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Abstract.

Forest ecosystems are increasingly stressed through heatwaves, drought periods, and other factors such as ozone pollution
insect ifestations These stressors have a profound impact on the emissions of biogenic volatile organic compounds (BVOC)
from trees, which in turn influence aerosol formation and atmospheric oxidation cycles and thus feedback on the atmospheri
cleansing capacity and clirgachange itself. While previous studies have investigated the impacts of specific stressors on
BVOC emissionsanalyses of combinestresseffects are rare, even though the stressors seldomly occur in isoltisn.

study investigates the impact of heat and ozone gmags#time) both individually and in combination, on BVOC emissions

from two ecologically significant temperate tree species: European desgins(sylvatica L) and English oakQ@uercus robur

L.). In a climatecontrolled chamber, both tree species were subjected to heat stress (38 = 3.3°C) and ozorESpedy,(
separately and in combination. BVOC emissiateswere measured using proton transfer reaction -tifrlight mass
spectrometry, and the results were compared acrossress, heat, ozone, and combined-ozane conditions.

Heat stress elicitethe strongest emission increases of isoprene, monotergathgreen leaf volatiles in both species, while
ozone suppressed the emissions of most BVOCs. Combined stress lechtirlitive responses differefibm those irsingle

stress scenario8oth machine learning and positive matrix factorization analyses were performed to identify key VOC
fingerprint markers that may be applied to identify stiegsacted emissions from field data, and both methods showed good
agreementThe OH eactivity of the emissions, which serves as a measure for their atmospheric chemistry and ozone formation
impacts, was consistently highest under heat stress for both species. Hovigiwéime ozone stress led to reduced OH

reactivity of emissiongby 10-18%).
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Our results underscore that the study of realistic combinations of stressors is crucial to understand futlemB%0OS and
indicate that BVOC emissions could alter atmospheric chemistry and feedback with air quality and climate as heatwaves an

pollutantinduced stress become more frequent due to climate change.

1. Introduction

The interaction between the atmosphere and forest ecosystems is crucial to undessitaisdan essential part of global
biogeochemical and water cyclésvariety of atmospheric factors, including drought and increasing temperatures, can affect
the integrity of the biosphere and its biodiverg®gcl et al., 2017However, the biosphere also has the capacity to influence
the atmospher@Arneth et al., 2010y emitting various biogenic volatile organic compounds (BVOCs) from plants or soil
(Pugliese et al., 2023[tvery year, the terrestrial biosphere releases around 1000 Tg of BVOCs into the atm{Gypdnetieer

et al.,, 1993; Sindelarova et al., 201dhcompassing over700identified organic compound¥nudsen and Gershenzon,
2006 with diverse chemical properti@sd atmospheric lifetime8VOCs, being highly reactiveapidly react with oxidant

gases upon emissions, with lifetimes ranging fnorinutes(e.g., isoprene) to several days (e.g., methafidig primary
mechanisms of BVOC reactions involve the oxidation by hydroxyl radicals (OH) and ozgn&ifaysonPitts and Pitts,

1997). These processes have substantial implications for the formation of tropospheric ozone and secondary organic aerosol
subsequently influencing air quality, cloud formation and contributing to climate dynédbs et al., 2018; Vella et al.,
2023)

Over the past century, the global average temperature has risen by (IFBCT; 2023) With the recent intensification of
global climate change, there has been a noticeable increase in the frequency and intensity of heatwaves(Rasgtiwiele

al., 2024; PerkinKirkpatrick and Lewis, 2020 This trend is particularly pronounced in EurdR®usi et al.,20225chuldt

et al., 2020. Also, projections indicate that by 2100, the global temperature may further increaéé b@ @aussy and
Staudt, 202Q)and this warming will increase drought rigkook et al., 2018IPCC, 202. Consequently, this phenomenon

not only directly impacts plant primary productivity but also has cascading effects on biogeochemical cycling processes withi
terrestrial ecosstems. As temperatui@®oy et al., 2024and soil water content are key drivers of plant metabolism, this
anticipated climate change scenario is expected to heighten stress levels o@Jilagtst al., 201,9Schuldt et al., 2020

leading to substantial changes in BV@@issions However, the overall direction of that change is to date uncertain,
complicatingBVOC predictionsunder future climatéSzopa et al., 2021) one of the reasons for this uncertainty being the
impact of climateinduced (combined) stressors

Tropospheridds concentrations are rising globally (050% yearly). Climate change is also expected further to exacerbate
groundlevel Oz at local and regional scales, increasing the frequency of high pollution days. Regions like Europe are likely to
experience more elevat€d events(Royal Society, 2008)As ahighly phytotoxic gas, @significantly affects plant growth

and development, with acute exposure causing necrotic damage and chlorophyll loss i(Kieanasky et al., 2007)To

complicate matterghe interaction betweens@xposure and trees is recipro@@holetti, 2009)trees are affected bysCand
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influence Q levels in the air. Forest vegetation interacts complexly in regulating local tropospheric ozone concentrations, as
trees can both scavenge and contributestéonation. The net effect depends on factors such as tree species, physiological
status, environmental conditions, and air chemi@€iyiméenpéaé et al., 2013; Pinto et al., 2010)

Plantreleased BVOCs, significantly influenced by external factBitzky et al., 2019Darbah et al., 20)0are essential for

intra- and interspecific communicatighleil and Karban, 2010jlefense mechanisms against herbivores and path(igieks

and Baldwin, 201Q)and other biotic and abiotic interactigi@raham et al., 2024;u et al., 2022Fitzky et al., 2019Jud et

al., 2016) These compounds primarily stem from metabolic processes from the leaf mesophyll tissues (e.g., mevalonate
(MVA), methylerythritol phosphate (MEP), Lipoxygenase (LOX) or Shikimate pathway). More specifically, MEP and MVA
are responsible for isoprenoid prection (Bergman et al., 2024)jncluding monoterpenes (MTs) and diterpenghkich
contribute to thermal toleranceshereas the LOX pathway is integral to green leaf volatiles production in response to
mechanical damage or herbivqigutty and Mishra, 2028 While basic patterns of BVOC emissions in response to light and
temperature are reasonably well understood and parameté@eedther et al., 2012a large uncertainty around BVOC
emissions is caused by the impact of stress. When plants undergo stress induced by factors such as drought, heat, herbivo
or elevated ozone levels, they can undergo fundamental changes in the composition and qutrgity eofissions
(Holopainen et al., 201®arbah et al., 2030This introduces a notable challenge in accurately predicting BVOC emissions
under varying stress conditians

Under nonstressed conditions€., constitutive emissions), plants typically invest a low amount of carbon, approximately 1
2% of assimilated carbo(Fineschi et al., 2013)in BVOC emissions. However, during stress, emissions can increase
significantly, sometimes exceeding the use of 10%efssimilated carbo(Niinemets et al., 2010)The response of plants

to heat stress depends on the intensity of the tempef@&uemnther et al., 19937s a defensive mechanisplants increase
isoprenoid produatin, and it has been proposed that plant thermotolerance can be enhgnuedecting photosynthetic
apparatugLi and Sharkey, 2018harkey, 2005). However, this mechanism remains debated: Harvey et al.(2015) showed that
physiological concentrations of isoprene are likely too low to directly stabilize thylakoid merghwdile more recent work

Zuo et al. (2025) suggests that isoprenoids may instead contribute to thermotolerance through signaling paftiways (Ca
mediated) that regulate stragsponsive proteins, maintain photosynthetic efficiency, and induce heat shock reshisnses.

heat stress catausevery high emissions aoprene and monoterpenes by enhanced biosynthesis or increased vapor pressure
of stored compound@Nerner et al., 2020)hat the temperatuieased models for constitutive emissions cannot explain
(Nagalingam et al., 2023)ligh temperatures reduced the de novo emissions of certain BVOCs, particularly in conifers, where
thermal stress amplifies the release of monoterpenes stored in resin ducts and induces the production of green leaf volatile
(Kleist et al., 2012b)Numerous studiegBourtsoukidis et al., 2012; Fitzky et al., 2023; Genraiglinski et al., 2018;
Kivimaenpéaa et al., 2013, 2016; Kleist et al., 2012b; Pikkarainen et al.; Rd28ive et al., 20)7have emphasized that
BVOC emission rates are speci®ecific and depend on external meteorological factors (such as soil moisture, temperature,
and CO; concentrations). For example, higher sesquiterpene emissions were observed in Scots pine dustrgsdeat

(Kiviméenpaa et al., 2016)vhereas lower sesquiterpene and monoterpene emissions were found for European beech under
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heat stresgKleist et al., 2012b)From the drought and heatwaves experiments of Aleppo Birami et al. (2021xhowed

that most BVOC emissions exponentially increased duringjrgteheat wave. However, the emissions of monoterpenes and
methyl salicylate showed reduced temperature sensitivity osettend heatwave.

Under Q stress, plants reduce @flux into their tissue by regulating stomatal closure, mediated by calcium ions and hormonal
signals(Guo et al., 2024)As O; induces the formation of reactive oxygen species (ROS), plants use enzymatic defenses (e.g.,
catalase, superoxide dismutase) to detoxify and mitigate lipid peroxidation in cell mem(Bemgst al., 2021 )Also, it can

activate the involved antioxidant enzymes gene expression (e.g., glutathi@amsfgrase, {ascorbate peroxidasiaier et

al., 2005)resulting in induced and modulated emission of BVOC. Studying Norway sitivimgenpéaé et al. (2013pund

thata moder ate temperature increase (~1 AC above ambient)
and sesquiterpenes, but this effect was partially suppressed by elevated ozone levels (~1.5x. &fdvietst) @
concentration (80 ppb) significantly increased the BM@@inly isoprenegmission rate of Chinese red pip@i et al., 2012)
Moreover, Peron et al. (2091found that isoprene emissions decreased while monoterpene and sesquiterpene emissions
increased under combined drought and ozone stress in Oak. But under drought stress (@ithotakp et al. (2023)
identified slightly elevated monoterpene asadprene emissions frobeechandoak

Multiple abiotic and biotic stressors can interact in additive, antagonistic, or synergistic ways, modifying plant pbgkiologi
processes and BVOC composition beyond shsfjlessor expectations. For instance, Lantz et al. (2019) have shown that the
combned effects of el evated temperature and CO on i sop
temperature exerts a dominant influence on emission rat
the triosephosphate limitation. Likewise, exposure to multiple air pollutants or concurrent ébiégtiot i ¢ str esses
herbivory) can trigger complex, nelinear responses that may enhance defensive signaling, alter stomatal conductance, and
consequently modify volatile uptake and emission dynamics (Papazian and Blande, 2020; Yu et alh2@R2xall impact

of stressinducel changes in BVOC emissiossll remains elusive, specifically under multiple stresg¥eng et al., 2025)

as the effect of blending two stressors, like heat6rdD; + elevated C®is not wellunderstoodHolopainen et al., 2018)

and responses may vary between speeaigesve discussed

Therefore, thestudy specifically aimed (1) to investigate BVOC emission patterns from both tree species under heat or ozone
and combined stress in controlled environmental conditions, (2) to identify specific stress marker BVOCs for beech and oak
for the identificatiorof stressnduced BVOGemissiors in future field measurements, (3) to estimate the potattredspheric

impact of changing emission patterns in terms of OH reactivity as an indicator for ozone formation p¥ten@giplied

stressors sequentially on the same individuals to simulate realistic environmental stress storylines.
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2. Materials and methods
2.1 Experimental setup
2.1.1 Plant chamber and stress treatment

The experiment was carried out RLUS (Plant Chamber Unit for Simulation) which can be couplethéo atmosphere
simulation chamber SAPHIR (Simulation of Atmospheric PHotochemistry In a large Reaction Chamber) at the
Forschungszentrum Jiilich, Germany, during the summer, 202 studyfocuses on direct plant emissiameasurements
obtained from the PLUS chambgf¥ig. 1a) Emissions were introduced to SAPHIR for ixidation experiments that will be
subject of a future analysifhe PLUS plant container is a custtmild, gastight, temperatureand lightcontrolled container

that can housap to six treetype plants. Inside the chambarrectangulaaluminumframe supports a 9.32° Teflon film
enclosurecontainingthe upper portions of potted trees. This enclosure separates the soil from the stems and the leaves of the
trees. PLUS operates in a dynamic fliwough mode using a turbulent airflow of 108in? of synthetic air that passes
through the Teflon enclosurensuringhomogeneous, steadyate conditions inside the chamber. Important environmental
factors within the PUS chambersuch as temperature, photosynthetically active radiation (ranging from 0 to 800 ffisiol m

1 at a distance of one meter), and soil moistwere controlledHohaus et al., 2016After installationof the experimental
saplings, the PLUS Tlkfn enclosure was kept at a slight overpressure of approximately 35 Pa to prevent any trace gases from
diffusing into the enclsure. The synthetic air was mixed with 400 ppm @ maintain levels necessary for plant

photosynthesis. More details about the functional and structural description can be fdohdus et al(2016)
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Figure 1. Overview of experimental design and stress timeline for beech and oak. (a) Schematic illustration of the experimental

setup, data processing and analysis pipeline, (b, c) time series of 0zone concentration (blue) and temperature (red) duniegspress

and stress phases for beech (b) and oak (c). The experiment is divided into four consecutive phasessPrer e s s, O stress,

and O +Heat stress, indicated by wvertical dashed I ines. Wh i f
150 respectively. Shaded regions around lines represent the standard deviation from the mean ozone concentration and temperature.

Experiments were conducted witie two majorbroadleafforest tree species in GermarQQuercus roburL. (English oak)
andFagus sylvaticd_. (European beech). Before the experiment, 24 saplings of ~1.seight of beech (12 individuals)
and oaks (12 individuals) were selected under conditions ensuring they were-diselbpestree, had straight stems, and
were overall healthy. The plants were kept in a greenhouse undexme&nt light conditions with photosynthetically active

155 radiation. During tte period, they were watered regularly. To quantify the total leaf area of each plant, all leaves were

photographed against solid blue backgrounds at known distances and scales right before installing them in the plant chambe
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Four images were taken from different angles for each individual to reduce bias. Then we processed these images using t
ImageJ software according &zhneider et al. (2012(p extract the leaf area, and estimated total leaf area using the geometric
means.

The stress treatments were applied sequentially on the same set of individuals to simulate realistic environmental scenaric
( A st or.yHisiexperimental approach was designed to reflect natural conditions, where trees in the same landscape ma

experience heatwaves and ozone pollution either simultaneously, sequentially, or in varying order.

The first experiment was conducted with beech trees from April 3, 2024, to April 23, 2024 (Fig. 1b). Six trees were selected
from the 12 available and placed into the plant chamber. Stems were sealed with Teflon foil to isolate the canopy from the
soil. One beech branch had to be cut for the tree to fit into the chamber, potentially impacting emissions in thedfitstedays
experiment. The first 24 hours after setting up the experiment were considered the plant adaptive period, and data from thi
period were excluded from the analysis. Oak experiments were conducted in a similar fashion from April 24, 2024, to May
13, 2024, using the six healthiest individuals (Fig. 1c).

Following the prestress period, ozonezone + heatand solely heat stresgere periodically inducedn the beech treeBor

heat stress experimentgntperaturevas gradually increased (Fig.1lr) and ozone wagexcept for two days for the oak
experiment, Fig. 1ppliedduring the night cycleThe reason for this approach was twofold: On the one llaisdipproach

avoided reactions of emitted terpenoids with ozone during the day, when emissions are highest, which would interfere with
quantifying primary BVOC emissions because it would produce oxygenated VOC pro&octtater analysis of BVOC
emissions we excludedatafrom nightsand from the two days where ozone was appliedvoid ozone impactsn the
observed VOCsIn addition, this allowed us to study the understudied phenomenon of nighttime ozone exposure of trees.
Previous studiese(g.An et al., 2024; He et al., 2022; Musselman and Minnick, 2000), have reported that certain areas can
experience relatively high ozone concentrations at night, while plants can be more susceptible to ozone stress at night the
during the daytime because yHeave lower defenses at night (Musselman and Minnick, 2000).

The ozone concentration in both experimeatgyed from 0 to 120 ppBuring nighttimeozone stress and ozone + heat stress,
ozone concentrations wed@ + 21.5 ppb and 9.1 +19.6 ppb, respectivelysoil moisture was maintained at80%/relative

sensor readingsyith air temperatures ranging from 20 to 44°C. When no heat stress was appliaid temperature was

25.9°C (£ 0.6°C). During heat stress and combined stress, it was 38°€ &8d 38.1 + 0.4°C, respectivelyhe applied heat

stress was selected to simulate ecologically realistic and physiologically stressful conditions comparable to recent Centra
European heatwa& events, where canopy temperatures frequently excédd 3& (Schuldt et al., 2020)ight conditions
remained constant during the day (UTC (coordinated universal time)iB5000), with lights turned off at night (UTC 6:00

16:00). At theend of theexperiments (aftenzone + heat stresghe plants had wilted.
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2.1.2 VOC emissionmeasurements: PTRToF-MS

Air was sampled from th8APHIRPL US chamber through a thermally insul at ¢
of ~3Imin. Reattime BVOC signals were measured using a proton transfer reacticofifiight mass spectrometer (Vocus
PTR-ToFMS, Krechmer et al. (2018)with a ksecond time resolution. The PTIRFMS was operated with a drift tube
temperature of 100 °C, a drift voltage of 600 V, and a drift pressure of 2.5 mbar in proton transfer ioniz&@ipmdle.

Mass resolution of the instrument was around 8000.

A gas standard mixture containing 19 compounds miélsgsranging from 33 amu (atomic mass unit) to 671 amu (Tahle S1

in supporting informatio)) that was calibrated against a gravimetrically prepared, certified standard, was used for regular
calibrations. PTRTOFMS data was processed using Tofware. A mass list was prepared with 500 compounds for both
experiments from a mags-charge ratio (m/z) range of 18 amu to 450 amu (details in supplementary data, sheet
Al dent iZerparmeasyrements were conducted hourly and used for background subtraction.

Sensitivities for compounds not included in the gas standard were estimated using a theoretical calibration method accordin
to Cappellin et al. (2012)This involved fitting asigmoidalfunction, which reflects the expected transmission characteristics

of aVocusPTR ToF-MS after dead time correctioto the reactiomatenormalized sensitivities of VOCs that were calibrated
usingthegas standard and are known to not fragment or cl(#esen et al., 2023; Pfannerstill et al., 20EB)issionrates

were calculated from such derived concentrations using the chamber flow rate and the (Eaftheerer et al., 2021)

To ensure quality and reliabilitgmissiongdata were filtered using a systematic sigioahoise ratio (SNR) approach. For

each compound, the SNR was calculated as the ratio of its measuigsiondo its corresponding LOD value at each time

point. Compoundswere selecteavhose SNR was greater than or equal to 3 for at least 30% of the time series. Compounds
that did not meet both the SNR threshold and the minimum temporal coverage requirement were excluded from further
analysis. Applying the SNR threshold, 80 and 82 VP€xrfes for beech and oaksre selectedespectively. The uncertainties

in both the theoretical and gagandard calibrations were assessed based on average estimates. For the theoretical calibration
the uncertainty was estimatatl51.3% while the gasstandard calibration uncertainty, consisting of the calibration standard
uncertainty and the mass flow controller uncertainty, was estimafé¥at

Exact masss and attributedchemical formulasare reported Attribution of compound names to chemical formulas was
performed to the best of our knowledge, however, identification is tenta¢ivause the PTR method cannot distinguish

isomers and isubjectto fragmentation

2.1.3 Terpenoid composition: GGCMS

The PTRTo~MS method (Sean 2.1.9 identifies exact masses of compounds which can be attributed to a chemical formula
but cannot separate isomers. Structural identification of mamd sesquiterpenes was performed by sampling onto stainless
steeltubes(Markes International Limited, England) packed with Tenax TA (porous organic polymer) and Carbograph 1TD

(graphitized carbon black) sorbents.
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Sorbent tube sampling was performed with a modified M2&utosampler (Markes International Limited, England), which

was directly connected to the PLUS via a PFA line. The autosampler consists of a stegelasmnifold block, timer, mass

flow controller, vacuum pump (Laboport N86 KT.18, KNF, France), and a copper ozone scrubber treated with potassium
iodide. Sorbent tubes were fitted with diffusion locking caps (Markes International Limited) to prevent contamiRiaton.

rates during sample collection varied from 50 to 300 mt‘dime to technical constraints of the autosampler, with 30@iml

L occurring during the oak experiment's ysteess and ozone exposure phases. However, this variation is not likely to affect
the resultsAfter sampling, sorbent tubes were sealed with brass storage caps and stored at 4° C until analysis.

Analysis of the sorbent tubes was performed wittAgitent gas chromatograph coupled with a mass spectrometer (7890A
GCd 5975C inert MSD, Santa Clara, USSorbenttubewer e t her mal ly desor be-#r, Makes2 50 A
International, Llantrisant, UK) and cryofocused at 10°C, before being transferred to tiMSEgstem through a capillary
column at 160°C. AnHB MS capi | | ary c¢ ol unm, Agierd Teohndiogigs, SantanOtara] USA) .was3
used to separate the VOCs 'wdfhelum.arhemneen pragram usedarsinitial temperatoré of 1 .
40AC for 3 min, béhtwowr 10Am@pi rmqddith g AR® OrAiCn 28@AE mi i nal N
tot al runti me of 47 min. The ion source and qgqua<hjeadgmol e t
column blanks and empty stainlesteel cartridges (containing no sorbent matemna)e run periodically alongside the
samples to providan indication of background contamination arising from the analytical system (e.g., siloxanes, phthalates).
Travel blanks (unopeneg@recleaned sorbent cartridges that travelled to and from the field site alongside the sample tubes)
were also analysed

Chromatograms from the GKIS laboratory analysis were processed using the PARADISe V.6.1 softuirganillaCasas

et al., 2023)Compounds were identified based on pure standards and tentative identification based on matiledél Biith

2023 Mass Spectral Library (National Institute of Standards and Technology, Gaithersburg, MD, USA). Compounds with a
match factor above 800 and probability above 30 were accepted, as well as compounds with 3 hits of the same structure
formula. Incompatible compounds were manually assessed and identified by structural formula or probable matches.
Concentrations were qutiied using the external standards. In the cases of unavailable standards, the closest structurally
related standard compounds were usamhtaminant compounds that are known to arise from plasticsgbtbalates) from

storage or transport or from cofin degradation (siloxanesyyere excluded from the dataset.

Identification of moneand sesquiterpenes fradBC-MS datawasused to calculate Okeaction rates for the average isomeric
composition for each experiment phasee@gpsstressspecific OH reaction rate coefficierdse available in supplementary

data.Only daytime emission data were used to account for both de novo andreiressi BVOC emissions.

2.2Integrated analytical approach

BVOC emissions in response to stress are not static; they change over time as the stress persists or alleviates. Also, plar

might start emitting a particular compound as a response to an initial stress signal, and the concentration might increase

9
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decrease, or change composition, with many different compounds being emitted simultaneously as the stress continues. Give
this complexity, classical statistical methods are limited unless the undesjétignship between variablesusderstood or
predefined. In contrasidvanced algorithms (e.g, machine learning, positive matrix factorization) excelcovering
complex, nonlinear patterns without requiring explicit assumptions about variable interattierefore, machine learning

(ML) and positive matrix factorization (PMF) were used to comprehensively analyze BVOC stress fingerprints (Fig. 1a).

A supervised ML model classified four treatment categopesstress, ozone stre@sighttime) heat stress, and ozone + heat
stress, basednc onsecuti ve emission pr of i imaking protess andidestify the iemportanth e
features, SHapley Additive exPlanations (SHAP) wesed SHAP analysis enabled features or @Y compoundevel
interpretability by indicating whether high or low emissions of individual VOCs contributed to specific stress clasgfication
thereby providing both directionality and diagnostic specificity.

In parallel, PMF, an unsupervised source apportionment method, extracted latent emission profiles and their temporal
dynamics. PMF resolved the VOC emissions intevarnying compound groups (factors) corresponding to physiological
responses (e.g., earlydiestress, oxidative damage, late heat stress, BMdF. and ML offer complementary perspectives:

PMF elucidates temporal emission patterns, whereas ML identifies the most informative features for distinguishing stress
types.The comparison between results from ML and Pliisallows for higher certainty in fingerprint identification than

one single method would provide.

2.2.1Machine learning model: Random Forest

Time-resolved VOC measurements from beech and oak experiments under four stress conditions were used to train a machir
learning model for classifying stress conditions (Figltldontains 2éminute resolutiomaytimeVOC data over the 2 months

(Figs. SsaandS6a in the supporting informatigrontaininghe emission ratef each VOC stress label, artidne. A structured
preprocessing pipeline was applied to ensure the integrity of the input data and enhance model perfarstatieedataset

was checked for invalitheasuremenis VOC emissiorfeatures; no missing, null, or zero values were found. ;Iveemance

based filtering was applied to remove quesnstant features to reduce redundancy and excludénfaymative VOCs
Subsequently, aeelation was checked between the features (by Pearson correlggat)res showing absolute correlation
coefficients greater than 90% were flagged and reviewed individdsaliywn fragment or water cluster iongere removed

For instance, i soprene (C H ) correlated with an r)] of
distinct compoundSubsequently,dogarithmic transformation was applied to reduce skewness, scale down extreme flux
magnitudes, and improve distribution symmetfin normalize feature scales and stable model optimization, the log
transformed data were standardized.

The dataset was split chronologically into training and test subsets for model tnasimigga stratified temporal splitting
approach (FigSscandSéc ) . Wit hin each stress class, 70 % of the ear
to the test set. This approach ensured temporal separation between training and tesalgergmdanced representation of

all classesKigs. Sbb and $h). An alternative configuration was used as a sensitivity clreekhich an equal number of

10
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samples were randomly selected from each day and assigned to the training and test sets. No substantial differences in moc
performance were observed between the two approaches.

A random forest (RF) model was used to classify stlassto its robustness, interpretability, and ability to handle structured
data. The implementation followed the scildarn python frameworkPedregosa et al., 2018)r machine learning. A
hyperparameter optimization step was performed using grid search to tune the number of trees, maximum tree depth, minimur
number of samples per split, and minimum number of samples peThmabptimization was carried out using@d cross

validation with the weighted F1 score as the evaluation meétodel performance was recorded across all parameter
combinations, and the one with the highest validation score was selected for the final model fitting.

Robustness of the model was evaluated through apamametric bootstrapping procedure over 1000 iteratidest
predictions were resampled with replacement to recalculate accuracy and weighted F1 scores in thi&enoekedsnsity
estimation was then applied to evaluate uncertainty and performance variability. For predictive uncertainty, Shannon entropy
was calculated from the class probability outputs of the random forest for each test observation. Samples with higher entrop
values corresponded to greater uncertainty in the predicted class. The distribution of entropy values was analyzed acros
prediction accuracy (correct vs. incorrect) and further assessed within each stress calegptiyne series analyses were
conducted to illustrate temporal dynamics in prediction confidence.

To determine feature i mportance and interpretlLuhdbezgando de |
Lee, 2017)was used with the TreeExplainer methdlisis a gameheory based approach that attributes the output prediction

of a model to its input features, providing an interpretable solution of feature importance that is both local (accstrdsgy to

type) and global (in overall model for all stress ditions). SHAP valueswere calculated for all samples in the test set and

then combined to create classecific feature importance rankings. The top 15 VOC features with the highest mean absolute
SHAPvalues were identified for each stress conditlairwise comparisons were performed to evaluate feature redundancy
and specificity across classes, and the overlaps and unique features were examined. Finally, poteméktetietemical

fingerprints were identified aftarsingthe SHAP values and their influence on the predictions for that specific stress.

2.2.2 Positive matrix factorization

To crossinvestigatethe random forest outcomese performed PMF analysis on VOC species measured by the-Pa¢us
ToF~MS. The PMF model was used to identify the VOC time series into factor profiles, factor time series, and residuals,
thereby isolating characteristic strestated emission patterns. The PMF model has been widely applied to identify different
sources and chemical processes of VOCs measured by 8FRIS across anthropogenic to biogenic emissi@isattu et

al., 2024; Gkatzelis et al., 2021; Song et al., 20PA¢ analysis was conducted separatel\pmch anadak using the Multi

linear Engine (ME2) and implemented via the Source Finder (SoFi) package (version 8.6.4.4) wiBrdggoftware (version

9.05). The bilinea PMF model resolved the sample matrix into two a@yative matrices: factor profiles (F) representing
characteristic mass spectra and factor contributions (G) representing the temporal evolution of each profile, withtad associa

residual matrix (E).

11



320

325

330

335

340

345

The cleaned dataset was used as the data matrix, and error matrices were créafed By of t he measur ec
combined with twice the standard deviation observed during periods when the signal remaine8etatsdeselecting the

final factor solution, we went through multiple checks:checkedvh et her t he f actor ds ti me ser
a clear pattern, inspectedthayx i s t o det er mi ne i f t h eoisf and theckdéamsrelatiomafther i b u t
factor 6s t mameompaumds. 8/e alsew checked the explained variation to identify which compounds were most
strongly linked to each factor. Finally, we looked at the time series of those compounds to assess whether they appeare
random or noisy.

Results fromPMF (top 15 compounds) and Miased SHAP (top 15 compounds) analyses were integrated as cross
investigation for comprehensive fingerprint identificatidiaken together, the integration of PMF and SHAP results extends

the understanding of VOC emission tracers under strebsggmin section 3.6.

3. Results and discussion
3.1 Species and stress matter: Beech vs Oak behave differently beyond additive reaction to combined stressors

Isoprene (6Hg*, m/z 69.069) emissions were influenced by various stress conditions, with the highest emissions observed
under heat stress for both species (B)g.Under prestress (acclimation) conditions, the emission rate for beech was 0.003
(+0.0006, standard deviation) nmotast, i.e. close to zero, as expec{édrl et al., 2009; Moukhtar et al., 200®8)nder heat

stress, beech switched from a low/rieaprene emitter to an isoprene emitter, rising to 0.22 (+0.08) nmai'r(Fig. 3a).

This could be a strategy to increase thermotoleréBbarkey et al., 2001as beeches are more sensitive to heat stress than
oa&ks (Raftoyannis and Radoglou, 200R)ighttime ozonestress, on the other hand, led to a reduction in isoprene emissions in
beech, consistent witheng et al. (2019who reported an 8% decrease in isoprene emissions under elevated ozone levels.
Under combined stress, isoprene emissions increased moderately (to 0.01 sl for beech, while oaks showed
significantly lower emissions under this condition. Despite the reduction caused by heat and ozone stress, oaks still emitte
more isoprene than beeches overall (F2ly). Under combined stress, isoprene decreased significamilich maybe
compensatory responsghis trendis also observed in Arctic regiorfRinnan et al., 2020and temperate fores{®¥an
Meeningen et al., 2016, 201 Mhat compensatory isoprene respocseld bepart of a broader stresgynaling and recovery

system (Jud et al., 2015). More recent evidence suggests its role extends beyond physical membrane stabilization, involvin
phosphorylatiormediated signaling and regulation of chloroplast movement and-stsgsonsive proteins (Weraduwage et

al., 2023).

The terpenoid emissions varied substantially depending on the stress, and species. SM&damRot distinguish between
different mone and sesquiterpene isomers, we here discuss the sum edtl Eompounds as monoterpenes (MTs) and the

sum of GsH24 compounds as sesquiterpenes (SQTSs), while changes in composition of MT and SQT emissions are discusse
bel ow. Monoterpene emissions in beech i nQ)yReachsedquiterpebest an

emi ssions decreased across all stress conditions (Z84%
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stress through cutting a branch. Therefore, this result cannot be generalized. Hawergeraturelependent increase is
expected, as shown and parameterized for beecMdykhtar et al. (2005)Monoterpene emissions from oak were
substantially increased by heat stress (88%) and slightly reducgdHhitimeozone (24%) and combined stress (17P#)to

et al. (2010warned that emissions could be underestimated due to the rapid reactions between ozone and MTs, which may
mask the true extent of chemical defenses. This issue was alleviated here by applying ozone stress exclusively during plant
nighttime, flushing outesidualozone in the morning, and reporting the daytime emissions that followed the nighttime stress.
Oaksd SQTs emissions substantially increased (0.022 nmc
combined stress inhibited SQT emissions by ~50% compared-&irpes conditions in both species. While oxidative stress

can sometimes intte SQT emissions, some studigs and Faiola, 2023)ave reported a decrease in emissions with ozone
exposure. For protection against ozone stress, not the amount but the ozone reactivity of the emissions is decisive (Sectic
3.3). It is important to netthat stress response is usually-finear and depends on factors such as dose levels. A study

Central European spruce foréBburtsoukidis et al., 2012pund that temperature is a key driver of sesquiterpene emissions

in moderately polluted environments, but when ozone levels surpass a critical threshold, emissions are more closely linked t

0zone concentrations.
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Figure 2. Emissions of isoprene, monoterpene, sesquiterpene, and green leaf volatile emissions from (a) beech and (b) oak under pre

stress, heat , o , and combine stress (O + heat) c o nrdedians o n s .
and whiskers show the data spread. The dashed horizontal blue line represents the average giress emission level for reference.
Percent changes compared to averagepset r ess | evel s are indicaz enmbchHanyge.y = i ncrease

Green leaf volatiles (GLVs) were substantially increased by heat stress and less by combined stress in both species, whil
nighttimeozone stress barely affected the green leaf volatiles. This aligns with previous studies, which have demonstrated tha
GLVs are rapidly emitted in response to increased metabolic activity under high tempd@atdee<t al., 2018; Jardine et

al., 2015; Rieksta et al., 2023)

Table 1 Percentage change in emissiomates of volatile organic compounds under four biosynthetic pathways, MEP
(Methylerythritol Phosphate), LOX (Lipoxygenase), SKP (Shikimate), and MVA (Mevalonate) in beech and oak for three stress
conditions. Arrows (z /g ) indicate increases or decreases in emission relative to the fgieess baseline (set at 0%). Superscript
letters (ai d) denote statistically significant differences within each row, with different letters indicating significant variation amog
stress evets (p < 0.05).

Beech Oak
Pre Ozone Combined Heat Stress | PreStress| Ozone Heat Stress | Combined
Stress | Stress Stress Stress Stress
MEP | 0%? z 559 z 601%° z 4049% 0%? T 28%° T 18%"° & 97%°
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LOX | 0%? ¢ 37%? z 1565%" z 25437%° | 0%? ¢ 3%*@ z 4839%" z 2639%"
SKP | 0%*? z 1%*? z 30%° z 812%" 0%? & 36%° z 373%° z 254%¢
MVA | 0%? & 78%° z 104%° z 4171%" 0%? & 57%" z 98%° z 73%¢

Compounds tentatively identified from PTRFMS measurements were assigned to pathways based on their known
biosynthetic origins or related to pathways adapted frazky et al. (2023]Tablel,). These were used to estimate shifts in

major plant biosynthetic pathways (LOX, MEP, MVA, and SKP) under different stress condlfansingle and combined

stress treatments showed the fundamental differences in how each specids admate stress. During heat and combined
stress, compounds related to MEP and SKP pathiizky et al., 2023)were increased, e.g., isoprene, monoterpenes,
benzaldehyde (f1;0%, m/z 107.05) and phenethyl acetateG:0.", m/z 165.091) (Tabl&). Based on these observations,

beech activated the plasfiocalized metabolic pathways, particularly the MEP and SKP pathways, under both heat and
combined ozondeat stress (Table 1). Stress induced high isoprene and monoterpene emisside (Fider heat and
combine stress, possibly by increased enzyme synthesis or accumulation of dimethylallyl diphosphate and geranyl diphospha
(Nogués et al., 2006indicating a chloroplastentric metabolic shifting to an active investment in photoprote¢Befiuelas

and MunnéBosch, 2005)redox homeostasigoreto et al., 2004)and antioxidant defeng8ingsaas, 2000Notably, while

beech also showed suaistial increases in emissions from cytosolic pathways (MVA and LOX), including acetaldehyde
(CoHsO*, m/z 45.03), hexanal ¢B130%, m/z 101.09), €H1:.0" (hexenal, m/z 99.08), hexanol fragmen¢H&*, m/z 85.10))

these appeared to be part of a broader, integrated metabolic adjustment, coordinated with plastidial pathways (MEP and SKP
following a diel cycle (Fig. 3a,c) contributing a balanced physiological response rather than a primary damage response.

Oak showed a different physiological strategy. Sesquiterpenes, hexenyl acgfat®{Cm/z 143.10), acetaldehyde, hexanal

and other compounds (Tabi) related to LOX and MVA pathways increased significantly during heat stress and under
combined stress (except SQTSs). The overall LOX and MVA pathway shift during those stressors is significah).(Thlsle

points to a more cytosobnd membraneentric defense mechanism (LOX, MVA) by a dominant activation of the LOX
pathway particularly under heat and combined stress. Sesquiterpenes are the primary productsvdfisivgignificantly
increased by heat (Fig@b) andare assaiated with membrane lipid peroxidatighdpez et al., 2011and rapid oxidative
signaling(Basile et al., 2025)

The VOC response toighttime ozone alone was relatively low compared to heat or combined stress in both dixetyes,

due to limited stomatal uptake during nighttime exposure, resulting in a weaker trigger of VOC biosynthesis (Table 1), unless
combined with additional stressdjis., heat).Several studies have shown that plants can recover from ozone stress within
24i 72 hours, depending on the species (Kanagendran et al., 2018; Velikova et al.\Wtli@5)his recovery potential may

have moderated the observed ozone response, it also provided an opportunity to capture ecologically resligiaspost
dynamics.Theexposure tamocturnal ozone reflects ecologically relevant conditions, as recent studies have reported frequent
nocturnal ozone events, where ozone concentrations remain elevated or even increase at night due to residual layer mixing a

limited nighttime depositionMusselman & Minnick, 2000; An et al., 20248specially in mountainous areas such as most of
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German forestsAlthough stomatal conductance is generally lower at night, it is not negligible, and nocturnal ozone flux into
leaves can still occur, potentially leading to oxidative stress when plant defense capacity is (fddasebnan & Minnick,

2000) It has been reported thagés in regions with higbzonelevels can have stomata open at nigdi(d et al., 200)/

Peron et al.(20219bserved inoak that the combination of ozone with drought altered VOC emission profiles and led to
opposing feedback compared to ozone alone. While emmheed oxidative stress can stimulate VOC emissions, the
magnitude and composition of these emissions are higlplgrakent on factors such as plant species, developmental stage,
stress severity and environmental conditiéBmto et al., 2010; Renaut et al., 2008nphasizing the complexity of plant
responses to ozone. Mechanisticatigone exposure leads to intracelllR@active Oxygen SpecieRQS accumulation and

the activation of stress signaling compounds (e.g. jasmonic @¢agasjarvi et al., 2005 urthermore, chronic ozone
exposure leads to downregulation of photosynthetic enzymes such as RUBB{2OX et al., 2001 )suppression of carbon
fixation, and activatiof offset metabolic pathways including phosphoenol pyruvate carboxysaeher et al., 200é)nd

the pentose phosphate pathw®jzengremel et al., 2008Yhis metabolic shifting may further constrain VOC production
under ozone.

Implementing stress sequentially on the same individualshanegcarryrover or Al i nger i ng(Xleistf f ect
et al. 2012a) and represents as such a realisienario that a tree may experience in an ecosystemever,this non
traditional approach makes the reswat®each stress scenario linked to the previous sequence and thus not generalizable on
their own.Recent studies showed that repeated or sequential stress exposure can induce a form of physiological stress memor
wherein plants retain molecular or metabolic imprints that influence subsequent respons&o(idataand Munn®osch,

2016; Liu et al., 22). Such memory arises through transient chromatin modifications, persistent activation of dddtede

genes, and metabolic reprogramming that can enhance or attenuate volatile productiorexposuee (Ding et al., 2012;

Xin and Browse, 2000). Fanstance, Blande et al. (2014) highlighted that prior oxidative or thermal stress may reallocate
carbon and energy resources, altering precursor availability for VOC synthesis, leading to reduced emissions under prolonge
exposure but more rapid or efficient activation during miléxposure.

3. 2 Pl anirndgcéd diel emissiensdynamics

Under prestress conditions, terpenoid emissions, specifically monoterpenes (MTs) and sesquiterpenesol®@és)the
expected diel cycle, with emissions peaking during the light period and falling at night (Fig.3), consistent with tlgeir stron
dependence on lighthis pattern aligns with established findings that emission rates are modulated by environmental variables
such as temperature and ligi@uentheret al., 1995. However, exposure to abiotic stressors, particularly heat and the
combination of ozone and heat, results in the loss of their distinct diel behavior..Mhe(@/z 137.13) emissions lose their

clear diel behavior under severe heat stress, and so do S§bs(@/z 205.19) emissions from oaks, but not from beeches.
Green leafvolatile (GLV) (GH100, m/z 99.08) emissions also showed a diel pattern, but emissions increased after nightfall
under prestress anchighttime ozone stress, and are continuously elevated under heat and combindte& stress. This

nighttime GLV emission is in line with other studiés instancepBrilli et al. (2011)showed that both poplar and oak showed
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noticeable bursts of GLV emissions following transitions from light to dark, even without stress or wolndiattributed

these transient increases to physiological changes in membrane stability and pH associated with darkening.
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Figure 3. Diel variation in isoprene, monoterpene (MTs), sesquiterpene (SQTs), and green leaf volatile (GLVs) emissions foe@ach
(a,c,e,g) and oak (b,d,f,h) under four conditions: prest r es s, O stress, h e a taxisstherueskaed regiod O -
(16:006: 00 UTC) corresponds to the plantsdé daytime (lightstson), \
off). Data points are diel averages and shaded areas around them represent the standard deviatidwersion o this figure that is

450 normalized to the maximum diel emission is presented in the Supplement (Figr)S

Despite oak being an isoprene emitter and beech d#soprene emitter, both species showed similar responses (in pattern or
diel variation) to heat and ozone stress, although with different magnitudes (Fig.3). In oak, heat was applied aftdrilezone, w
in beech, heat followed the combined stress, yet the main-gickged emission patterns were consistent across species.

3.3 Stress reshapes potential atmospheric impacts of BVOC emissions

455 BVOC emission composition from beech and oaks varied between the stress events (Fig. 4), and so does the reactivity of tt

sum of the 80 observed BVOC species with hydroxyl radicals (Fig.Ts)tal molar BVOC emissions decreased under O
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stress in both species compared to-giress, were highest under heat stress, and went back to a similar rangsteesgre
under combined ©+ heat stres@ig. 5a)

Emitted OH reactivity was calculated following

0Y BQpr z0 (eq. 1),

where OHR is the emitted OH reactivity in 152, kon.voc is the reaction rate constant of a VOC with the OH radicalin m

molecules s, and Roc is theemission ratef the VOC in moleculem? s,

Emitted OH reactivity followed the same pattasisummed VOC emissiofisig. 5), with the highest emitted OH reactivity
under heat stress for both species. Summed calculated OH reactivity was higher in oak than beech emissizrsgher to
BVOC emissions, especially of highly reactive isoprene.

(a) Beech - Pre-stress (b) Beech - Heat stress (c) Beech - O3 stress (d) Beech - O3+Heat stress
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Monoterpenes ,—— Monoterpenes (10%)

(6%)

Isoprene (3%)

Carbonyl (48%
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Figure 4. Composition (mole-based) of volatile organic compound classes emitted by {@) beech and (eh) oak under different
environmental stress conditions.

Carbonyl (9%) ——/

Carbonyl (11%) Carbonyl (16%)

Heat stress and combined O +heat stress in beech zsamlduce
pre-stress stress. Thamission profile was dominated by alcohols and carbonyls, which together accounted for over 70% of
the total emissionand monoterpenes (10%Mmole-based) Among the alcohols, methanol (@B, m/z 33.03), and ethanol
(CoH/O", m/z 47.05) were the primary contributors, while acetaldehyde, and butatigll ethylketone MEK, CsHsO*, m/z

73.06) were the main carbonylMonoterpenes (10%) increased substantially under combined stress in beech. Oak emissions
were consistently dominated by isoprene-prer ess (71 %) , as wel | as under O (7
carbonyls and acids increased substantiallleuhdat and combined stress. In oak, acetid{G;*, m/z 61.02) and propanoic

acids (GH-O.", m/z 75.04) were the main contributor species of the acid fraction. Carbonyl and alcohol composition similar
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to that of beech. Both species diversified their emitted BVOC mixture under heat and combined stress compastdds® pre

conditions.

OH reactivity was much higher under heat stress rather than combined ozone and heat stress in both species with differel
magnitudes. Isoprene dominated OH reactivity emitted from oaks undstrese and ©stress but not heat and combined
stressin beech, heat stress led to OH reactivity dominated by carbonyls (~25%, mainly acetaldehyde), acids (~27%, primarily
acetic acid), and alcohols (~20%, mostly methanol), with isoprene (~12%). When ozone was added on top of heat as a cc
stressor, the proflwas altered, carbonyls increased to ~30% (now including more acetone), alcohols remained stable (~20%),
and with more monoterpenes (~20%) contributions. However, oak showed a different pattern: under heat stress, OH reactivit
was driven mainly Y isoprene (~56%) and acids (~23%, acetic acid). With combined additive {beatjestress, there was

a shift towards the acid group ~66% and carbonyls to ~14% (notably hexenal and acetaldehyde), while isoprene dropped t
just ~4%.

In beech, MTs contributed only 1.7% to emitted OH reactivity under heat stress but ~21% under combinbdatzsiness.

Oak maintained a minimal MTOH reactivity contribution (~1%) under both heat and combined stress. Monoterpene
composition influencedhe monoterpene impacts on OH reactivity (F&p). For example, under heat stress, the MT
composition in oak emissions changed from the highest contributor Dgiimgne (cyclic) towards a higher contribution of

more highly reactive citral (acyclic). In beech, sabinene dominated the monoterpene emissions and reactivity during all part:
of the experiment, except during heat stress, when the monoterpene compaogiisifietl and emissions of other highly
reactive monoterpenes like phellandrene, citral and limonene increase&3)ighe shift towards more acyclic terpenes

under stress is inirle with other studie@Graham et al., 2024; Khalaj et al., 2021)

0] stress substantially reduced total BVOC e mbtessiewwls,s i n
resulting in a corresponding drop in total OH reactivity by ~200% in beech and ~7% in oak (Fig.5). Interestingly, in beech,
O -stress pase OH reactivity became dominated by terpenoids (MTs, SQTS), ~25% of total reactivity, compared to just ~10%
during the prestress phase. Oak maintained a consistently isoprene dominated OH reactivity profile (~90%) in both stress
phases. Physiologically O alters stomat al regul ations and oxidatiwv
BVOC biosynthesis and de novo emissions. These emission discrepancies between the species under the same stress also ¢
the specieslependent stresaction messageéWhile beech appears to shift toward a plastdtric investment in diverse
terpenoid defenses, oak maintains a sustained isoprene
highest fraction of caryophyllene (Fig4), which is among the most reactive sesquiterpenes towards ozone, which could be a

potential strategy for protection against oxidative stress.

Although our experiments showed speeiegcific differences in OH reactivity of BVOC emissions under different stress
conditions, one consistent pattern appeared: heat stress consistently elevated atmospheric OH reactivity. This potentiall

reduces the ailability of atmospheric oxidants for other trace gases and can slow down the breakdown of key pollutants (e.g.,
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methane, CO). During heatwaves, elevated VOC emissions combined with high OH reactivity can significantly contribute to
the formation of tropospheric ozone (depending or Bé@hcentration) and secondary organic aerosols. This effect will be
more pronounced in urban and samban areas, where biogenic and anthropogenic emissions interact, especially under

intense sunlight.
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Figure 5 Total volatile organic compound emissions under different stress conditions and their corresponding calculated OH
reactivity contributions for (a,b) beech and (c,d) oak .

Comparing with field studie§€hurkina et al. (2018howed that biogenic VOCs contributed ~60% to ozone formation during

the 2006 Berlin heatwave. Additionallghu et al. (20243howed that the combination of terpenoids and NOx accounted for
more than 55% of the maximum dailyh®ur average ozone formation in Los Angeles. Air quality simulations over Paris
during JunéJuly 2022 reported urban tree emissions increased secondarnjicomatter by an average of 5% (up to 14%
during heatwaves) and ozone comications by 1% on average (up to 2.4% during heatwaves), with localized increases
(Maison et al., 20240ak andbeechare common tree species found in central and northern European urban ambaeri
areagJandl et al., 20250ur observations, showing that OH reactidfyemissionsinder heat stress conditions increases by
~97% (beech) or ~58% (0ak), support the expectation that ozone pollution in urban areas may increase with more frequen
heat waves.

In the real world, especially in an urban atmosphere, several stressors occur at the same tinseglisouthsion of additive

stress is important. Based on our experiment, beech trees increase their OH redamigsiondy ~60% under combined

ozone and heat stress, whereas oaks reduce it by ~54%. In the context of European cities and forests, this becomes especi:
important. Central and Western Europe, including countries like Gerrhadgrge areas dominated by European beech (e.g.,

in Germany 14.8%), which may lead to increased atmospbeid@ation potential Naturally, with species heterogeneity in

forests, compensaty effects are possible: one species may increase while another decreases OH reactivity, and OH reactivity
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may be not change substantially overalkcritical concern is the physiological consequences of prolonged additive stress, as
evidenced by our experiment, where all plants wilted and died by the end of the combined stress period. Beyond atmospheri

consequences, additive stress poses a potdmigt to tree vitality and forest ecosystem resilience.

3.4 Random forest model
3.4.1 Consistency and uncertainties

The classification matrix for all classes from the trained random forest model for beech and oak shows precision dnd recall o
0.95 to 1.0 (Fig. 6ab). It compares predicted versus actual stress categories, where the diagonal elements represent correc
predictions (true positives) and affagonal elements indicate misclassifications. Precision reflects how many samples
predicted for a class were corretcall measures how many true samples of that class were correctly identified, and the F1
score combines both into a balanced accuracy medsora.the matrix, its clear that the model can effectively discriminate
between the differergtresses

Model evaluation was not restricted to standard classification metrics but was extended to expttassifieation's
consistency, reliability, and uncertainfghannon Entropy (uncertainty in predictiomds used to quantify the classification
confidence (Fig. 6d d). Entropy values close to 0 indicate that the model made confident predictions (i.e., one class strongly
dominated the probability distribution), whereas higher entropy values reflect greater uncertainty betweenMudatses.
samples showed low entropy values, indicating that the classifier was highly confident across most cohdstivaiter

number of predictions have moderate to high entropy (but less than the threshold).

To further assess the relationship between uncertainty and misclassification, entropy distributions were compared betwee
correctly and incorrectly classified samples (Fig$.fpdncorrect predictions were generally associated witimparatively

high entropy confirming that the entropy well captured classification uncertainty rather than random variability. Also, no
random entropy spikes were observed dnaddiienshe ttneserts entropyn s ,
(see Figs. §(d) and $(d)) showed that most classifications were made with high certainty (entropy < 0.6), though slight
increases occurred under combin®¢ + heatstress, potentially reflecting overlapping BVQiatternsand the model's
sensitivity to complex stressignals Performance stability was also checked across clabsesstrapped distributions of
classification scores with low varianfleigs. S5(e-f), S6(e-f)) indicate the model'sonsistencyThese evaluatiagconfirmed

that trained models are usefnlclassifyingstress types.

The UpSet plots (Figs. 69) show the dominant BVOC fingerprintSHAP-derived compounds) that contributed most
strongly toclassifyingeach stress type and shared or overlapping compounds between stresses. For example, certain VOC
features appeared across both O and combined O + heat

defense mechanisms.
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Figure 6. Performance metrics, uncertainty, and misclassification analysis of the Random Forest model for stress classification in
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565 all test samples. (&f) Entropy distributions of correctly and incorrectly classified samples. (gh) Plots showing intersetions of
SHAP-identified top 15 stress markers among the four stress classes. Bars represent the number of ions unique to or shared between
classes. Insets indicate total counts.
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3.4.2 SHAP resolved stress fingerprints

SHAP values from Random Forest models (FAgsandA2 in the Appendix Awere used to identify strespecific compound
fingerprints for bothbeech andak, as well as interspecific differences associated with stress condBiesshprimarily
depended on a limited number of compounds under each stress scenario (Figp 7a). he O stress condi
propanol, mg@&.0§H, Omet ha nm/z 33.03Cibhon® (GsH210", m/z 193.1% , and tolual dehy
121.06§ were mosprominent typically contributing withpositive SHAP values when suppressadow emissiorrate (Figs.

7a and Al) These patterns point toward ozenduced suppression of certain biosynthetic pathways (details section 3.2).
Under heat stress, the maktminantc ont r i but or s i nc | u dm/d870% methgvingl-ketopd(MVK,( C H
CH/O',m/z71.05 , phenet hyl ,m/e¥5.0, tiseprefefbenzdil fragBentsstG*, m/z 79.05, possibly from
shikimate pathway products), hexa(@H1:0",m/z 101.09a. n d ¢ u me n o,Im/z(137.0HTheir@tteased emissions
significantly shifted predictions towards the heat stress class. These BVOCs reflect thermal degradation and imeakers of
stressl nt erestingl y, +huenate rs tcroambs ,n erdonm20187e1 veee steosgly acGvatefifig.3a)

and have high posit SHAP valuegFigs. 7and Ald) f or ming a unique and dominant f
stress.

Similar tobeech, undenighttime ozone stress, oak showed sev&¥lOCs such as propanol, acetaldehyde, sesquiterpenes
and pyruvic acid were identified with high SHAP values, despite their low absolute intensities irstiesaed samples. The
classifier assigned strong predictive importance to their reduced presesaeing lower emissions (Table S4) of these
features werénformative for ozoneelated stress discrimination. Suckv-emission driverfeature patterns highlight that the
model 6s decision was not dr irgdacngspegificied leastait leels ednd rsisn @ nsz dr
heat stress fingerprints were primarily shapedlbyatedoyruvic acid (GHsOs*, m/z 89.03, formic acid (CHO.*, m/z 47.0),
tolualdehydeisopreneand pheno{CesH-7O*, m/z 95.05emissiongFig. 7b) T h e ¢ o +hleat stress cor@ition showed

a compound profile largely driven by markers shared with the individual stress states, but with amplified effect sizes.
Particularly segjuiterpenesMV K, phenet hyl |, ak &658% benzdidGragmehts, f@mic acidndionone

were dominant BVOC fingerpriat

A limited number of BVOC (20i 25% of the total emission signaljere unique to individual stress conditions among the top

15 stress fingerprint compounds both speciesSeveral BVOCs consistently appeared as markers for specific stress types,
independent of species, while others showed spepiesific stress. These overlapping BVOC fingerprintsigmaturesmply

that certain VOCs may reflect core metabolic responses to abiotic stress, regardless e$ppeifiephysiology.
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Figure 7 SHAP-based (SHapley Additive exPlanations) feature importance of volatile organic compounds (VOCSs) for classifying
stress conditions in beech (a) and oak (b). Afr.o refers to
fingerpr i nt under heat s(ighténels( b()U) ,a nodzOxchdematsittmeedss ( 9 ) .

3.5 Positive matrix factorization

3.5.1 PMF factor interpretation

PMF was used to apportidhe stress profile and identified a-gactor solution for both beech (Fig. 8) and oak (Fig. 9). Details
about thePMF analysis and the rationale for selecting the six factors are provided in section 2.2.2 and Appendix B.

In BeechFactorl i s charact-etiesed as bhsefiPne factoro because i
throughout the period (Fig. 8). Additionally, it has weak correlations between the top contributing VOCs and with the factor

time series, and the explained variance for these compounds was minimal. This reflects the background emissions unde
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unstressed conditions. Factor 2 i s t eemissioddnctehse (affel ~883°@ h e ¢
beginning toward the end of the O +heat phase and eonti
sharp increase in chamber temperature, indicating that this factor likely captures delayed thermedstnesss. Factor 3 is
identified as the fAplant decayo factor, as it becgiomes p
peak independent of immediate heat or ozone exposure. This temporal dissociation implies involvement in cell lysid, consisten
with the observation that all plants hadtedby t he end of the experiment. Factor
as it shows a distinct peak c &heatexpaburerThe time sefies shows a rppidrstressd ¢
synchronous response. Factor 5 is designated the fmgever
the highest temperature phase of the experiment (42 AC)
fearly heat stresso factor ,thantihd mainmr® owlheat epnpak adndvi d
to rising temperatures (~-B88 AC) before full stress onset.

Il n Oak, Factor 1 -sitsr eisdse notri fbiaesde lasnet hfeacfitPorred0 due to i ts m
the prestress and early ozone exposure, without showingsahgtantiasharp peak (Fig.9). Its VOC composition is broad

but with low correlation (withoutonsideringisoprene, oak generally emits isoprene) and explained variance for most top
compounds, likelyepreserihg constitutive emissions and ambidatel biological activity. Factor 2 is associated with the
AfO3+heat stress, o0 peaking sharply during the overtitappd nc
asitindicates adelayedimca s e aft er the peak heat stress events have
dominates during the standalone heat phase and peaks just after the onset of heat stress. Factors 5 and 6 arehescribed a
Afsevere heat stress, 0 showing the maximum contribution

consistently decline.
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Figure 8. Positive Matrix Factorization (PMF) analysis of VOC emissionprofiles from beech under different environmental stress
conditions. (a) Time series of aix-factor PMF solution. Colored vertical dashed lines indicate the starting of different stress phases.
(b) Corresponding mass spectra (m/z profiles) of each factor and their relative signal contributions, m/z 1@B0 are scaled by a
factor of 5.

3.5.2 PMF-resolved stressvOCs profiles for stress fingerprints

The early heat stress facfor beech(Figl0gwas char acterized by hexenal, isopren
MEK, and monoterpene fragments (C H , m/z 81.07). Simi]|
late heat response factors. Additionally, the se\eat stress factor uniquely showed contributions from MVK, benzenoid
fragments, and C H O (C H OH , m/-relatd factds6These fimdingsi are gondistent a p «
with studies showing thaé¢mporaryheat stress triggers the biosynthesis of GLVs (e.g, hexenal) and isoprene, which serve as
rapid markers of membrane perturbation and ROS signaling within leaf t{&aest al., 2023; Kleist et al., 2012a; Turan et

al., 2019) Particularly, isoprene is wetlocumented to increase cell membrane stability during thermal stress and is frequently
emitted by deciduous trees under elevated tempergfBeeset al., 2023; lwasa et al., 20243 heat stress persists, the VOC
emissionfor late heat stress remains similar but becomes more complex with contributiord¥iinbenzenoid fragments,

and C H O (C H OH , m/ z 85.06). MVK emi ssi o(@appelinreeal.,pr ed
2019) and benzenoid compounds accumulate during acute heat exfasuet al., 2022) representing the activation of
distinct stresselated metabolic shifts over time.

TheOs + heat stress factor showéeig.10a)a di sti nct VOC response and was stron
m/z 137) with additional supporting signals franonoterpene fragmentacetone CsH-O*, m/z 59.04) Methyl salicylate

(C H O , amd propetdoI&;HMF), m/z 77.05) Elevated monoterpene emissions are generally attributed to
temperaturénduced responses in plants and have even been described as a 'thermometer Gfqpthnés'et al., 2017)
Furthermore, monoterpenes serve as antioxidants, helping to mitigate oxidative stress caused by both elevated temperatur
and ozone by quenching ROS and contributing to eimlssance against double abiotic stresses. On the other hand, acetone
emissions have been associated with cellular decay and-owhreed damage, as described in several st{degson et al.,

2008; Loubet et al., 2022; Wu et al., 2019)

The plant decay factor was temporally shifted toward the end of the experiment, particularly after the peak of €mbined

heat stress. The chemical profile was not distinct from the other factors, with typical stress marker compounds, e.g.,
acetaldehyde, ethanol, acetone, hexanal, benzoid fragments, and isbjogtre.these low m/z compounds, notably ethanol
acetone, and acetaldehyde, arepbgducts of altered respiratory activity and fermentative metabolism under high temperature

as discussed before, may be due tolysik.
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Figure 9. Positive Matrix Factorization (PMF) analysis of VOC profiles inoak under different environmental stress conditions. (a)
Time series of asix-factor PMF solution. Colored vertical dashed lines indicate the starting of different stress phases. (b)
Corresponding mass spectra (m/z profiles) of each factor and their relative signal contributions, m/z I@&B0 are scaled by a factor
of 5.

In oak(Fig.10b), initial heat stress was characterized by disfiimgferprintsof isoprene, propanoic acid, MEK, pyruvic acid

(C H O , m/z 87), and cyclopentadiene. I nterestingly,
and this recurrence suggests that bothdtivationandintensityof thermal exposw led to repeated cycles of oxidative
metabolism and membrane adjustmé&hevated soprends a hallmark VOC in oaks and responds shafpable S4)o rapid
temperature increases as thermoprotecdthinet al., 2010)Also, the cepresence opyruvic acid, MEK, and propanoic
acidcould be due to activated glycolytic and pyruvate turnover pathways to supply energy for thermal rékierioeand
Schnitzler, 201Q)in contrast, severe heat stress induced a distinct chemical signature dominated by sesquiterpenes, benzeno
fragments, hexanabhnd ethyl butanoate. These compounds are often linked to more advanced or prolonged heat stress
responses as discussed earlier in beech, potentially involving membrane degradation and lipid oxidation.

The factor associated with the combir@g+ heat stress showd#ig.10b)unique dominance afcetoneacetic acidMVK,

MEK, buteng and ethanolAcetone has been associated with cellular decay and ozone damage in multipléBavises et

al., 2008; Loubet et al., 2022; Wu et al., 201®tably, the ceemission of MVK and MEK supports the mechanistic model

by Cappellin et al. (2019which showed that MEK could be produced biogenically from MVK within plant tissues via-stress
induced pathways decoupled from isoprene biosynthBséspresence of MVK and MEK in high abundance (Table S4) under
combinedOs + heatstress, but not necessarily under isolated ozone orpee@mtds emphasizes that this transformation

pathway is particularly prominent when plants simultaneously encounter intensified ozone and heat stress.
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680 Figure 10 Top 8 stresBVOC markers for each factor for (a) Beech and (b) Oak. Bar plots show the relative contribution of specific
compounds, while green dots represent the correlation coefficient with the respective factor time series. Color shading iatés their
correlation with the corresponding factor timeseries, and asterisks (*) denote compounds that were also identified agérprints
by the machine learning.
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3.6 Do ML and PMF tell the same story oktressspecific fingerprints?

685 Both PMF and ML approaches identified overlapping VOC fingerprints for specific stressors, along with-speciés
differences in these fingerprints (Table 2). For examgdéatedsoprene appeared as a heat stress marker across both species,
signifying it could be a potential univerda¢at stresmarker Converselyelevatedsesquiterpenes were fouas markers only
for severe heat stress foak,which may be related to the ngeneralizable sesquiterpene emissions we induced in the beech
experiment by having to cut one branctreSsBVOCslike acetone, MVK, MEK, and benzenoid fragments, althaughked

690 in both species, varied in intensity and timisgpwingpossible differences in oxidative stress responses or cell membrane
degradatior{Fig.10).

Table 2 Stressspecific volatile organic compound fingerprints in Beech and Oak under heat, ozone, and combined ozone + heat

stress. Superscripts denote identification by Machine Learnin
Compound Stress fingerprint

Heat Ozone Ozone + heat
Isopreng(CsHs) Beech¥ * i0QakY * @
Monoterpen&CioHie) Beechy *
Sesquiterpend&isHzs) Oaky * i
MEK (C4HgO) OakY * iBeech¥ * Oaky *
MVK (C4HgO) Beech¥ * 1 Oaky * 1
lonone(C13H200) Beech
C5 carbonylgCsH100) Beechr * ¢
Benzoid fragment&CsHe) BeechY *
Acetone(CsHeO) Beech¥ * i0QakyY * @ Beech * {
Hexenal(CsH100) Beech¥ * ¢
AcetaldehyddC2H40) Oaky * @
Propanoic aci¢CsHsO») Oaky * ¢
Ethanol(C2HsO) Oak¥ * ¢
Methanol(CH4O) Beech"
Propano(CzHgO) Beech¥

695 PMF, being an unsupervised approach, identifies hidden factors based on variance structures within the data, whereas M
classification is a supervised method guided by predefined stress labels. Consequently, while both approaches converged ¢
the same dominant fingerprints, the ML model identified several additional -apew#ic markers that PMF did not resqglve
potentially because of their small magnitu@onversely, PMF successfully differentiated contextual emission (F3y. 8
patterns (e.g., early, late heat stress). The additional rationale for using these fundamentally different approaches was t

700 evaluate how condisntly they capture streselated features and how effectively they can distinguish overlapping stress
events. As shown in Table 2, a substantial proportion of the identified fingerprints were consistent between both methods.
Collectively, PMF and ML offer complementary perspectives: PMF elucidates temporal emission patterns, whereas ML

identifies the most informative features for distinguishing stress types.
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3.7 Consequences of a shift to stregelated biogenic VOC emission patterns in a warming climate

Projected climate change trends indicate an increase in the frequency of hot days and heatwaves, leading to compound he
ozone wavegHertig et al., 2020; Yang et al., 2022he relative contributions of various BVOC classes emitted by beech and
oak trees are expected to shift significantly due to heat stres§)Fldus, urban areas containing such trees may experience

a notable alteration in the composition of emitted BVOCs, with biogenic sources becoming increasingly influential on urban
air quality. For instance, elevated isoprene and monoterpene emissions during heat stress can enhance ozone formatic
potential, as these compounds readily react with atmospheric oxidants, thereby raising ozone levels in urban environment
where high levels of nitrogen oxides from combustion are present, particularly on hot sumn{Bfataysrstill et al., 2024)
Moreover, O dlefinic BWOLCs likedsaprenesandiérperies to produce additional OH radidiaZarlo et al.,

2004) creating a positive feedback |l oop that can amplify
BVOC reactions can furth@xtendtropospheric ozone and secondary organic aerosol formation, compounding the effects of
heatwaves on urban pollution leveddso, the rising prevalence of BVOCs under warmer conditions raises concerns regarding
their interactions with anthropogenic emissidnsareas with both high nitrogen oxide levels and high BVOC emissions from

vegetation, this loop could drive periodic spikes in ozone and fine particulate matter, contributing to regional podiotson ev

4 Conclusion

This study provides an investigation of how biogenic volatile organic compounds (BVOCSs) are modulated in response to heat
andnighttime ozone stress, by two dominateciduousEuropean forest tree species, beech and oak, and to our knowledge,
for the first time, in response to the combination of both stressors. Our findings highlight distinct-specifis patterns in

the emissions of key BVOCs like isoprene, monoterpensgugerpenes, and green leaf volatiles, which vary considerably
depending on the type of stress encountered. Combined #Zwastress elicited emission responses that were distinct from

both singula stress applications, highlighting the complexity of +walld stress scenarios where multiple stressors likely
happen in combination. In order to facilitate stress identification in future field measurements, we identifiexpstiéiss
fingerprint BVOC markers for each stress usimgchine learning (Random Foreat)d crossvalidation by Positive matrix
factorization (PMF).

Beech switched from a low/nesoprene emitter to an isoprene emitter under heat stress. While oxidativé-stt2@ppb

Os) suppressed the isoprene emissions by 16%, the addition of heat still led to a considerable increase, though less than he
alone.Though Oak is a high isoprene emitter, its isoprene emissions were reduced under stress. Underazombindueat

stress, they decreased significan@yeen leaf volatiles were substantially increased by heat stress and less by combined stress
in both species, while ozone stress barely affected the green leaf voReies. activated plastidcalized pathways ured

heat and combined ozoméeat stress, whereas oak relied on cytosolic and membssoeiated defenses. Total molar BVOC
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emissions decreased undeysress in both species compared togiress, were highest under heat stress, and went back to

a similar range as pr&tress under combined @ heat stress. Emitted OH reactivity followed the same pattern, with the highest
emitted OH reactivity under heat stress for both speddéstinct VOC fingerprints were associated with specific stress types

in each species. For example, in beech, coathsiress was uniquely marked by increased monoterpenes emission. In oak, it
was characterized tBlevatednethytvinyl-ketoneand ethanol.

As a caveat, the experiment involved branch cutting to fit one beech plant into the plant chamber, which may not atly replic
the acclimation phase of this species properly. The induction of sesquiterpenes through cutting in beech limits the
generalizability of some pathway resultslditionally, since stress treatments were applied sequentially and in different orders
for the two species, sequensgecific effects cannot be separated from overall stress responses. The outcomes thus represent
speciesspecific responses under the apglsequences rather than generalizable effects of stressSirterthe duration and
intensity d stressnfluencehow much it changes plant emissions, our results may not be generalizable for all ozone, heat, and
Os + heat situationsFuture research could validatar findings through integrative approach@scluding factorial or
randomized stress sequenceas) the one hand going into biomolecular directions for a better understanding of the plant
reactions and on the other hand photochemical oxidation of the plant emissions to investigate their impact on atmospheric
chemistry The stresspecificBVOC markers identified in this study proposed an auspicious pathgdirstress detection in

Beech and Oak, yet tiiebroader applicability across species (in landscape level) or even within different genotypes of the
same species remains an open question.

Our findings demonstrate that tree species under combined abiotic stress can either amplify or reduce their contribution tc
atmospheric reactivity, depending on speapscific physiology and stress magnitude. This has direct consequences for
tropospherimzone formation, secondary organic aerosol formation, and urban air quality, especially during heat waves. As
heatwaves and pollutant stress events become more frequent due to climate change, shifts in VOC emissions and potenti
dieback in sensitive species likeeechcould significantly alter atmospheric chemistry, ecosystem function, and carbon
budgets. As knowledge on the interactions between sstniissed trees and the atmosphere grows, thesamics musbe

incorporated into regional climate models and policy planning for urban greening and forest management
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Appendix A: SHapley Additive exPlanations: Random Forest

Pre-stress (b) Heat stress
(a) CH50+ (Methanol) = 48 «se . |¢... o> C5H110+ (C5 carbonyls) . . DR |
C10H17+ (Monoterpenes) '- > l-O--.o C4H70+ (MVK, MACR) " . ool
C3H70+ (Acetone) -|+. - o C10H1302+ (Phenethyl acetate) h o
C3H90+ (Propanol) T C9H120H+ (Cumenol) H ]
C5H9+ (Isoprene) l- it Hi gh C5H9+ (Isoprene) l . '
C8H1502+ (Hexeny! acetate etc) »--|4- C6H7+ (Benzenoid fr.) bl’ . ' |
C4H70+ (MVK, MACR) {- t 9 C3HBO2ZH+ (Propanediol)  1fjes s |
C6H7+ (Benzenoid fr.) | ® 4 C6H130+ (Hexanal) f !
C3H802H+ (Propanediol) | e % C3H70+ (Acetone) | B o = see]
C10H1302+ (Phenethyl acetate) |..,|.. Q C9H15+ (SQT fragment) *" . o -l
COH15+ (SQT fragment) - e C4H90+ (Butanal, MEK) ] | |
C6H13+ (Hexanol fr.) H Low C7H70+ (Benzaldehyde) . |ﬂ 2y |
C2H70+ (Ethanol) - C7H90+ (Methylphenol) 1 . -l
C13H210+ (lonone) e C6H110+ (Hexenal) o [
C5H110+ (C5 carbonyls) I- C5H1302+ (Pentanediol) " [}
-0.10 -0.05 0.00 0.05 0.10 0.15 -002 000 002 004 006
O3 stress O3+Heat stress
(©) (d)
C3H9O+ (Propanol) e of v 9 C10H17+ (Monoterpenes) womgsn] e emeen oo
CH50+ (Methanol) e = | | @ve e C3H70+ (Acetone) <) fe tew-=
CYH15+ (SQT fragment) oo ~» CH50+ (Methanol) L L S
C3H70+ (Acetone) t‘ oo C3H90+ (Propanol) s ee o *.+.’.
C6H110+ (Hexenal) ‘- - C5H9+ (Isoprene) “p=a | N
C13H210+ (lonone) o= C3H802H+ (Propanediol) e | 2o
C6H130+ (Hexanal) o} e C9H15+ (SQT fragment) - caderpe
C3H802H+ (Propanediol) B C6H130+ (Hexanal) @bt «h
C5H9+ (Isoprene) ;l* C10H1302+ (Phenethyl acetate)
C8H1502+ (Hexenyl acetate etc) -+-o C5H110+ (C5 carbonyls) I'
C2H70+ (Ethanol) o - CBH13+ (Hexanol fr.) F el
C10H17+ (Monoterpenes) --0' P C6H110+ (Hexenal) o '
C10H1302+ (Phenethyl acetate) 0*-— C9H13+ (Trimethylbenzene) o
C4H70+ (MVK, MACR) t"- C8H1502+ (Hexenyl acetate etc) L ol
C8H90+ (Tolualdehyde) T C9H120H+ (Cumenol)
~0.10-0.05 0.00 0.05 0.10 0.15 -0.10 -0.05 0.00 0.05 0.10
760 SHAP value SHAP valu

Figure Al. SHAP summary plots based on the trained Beech Random Forest model the top 15 important BVOC features for
classifying each stress condition. (@) Pret r ess, (b) heat stress, (c) O stress, and
value for aspecific compound in an individual sample, with colors indicating feature value. Positive SHAP values indicate a stronger
association with the predicted stress class.
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Figure A2. SHAP summary plots based on the trained Oak Random Forest model the top 15 important BVOC features for classifying
(d)

each stress condition. (@) Préet r ess, (b) heat stress, (c) O stress, and
specific compound in an individual sample, with colors indicating feature value. Positive SHAP values indicate a stronger asatian

770 with the predicted stress class
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