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Text S1 Parameter selection 15 

To quantify the role of human behavioral processes in shaping climate–human 16 

feedbacks, we conduct a global sensitivity analysis on parameters governing the 17 

perception–emotion–behavior pathway and its interaction with climate signals. 18 

Parameters are selected to represent key stages of the modeled causal chain linking 19 

climate dynamics to behavioral responses: (i) climate signal generation (physical 20 

climate system), (ii) event exposure and memory formation (memory module), (iii) risk 21 

perception (perception process), and (iv) emotional and cognitive response system (Fig. 22 

1). This framework is consistent with established theories of environmental risk 23 

perception and behavioral adaptation, which suggest that behavioral responses emerge 24 

through a sequence of perception, evaluation, emotional processing, and action rather 25 

than directly from physical climate change itself 1–7. We select thirteen parameters that 26 

directly influence how climatic signals are translated into perceived risk, emotional 27 

response, and behavioral change. Parameter ranges were chosen based on previous 28 

empirical studies, theoretical considerations, and exploratory simulations to ensure 29 

coverage of plausible behavioral and climatic uncertainty. 30 

The first group of parameters characterizes the generation and intensity of climate 31 

signals, which serve as the external drivers of perception, including two parameters. 32 

Extreme threshold (upper tail Threshold) determines the percentile threshold used to 33 

define an extreme event in the temperature distribution. Values between 0.95 and 0.99 34 

correspond to widely used definitions of extremes based on the 95th–99th percentile of 35 

historical climate distributions8–10. Temperature Scale Factor adjusts the sensitivity of 36 

extreme event frequency to temperature change. The range (0.8–1.2) represents 37 

moderate uncertainty in the relationship between global warming and the occurrence of 38 

climate extremes consistent with evidence that warming generally increases the 39 

frequency and intensity of heat-related extreme events while substantial regional 40 

variability remains8,11. Within these ranges, a one-unit increase in each parameter 41 

corresponds to a proportional increase in the strength of climate hazard signals entering 42 

the perception system.  43 
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The second group of parameters governs how climate events are filtered, stored, 44 

and retained in human memory. Previous studies suggest that individuals respond 45 

primarily to remembered experiences rather than to the full set of observed climate 46 

events10,12. Three parameters control this process. Not all sensed extreme events are 47 

encoded into memory. The model therefore distinguishes between sensed extreme 48 

events and those retained in memory. Memory threshold determines the proportion of 49 

sensed climate events that are encoded into memory. The range (0 – 1) reflects 50 

uncertainty in how individuals filter weak, ambiguous, or less salient environmental 51 

signals. Memory window defines the temporal window over which extreme events are 52 

accumulated in memory. The selected range (0.5–5 years) reflects empirical evidence 53 

suggesting that personal experience with extreme weather can influence risk perception 54 

for several years following the event13–17. The larger values of memory window 55 

correspond to longer period during which extreme events are sensed and potentially 56 

affect behavior. For example, increasing memory window by one year extends the time 57 

horizon over which past events contribute to perceived risk. Memory retention factor 58 

determines the persistence of remembered climate experiences. Larger values 59 

correspond to slower forgetting and longer retention times, whereas smaller values 60 

produce more rapid memory decay. The selected range (0.25–1.5) allows representation 61 

of both rapid attenuation and prolonged persistence of climate-event memories, 62 

consistent with studies of environmental memory and risk perception dynamics18–20. 63 

The third group of parameters describes how remembered climate experiences are 64 

translated into perceived climate risk. Consistent with risk-perception theory, perceived 65 

risk is represented as a combination of perceived severity and perceived susceptibility21. 66 

Norm events represent the reference level of remembered extreme events required to 67 

influence severity assessments. The range (5–20) is based on the variation in 68 

remembered extreme-event frequency generated by the coupled model and reflects 69 

uncertainty in the threshold at which climate experiences become psychologically 70 

salient. Perceived severity is also influenced by extreme intensity, which controls 71 

severity of individual remembered extreme events. remembered extreme events. The 72 
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range of extreme intensity (0–1) represents variation in perceived event magnitude and 73 

its influence on risk evaluation. Perceived susceptibility is calculated by average 74 

affected population (global population *0.001) of extreme events, which is influenced 75 

by extreme intensity of extreme events in memory and intensity sensitivity. Intensity 76 

sensitivity determines how strongly event intensity affects perceived susceptibility 77 

through impacts on affected populations. The selected range (0–1) captures 78 

heterogeneity in individual sensitivity to information regarding climate impacts and 79 

exposure22. Severity weighting represents the relative weight assigned to perceived 80 

event severity compared with perceived susceptibility (personal exposure). Its range 81 

(0–1) allows the perception system to vary from exposure-dominated (Severity 82 

weighting close to 0) to severity-dominated (Severity weighting close to 1) risk 83 

evaluation. Increasing these parameters modifies the sensitivity of risk perception to 84 

environmental cues. For instance, increasing Severity weighting shifts the perception 85 

system toward greater emphasis on event severity rather than personal exposure. 86 

Perception delay represents the delay with which individuals update their perception of 87 

climate risk. The range (0.5–3 years) captures variability in how quickly populations 88 

respond to changing environmental signals19,23. Within the model, increasing these 89 

parameters alters the persistence and influence of past experiences on current risk 90 

perception. 91 

The final group of parameters captures emotional and cognitive responses that 92 

mediate behavioral outcomes. PAC represents perceived self-efficacy, defined as an 93 

individual’s belief in their ability to undertake effective climate-related actions1,6,24–26. 94 

CAC represents collective efficacy, defined as the belief that coordinated societal 95 

actions can effectively mitigate climate risks1,27–29. Both parameters range from 0.1 to 96 

0.9, reflecting the distribution of efficacy beliefs commonly observed in behavioral 97 

studies, where extreme values near 0 or 1 are rare. Within the model, these two 98 

parameters are combined using the harmonic mean to represent overall efficacy, 99 

ensuring that low values in either component limit the resulting efficacy level. SCA 100 

represents the sensitivity of climate anxiety to perceived climate risk. Its range (0–1) 101 
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captures variation in emotional responsiveness across individuals and 102 

populations7,25,26,30,31. A one-unit increase in SCA corresponds to a proportional 103 

increase in the translation of perceived threat into climate anxiety, while increases in 104 

efficacy parameters strengthen the likelihood that anxiety leads to pro-environmental 105 

behavior rather than maladaptive responses. This formulation is consistent with 106 

evidence that individuals differ substantially in the degree to which perceived climate 107 

threats evoke anxiety and climate-related distress7,32,33. 108 

  109 
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Text S2 Methods for sensitivity and machine learning analyses 110 

To quantify the relative importance of model parameters in driving variability in 111 

temperature outcomes, we employed a variance-based global sensitivity analysis using 112 

Sobol indices34. Sobol analysis is particularly suitable for nonlinear and interacting 113 

systems, as it does not rely on linear assumptions and allows for a comprehensive 114 

attribution of uncertainty across parameters. 115 

This method decomposes the total variance of the model output into contributions 116 

attributable to individual parameters and their interactions. 117 

Let Y=f(X1, X2 ,...,X13) denote the model output (temperature change), where X1, 118 

X2 ,...,X13 represents 13 input parameters. The total variance of the output is given by 119 

Var (Y). 120 

The contribution of each parameter is quantified through variance decomposition. 121 

The first-order (Si) contribution of parameter Xi, representing its independent effect, is 122 

defined as: 123 

𝑆𝑖 =
V𝑎𝑟𝑥𝑖(𝐸 [𝑌 | 𝑋𝑖])

V𝑎𝑟(𝑌)
 124 

The total contribution of Xi (ST), which includes both its direct effect and all 125 

interaction effects with other parameters, is given by: 126 

 127 

S𝑇𝑖
= 1 −

V𝑎𝑟𝑋~𝑖(𝐸 [𝑌 | 𝑋~𝑖])

V𝑎𝑟(𝑌)
 128 

where 𝑋~𝑖 denotes all parameters except Xi. The total-effect index captures both 129 

the direct contribution of a parameter and all higher-order interaction effects involving 130 

that parameter. The difference between total (ST) and independent (S1) contributions 131 

therefore reflects the strength of interaction effects. 132 

To complement the variance-based sensitivity analysis, we applied machine 133 

learning methods to evaluate the predictive importance of behavioral parameters. 134 

Specifically, we used random forest models and regression trees. 135 

Regression trees estimate the relationship between input variables and temperature 136 

outcomes by repeatedly splitting the data into smaller and more homogeneous groups18. 137 

At each split, the algorithm selects the variable and threshold that minimize the 138 
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variation of temperature within each group (measured as the sum of squared deviations 139 

from the group mean). 140 

Random forest is an ensemble learning method that builds upon regression trees 141 

by aggregating a large number of decision trees constructed from bootstrap-resampled 142 

datasets35. During model training, each tree is fitted using a different subset of the 143 

simulation data, and at each split, a randomly selected subset of behavioral parameters 144 

is considered. This stochastic design reduces correlation among trees and enhances the 145 

robustness of predictions of temperature change. Final estimates of temperature change 146 

are obtained by averaging across all trees, which improves predictive reliability and 147 

reduces overfitting. 148 

Variable importance is assessed using a permutation-based approach. For each 149 

behavioral parameter, its values are randomly permuted while all other parameters are 150 

held unchanged, and the resulting increase in prediction error of temperature change is 151 

evaluated. A larger increase in error indicates a stronger contribution of the parameter 152 

to explaining variability in projected temperature change. Importance is quantified as 153 

the percentage increase in prediction error, providing a standardized measure for 154 

comparing the relative influence of different behavioral parameters on temperature 155 

outcomes. 156 

  157 
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Text S3 Consistency of dominant behavior drivers across emission scenarios 158 

To evaluate whether the dominant behavioral controls identified under SSP5-8.5 159 

remain robust across alternative emissions pathways, we extend the Sobol sensitivity 160 

(Fig. 3) and random forest analyses (Figure S3) to SSP1-2.6 and SSP2-4.5 (Tables S2–161 

S4). Across all scenarios, the same small subset of behavioral parameters consistently 162 

dominates projected temperature outcomes, indicating that the overall structure of 163 

behavioral influence is largely independent of the background emissions trajectory. 164 

Sobol analysis shows that PAC and CAC exert the strongest independent effects 165 

(S1) and combined effects (ST) across all scenarios and time horizons (Table S2). Under 166 

SSP1-2.6, both parameters maintain nearly identical contributions in 2050 and 2100, 167 

with S1 values around 0.40 and ST values around 0.48. Under SSP2-4.5, their direct 168 

effects decrease from approximately 0.37 in 2050 to 0.29 in 2100, while combined 169 

effects decline from approximately 0.49 to 0.41. A similar reduction occurs under SSP5-170 

8.5, where the combined effect of PAC and CAC decrease from 0.46 in 2050 to 0.38 171 

and 0.36 in 2100, respectively. Despite these reductions, PAC and CAC remain the two 172 

largest contributors to temperature variability in every scenario, highlighting the 173 

persistent importance of cognitive adjustment processes in regulating climate–behavior 174 

feedbacks. 175 

In contrast, the contribution of SCA exhibits a strong dependence on both 176 

emissions pathway and time horizon. Under SSP1-2.6, the independent effect of SCA 177 

remains nearly unchanged between 2050 and 2100 (S1= 0.03), whereas its combined 178 

effect increases from 0.06 to0.10, suggesting that interactions involving climate anxiety 179 

become more important over time even when its independent contribution remains 180 

stable. Under SSP2-4.5, both direct and combined effects increase substantially, with 181 

independent effect rising from 0.05 to 0.11 and ST increasing from 0.09 to 0.20. The 182 

strongest increase occurs under SSP5-8.5, where the independent effect of SCA 183 

increases more than sixfold, from 0.03 in 2050 to 0.22 in 2100, while its combined 184 

effect increases from 0.12 to 0.34. By 2100 under SSP5-8.5, the independent effect of 185 

SCA (0.22) becomes comparable to those of PAC (0.23) and CAC (0.27), indicating 186 
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that climate anxiety evolves from a relatively minor contributor into one of the principal 187 

determinants of long-term temperature variability under high-emissions conditions. 188 

Although the relative importance of individual parameters changes across scenarios, 189 

the overall sensitivity structure remains highly concentrated. The six most influential 190 

behavioral parameters—PAC, CAC, SCA, memory window, memory retention factor, 191 

and severity weighting—collectively explain 94.4–97.1% of total model sensitivity 192 

across all scenario–year combinations (Table S3). Consequently, the remaining seven 193 

parameters account for less than 6% of total sensitivity despite representing multiple 194 

aspects of memory dynamics, risk perception, and extreme-event characterization. This 195 

concentration indicates that uncertainty propagation within the coupled climate–human 196 

system is governed primarily by a limited set of behavioral mechanisms, resulting in an 197 

effective behavioral dimensionality that is substantially lower than the total number of 198 

model parameters. 199 

Random forest analysis provides independent support for this conclusion. Across 200 

all scenarios, PAC, CAC, and SCA consistently rank as the three most important 201 

predictors of projected temperature change (Table S4; Figure S3). Together, these three 202 

parameters account for 73.58% and 74.85% of total predictive importance under SSP1-203 

2.6 in 2050 and 2100, respectively, 72.48% and 76.24% under SSP2-4.5, and 70.54% 204 

and 80.99% under SSP5-8.5. Among all variables, SCA is the only parameter that 205 

exhibits a systematic increase in predictive importance across both time horizons and 206 

emissions pathways. Its relative contribution increases from 20.74% to 22.58% under 207 

SSP1-2.6, from 24.36% to 30.41% under SSP2-4.5, and from 24.73% to 33.41% under 208 

SSP5-8.5. This pattern closely mirrors the trend observed in the Sobol analysis, 209 

indicating that the growing influence of climate anxiety is robust across both variance-210 

based and prediction-based assessment methods. 211 

The Sobol and random forest analyses reveal a consistent behavioral hierarchy 212 

across all emissions scenarios. PAC and CAC remain the dominant behavioral controls 213 

throughout the century, whereas the influence of SCA strengthens progressively from 214 

SSP1-2.6 to SSP5-8.5 and from 2050 to 2100. These results suggest that long-term 215 
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temperature outcomes are governed by a highly concentrated subset of behavioral 216 

mechanisms and that the relative importance of emotional responses increases as 217 

climate change intensifies, eventually approaching that of cognitive adjustment 218 

processes under high-emissions futures. 219 

  220 
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Text S4 Regression tree analysis of behavioral controls on divergent temperature 221 

outcomes 222 

The regression tree analysis provides a mechanistic interpretation of how 223 

behavioral uncertainty generates divergent temperature trajectories in the coupled 224 

climate–behavior system (Figure S5). While the Sobol and random forest analyses 225 

identify the behavioral parameters contributing most strongly to temperature variability, 226 

the regression trees reveal how specific combinations of these parameters produce 227 

distinct warming and cooling pathways. 228 

Across all emission scenarios, the range of temperature outcomes relative to the 229 

no-response baseline expands substantially from 2050 to 2100. Under SSP1-2.6, 230 

temperature deviations range from −0.16 °C to +0.65 °C in 2050 but widen to −0.14 °C 231 

to +2.41 °C by 2100. Under SSP2-4.5, the corresponding range expands from −0.29 °C 232 

to +0.55 °C in 2050 to −0.73 °C to +2.46 °C in 2100. The largest divergence occurs 233 

under SSP5-8.5, where outcomes span −0.42 °C to +0.60 °C in 2050 and expand 234 

dramatically to −2.10 °C to +2.76 °C in 2100. Consistent with Figure S4, both the 235 

magnitude of temperature deviations and the proportion of simulations reaching 236 

extreme states increase over time. Under SSP5-8.5, for example, the strongest warming 237 

increases from +0.79 °C (7.4% of simulations) in 2050 to +2.76 °C (16.7%) in 2100, 238 

while the strongest cooling intensifies from −0.53 °C (19.8%) to −2.10 °C (30.2%). 239 

These patterns indicate that behavioral uncertainty exerts an increasingly strong 240 

influence on long-term climate trajectories. 241 

The structure of the regression trees shows that this divergence is governed 242 

primarily by three behavioral parameters: collective action capacity (CAC), personal 243 

action capacity (PAC), and sensitivity of climate anxiety (SCA). Across all scenarios, 244 

these variables consistently occupy the upper levels of the trees and define the major 245 

branching points separating warming and cooling trajectories, whereas severity 246 

weighting appears mainly in lower-order branches and the remaining parameters 247 

contribute little to the overall tree architecture. This pattern closely mirrors the Sobol 248 

and random forest analyses, which identify PAC, CAC, and SCA as the dominant 249 
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contributors to temperature variability across all emission pathways. 250 

The organization of behavioral controls changes substantially between 2050 and 251 

2100. In all three scenarios, CAC forms the root split in 2050, indicating that collective 252 

efficacy acts as the primary determinant of behavioral divergence during the mid-253 

century period. This finding is consistent with social-cognitive theories that identify 254 

collective efficacy as a key prerequisite for coordinated climate action, particularly 255 

when mitigation outcomes depend on collective rather than individual efforts36,37. 256 

Under SSP1-2.6, high CAC (≥ 0.35) generally constrains temperature deviations and 257 

produces slight cooling (−0.16 °C), whereas lower CAC values lead to warming 258 

branches reaching +0.65 °C. Similar CAC-centered structures are observed under 259 

SSP2-4.5 and SSP5-8.5, where PAC and SCA further partition the system into 260 

alternative warming and cooling trajectories. In these mid-century trees, extreme 261 

outcomes emerge only when multiple behavioral conditions align simultaneously, 262 

indicating that large temperature responses remain dependent on relatively complex 263 

interactions among efficacy beliefs and emotional responses. 264 

By 2100, the control structure becomes increasingly concentrated around a smaller 265 

set of dominant behavioral thresholds. Under SSP1-2.6, the root split shifts from CAC 266 

to PAC, indicating that individual efficacy becomes the primary organizing factor of 267 

system dynamics. Under SSP2-4.5 and SSP5-8.5, SCA emerges as the root node 268 

(threshold = 0.5), separating trajectories that subsequently evolve toward substantially 269 

different climate outcomes. The increasing prominence of climate-anxiety sensitivity is 270 

consistent with evidence that emotional responses become increasingly influential as 271 

climate risks become more frequent, personally experienced, and psychologically 272 

salient31,38. The emergence of SCA at the highest level of the trees is also consistent 273 

with the sensitivity analyses, which show a progressive increase in both its direct effect 274 

(S1) and combined effect (ST), particularly under SSP2-4.5 and SSP5-8.5 by 2100. 275 

The pathways associated with extreme warming and cooling become increasingly 276 

differentiated by the end of the century. Under SSP5-8.5, the strongest cooling outcome 277 

(−2.10 °C) occurs when SCA ≥ 0.5, CAC ≥ 0.25, and PAC ≥ 0.25, indicating 278 
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that strong emotional engagement with climate risks is translated into effective 279 

behavioral responses through both collective and individual efficacy. In contrast, the 280 

strongest warming outcome (+2.76 °C) emerges under low SCA (< 0.5), low PAC (< 281 

0.35), and weaker collective efficacy. This pattern suggests that concern about climate 282 

change alone is insufficient to alter climate trajectories; rather, emotional responses 283 

become most effective when accompanied by strong beliefs in both personal and 284 

collective response capacity. Such interactions are consistent with Protection 285 

Motivation Theory and related efficacy-based models of environmental behavior, 286 

which emphasize that risk perception promotes adaptive action primarily when 287 

effective responses are perceived to be available21,39. Similar SCA-centered 288 

bifurcations characterize SSP2-4.5, where cooling reaches −0.73 °C and warming 289 

reaches +2.46 °C, while SSP1-2.6 exhibits a weaker but qualitatively consistent 290 

transition toward PAC- and SCA-dominated controls. 291 

The regression tree results demonstrate that behavioral uncertainty influences not 292 

only the magnitude of future temperature change but also the structure of possible 293 

climate trajectories. The dominant branching variables identified by the trees 294 

correspond closely to those highlighted by the Sobol and random forest analyses, 295 

providing independent evidence that PAC, CAC, and SCA constitute the primary 296 

behavioral controls of long-term climate outcomes. The convergence of these results 297 

across multiple analytical approaches supports the growing recognition that behavioral 298 

feedbacks can substantially alter projected climate trajectories and should be explicitly 299 

represented in climate–human system models18,40. As the century progresses, 300 

differences in efficacy beliefs and climate-anxiety sensitivity increasingly determine 301 

whether the coupled system follows relatively cool or substantially warmer pathways, 302 

particularly under intermediate- and high-emission futures. 303 

  304 
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Text S5 Cumulative impact of behavioral response timing on temperature 305 

trajectories under SSP1-2.6 and SSP2-4.5 scenario 306 

Under both SSP1-2.6 and SSP2-4.5 scenarios, the projected 2100 temperature 307 

response consistently increases when coupled human behavioral responses are initiated 308 

earlier, indicating a robust cumulative effect of intervention timing across forcing levels. 309 

When decomposed relative to the no-response baselines (1.60°C for SSP1-2.6 and 2.40°310 

C for SSP2-4.5), both warming above the baseline and cooling below the baseline 311 

exhibit systematic dependence on the start time of behavioral coupling.  312 

For SSP1-2.6, the warming component increases from +0.71°C (P25–P75) for a 313 

2030 start, to +1.16°C for 2020, and +1.53°C for 2010, corresponding to additional 314 

warming of 0.82°C and 0.37°C when comparing 2010 with 2030 and 2020, respectively. 315 

The cooling component similarly strengthens from −0.13°C (2030) to −0.22°C (2020) 316 

and −0.31°C (2010), indicating progressively enhanced cooling effects with earlier 317 

intervention. 318 

In SSP2-4.5, the same pattern persists but with larger absolute magnitudes: 319 

warming increases from +1.42°C (2030), to +1.72°C (2020), and +1.96°C (2010), while 320 

cooling intensifies from −0.71°C (2030) to −0.84°C (2020) and −0.94°C (2010). These 321 

results demonstrate that earlier behavioral activation consistently amplifies both 322 

positive (cooling-enhancing) and negative (warming-enhancing) feedbacks, while 323 

delayed or prolonged maladaptive responses allow warming-related feedbacks to 324 

accumulate more strongly over time. Notably, although SSP2-4.5 exhibits stronger 325 

overall feedback magnitudes than SSP1-2.6, the direction and timing-dependent 326 

structure of the response remain consistent across scenarios. The consistency of this 327 

pattern across emission scenarios indicates that the influence of behavioral processes 328 

depends not only on on the length of time over which they interact with the climate 329 

system but also their direction. Earlier activation allows both adaptive and maladaptive 330 

behavioral responses to accumulate over a longer period, resulting in progressively 331 

larger cooling and warming deviations by 2100. These findings provide additional 332 
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evidence that climate–behavior interactions are fundamentally cumulative processes, 333 

and that the timing of behavioral change can be as important as its magnitude in shaping 334 

long-term climate trajectories. 335 

  336 
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Text S6 Alternative emission adjustment formulation  337 

To assess the robustness of the behavioral-emissions coupling formulation, we 338 

implement an alternative discrete adjustment scheme for emissions dynamics. In this 339 

specification, fossil fuel CO₂ emissions are updated using a bounded stepwise 340 

correction rather than a continuous differential formulation. 341 

Baseline emissions E are obtained from SSP scenarios. After a coupling start time 342 

(2010), emissions are adjusted according to behavioral influence as follows: 343 

𝐸∗ = {
𝐸, 𝑡 < 𝑡𝑠𝑡𝑎𝑟𝑡

max (𝐸𝑚𝑖𝑛 , 𝐸 + 𝛥𝐸, 𝑡 ≥ 𝑡𝑠𝑡𝑎𝑟𝑡
 344 

where the behavioral adjustment term is defined as: 345 

𝛥𝐸 = 𝛼 ∗ (𝐸 − 𝐸𝑚𝑖𝑛) ∗ 𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑠 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 𝐹𝑎𝑐𝑡𝑜𝑟 346 

With: 347 

𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑠 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 𝐹𝑎𝑐𝑡𝑜𝑟 = −𝐵𝑒ℎ𝑎𝑣𝑖𝑜𝑟𝐶ℎ𝑎𝑛𝑔𝑒 348 

Here, 𝛼 represents the maximum annual emissions adjustment rate (0.5/yr), and 349 

𝐸𝑚𝑖𝑛  is the lower-bound emission constraint (5 GtCO2/yr). The formulation ensures 350 

that emissions remain physically bounded while allowing behavioral feedback to 351 

modulate emissions proportionally to the remaining reducible emissions space 352 

(E − Emin). 353 

The continuous formulation conceptualizes (used in the main text) behavioral 354 

influence as a gradual and continuously evolving process, in which emissions respond 355 

smoothly over time to changes in behavior. This representation reflects a system-level 356 

view in which behavioral shifts are progressively translated into emissions changes 357 

through continuous adjustments in consumption patterns, technology adoption, and 358 

policy implementation. In contrast, the alternative formulation represents behavioral 359 

influence as a more discrete and stepwise process, in which behavioral changes are 360 

translated into emissions adjustments at distinct time intervals. This interpretation is 361 

closer to real-world decision-making and policy processes, where changes in emissions 362 

often occur through periodic interventions, regulatory updates, or sectoral transitions 363 

rather than as a fully continuous adjustment. The key conceptual distinction between 364 

the two approaches lies in the temporal granularity of behavioral feedback transmission. 365 
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The continuous formulation assumes that behavioral effects are continuously integrated 366 

into the emissions system, resulting in smooth trajectory adjustments over time. The 367 

discrete formulation, on the other hand, assumes that the same behavioral influence is 368 

realized in a more episodic manner, where its effects are periodically expressed in the 369 

emissions trajectory. 370 

Despite these differences in temporal representation, both formulations are built 371 

on the same core mechanism: behavioral change modifies emissions in proportion to 372 

the remaining emissions reduction potential and is constrained by a lower bound 373 

representing structural limits in hard-to-abate sectors. This shared structure ensures that 374 

emissions responses remain bounded and physically interpretable under both 375 

approaches. Importantly, the consistency between the two formulations indicates that 376 

the qualitative system behavior is not sensitive to whether behavioral feedback is 377 

represented as a continuous or discrete process. Instead, the dynamics are primarily 378 

driven by the strength and direction of the behavioral coupling itself, rather than the 379 

specific mathematical implementation of its temporal expression. This provides 380 

evidence that the modeled relationship between human behavior and emissions 381 

trajectories is structurally robust under alternative representations of feedback timing. 382 

  383 
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Text S7 Robustness of behavioral–emissions coupling to alternative temporal 384 

representations 385 

To assess the robustness of the behavioral–emissions coupling formulation, we 386 

compare temperature outcomes derived from the alternative level-based adjustment of 387 

emissions, in which behavioral feedback directly modifies emission levels, with those 388 

obtained from the rate-based dynamic adjustment used in the main text, in which 389 

behavioral feedback modulates the rate of emissions change over time.  390 

Despite this fundamental difference in implementation, both approaches produce 391 

qualitatively consistent temperature responses across SSP scenarios. In both 392 

formulations, behavioral feedback leads to scenario-dependent deviations from the 393 

baseline, with stronger mitigation effects under high-emission pathways (SSP5–8.5) 394 

and more modest responses under lower-emission scenarios (SSP1–2.6 and SSP2–4.5). 395 

The magnitude of end-of-century temperature changes remains broadly comparable 396 

between the two approaches, indicating that the overall climate response is not sensitive 397 

to the specific mathematical representation of behavioral feedback. 398 

To further evaluate the robustness of the behavioral–emissions coupling and the 399 

influence of temporal integration, we compare the sensitivity of temperature outcomes 400 

to human behavioral parameters under the level-based adjustment (direct emissions 401 

modifications) and the rate-based dynamic adjustment (emissions rate modifications) 402 

across SSP scenarios at 2050 and 2100 (Figure S9-S10). In all scenarios, cognitive and 403 

emotional adjustment parameters (PAC, CAC, SCA) dominate the variance 404 

contribution, while memory-related parameters (memory window, memory retention 405 

factor, severity weighting) contribute moderately. 406 

Under SSP5–8.5, both formulations identify PAC and CAC as the top contributors 407 

in 2050, with independent effects accounting for the majority of variance. The rate-408 

based adjustment, however, exhibits a stronger cumulative influence of SCA by 2100, 409 

reflecting the path-dependent accumulation of behavioral effects, whereas in the level-410 

based formulation, SCA remains relatively minor and its impact largely stems from 411 

interactions with other parameters. 412 
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For SSP2–4.5, the dominant behavioral drivers are consistent across formulations, 413 

but the rate-based approach shows larger contributions from SCA at 2100, indicating 414 

that cumulative dynamics amplify the effect of late-acting cognitive and emotional 415 

responses. Under SSP1–2.6, differences between formulations are more pronounced at 416 

2050: in the level-based adjustment, SCA contributes minimally, whereas in the rate-417 

based adjustment, SCA is elevated due to the integration of early behavioral effects. By 418 

2100, both formulations converge in terms of dominant parameters, though rate-based 419 

adjustment maintains slightly higher independent contributions from SCA. 420 

These comparisons illustrate that while the qualitative ranking of dominant 421 

behavioral parameters is robust, the magnitude of contributions—especially for SCA—422 

is sensitive to whether behavioral feedback is applied instantaneously or through 423 

cumulative rate-based dynamics. Furthermore, early versus late introduction of 424 

behavioral feedback has little effect under level-based adjustments but substantially 425 

alters cumulative contributions under rate-based adjustments, highlighting the 426 

importance of temporal integration for the amplification of adaptive or maladaptive 427 

behaviors. Although RF importance rankings at 2050 under the discrete adjustment 428 

method show a slightly different order, the cumulative variance over longer horizons 429 

confirms that PAC, CAC, and SCA remain the dominant drivers. The transient 430 

differences reflect the stepwise propagation of behavioral feedback in the discrete 431 

model. 432 

To further connect the sensitivity analysis with the temporal dynamics of 433 

behavioral feedback, we examine how the timing of behavioral coupling influences 434 

cumulative climate outcomes. Consistent with the results presented in the main text, the 435 

impact of behavioral feedback on temperature trajectories depends critically on whether 436 

its effects are integrated over time. 437 

Under the level-based adjustment, where behavioral feedback directly modifies 438 

emissions levels without accumulation, the timing of behavioral intervention has a 439 

negligible effect on long-term temperature outcomes (Figure S11). Early and late 440 

coupling produce nearly identical cumulative impacts, indicating that instantaneous 441 
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adjustments do not generate significant path dependence. 442 

In contrast, under the rate-based dynamic adjustment, behavioral feedback 443 

operates on the rate of emissions change and accumulates over time, leading to 444 

pronounced timing sensitivity (Fig. 4). Earlier coupling results in substantially larger 445 

cumulative effects, amplifying both warming driven by maladaptive behaviors and 446 

cooling driven by adaptive responses. This reflects the integration of behavioral 447 

influence along the emissions trajectory, whereby small early differences are 448 

progressively magnified through feedback dynamics. 449 

These results reinforce the central conclusion of the main text: the long-term 450 

impact of human behavior on climate outcomes is governed not only by the direction 451 

and magnitude of behavioral change, but also by how its effects accumulate over time, 452 

with early interventions playing a disproportionately important role under dynamically 453 

evolving emissions systems. 454 

  455 



21 

 

Text S8 Dynamic Psychological activation thresholds 456 

Behavior responses in the model are governed by activation thresholds for climate 457 

anxiety and perceived efficacy. CAthreshold defines the threshold above which climate 458 

anxiety is considered high. Effthreshold defines the threshold above which efficacy is 459 

considered high. Both parameters range from 0.5 to 1, reflecting the assumption that 460 

strong emotional or efficacy responses only occur above moderate perception levels. 461 

Thresholds are constructed by two approaches: evolved with societal baselines derived 462 

from historical data and fixed13. 463 

The climate anxiety threshold is estimated using two empirical proxies: language-464 

based index constructed using Google Books Ngram frequencies of climate- and 465 

anxiety-related terms41,42, and disaster exposure index derived from EM-DAT records 466 

of climate-related disasters (droughts, floods, storms, temperature extremes and 467 

wildfires). Parallelly, the efficacy constructed by language-based collective action 468 

index derived from Google Books Ngram frequencies associated with environmental 469 

activism, behavior change, and climate policy discourse, combined with global 470 

education rate data as a structural proxy for cognitive capacity and social 471 

empowerment43. Each series is normalized and expressed relative to its 1850 baseline. 472 

Where sufficient data points are available, logistic functions are fitted to historical 473 

trajectories to represent long-term diffusion dynamics of social concern. In cases of 474 

insufficient data, linear extrapolation is applied. The projected series are normalized to 475 

a 0–1 range and combined using weighted averaging to produce a composite climate 476 

anxiety proxy. Rolling window percentiles (10 years) are then computed to generate 477 

percentile-based activation thresholds (P50, P75, P90), allowing behavioral activation 478 

to depend on historically evolving social baselines rather than fixed cut-offs. 479 

 480 

  481 
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Figures 587 

 588 

Figure S1. Changes in median emissions including behavioral responses relative 589 

to no-response baseline between 2010 and 2100 under different scenarios. Median 590 

emissions are shown at 5-year intervals under SSP1-2.6 (blue), SSP2-4.5 (orange) and 591 

SSP5-8.5 (red). 592 

 593 



26 

 

 594 

 595 

Figure S2 Selected parameters (red markers) based on Sobol sensitivity indices, 596 

using thresholds of independent effect (S1) > 0.02 and combined effect (ST) > 0.1. 597 

Parameters are retained if they satisfy the criteria in any time–scenario combination. S1 598 

quantifies the individual contribution of a parameter to output variance (independent 599 

effect), whereas ST captures its total contribution, including interactions with other 600 

parameters (combined effect). Higher Sobol indices indicate greater influence on model 601 

variance.  602 
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(a)  605 

 606 

 607 

(b)  608 

  609 

 610 

 611 

(c)    612 
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 613 

Figure S3. Random forest based variable importance across emission scenarios in 614 

2050 and 2100. Importance is estimated using a random forest model for SSP1-2.6 (a), 615 

SSP2-4.5 (b) and SSP5-8.5 (c). Red and blue bars represent 2050 and 2100, respectively. 616 

Importance is measured as %IncMSE based on permutation loss in a 500-tree random 617 

forest. Seven Sobol-selected predictors are included. 618 
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 620 

Figure S4 Temperature change due to behavioral responses relative to no-response 621 

baseline across scenarios and coupling assumptions. Median temperature change 622 

relative to no-response baseline comparison between 2050 and 2100 under different 623 

scenarios. Black dots represent no-response baseline. Deviations above the baseline are 624 

shown in red, and deviations below the baseline in blue 625 

 626 

  627 
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(a)  628 

 629 

(b)  630 

 631 

(c)   632 
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 633 

Figure S5. Regression tree of temperature change due to behavioral responses 634 

relative to no-response baseline in 2050 and 2100 under SSP1-2.6 (a), SSP2-4.5 (b), 635 

and SSP5-8.5 (c). Decision tree regression models are used to quantify the influence 636 

of behavioral and perception-related parameters, as well as temperature change from 637 

preindustrial levels, on temperature deviations from the baseline. The response variable 638 

is the temperature deviation relative to the no-response baseline, with baseline values 639 

of 1.52 °C (2050) and 1.62 °C (2100) for SSP1-2.6, 1.63 °C and 2.40 °C for SSP2-640 

4.5, and corresponding values for SSP5-8.5. Blue (red) colors indicate decreases 641 

(increases) in temperature relative to the baseline, with color intensity representing the 642 

magnitude of deviation, scaled by the global maximum absolute deviation across all 643 

scenarios. Each node reports the mean temperature deviation and the proportion of 644 

samples within that node. 645 

  646 



32 

 

 647 

 648 

 649 

Figure S6. Temperature trajectories with a different start year (2010, 2020, 2030) 650 

of coupling human responses under SSP1-2.6 scenario. The left panel shows 651 

temperature change relative to a no-response baseline (black line prior to 2010). Total 652 

response is decomposed into above-baseline (solid lines) and below-baseline (dashed 653 

lines) components. Above-baseline and below-baseline components represent warming 654 

and cooling contributions relative to the no-response baseline. Colors indicate start year 655 

(blue: 2010; orange: 2020; red: 2030). The right panel shows corresponding 656 

temperature deviations in 2100. 657 
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 659 

 660 

 661 

Figure S7. Temperature trajectories with a different start year (2010, 2020, 2030) 662 

of coupling human responses under SSP2-4.5 scenario. The left panel shows 663 

temperature change relative to a no-response baseline (black line prior to 2010). Total 664 

response is decomposed into above-baseline (solid lines) and below-baseline (dashed 665 

lines) components. Colors indicate start year (blue: 2010; orange: 2020; red: 2030). The 666 

right panel shows corresponding temperature deviations in 2100. 667 
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 669 

Figure S8 Temperature trajectories under direct adjustment of emissions by 670 

human behavior across SSP scenarios. The left panel shows global mean temperature 671 

change relative to the 1850 baseline. Before 2010, all scenarios follow the no-response 672 

baseline (black line). After 2010, colored dashed lines represent the continuation of the 673 

baseline without behavioral feedback, while colored solid lines show temperature 674 

trajectories when human behavior directly adjusts emissions at each time step. Results 675 

are shown for SSP1–2.6 (blue), SSP2–4.5 (orange), and SSP5–8.5 (red), with shaded 676 

areas indicating the interquartile range (25th–75th percentiles). Annotated values 677 

indicate the deviation of median temperature (P50) from the corresponding baseline. 678 

The right panel summarizes temperature outcomes in 2100, where black circled 679 

markers denote median values and colored bars represent the interquartile range. In this 680 

representation, behavioral changes are translated into immediate adjustments in 681 

emissions levels without accumulating over time. As a result, temperature deviations 682 

from the baseline remain relatively small and show limited sensitivity to the timing of 683 

behavioral responses. Compared to the gradual adjustment shown in Fig. 2, this direct 684 

adjustment approach produces weaker amplification of both warming and cooling 685 

effects, highlighting the importance of cumulative processes in shaping long-term 686 

climate outcomes. 687 
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 688 

Figure S9 Sensitivity of projected temperature to human behavioral parameters 689 

under direct emissions adjustments across SSP scenarios. Contributions of 13 690 

behavioral parameters to temperature variability are quantified using Sobol global 691 

sensitivity analysis under SSP5–8.5, SSP2–4.5, and SSP1–2.6 for 2050 and 2100. Light 692 

blue bars denote combined effects (ST), while dark blue segments indicate independent 693 

effects (S1). Across all scenarios and time horizons, PAC, CAC, and SCA dominate the 694 

variance contribution, with memory window, memory retention factor, and severity 695 

weighting also playing significant roles. 696 
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(a) SSP1-2.6 698 

 699 

(b) SSP2-4.5 700 

 701 

 702 

 703 

 704 

 705 

 706 

 707 
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(c) SSP585 709 

 710 

Figure S10. Random forest based variable importance under direct emission 711 

adjustments across emission scenarios in 2050 and 2100. Importance is estimated 712 

using a random forest model for SSP1-2.6 (a), SSP2-4.5 (b) and SSP5-8.5 (c). Red and 713 

blue bars represent 2050 and 2100, respectively. Importance is measured as %IncMSE 714 

based on permutation loss in a 500-tree random forest. Seven Sobol-selected predictors 715 

are included. 716 
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(a) SSP1-2.6 718 

 719 

(b) SSP2-4.5 720 

 721 

 722 

 723 

 724 

 725 

 726 
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(c) SSP5-8.5 727 

 728 

Figure S11. Warming and cooling trajectories with different behavioral coupling 729 

start year (2010, 2020,2030) under (a) SSP1–2.6, (b) SSP2–4.5, (c) SSP5–8.5. Solid 730 

lines show global mean temperature trajectories under direct emissions adjustment 731 

coupling, with intervention starting in 2010 (blue), 2020 (orange), and 2030 (red). 732 

Shaded bands indicate the uncertainty range associated with behavioral response. 733 

Right-hand panels display the corresponding end-of-century temperature changes 734 

relative to the baseline (no behavioral feedback). Early intervention produces the largest 735 

temperature reduction across all scenarios, with diminishing effectiveness for later start 736 

dates.  737 
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 739 

Supplementary Tables 740 

Table S1 Parameter values and their uncertainty ranges. 741 

System 

Domain 
Parameter Baseline Min Max Description Interpretation 

Physical 

Climate 

System 

Extreme 

threshold 
0.98 0.95 0.99 

Defines rarity of extreme 

events 

Quantile-based 

extreme definition 

Temperature 

scale factor 
1 0.8 1.2 

Converts temperature 

change into event frequency 

change 

Climate sensitivity 

of extreme events 

Memory 

Dynamics 

Memory 

window 
2 0.5 5 

Time horizon of climate 

experience integration  

Experience 

timescale 

Memory 

retention 

factor 

1 0.25 1.5 
Controls persistence of 

remembered events 

Memory retention 

duration 

Memory 

threshold 
0.5 0 1 

Minimum intensity required 

to influence perceived 

severity 

Threshold for 

perception 

activation 

Perception 

Process 

Norm events 10 5 20 

Baseline reference for 

perceived severity 

normalization 

Scaling reference 

for event frequency 

Severity 

weighting 
0.5 0 1 

Weight of severity vs 

susceptibility in risk 

perception 

Cognitive 

weighting 

parameter 

Extreme 

Intensity 
0.5 0 1 

Controls severity of 

individual extreme events 

Physical intensity 

of events 

Intensity 

sensitivity 
0.5 0 1 

Nonlinear scaling of 

intensity on affected 

population 

Amplification of 

physical impacts 

Perception 

delay 
1 0.5 3 

Time lag in updating 

perceived risk 
Adjustment delay 

Cognitive 

and 

emotional 

responses 

SCA 0.5 0 1 
Sensitivity of climate 

anxiety to perceived threat 

Emotional 

responsiveness 

PAC 0.3 0.1 0.9 
Belief in individual ability 

to act 

Perceived self-

capacity 

CAC 0.3 0.1 0.9 
Belief in effectiveness of 

actions 

Perceived response 

effectiveness 

 742 
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 744 

Table S2 First-order (S1) and total-order (ST) Sobol sensitivity indices of 13 745 

human–climate system parameters across three emission scenarios (SSP1-2.6, 746 

SSP2-4.5, SSP5-8.5) and two time horizons (2050 and 2100). Parameters are grouped 747 

into four functional components of the coupled human–climate system: (i) cognitive 748 

adjustment and emotional response (PAC, CAC, SCA); (ii) mechanisms of memory 749 

(memory threshold, memory window, memory retention factor); (iii) processes of risk 750 

perception (extreme intensity, intensity sensitivity, norm events, severity weighting, 751 

perception delay); and (iv) characteristics of extreme events (extreme definition 752 

threshold, temperature scale factor). S1 represents the first-order (direct) contribution 753 

of each parameter to temperature variability, while ST captures both direct and 754 

interaction effects. Values are reported as mean sensitivity indices rounded to two 755 

decimal places. Values reported as 0 correspond to near-zero estimates (typically |value| 756 

< 0.005). 757 

SSP126 

Parameter S1 (2050) ST (2050) S1 (2100) ST (2100) 

PAC 0.41 0.51 0.39 0.47 

CAC 0.41 0.51 0.4 0.47 

SCA 0.02 0.06 0.02 0.1 

Severity weighting 0.01 0.05 0.01 0.07 

Memory window 0.01 0.04 0.01 0.05 

Memory retention factor 0.01 0.03 0.01 0.04 

Norm events 0.01 0.02 0.01 0.02 

Extreme intensity 0 0.01 0.01 0.02 

Temperature scale factor 0.01 0.01 0.01 0.01 

Intensity sensitivity 0 0 0 0 

Extreme threshold 0 0 0 0 

Perception delay 0 0 0 0 



42 

 

Memory threshold 0 0 0 0 

SSP245 

Parameter S1 (2050) ST (2050) S1 (2100) ST (2100) 

PAC 0.36 0.48 0.29 0.41 

CAC 0.37 0.49 0.31 0.41 

SCA 0.05 0.09 0.11 0.2 

Severity weighting 0.02 0.09 0.02 0.07 

Memory window 0.02 0.06 0.01 0.08 

Memory retention factor 0.01 0.04 0.01 0.04 

Norm events 0.01 0.03 0.01 0.03 

Extreme intensity 0.01 0.01 0.01 0.02 

Temperature scale factor 0 0.01 0 0.01 

Intensity sensitivity 0 0 0 0.01 

Extreme threshold 0 0 0 0 

Perception delay 0 0 0 0 

Memory threshold 0 0 0 0 

SSP585 

Parameter S1 (2050) ST (2050) S1 (2100) ST (2100) 

PAC 0.31 0.46 0.23 0.38 

CAC 0.34 0.46 0.27 0.36 

SCA 0.03 0.12 0.22 0.34 

Severity weighting 0.03 0.1 0.01 0.05 

Memory window 0.03 0.06 0.03 0.08 

Memory retention factor 0.01 0.04 0 0.04 

Norm events 0.01 0.03 0.01 0.02 

Extreme intensity 0 0.02 0.01 0.01 

Temperature scale factor 0 0.01 0 0.01 

Intensity sensitivity 0 0 0 0 

Extreme threshold 0 0 0 0 
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Perception delay 0 0 0 0 

Memory threshold 0 0 0 0 

     

 758 

Table S3 Scenario-level contribution of key behavioral drivers to total-order (ST) 759 

sensitivity of temperature change across emission pathways (SSP1-2.6, SSP2-4.5, 760 

SSP5-8.5) and time horizons (2050 and 2100). PAC, CAC, and SCA denote the three 761 

dominant behavioral parameters. “Top-6 ST sum” represents the cumulative total-order 762 

sensitivity of the six most influential parameters (PAC, CAC, SCA, memory window, 763 

memory retention factor and severity weighting) within each scenario-year 764 

combination. “Share (%)” indicates the proportion of total sensitivity explained by 765 

these six parameters relative to the full set of 13 parameters. Values are rounded to two 766 

decimal places. 767 

Scenario Year PAC CAC SCA Top-6 ST sum Share (%) 

SSP1-2.6 2050 0.48 0.49 0.06 1.16 97.1 

SSP1-2.6 2100 0.48 0.49 0.1 1.24 95.9 

SSP2-4.5 2050 0.48 0.49 0.09 1.24 95.7 

SSP2-4.5 2100 0.41 0.41 0.2 1.20 94.4 

SSP5-8.5 2050 0.46 0.46 0.12 1.24 95.0 

SSP5-8.5 2100 0.38 0.36 0.34 1.24 96.4 

 768 

  769 
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Table S4 Random forest variable importance of key behavioral parameters across 770 

three emission scenarios (SSP1-2.6, SSP2-4.5, SSP5-8.5) and two time horizons 771 

(2050 and 2100). Values represent %IncMSE, indicating the increase in mean squared 772 

prediction error when each parameter is permuted; higher values indicate greater 773 

importance of the parameter in explaining variability in projected temperature change. 774 

The analysis is performed for six key behavioral drivers: PAC, CAC, SCA, severity 775 

weighting, memory window, and memory retention factor. “SCA share (%)” denotes 776 

the proportion of total importance attributed to SCA, while “PAC+CAC+SCA (%)” 777 

represents the combined contribution of the three primary behavioral drivers relative to 778 

the total importance of the six-variable set. Values are reported as mean importance 779 

scores. 780 

Parameter 
SSP126 

2050 

SSP126 

2100 

SSP245 

2050 

SSP245 

2100 

SSP585 

2050 

SSP585 

2100 

PAC 605.95 627.3 656.67 585.47 608.71 568.18 

CAC 644.15 629.18 604.78 572.8 581.82 508.74 

SCA 490.68 542.75 638.85 768.56 642.6 756.28 

Severity weighting 392.68 359.47 437.48 324.36 459.09 219.7 

Memory window 120.52 131.1 150.14 146.85 162.71 109.88 

Memory retention 

factor 
111.96 114.08 134.08 129.33 143.95 100.77 

SCA share (%) 20.74% 22.58% 24.36% 30.41% 24.73% 33.41% 

PAC+CAC+SCA (%) 73.58% 74.85% 72.48% 76.24% 70.54% 80.99% 

 781 

 782 

 783 


