of multiple stable10. For example, some 241 
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studies use recovery degree to assess whether regime shifts have occurred40. These 242 

practical and conceptual connections between recovery degree and the two most 243 

widely discussed resilience concepts may help explain why recovery degree emerges 244 

as one of the most frequently adopted metrics. 245 

      Our findings suggest that past attempts to clarify and unify the concept of resilience 246 

in ecology have not yet reduced the diversity of resilience metrics in use10,26,33. 247 

Nevertheless, more than 90% of our examined studies that quantify resilience using 248 

direct metrics (rather than proxies) draw from six common metric categories. This 249 

pattern suggests that the multidimensional nature of resilience may be amenable to 250 

integration within a unified framework. If such a framework provides a set of 251 

dimensions encompassing the principal aspects of resilience studied by ecologists, 252 

and gains broad uptake, it could help reduce dialectal fragmentation across subfields. 253 

Such a framework would benefit both increasingly emphasised integrative research5,32 254 

and the translation of resilience science into conservation practice13,14. We contend 255 

that previous efforts to unify resilience may have struggled partly because they 256 

overlooked recovery degree as a prominent dimension of resilience in practice. For 257 

example, Ingrisch and Bahn emphasised recovery rate and resistance as core 258 

elements of resilience33, and Van Meerbeek et al. advocated framing resilience 259 

primarily in terms of recovery rate within a broader stability framework10. However, 260 

given that recovery degree is among the most frequently used metrics in the journals 261 

we examined, such frameworks may encounter challenges in achieving widespread 262 

practical adoption.  263 

      Two notable trends emerge from our findings. First, multidimensional 264 

quantifications of resilience have increased over the past decade, although they 265 

remain rare, consistent with previous assessments14. This trend may reflect increasing 266 

sophistication in ecological monitoring and experimental methodologies, which 267 

generate more diverse data types41,42. This trend may also indicate growing recognition 268 

of the conceptual complexity of resilience and the influence of advocates for 269 
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multidimensional frameworks26,33,43. Second, inference-based studies have increased 270 

over the past decade and now constitute approximately 25% of resilience research in 271 

ecology. Such studies are often conducted at large spatial scales, where proxies such 272 

as land-use types are used to infer resilience44. This trend raises concerns regarding 273 

the translation of resilience research into conservation and management. In contexts 274 

where conceptual definitions remain fragmented, proxies may ambiguously represent 275 

different resilience dimensions. Moreover, large-scale studies often exert 276 

disproportionate influence on policymaking45. Weakly specified proxies may therefore 277 

widen the gap between academic discourse and conservation practice46. 278 

 279 

Diversity and gaps in study contexts 280 

Our analysis of study attributes reveals substantial diversity, identifiable patterns, and 281 

notable gaps within the scope of the journals examined. Different levels of biological 282 

organisation tend to favour particular methodological approaches and measured 283 

variables, yet nearly all combinations appear somewhere in high-impact ecological 284 

journals. This diversity suggests that, with improved comparability, resilience research 285 

could generate insights across systems and scales26,32 286 

      Certain study contexts appear underrepresented and merit further attention. These 287 

gaps include population studies that neglect structural population changes when 288 

assessing resilience, and the relative scarcity of non-manipulative observational 289 

studies of chemical disturbances. In additional, geographic clustering is pronounced 290 

within the examined journals. Resilience research is concentrated in North America, 291 

Europe, and China, consistent with broader geographic biases documented in 292 

ecology47. However, these research hotspots do not coincide with regions 293 

experiencing the highest disturbance exposure and biodiversity loss48. Fire 294 

disturbance provides a specific example: sub-Saharan African savannas, Australia and 295 

parts of Eastern Europe are global wildfire hotspots49, yet wildfire-focused resilience 296 
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studies from these regions are scarce in our dataset. These disparities may indicate a 297 

need for stronger international collaboration targeting biodiversity and disturbance 298 

hotspots. They may also reflect structural inequities in research funding and long-term 299 

research infrastructure, which influence publication patterns in high-impact journals50,51. 300 

It is important to note, however, that the gaps identified here reflect only the journals 301 

included in our dataset and may not represent the full ecological research landscape. 302 

 303 

Toward a cross-subfield resilience framework 304 

The weak predictive relationship between study context and the choice of resilience 305 

metric suggests a high potential for achieving greater consensus across ecological 306 

subfields. Our findings suggest that ecologists often treat resilience metrics as a 307 

flexible toolkit, selecting metrics suited to specific questions, rather than adhering to 308 

rigid conventions imposed by subfield identity. We propose that this flexibility implies 309 

that a unified resilience framework could be applied across diverse research contexts 310 

and levels of biological organisation, potentially facilitating integrative efforts 311 

increasingly emphasised in ecology5,32. Certain study-level effects, nevertheless, 312 

remain meaningful. For example, latitude—an inherently challenging dimension of 313 

resilience to quantify26,33—is more frequently employed in model-based simulations 314 

and laboratory experiments, and more often examined under press disturbances. This 315 

pattern underscores the substantive distinction between systems characterised by 316 

single equilibria and those with multiple or no stable equilibria52. The latter typically 317 

require greater experimental control and longer observational periods for adequate 318 

characterisation17. A unified framework of resilience in ecology should therefore not be 319 

interpreted as requiring individual studies to quantify all dimensions of resilience. 320 

Rather, it should enable studies to locate themselves explicitly within a shared 321 

conceptual structure, thereby facilitating synthesis, comparison and gap identification. 322 

(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprintthis version posted June 7, 2026. ; https://doi.org/10.64898/2026.06.03.729936doi: bioRxiv preprint 

https://doi.org/10.64898/2026.06.03.729936


      As resilience research in ecology continues to expand, the coming decade offers 323 

an opportunity for ecologists, policy makers, and practitioners to converge on clearer 324 

definitions and quantification strategies. In a landscape where no single metric 325 

dominates yet several common categories are widely shared, we advocate for a 326 

unifying framework encompassing multiple resilience dimensions. Such a framework 327 

could reduce terminological conflict10 and help the community recognise that 328 

differences in metrics reflect distinct resilience components rather than conceptual 329 

inconsistencies. 330 

      We propose that an effective resilience framework should satisfy two key 331 

conditions. First, it should define a set of resilience dimensions that are not inherently 332 

correlated and provide example metrics for quantifying each dimension53. Second, said 333 

resilience framework should accommodate systems lacking a single equilibrium, 334 

thereby incorporating dimensions such as recovery degree and latitude. Such a 335 

framework would not require every study to address all dimensions. Instead, it would 336 

encourage explicit specification of the resilience component being quantified. 337 

Researchers could then combine complementary dimensions into composite metrics 338 

where appropriate, such as recovery time, which integrates resistance and recovery 339 

rate26,33. Inference-based studies would likewise be able to clarify which resilience 340 

dimensions their proxies represent. Ultimately, clearer specification could extend to 341 

policy and conservation practice, reducing ambiguity surrounding resilience and 342 

facilitating more explicit objective-setting13,14. Under a shared framework, practitioners 343 

could identify concrete resilience goals aligned with management needs and more 344 

effectively draw upon ecological evidence.  345 

 346 
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Methods 347 

Literature search 348 

To examine how ecologists have defined and quantified resilience over time, we 349 

conducted a systematic synthesis following PRISMA-EcoEvo guidelines54. The search, 350 

screening and inclusion process is summarised in Supplementary Fig. 5. On the 14th 351 

of January 2026, we searched Scopus and the Web of Science Core Collection using 352 

the query: ‘resilience’ AND (‘disturbance’ OR ‘perturbation’ OR ‘stress*’ OR ‘disruption’ 353 

OR ‘shift’ OR ‘stability’ OR ‘resistance’ OR ‘recovery’ OR ‘elasticity’ OR 354 

‘compensation’). These terms are commonly used in disturbance ecology (e.g., 43,55–355 

57). We required at least one of these terms to appear in the title, abstract, or author-356 

provided keywords to ensure that resilience was examined within a relevant ecological 357 

context. To ensure disciplinary relevance and capture influential contributions to 358 

resilience research in ecology, we restricted our search to original research articles 359 

published in 15 selected journals: Nature, Science, Proceedings of the National 360 

Academy of Sciences, and top 12 ecology journals ranked by the Google Scholar h5-361 

index (Supplementary Table 7). In addition, we only included articles published before 362 

the 1st of January to avoid the need for continual updates to the search results. These 363 

criteria resulted in a dataset of 1,959 peer-reviewed articles spanning from 1977 to 364 

2025 after removing duplicates. 365 

  366 

Study inclusion and data collection 367 

To reduce the number of full papers that needed to be downloaded and filtering, we 368 

conducted screening in two stages: abstract screening followed by full-text screening. 369 

Our screening retained studies that: (1) quantify resilience in an ecological context, 370 

and (2) are not exclusively focused on abiotic response variables. Of the 1,959 articles, 371 

1,227 (63%) passed abstract screening and 594 (30%) passed full-text screening. 372 

      To examine how ecologists quantify resilience and the contexts in which they apply 373 
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it, we extracted structured data from the 594 articles that met our inclusion criteria. 374 

From each article, we recorded a set of study attributes, including: (1) Resilience 375 

quantification (see Table 1), i.e., how resilience is quantified; (2) Measured variable 376 

type for resilience quantification (see Supplementary Table 1); (3) Level of biological 377 

organisation (i.e., individual, population, community, ecosystem, and landscape); (4) 378 

Approach (i.e., modelling, laboratory experiment, field experiment, and/or field 379 

observation); (5) Disturbance type (e.g., drought, fire; see Supplementary Table 8); (6) 380 

Disturbance pattern, categorised as pulse (short-term discrete events) or press (long-381 

term continuous pressures)34; (7) Observation duration, i.e., the interval between the 382 

first and last observations; (8) Habitat type (as per IUCN35); (9) Taxonomic group; In 383 

addition, we also recorded other study attributes such as the conceptual framework of 384 

the study (see Supplementary Table 9), study location, the country of the first author's 385 

institution, and the approach to examine disturbances (i.e., model, manipulated, 386 

unmanipulated) (Supplementary Methods).  387 

      To facilitate the collection of these data, we classified the studies into direct-388 

response vs. inference-based studies. We based this distinction on how resilience was 389 

measured: direct-response studies quantify resilience from measurements taken 390 

directly on the system’s response to disturbance58. Inference-based studies infer 391 

resilience from indicators or models that act as proxies rather than direct response 392 

measurements59. We coded disturbance-related variables (e.g., disturbance type, 393 

observation duration) for direct-response studies only, as such information was 394 

typically unavailable or ambiguous in inference-based studies. 395 

 396 

Large language model 397 

To reduce the time and labour required to process more than 2,000 collected 398 

publications, we used large language models (LLMs) to assist with abstract screening, 399 

full-text screening, and data extraction. We implemented all LLM-related tasks in 400 
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Python 3.12.7 via OpenAI’s application programming interface. We used OpenAI’s 401 

GPT-5.2 for all tasks, with the temperature fixed at 0. We provided abstracts to the 402 

LLM via CSV files and full-text content by article PDFs with the PyPDF2 package. For 403 

transparency and reproducibility, we maintained a spreadsheet linking each output file 404 

to the exact prompt text and model. For full methodological details of the LLM-assisted 405 

screening and information extraction, see 60. 406 

      To keep the workflow tractable and reproducible, we framed each task as a well-407 

specified prompt to the model, comprising multiple structured questions. In screening, 408 

each question asked whether a particular inclusion criterion was met. In data extraction, 409 

each question targeted a predefined extraction variable. When submitting prompts to 410 

the model for each task, we included the abstract or full text of only one article at a 411 

time to avoid any cross-article influence on the outputs. Prompts requested a compact 412 

JSON reply with named fields aligned to our variables. We parsed the JSON into a 413 

table and applied minimal cleaning, such as letter case harmonising (e.g., “Forest” → 414 

“forest”). 415 

      To develop and refine the prompts, we first drafted an initial version for each task, 416 

and then tested these prompts using LLMs on a subset of articles with human-coded 417 

answers and measured their performance against human decisions. After examining 418 

common errors in the LLM’s outputs (e.g., without explicit instruction, the model may 419 

classify all studies using remote-sensing data as inference-based, assuming that such 420 

data do not directly observe the system), we revised the prompts based on the 421 

observed errors and, where useful, brief consultations with LLMs. Finally, we re-tested 422 

the prompts to assess whether performance improved and observed errors were 423 

reduced. Following Moorthy et al.60, when further prompt revisions yielded only 424 

marginal improvements in performance, we validated the final few versions on a 425 

separate subset of articles. The performance of each prompt had to meet our 426 

predefined acceptance thresholds (see the following paragraph) to pass validation. We 427 

then selected the prompt with the best performance from validation results for 428 
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deployment (i.e., apply to all the remaining articles). After each deployment, we audited 429 

a random sample of 50 articles from the outputs to confirm that performance remained 430 

above our acceptance thresholds60. 431 

      To implement this develop–validate–deploy procedure, we used task-specific 432 

sample sizes and acceptance performance thresholds. For abstract screening, we 433 

developed the prompt on 50 articles, validated on 100, and then deployed on the rest 434 

of 1,809 articles. We accepted a training–validation set comprising less than 10% of 435 

the full sample because the abstract-screening stage served as a coarse pre-filter. Our 436 

primary objective at this stage was to reduce false negatives; accordingly, while we 437 

only require ≥ 80% consistency with human judgments, we set a strict performance 438 

threshold of ≤ 2% false negatives. For full-text screening, we developed the prompt on 439 

100 articles, validated on 100, and deployed on the rest of 1,027. The performance 440 

thresholds at this stage are ≥ 85% consistency with human and Cohen's κ ≥ 0.7. 441 

Cohen’s κ measures inter-rater reliability beyond chance agreement61. A κ value ≥ 0.7 442 

lies in the “substantial agreement” range (κ = 0.61–0.80)62. For data extraction, we 443 

developed the prompt on 75 articles, validated on 75, and deployed the prompt to 444 444 

papers. The performance threshold is F1-score ≥ 0.80 for every extraction variable. 445 

F1-score is an accuracy metric63. F1-score ≥ 0.80 is generally considered to indicate 446 

strong model performance in classification tasks64.  447 

      Although all extraction variables met the predefined F1-score thresholds after the 448 

data extraction using LLMs, we identified a systematic bias in the extraction of the 449 

response variable in our analyses, resilience quantification. Specifically, the model 450 

tended to return a single resilience quantification even when a study explicitly adopted 451 

a resilience framework in which resilience was defined as comprising multiple 452 

quantitative components. While some studies classified under a resilience framework 453 

(see Supplementary Table 9) acknowledge the multidimensional nature of resilience 454 

but nevertheless operationalise it using a single quantification65–67, the proportion of 455 

such cases in the model outputs was markedly higher than expected based on 456 
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comparisons with manually extracted data. Because quantification constituted a 457 

central variable in our analyses, we manually reviewed all direct-response studies 458 

classified under a resilience framework but assigned a single quantification value by 459 

the model (n = 65). This review resulted in the addition of systematically omitted 460 

quantification values for 25 studies. Full details of all LLM-related tasks are provided 461 

in Supplementary Methods. 462 

 463 

Statistical analyses 464 

To test whether study contexts predict how ecologists quantify resilience, we trained a 465 

conditional inference forest to predict the resilience quantification using eight study 466 

attributes as predictors. Traditional random forests are prone to variable selection 467 

bias68. The conditional inference forest avoids this issue by selecting splitting variables 468 

through permutation-based statistical tests. To do so, we used the party R package69. 469 

We optimised hyperparameters through stratified cross-validation: number of variables 470 

considered at each split = 3, additional significance threshold = 0, and 2,500 trees. Full 471 

details of model specification, hyperparameter tuning, sensitivity analyses, 472 

complementary analyses, and permutation-based importance results are provided in 473 

Supplementary Methods and Results. 474 

      To avoid our response variable showing class imbalance, where the most frequent 475 

category exceeds the least frequent by more than 4:170, we reclassified the data into 476 

six categories: recovery rate, recovery degree, recovery time, multidimensional 477 

quantification, latitude and others. All samples with more than one resilience metric fall 478 

under multidimensional quantification. All remaining metric types with frequencies 479 

below one quarter of the largest class (i.e., 33 samples) are grouped under others. 480 

This reclassification resulted in a final class ratio of 3.46:1 between the majority class 481 

(recovery rate) and the minority (latitude). To mitigate the potential impact of unequal 482 

class frequencies, we employed stratified cross-validation to ensure proportional class 483 
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representation across all folds71 and used macro-averaged F1 score as the primary 484 

performance metric, which treats all classes equally regardless of size72. 485 

      We included a comprehensive set of predictors because several study-context 486 

factors likely drive the diversity in current resilience-quantification practices. These 487 

predictors include variables (2) through (9) described in Methods (also see 488 

Supplementary Methods). Before model fitting, we excluded all articles classified as 489 

inference-based because the disturbance-related predictors required by our models 490 

were unavailable for these studies. To account for potential differences in thematic 491 

scope among journals and potential influence from geographical academic networks, 492 

we also ran a complementary analysis: we included the journal in which a paper was 493 

published and the country of the first author's institution as additional predictors. For 494 

all predictors, we grouped categories with fewer than 20 samples to reduce data 495 

sparsity. 496 

      To assess the contribution of each predictor to model performance, we used 497 

permutation-based importance analysis after the model fitting. This analysis helped us 498 

to understand how each study-context factor influenced researchers’ choice of 499 

resilience metric. We did so by applying 30 repeats of five-fold cross-validation73 and 500 

evaluating model performance using the strict macro-F1-score74. This metric averages 501 

F1-scores across all categories with equal weight, regardless of class size. Finally, we 502 

calculated group-wise permutation importance by jointly permuting predefined 503 

predictors and measuring the associated drop in macro-F1. This approach allowed us 504 

to rank predictors according to their relative importance75. 505 

 506 

 507 

Data Availability 508 

The study-level attributes extracted from the analysed publications are provided in 509 

Supplementary Data 3. These include both manually curated variables and variables 510 
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extracted using large language models, and comprise the dataset used for all analyses.  511 

 512 

Code Availability 513 

R scripts used for data curation and statistical analyses are available at GitHub 514 

(https://github.com/homewaylin666/Systematic-Review-of-Resilience.git). 515 

 516 
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Figures and tables 684 

Table 1. Definitions and standardised terminology for the six common 685 

components of resilience quantification. The table harmonises diverse terms in the 686 

literature by assigning one preferred name to each component and listing a concise 687 

definition, and frequent alternative names found in our dataset. Metrics that did not 688 

align with these categories were classified as “other”. Recovery degree (extent of 689 

return), recovery rate (rate of return), and recovery time (time to return) are treated as 690 

distinct dimensions. In this study, a single sample (i.e., a study quantifying resilience) 691 

may have multiple metrics to quantify resilience. Representative examples of studies 692 

corresponding to each category are provided in the Supplementary Methods. 693 

Preferred term Definition Alternative names 

Recovery rate 
The rate the system returns to its stable 

state. 

recovery, recovery 

rate, elasticity 

Recovery degree 

The difference between the system after it 

has returned to the stable state and the 

original stable state. 

recovery, relative 

resilience, amount of 

recovery 

Recovery time 
The time it takes for the system to return to 

a stable state. 

recovery 

Resistance 
The ability of a system to deviate less from 

its original stable state after being disturbed. 

robustness; magnitude 

of alteration 

Latitude 

The magnitude of disturbance a system can 

withstand without shifting to an alternative 

stable state.  

basin shape, distance 

to tipping point 

Invariability 

The degree to which a system remains 

unchanged over time, often quantified by the 

inverse of temporal variance. 

temporal stability, 

stability, variation over 

time 

 694 
 695 
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Figure captions 696 

 697 

Figure 1. Frequencies and combinations of resilience metrics in ecological 698 

studies across 15 high-impact journals. The figure summarises the frequencies and 699 

co-occurrences of resilience metrics across 594 peer-reviewed publications from 15 700 

selected journals (Supplementary Table 7). The pie chart (upper left) shows the 701 

proportion of studies by measurement basis: direct-response studies, which quantify 702 

resilience from observed system responses to disturbance, and inference-based 703 

studies, which infer resilience from proxy indicators or models rather than from direct 704 

system responses. The UpSet plot (right) shows how the six most frequent quantitative 705 

categories (recovery rate, recovery degree, recovery time, resistance, latitude and 706 

invariability; definitions in Table 1) co-occur in direct-response studies; all remaining 707 

metric types are grouped as “other”. Vertical bars represent the number of studies for 708 

each metric combination. Filled dots connected by lines indicate which metrics are 709 

included in each combination. Horizontal bars on the left show the overall frequency of 710 

each metric category; bar colours correspond to the legend. 711 

 712 

Figure 2. Changes in the relative frequencies of resilience-quantification 713 

categories over time (1977-2025). The 100% stacked area chart shows the relative 714 

frequencies of resilience-quantification categories in peer-reviewed publications by 715 

five-year periods (pre-2001 pooled). Publication years are binned into six periods: pre-716 

2001, 2001–2005, 2006–2010, 2011–2015, 2016–2020, and 2021–2025 (x-axis). 717 

Colours indicate categories: inference, recovery time, recovery rate, recovery degree, 718 

multidimensional quantification, and others. “Inference” denotes studies that quantify 719 

resilience from proxy indicators or models rather than from observed system 720 

responses to disturbance. Definitions of the three recovery categories appear in Table 721 

1. “Multidimensional quantification” refers to studies that quantify resilience using 722 

multiple metrics jointly (e.g., combining recovery degree with resistance). “Others” 723 
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pools less-frequent quantification types not listed above (e.g., resistance, latitude). 724 

Area heights correspond to within-period percentages (left-hand y-axis), which sum to 725 

100% per period. The white line plots total paper counts (right-hand y-axis). 726 

 727 

Figure 3.  Associations among biological level, methodological approach and 728 

measured variable type in resilience-quantified studies. The Sankey diagram 729 

shows connections between levels of ecological organisation (left), methodological 730 

approaches (middle), and measured variable types (right). Levels include individual, 731 

population, community, ecosystem and landscape. Approaches comprise field 732 

observation (FO), field manipulation (FM), laboratory manipulation (LM), and model-733 

based simulation (MD). Variable types include environmental context, functional 734 

response, structure, process-based indicators and quantity (definitions in 735 

Supplementary Table 1). Link width is proportional to the number of study-level 736 

occurrences. Colours correspond to the level of origin (left axis). Because individual 737 

studies may have multiple levels, approaches or measured variable types, entries were 738 

expanded such that each distinct adjacent pairing (level–approach and approach–739 

variable) contributes one link. Totals therefore exceed the number of studies. 740 

 741 

Figure 4. Conditional inference forest analysis of study attributes associated 742 

with resilience metrics. (a) Permutation variable importance, measured as the 743 

median change in macro-averaged F1 score (Δ macro-F1) when each predictor is 744 

permuted across held-out data. The conditional inference forest comprised 2,000 trees 745 

with three candidate predictors considered at each split. Error bars indicate the 5–95% 746 

interval across repeated stratified cross-validation runs. Labels on the right report how 747 

frequently each predictor ranked among the three most important variables and the 748 

probability that Δ macro-F1 > 0 across runs. (b–d) Row-normalised heatmaps showing 749 

the distribution of resilience metrics across categories of the three most influential 750 
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predictors: measured variable (b), study approach (c) and disturbance pattern (d). 751 

Values indicate row percentages. These panels illustrate how study design and 752 

disturbance context are associated with the choice of resilience metrics. 753 

 754 
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Figure 1 755 
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Figure 2 760 
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Figure 3 765 
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Figure 4 770 
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