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Abstract 20 

 21 

Terrestrial vegetation emits vast amounts of monoterpenes into the atmosphere, influencing 22 

ecological interactions and atmospheric chemistry. Global emissions, mostly driven by 23 

responses to abiotic stress, are simulated as a function of temperature with a fixed exponential 24 

relationship (β coefficient) across forest ecosystems and environmental conditions. We 25 

applied meta-analysis algorithms on all published monoterpene emission data and show that 26 

this relationship is more intricate and sensitive than previously thought. We find that co-27 

occurring environmental stresses amplify the temperature sensitivity of the emissions that is 28 

primarily related to the specific plant functional type (PFT). On average, warmer ecosystems 29 

appear more sensitive, indicating the adjustment of plants in response to thermal stress. 30 

Implementing a PFT-dependent β in a biogenic emission model, coupled with a chemistry – 31 

climate model, demonstrated that atmospheric processes are exceptionally dependent on 32 

monoterpene emissions which are subject to amplified variations under rising temperatures. 33 

Introduction 34 

Plants emit large amounts of monoterpenes (MT; C10H16) in response to abiotic drivers and 35 

biotic interactions, with significant feedbacks to the ecophysiological and biogeochemical 36 

processes of terrestrial ecosystems1–3.  Once released, these Volatile Organic Compound 37 

(VOC) species affect atmospheric chemistry and physics due to their high reactivity and 38 

propensity to form particles, thereby influencing air quality, atmospheric oxidative capacity 39 

and radiative balance-related climate feedbacks4,5. 40 

Considered as the ‘thermometer’ of plants6, monoterpene emissions from global vegetation 41 

are fundamentally simulated with an empirical approach that considers temperature as a key 42 

regulator of MT emissions by global vegetation7:  43 
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EMT = E30exp(β(T − T30)  [1] 44 

Here, E30 is the emission potential under standardized conditions (30 °C), and β is an 45 

empirical coefficient (°C-1) derived from the fit of the regression between measured emissions 46 

and temperature (T). This equation remains the best approximation for MTs stored in leaf 47 

pools, but an additional light-dependent function, similar to that used for isoprene, must be 48 

applied for instantaneously produced MTs7 (Supplementary Text).  49 

To date, a fixed dependence on temperature (β=0.10 °C-1) is used for all types of vegetation. 50 

The purpose of this meta-analysis is to conduct a detailed evaluation of this parameter by 51 

collecting and analyzing all experimentally derived β coefficients published (see 52 

Supplementary Information references) since the first observation of this relationship in 53 

19808. Moreover, we aim to assess potential refinements of β and investigate the resulting 54 

impact on atmospheric chemistry and physics by performing coupled simulations between the 55 

most established emission model for biogenic trace gases (MEGAN)7 and an atmospheric 56 

chemistry – climate model (EMAC)9. 57 

Results  58 

Meta-analysis of monoterpene observations 59 

Screening of all indexed research articles and data sets published during 1980-2020 yielded a 60 

collection of 696 β coefficients of regression fits obtained under diverse conditions. The 61 

reported values varied widely, ranging from -0.07 to 2.39 °C-1. To identify the factors that 62 

explain this variability, we collected an additional 35 parameters that described the 63 

experimental procedure, location, time, vegetation state (i.e. the plant functional type and tree 64 

characteristics) and the characteristics of MT emission (Supplementary Table 1). 65 

Almost all observations were in the Northern Hemisphere, and the majority of the studies 66 

were conducted under field conditions, using branch enclosures and offline chemical analyses 67 

for quantifying VOCs using adsorbent tubes (Supplementary Figs. 1-2). The derivation of the 68 

rate of emission (enclosures vs eddy covariance) and the techniques of sampling and 69 

analyzing VOCs did not differ β amongst the studies (offline vs. online). Attempts to establish 70 

clear relationships with the potential drivers were hindered by the complexity of inter-related 71 

parameters and in some cases the lack of reported information for each parameter. 72 

The clearest observed pattern was the increase in β with the coefficient of determination (R2) 73 

from the regression fits between emission and temperature. Our meta-analysis, based on a 74 

standard random-effect statistical model10, determined the values of β within 95% confidence 75 

intervals, across R2 bins (Fig. 1). We identified a relationship between the quality of 76 

regression fit and β for MT emissions that had larger values as the quality of the fit increased. 77 

The majority of the data (ca. 52%) had an R2 >0.6, and the reported dependencies on 78 

temperature were significantly higher than the established value of 0.10 °C-1. This observation 79 

indicated a clear underestimation of a globally uniform β. Interestingly, β obtained from field 80 

data was systematically higher than β obtained under controlled conditions, suggesting 81 

amplified sensitivities to temperature under natural conditions, when environmental stresses 82 

co-occur. 83 
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A low R2 indicates a weak to non-existent relationship between MT emissions and 84 

temperature, so we chose to disregard the lowest 10% of the reported β (56 values), which 85 

represented R2<0.2. This approach increased the quality of our data set while retaining a 86 

substantial number of observations for further statistical analyses. R2 was not reported in 81 87 

cases, so the overall data that we considered for further analysis are comprised of 559 88 

experimental values. 89 

We applied a machine learning analysis using the feature-importance ranking (FIR) approach, 90 

with individual parameters for vegetation, location, and time to better identify the most 91 

important parameters that influenced the β values (Fig. 2). The results indicated that the type 92 

of ecosystem, particularly the specific plant functional type (PFT; as defined in Guenther et 93 

al.7), was important to the derived temperature sensitivities. The geographic location (latitude 94 

and longitude) remained associated with the vegetation types that grow within the 95 

corresponding geographically distributed ecosystems. Our results nonetheless indicated that 96 

the responses of MT emissions to temperature could vary dynamically across the life span of 97 

plants. Finally, the FIR analysis did not clearly identify seasonality or a relationship between 98 

tree height and the coefficient of temperature dependency.  99 

Revised temperature-dependent coefficients (β)  100 

The temperature-dependent coefficients (β) were used for each PFT in MEGAN7 (Fig. 3). 101 

Surprisingly, we did not find any β reported for agricultural ecosystems or grasslands. Almost 102 

all PFTs (other than boreal needle leaf deciduous trees and broadleaf deciduous shrubs) had 103 

values significantly larger than 0.10 °C-1. This finding was particularly important for the 104 

widespread boreal needle leaf evergreen forests (βΝΕΒ = 0.15 °C-1; range 0.12-0.19 °C-1) and 105 

tropical broadleaf evergreen forests (βBETr = 0.20 °C-1; range 0.14-0.3 °C-1). Compared to 106 

needle leaf trees and broadleaf shrubs, broadleaf trees display higher dependencies on 107 

temperature in the release of MTs by their foliage. We note that removing the lowest 10% 108 

from our dataset had negligible impact on the revised values (Supplementary Fig. 3). A 109 

uniform β was calculated from all 559 data points as 0.13±0.01 °C-1, 30% higher than the 110 

established value.  111 

A β coefficient for each MT species was derived, taking into account the importance of 112 

processes of atmospheric oxidation due to their different rates of reaction with atmospheric 113 

radicals11. No significant differences were identified across all MTs, even though β was 114 

higher for Δ3-carene and trans-β-ocimene (Supplementary Fig. 4).  115 

Summarizing the reconsiderations needed for determining β for the MTs, we concluded that 116 

the most sensible approach was to assign a different value for each PFT. Alternatively, a 117 

uniform value of 0.13 °C-1 could be considered, and potential discrepancies for different 118 

monoterpenes may not be disregarded due to insufficient published data. 119 

Model simulations 120 

To comprehensively evaluate the implications of revised MT emission temperature 121 

dependencies, we performed coupled simulations employing the most widely used VOC 122 

emission model (MEGAN)7 and a global atmospheric chemistry – climate model (EMAC)9. 123 

The simulations were performed at 1.8 by 1.8-degree resolution and with hourly outputs for 124 
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the original version of the model (β=0.10 °C-1) and three additional scenarios for comparison. 125 

First, the MEGAN code was modified (‘‘PFT’’ simulation; Supplementary Code 1) to assign 126 

a different β for each PFT. For the PFTs that do not have any measurements, we used the 127 

value of 0.13 °C-1 that considers the complete dataset (Fig. 3). Second, β was uniformly set to 128 

0.13 °C-1, similar to the current approach (‘‘ALL’’ simulation). Third, β was modified based 129 

on β derived for each MT (‘‘MTRP’’ simulation). All three simulations produced significant 130 

and similar changes in the rate of emission and atmospheric feedbacks compared to the 131 

current version. We focused on the most sensible approach (considering Figs. 2, 3 and 132 

Supplementary Figs. 3-4), which was the revision of β across PFTs. 133 

The global annual average of MT emissions was 13% lower (Supplementary Table 2). The 134 

most significant changes were found for Siberia and were particularly pronounced during 135 

winter. We attributed this large discrepancy to the lower β from broadleaf deciduous shrubs 136 

and the generally low MT emissions in this region. Average annual β was higher for tropical 137 

ecosystems, particularly for the Amazon rainforest, where MT emissions were locally up to 138 

ca. 30% higher. The simulations indicated that MT emissions could even double during the 139 

Amazonian dry season despite the similar annual averages (Supplementary Fig. 5). 140 

Investigating the daily extremes for each season indicated that MT emissions could 141 

occasionally be more than three-fold higher in both tropical and arctic ecosystems 142 

(Supplementary Fig. 6). 143 

The most pronounced difference was the diurnal variation in the rates of emission 144 

(Supplementary Figs. 7-8). Tropical forests had particularly pronounced diel cycles that could 145 

be further amplified on seasonal and daily bases. Maximum differences in the daily standard 146 

deviation could increase by more than 300%, demonstrating the large variations in MT 147 

emissions introduced by increased dependencies on temperature. We applied Eq. 1 using data 148 

for temperature collected at the Amazonian Tall Tower Observatory (ATTO) in 2014 and 149 

201512 to demonstrate the dynamics of PFT-dependent β (Supplementary Fig. 9). The increase 150 

in β (from 0.10 to 0.20 °C-1) led to slightly lower average emissions. The variations in the 151 

standard deviation of the hourly simulated emissions, however, averaged twice as large and 152 

were particularly pronounced under extreme conditions such as the El Niño year of 2015. 153 

The exponential relationship between temperature and MT emission is standardized at 30 °C, 154 

and we found that significant changes in the simulated emissions occurred at either low or 155 

very high temperatures (Fig. 5, Supplementary Fig. 10). We derived β weighted by area 156 

coverage for each PFT to illustrate the simplified dynamics of emission for the three dominant 157 

ecosystems (Supplementary Table 3). The current models of emission have clearly 158 

overestimated MT emissions under 30 °C. In contrast, the current models have 159 

underestimated the emissions for temperatures above 30 °C, helping to explain the observed 160 

discrepancies in diurnal variation of MT emission in warm environments13,14.  161 

The emission potential at standard conditions (E30) was another important parameter that 162 

defined the rate of MT emissions. We chose to perform the simulations adopting the values in 163 

MEGAN because our analysis identified large uncertainties in the potential emissions, which 164 

increased further due to the uncertainties in the conversion of units (typically from ng C g(dry 165 



5 
 

weight)-1 h-1 to μg C m-2 h-1) and the leaf area index derived from the literature and satellite 166 

observations (Supplementary Figs. 11-12). 167 

Atmospheric implications 168 

The direct implications on the processes of atmospheric oxidation were evaluated by 169 

investigating the differences in concentration between model simulations. The hydroxyl 170 

radical (OH) is the most important daytime oxidant that reacts strongly with most organic 171 

molecules, particularly MTs. Our results showed that using a PFT-dependent β increases OH 172 

concentrations globally (Fig. 4). The boreal-forest belt was particularly affected, with ca. 12% 173 

higher annual average OH concentrations compared to the base simulation (β=0.10 °C-1). 174 

Increased OH concentrations in NH summer were particularly pronounced (up to 20%) 175 

(Supplementary Fig. 13). Significant daytime changes in MT emissions in EMAC indicated 176 

that OH concentrations could occasionally be even as much as double compared to what is 177 

currently simulated (Supplementary Fig. 14).  178 

In contrast to OH, average tropospheric concentrations of ozone (O3) were only moderately 179 

affected as the maximum O3 concentration change in the summer was within 4 - 5% for the 180 

Northern Hemisphere (Supplementary Fig. 15). Regional changes in O3 concentration on 181 

specific days, however, could increase by up to 10% (Supplementary Fig. 16). Monoterpenes 182 

contributed both to the production (in the presence of NOx) and chemical removal of 183 

tropospheric O3 by reaction schemes that could differ considerably between locations (e.g. 184 

VOC or NOx limited environments15). By reducing MT emissions in our updated emission 185 

model, O3 loss was generally minimized, increasing its abundance globally, except for the hot 186 

and dry season of the Amazon rainforest when the high ambient MT concentrations remove 187 

O3 at higher rates compared to the base model simulations. 188 

Changes in the dynamics of atmospheric oxidation in forests influenced the yield of secondary 189 

organic aerosol (SOA) particles around the globe (Fig 4, Supplementary Fig. 17). The revised 190 

simulations indicated lower SOA production over boreal and temperate forests. Seasonal 191 

averages nonetheless indicated increased SOA formation over both tropical forests and 192 

oceans. Another consistent feature was the increase in SOAs in Siberia of the order of 10% 193 

considering the annual averages. 194 

Our results thus underscore that the temperature dependency of MT emissions is a sensitive 195 

coefficient that introduces important feedbacks in atmospheric oxidation processes and 196 

reaction products. The feedbacks include an amplified seasonality and demonstrate the 197 

importance of accurately simulating the temperature effects on MT emissions. 198 

Discussion 199 

As global temperatures are rising, the emissions of monoterpenes from vegetation are 200 

expected to increase exponentially, adding greater amounts of these reactive species to the 201 

atmosphere. The implications range from changes in crucial ecological functions (e.g. plant 202 

defense and signaling)16,17 to atmospheric composition and eventually radiative transfer and 203 

the properties of clouds4. Therefore, the accurate simulation of MT emissions is essential for 204 

evaluating plant responses and the respective feedbacks and improving future projections. 205 
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Various algorithms for simulating MT emissions have been developed accounting for either 206 

short-term volatilization (emission-based)7,8 or long-term production of MT that are linked to 207 

photosynthesis (production-based)18,19. The emission-based models, such as MEGAN, have 208 

been widely applied to describe observations at the scales of leaves, branches, and canopies 209 

by simulating global MT emissions from terrestrial vegetation, accounting for multiple 210 

parameters such as temperature, light, foliar age, soil moisture concentration, and CO2 211 

inhibition7. Our meta-analysis focused on the effect of temperature and in particular, on the 212 

evaluation of the emission-response defining temperature sensitivity (β) of MT emissions.  213 

The β coefficient for the temperature-dependent term in Eq. 1 can vary across seasons20,21, 214 

tree species22, tree age23, developmental stage24, ambient humidity25, level of 215 

photosynthetically active radiation26, CO2 abundance27, soil moisture concentration28, and 216 

other drivers29. Both the FIR analysis and simplified correlation analyses on the new data 217 

collected in this study demonstrated that the vegetation type was the most important regulator 218 

of the sensitivity to temperature of MT emissions from vegetation. On average, plants that 219 

grow in warmer ecosystems appear more sensitive, indicating the adjustment of plants in 220 

response to thermal stress. Applying a PFT-dependent β helps to explain the frequently 221 

overestimated MT emissions in several environments13,30–33. 222 

Besides β, other parameters also contribute to the emissions of MT by terrestrial vegetation. 223 

The potential emission at standard condition (E30) is an important parameter that regulates the 224 

rate of emission by forests. Our meta-analysis collected E30 values that vary by orders of 225 

magnitude for each ecosystem (Supplementary Figs. 11-12) revealing substantial uncertainties 226 

in the magnitude of simulated emissions. Furthermore, uncertainties in the leaf area index and 227 

the lack of studies over widespread ecosystems including agricultural and grasslands add to 228 

the unknowns and shape the direction of future research. Our results demonstrated that co-229 

occurring environmental stresses amplify the temperature responses (β) of MT emissions. The 230 

accurate formulation of a parameterization that incorporates diverse and frequently co-231 

occurring drivers of emission is challenging, because plants from different or even the same 232 

ecosystems have developed different strategies to cope with environmental stresses. Plants are 233 

also living organisms, so they are further subject to interspecific variability of emissions of 234 

different MTs34. 235 

Relating these uncertainties to atmospheric processes, we identified important implications on 236 

the mechanisms of atmospheric oxidation and consequently SOA formation. Introducing PFT-237 

dependent β decreased MT emissions under mean temperatures below 30 °C, thereby 238 

increasing global OH concentrations. A critical review of tropospheric OH radicals identified 239 

significant and unexplained discrepancies between measured and simulated OH 240 

concentrations in unpolluted forested regions35. By revising MT emissions through their 241 

temperature sensitivity, our updated simulations help explain these observed discrepancies, 242 

corroborating the strong links between the emissions and atmospheric processes. 243 

With newly discovered biogenic MT sources12,36–38 and the challenge of modeling co-244 

occurring environmental stresses on the biosphere, our results demonstrate the need for more 245 

process-oriented research of biosphere-atmosphere interactions, particularly in tropical, 246 

grassland and agricultural ecosystems. As climatic warming intensifies, biogenic VOC 247 
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emissions from global forests will play a crucial role in the evaluation of the health of 248 

ecosystems, and influence the atmospheric oxidation capacity with implications for the 249 

chemical composition, aerosols and climate.  250 

Methods 251 

Experimental design 252 

Searching the Web of Science, selecting results from the WOS, BCIBIOSIS, CCC, DRCI, and 253 

RSCI databases, and using the keywords ‘‘monoterpenes’’, ‘‘emissions’’, and/or 254 

‘‘temperature’’ identified 745 peer-reviewed studies published between 1980 and 2020. 255 

Screening of these articles (page by page) decreased the number of studies to 84 that reported 256 

β derived from regression fits of experimental observations. The data for tropical plants were 257 

not sufficient to perform reliable statistical analyses, so three additional studies (which 258 

reported only data) were considered and analyzed. The timelines for the data for temperature 259 

and MT emission were extracted from published plots6,39 using a web-based tool 260 

(WebPlotDigitizer; https://automeris.io), and data were directly obtained from Yáñez-Serrano 261 

et al.40. We compiled a data set consisting of 696 values of β. To the best of our knowledge, 262 

we accounted for all values reported in the literature. We may, however, have missed some, 263 

mainly because they were not appropriately indexed in the literature data bases.  264 

We investigated potential relationships with experimental, geographical, plant-specific, 265 

seasonal, and regression-fit variables by extracting all available information for 35 parameters 266 

(Supplementary Table 1), vectorising them (i.e. annotated/assigned a number to each 267 

character class), and then proceeded with our statistical analyses.  268 

The main conclusion of each study was classified in three categories: those driven by 269 

temperature, temperature and light, and temperature and/or other environmental parameters 270 

(e.g. soil moisture concentration and relative humidity). The experimental approaches used 271 

varied in environmental conditions, determination of the rate of emission, VOC sampling, and 272 

chemical analysis (Supplementary Fig. 2). These variables were comprehensively reported in 273 

all studies, so the annotation was relatively straightforward. The β data points were annotated 274 

using the method that was used to collect the majority of the data only when two sampling 275 

methods were used. The regression fits for individual monoterpenes were annotated 276 

accordingly when measurements were performed using gas chromatography.  277 

The year, month, and season of the experiments were assessed. The experiments were 278 

typically conducted within one year. If the experiments were conducted over two consecutive 279 

years and if the regression fits were applied for all available data, we used the year in which 280 

the majority of the observations were collected. If the experiments were conducted in the 281 

same month of two different years, then the first year was annotated in the data points. If the 282 

year of the experiments was not reported (typical for laboratory experiments), then we 283 

annotated the year prior to publication. The month of an experiment was annotated with 284 

numbers 1-12, and 13 was used for longer and/or mixed periods across years. Seasonal 285 

observations and laboratory experiments were annotated differently. The seasons were 286 

annotated accordingly in this classification. 287 

https://automeris.io/
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The exact location of the field experiments included the latitude, longitude, and meters above 288 

sea level. If the authors reported a specific station instead of the exact coordinates, we used 289 

the cited literature to derive this information, but we used Google Earth and derived the 290 

coordinates if deriving this information was not possible. Information for the tree species 291 

(both Latin and common names) was collected from each publication. Considering the 292 

geographical information, we assigned each tree species to its plant functional type (PFT) as 293 

defined in the Model of Emissions of Gases and Aerosols from Nature (MEGAN)7. Tree age 294 

(in years), tree height (in meters), and sampling height (in meters) were rarely reported 295 

together, so several data gaps could not be filled. Finally, the minimum, maximum, mean, and 296 

range of atmospheric temperatures were filled as reported, but if not reported, the data were 297 

collected from the publication figures when possible.  298 

These studies had different scientific objectives, so the collection and classification of all 35 299 

parameters was a strenuous task. All parameters were cross-checked by more than one author 300 

of this study to avoid mistakes during collection. 301 

Statistical analysis 302 

Data were analyzed using random-effects models, which are commonly used in meta-303 

analyses41–43. A first model without a covariate was fitted to estimate the global mean β across 304 

all studies. Another model with functional type as a categorical covariate was then fitted to 305 

the data set for analyzing the relationship between β and PFT. Finally, a categorical variable 306 

including categories of R2 covering intervals of 0.1 was defined and included as a covariate in 307 

another random-effect model for studying the relationship between β and R2. This model was 308 

fitted to the data collected under either field or controlled conditions for analyzing the 309 

sensitivity of β to the type of experiment. A random study effect was included in all fitted 310 

models to account for the heterogeneity between studies. The models were fitted using the 311 

lmer function of the lme4 R package by restricted maximum likelihood44. The accuracy of 312 

estimated β was assessed by calculating 95% confidence intervals. All calculations were 313 

implemented using R v4.1.2. 314 

Unit conversions for potential emission at standardized conditions (30 °C, E30).  315 

The rates of emission of monoterpenes were typically reported in units of carbon mass per 316 

gramme of foliar dry weight per hour (ng C g(dry weight)-1 h-1). The biogenic emission factors 317 

in MEGAN are in μg m-2 h-1, so we used the leaf area index (LAI) and the specific leaf area 318 

(SLA) for each point to convert the reported values. SLA was obtained from the TRY 319 

database45 (https://try-db.org, last accessed 8 June 2022). The data sets used were 1-km 46 320 

maps scaled up from trait data measured in situ. The LAI data we used were the monthly 321 

climatological data from the ORNL DAAC database47. The data for SLA and LAI were 322 

extracted from the above data sets, for the longitudes and latitudes of our data points while in 323 

case of missing values, the nearest neighbor with valid data was used. 324 

Machine learning 325 

We used machine learning methods to examine the relationship and the importance of β 326 

coefficient to the three broad categories (vegetation type, location and time variables) 327 

identified in our meta-analysis. As each of these broad categories had sub-divisions, we 328 

https://try-db.org/
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examined them using the Featured Importance Ranking (FIR) approach of machine learning. 329 

Feature (or variable) importance ranking refers to a task that measures the contributions of 330 

individual input features (variables) to the performance of a supervised learning model48. 331 

Feature importance ranking has become one of the most powerful tools in 332 

explainable/interpretable models to facilitate understanding and discovery of key factors in a 333 

specific domain49,50.  334 

 Specifically, we used Caret and Cubist packages in R with tuning two hyper-parameters: 335 

neighbors (#Instances) and committees (#Committees), which are the ones to most likely have 336 

the largest effect on the final performance of the Cubist model51. Cubist is a rule-based tree 337 

algorithm, where a tree is grown, and the terminal leaves contain regression models. These 338 

models are based on the predictors used in previous splits. In these algorithms, the prediction 339 

is made using the linear regression model at the terminal node of the tree but is smoothed by 340 

taking into account the prediction from another model in the previous node of the tree (which 341 

also occurs recursively up the tree). The tree is reduced to a set of rules, which initially are 342 

paths from the top of the tree to the bottom52. The performance is taken from each 343 

combination of the hyper-parameters tuning with the grid search method with cross-validation 344 

(CV)53. To avoid bias in data selection, we applied 10-fold CV53,54, while the model’s final 345 

performance against the test dataset was validated using R2 and Root Mean Square Error 346 

(RMSE). We also tested an ANN and a random forest algorithm but Cubist had the smaller 347 

RMSE and the greater R2 out of the three (Supplementary Fig. 18).  348 

Model simulations 349 

We used the global ECHAM/MESSy Atmospheric chemistry – Climate (EMAC) model, 350 

which simulates atmospheric chemical and meteorological processes and interactions with 351 

oceans and the biosphere55,56. The model uses the second version of the Modular Earth 352 

Submodel System (MESSy2) to link multi-institutional computer codes. The core 353 

atmospheric model was the 5th generation European Centre/Hamburg general circulation 354 

model (ECHAM5), into which updates and improvements in boundary layer, radiation, and 355 

convection routines have been introduced56–58. Additional descriptions, references, and 356 

information for the model are available at https://www.messy-interface.org. We applied 357 

EMAC (ECHAM5 version 5.3.02, MESSy version 2.55.0) with a spherical truncation of T63 358 

(corresponding to a quadratic Gaussian grid of approximately 1.8 × 1.8 degrees of latitude and 359 

longitude) with 31 levels of vertical hybrid pressure to 10 hPa.  360 

The various submodels represented tropospheric processes and their interactions with oceans, 361 

land, and human influences describing emissions, including isotopic composition, radiative 362 

processes, atmospheric multiphase chemistry, aerosols, and mechanisms of deposition57,59. 363 

The set-up used in this simulation was identical to that used by Pozzer et al.9, where a detailed 364 

scheme of the oxidation of volatile organic compounds (VOCs) (the Mainz Organic 365 

Mechanism) was coupled to a base set of volatility (ORACLE60) to simulate the partitioning 366 

of organic gases and aerosols in unprecedented detail for a chemistry – climate model. We 367 

only briefly summarized the most important characteristics (see Pozzer et al.9 for more 368 

details). 369 

https://www.messy-interface.org/
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EMAC simulates gas-phase and heterogeneous chemistry using the MECCA submodel, which 370 

accounts for the photochemical oxidation of natural and anthropogenic VOCs60–62. Processes 371 

of aerosol microphysics and gas/aerosol partitioning were simulated using the GMXe 372 

submodel63. The distribution of aerosol sizes was described using seven interacting lognormal 373 

modes (four hydrophilic and three hydrophobic modes). The composition of aerosols was 374 

uniform within each mode (internally mixed) but could vary between modes (externally 375 

mixed). The four modes of hydrophilic size (nucleation, Aitken, accumulation, and coarse) 376 

encompassed the spectrum of aerosol sizes. The composition of inorganic aerosols was 377 

determined using the ISORROPIA-II thermodynamic equilibrium submodel64, which 378 

calculates the gas/liquid/solid equilibrium partitioning of inorganic compounds and water. 379 

The components of aeolian dust can exist in the form of mineral salts in the solid phase and 380 

ions in the aqueous phase65. The composition and atmospheric evolution of organic aerosol 381 

compounds were simulated using the ORACLE sub-model, which represents classes of the 382 

volatility of organics by their effective saturation concentrations66. The biogenic emissions of 383 

non-methane VOCs were calculated online using MEGAN7. The results of the model for the 384 

last decade have been extensively tested against measured data for gases and particles from 385 

ground-based networks monitoring air quality and global observations from satellites67–70. 386 

The dynamics were not nudged, unlike the study by Pozzer et al.9, but the model ran freely, 387 

forced only by climatological sea-surface temperature (SST) and sea-ice coverage (SIC) 388 

obtained from the ERA5 data for 2010-2019, which allowed the model to recreate a 389 

climatological meteorology without strong extremes in the forcing (SST and SIC). The 390 

meteorology/radiation and the chemistry were also fully decoupled, so all simulations 391 

performed developed identical binary meteorology, allowing comparisons between the 392 

simulations. In summary, any difference between the concentrations of MTs in the 393 

simulations were only due to changes in the emissions and not in different modes of transport. 394 

We performed four simulations: 1) a BASE simulation, where MEGAN was used in its 395 

standard configuration (β=0.10 °C-1), 2) an ALL simulation, where MEGAN was used in its 396 

standard configuration but with β set at 0.13 °C-1, 3) an MTRP simulation, where β was based 397 

on the monoterpene emitted (Supplementary Fig. 3) a PFT simulation, where β in MEGAN 398 

varied based on PFT (Fig. 3, Supplementary Code 1). 399 
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Figures 576 

 577 

 578 

 579 

Figure 1. Groups of coefficients of determination (R2) for experimentally derived 580 

dependencies (β) of MT emissions on temperature. The blue and green error bars indicate 581 

95% confidence intervals. On the right, the distribution of the N=696 values of β extracted 582 

from the literature is displayed together with a boxplot that illustrates their median (white 583 

circle) and 25th and 75th percentiles (lower and upper bounds of the box), respectively. Data 584 

below the red dashed line (on the right) were obtained from regressions with poor goodness of 585 

fit (R2<0.2) and were excluded from further analysis.  586 



16 
 

 587 

 588 

Figure 2. Feature importance ranking.  Indicative contribution of individual parameters of 589 

vegetation, location, and time parameters to the variation of the β coefficient.  590 
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 591 

 592 

Figure 3. Plant functional type-dependent β coefficients. Dependence on temperature (β) for 593 

the plant functional types (A) and wider categories of woody plants (B). The error bars in 594 

panel a indicate 95% confidence intervals, and the size of the blue bullet points is proportional 595 

to the global surface area of each plant functional type. NETe, needleleaf evergreen temperate 596 

forest; NEB, needleleaf evergreen boreal forest; NDB, needleleaf deciduous boreal forest; 597 

BETr, broadleaf evergreen tropical forest; BETe, broadleaf evergreen temperate forest/shrubs; 598 

BDTe, broadleaf deciduous temperate forest/shrubs; BDB, broadleaf deciduous boreal 599 

forest/shrubs.  600 
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 601 

 602 

Figure 4. Model simulations. Annual mean relative differences (β-factor = 0.1 °C-1 and β-603 

factor from Fig. 3 based on all data) derived from hourly data over a climatic year. A. Total 604 

monoterpene emissions, B. Standard deviation of daily emissions, C. Daytime OH, and D. 605 

SOA production.  606 
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 607 

Figure 5. Monoterpene emissions over temperature gradients for the three main ecosystems. 608 

A. Emissions using the standardized potential emission at 30 °C and β in MEGAN v2.1 609 

(dashed lines) and using β derived from this study (panel b and Supplementary Table 2). The 610 

maps in panel B represent the global coverage of boreal (blue), temperate (green), and tropical 611 

(red) forests. 612 
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