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ABSTRACT

Urban trees regulate water-energy exchanges via transpiration. Although the Jarvis framework is widely used to
describe plant physiological responses to environmental drivers, including vapor pressure deficit (VPD), solar
radiation (Ry), air temperature (T,), and soil moisture content (¢), key parameter and subfunction structural
uncertainties remain insufficiently assessed at the species-specific level. Another challenge is modeling the
transpiration variability across multiple sites and seasons simultaneously, particularly in climatically heteroge-
neous urban settings. Using hourly sap flux density (SFD) observations from nine urban sites in Munich and
Wiirzburg, Germany (2015-2021), we fitted 81 subfunction configurations using Markov Chain Monte Carlo
(MCMC) Bayesian inference under uniform priors for two species with contrasting wood anatomy: diffuse-porous
Tilia cordata and ring-porous Robinia pseudoacacia. Widely applicable information criterion (WAIC) based Sobol
indices quantified structural sensitivity, and species-specific driver sensitivities were reconstructed under the
best-performing structure. We then refitted the best Jarvis structure in a hierarchical Bayesian model, treating
sites as random effects and adding a seasonal term. Results suggest that (i) at both the parameter and structure
levels, the two species exhibit markedly different transpiration responses to environmental drivers, which can be
interpreted in relation to known differences in hydraulic architecture and water-use strategy; (ii) model per-
formance is sensitive to subfunction choice rather than increasing monotonically with structural complexity; and
(iii) the hierarchical model captures cross-site variation in the transpiration upper bound and improves fit across
sites and seasons, with the intraclass correlation coefficient (ICC) exceeding 80% for both species. Collectively,
the framework provides uncertainty-aware, species-level Jarvis parameterizations at the single-tree scale, clar-
ifies how species identity and model structure jointly shape sap flux dynamics, and offers an adaptable basis for
interpreting and representing species-specific transpiration in urban microclimate models and urban forestry
management.

1. Introduction

poses a growing challenge to urban climate resilience (Ganguly et al.,
2009; Kajosaari et al., 2024). In urban environments, trees mitigate
heat through shading and transpiration (Zhang et al., 2022, 2025).
Transpiration is an important physiologically regulated component of

Urbanization alters land cover and the surface energy balance,
leading to persistently higher urban temperatures than in nearby rural
areas, a phenomenon known as the urban heat island (UHI) effect (Oke
et al.,, 2017). Combined with increasingly frequent heatwaves, UHI
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tree-mediated cooling, as it cools leaves and the canopy boundary layer
(Monteith and Unsworth, 2013). Empirical studies have highlighted its
cooling potential (Rahman et al., 2018, 2024), with reported reductions
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Abbreviations

SFD Sap flux density (ml/cm?/h)
SFDpae Maximum SFD (ml/cm?/h)
SFD,.o;m Normalized SFD

SFDfMX Site-specific SFDpq, (ml/cm?/h)
SFDjex  Species-level mean SFDpq, (ml/cm?/h)
ASFD!, . Deviation from SFDygy (ml/cm?/h)
1 Site/location index

g Stomatal conductance (m/s)

8max Maximum g, (m/s)

R Solar radiation (W/m?)

R max Site-specific maximum Ry (W/m?)
T, Air temperature (°C)

T4 min Minimum T, for transpiration (°C)
Taopt Optimal T, for transpiration (°C)
Tamax Maximum T, for transpiration (°C)

ki — k33 Empirical parameters in Jarvis subfunctions
VPD Vapor pressure deficit (kPa)

0 Soil moisture content (%)

Odet Soil moisture deficit

Omin Site-specific minimum observed 6 (%)
Omax Site-specific maximum observed 6 (%)
DOY Day of year

DOYax DOY at peak transpiration
DOYy,. Pre-peak seasonal width
DOYos: Post-peak seasonal width
DOYyindgow Centered DOY window

w Window length

F™ Candidate form of the m-th subfunction
F(Ry) Response subfunction for R

F(T,) Response subfunction for T,

F(VPD) Response subfunction for VPD

F(0) Response subfunction for 6

F(DOY) Seasonal response function

F;(x;) Response subfunction for x;

Xi Environmental variable/driver i

p Vector of model parameters

(o] Set of observed SFD values

j Observation index

0j j-th observed SFD value

n Number of observations or evaluation points

0;(p) Predicted SFD for observation j given j

Xr r-th evaluation point

a Multiplicative bias term

Gres? Residual variance

Gisite Between-site standard deviation

q, p-quantile of a variable

2; Normalized environmental driver i

b; Mean absolute hourly increment of z;

Air Point-specific relative perturbation for driver i at
evaluation point r

E; Mean absolute log-sensitivity of driver i

w; Normalized sensitivity weight of driver i

WAIC Widely applicable information criterion

AWAIC Difference in WAIC relative to the best model
AWAIC% Percentage increase in WAIC relative to the best model

Pwaic Effective number of parameters in WAIC
R Potential scale reduction factor

ESS Effective sample size

S1 First-order Sobol index

ST Total-effect Sobol index

UHI Urban heat island

LAI Leaf area index

TDP Thermal dissipation probe

HBM Hierarchical Bayesian model
MCMC Markov Chain Monte Carlo
NUTS No-U-Turn Sampler

DIC Deviance information criterion
elpd Expected log pointwise predictive density

RMSE  Root mean square error

MAE Mean absolute error

R2 Coefficient of determination

CI Confidence interval

ICC Intraclass correlation coefficient
SI Supplementary Information

in city temperatures ranging from 0.5 to 4.0 °C (Anys and Weiler, 2025;
Li et al., 2025). However, its cooling contribution varies with environ-
mental and physiological conditions (Rahman et al., 2024), and the
interacting controls underlying this variability remain insufficiently
resolved in heterogeneous urban settings.

These interacting controls operate along the soil-plant-atmosphere
continuum. Stomatal conductance (g) responds to vapor pressure
deficit (VPD), solar radiation (R;), air temperature (T,), and soil mois-
ture content (¢) (Mitchell et al., 2009; Verhoef and Egea, 2014; Wang
et al., 2020). For instance, in Tilia cordata in Munich, VPD and R can
individually explain over 50% and 65% of transpiration variability,
respectively (Rahman et al., 2017a), while optimal transpiration typi-
cally occurs between 20-30 °C, coincident with peak stomatal aperture
(Moore et al., 2010). 0 often exerts stronger control at seasonal to annual
scales, as episodic drought or reduced precipitation limits fluxes
(Clausnitzer et al., 2011; Verhoef and Egea, 2014). In urban settings,
impervious surfaces, constrained rooting volumes, altered hydrology,
and modified urban microclimates further modulate tree water use
(Gregg et al., 2003; Gobatti et al., 2025). Even street-canyon configu-
ration can shift transpiration-driven cooling by ~0.4 kW per tree
(Rahman et al., 2017a, 2017b). Yet direct in situ measurements remain
scarce (Anys and Weiler, 2025), limiting robust cross-site comparison
and model evaluation (Rahman et al., 2024).

Recent reviews of urban microclimate models indicate that tree
canopy structure and physiology are often simplified, risking omission
of key thermal processes (Buccolieri et al., 2018; Yang et al., 2019; (Li
et al, 2024b ). While shading 1is widely represented,
transpiration-driven cooling can also contribute substantially across
neighborhood-to-city scales and should be co-modeled with radiative
effects (Zepp et al., 2023; Q. Li et al., 2024; Rahman et al., 2024). Model
assessments consequently emphasize the need for reliable
species-specific parameterization to improve simulation fidelity (Li and
Wang, 2018).

Such parameterization is challenging because of substantial inter-
specific variation in stomatal regulation, particularly in urban envi-
ronments characterized by strong heat-water feedbacks (Barros et al.,
2019; Fuchs et al., 2021). Tree species exhibit distinct drought strate-
gies rooted in hydraulic architecture (Tabassum et al., 2021; Rahman
et al., 2024). For example, diffuse-porous Tilia cordata can maintain
substantially higher transpiration than ring-porous Robinia pseudoacacia
under urban conditions (Rahman et al., 2019). Nevertheless, current
urban tree transpiration models often rely on generic or
species-invariant parameterizations without species-specific calibration,
potentially obscuring these physiological contrasts (Li et al., 2024a; Li
et al., 2024b).

To represent these environmental controls, Jarvis-type models
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Fig. 1. Data used for model fitting. a) and b) SFD distributions for T. cordata (blue) and R. pseudoacacia (orange) across nine locations, with overall histograms. ¢) to
f) Distributions of the four environmental variables (R, Ta, VPD, 04), while g) to j) show the corresponding frequency histograms. Soil moisture deficit is defined as:

Omax—0

Odes = Omax—Omin®
(Jarvis, 1976) are widely used to estimate g; and transpiration from
leaves and individual trees to stands and larger domains (Niyogi et al.,
2009; Wang et al., 2017; Manickathan et al., 2018, 2020; Chen et al.,
2022). The core formulation links an upper-bound term appropriate to
the modeled variable (e.g., maximum g;) with a series of multiplicative
environmental response functions, hereafter referred to as subfunctions.
Because leaf temperature and leaf water potential are often difficult to
observe in field applications, the Stewart modification, which replaces
them with VPD, Ry, T,, and 6 (Stewart, 1988), has become a widely
adopted form.

However, as empirical formulations, Jarvis models face three inter-
related sources of uncertainty. First, the upper-bound term is itself un-
certain and can vary with age, management, and local microclimate,
complicating its specification in urban contexts (Anys and Weiler,
2025). Second, the shapes of the environmental response subfunctions
remain largely empirical and non-standard, especially for VPD: while
stomata generally close with rising VPD and are often modeled as linear
or exponential declines (Oren et al., 1999), studies show that transpi-
ration may initially rise with VPD and subsequently decline beyond a
species-specific threshold (Wang et al., 2016; Grossiord et al., 2020).
This discrepancy likely reflects differences between leaf-level stomatal
regulation and whole-plant hydraulic constraints, and may also arise
from differences in experimental systems and parameterization ap-
proaches, blurring a universal form. Third, the sensitivity parameters
governing responses to environmental drivers are often poorly con-
strained and species-dependent; for example, species differ in the

where 0 was measured at 30 cm depth, Onmin and Omax are site-specific observed bounds.

irradiance at which light responses approach saturation and in the
strength of their responses to declining ¢ (Granier et al., 2007; Feng and
Dietze, 2013; Deans et al., 2019). Collectively, these uncertainties limit
the generalizability of site-calibrated Jarvis implementations, particu-
larly in heterogeneous urban environments where both species differ-
ences and structural choices matter.

These limitations motivate three hypotheses concerning species-
specific responses, model-structure sensitivity, and cross-site consis-
tency. (i) If tree species differ in hydraulic architecture and stomatal
regulation, then their transpiration responses to VPD, Ry, T,, and 6
should be species-specific. (ii) If Jarvis-type models misrepresent these
physiological differences by applying inappropriate functional forms,
then structural uncertainty will emerge in a species-dependent way,
potentially biasing transpiration estimates. (iii) Finally, if the shape of
species-specific response functions is governed primarily by intrinsic
species characteristics rather than local site effects, then these responses
should remain consistent across sites within a shared climatic domain,
supporting a shared species-level response structure with site-level
random effects. Here, we develop a species-explicit, uncertainty-aware
Jarvis framework for urban trees. We use it to quantify species-specific
differences in transpiration regulation, test sensitivity to subfunction
selection, and evaluate whether hierarchical modeling can represent
cross-site and seasonal variation.
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2. Materials and methods

The methodological workflow proceeded sequentially: (i) harmo-
nizing site-level datasets through standardized preprocessing; (ii)
selecting Jarvis subfunctions and physiologically plausible parameter
bounds; (iii) calibrating models at the species level using Bayesian
inference; (iv) evaluating parameter and structural uncertainty via
sensitivity analysis and alternative subfunction formulations; and (v)
applying hierarchical mixed-effects models with species as fixed effects
and sites as random effects, further extended with a seasonal response
function to capture phenological dynamics. This sequence of calibration,
pooling, and sensitivity analysis provides a coherent framework for
disentangling species, structure, and site-level influences on
transpiration.

2.1. Dataset and processing

Environmental and sap flux data were collected from multiple sites in
two major cities of Bavaria, Germany, Munich (48°8' N, 11°35' E) and
Wiirzburg (49°48' N, 9°56' E), from 2015 to 2021. We monitored 62
mature, healthy street trees across nine locations, focusing on Tilia
cordata and Robinia pseudoacacia, two dominant street-tree species in
Bavaria chosen for their contrasting hydraulic strategies: T. cordata is
diffuse-porous, anisohydric, shade-tolerant, and relatively low in water-
use efficiency, whereas R. pseudoacacia is ring-porous, isohydric, light-
demanding, and highly water-use efficient (Moser-Reischl et al.,
2019), enabling species-specific tests of transpiration responses.

Environmental variables used in this study included R;, T,, VPD, and
6. Sensors were carefully positioned in open areas around focal trees and
harmonized across sites. Tree transpiration was quantified using sap flux
density (SFD, ml/cm?/h) measured with Granier-type thermal dissipa-
tion probes (TDPs; Ecomatik, Dachau, Germany) under standardized
protocols applied at all sites (Granier, 1987). All trees were free of
visible damage and received no artificial irrigation or pruning during
monitoring. Compared to methods relying on gas analyzers or poro-
meters to infer g, and extrapolate whole-tree transpiration, the TDP
approach provides more reliable long-term monitoring at the whole-tree
scale.

Fig. 1 summarizes the dataset used for model fitting, covering a
broad and typical range of urban environmental conditions across sites
and both species; sample sizes vary by site but are representative. To
reduce the influence of individual variability and ensure consistency,
SFD was averaged by species within each site. All variables were
aggregated to hourly means. Preprocessing included boxplot-based
removal of obvious outliers, retention only of records for which SFD
and all environmental drivers were temporally aligned, and exclusion of
nighttime records (Rs; < 0). No interpolation or gap-filling was applied;
incomplete or non-overlapping observations were excluded from the
analysis. Although low levels of nighttime sap flux were observed,
existing models rarely capture nocturnal transpiration reliably (Buckley
et al., 2012). Even studies that attempt to simulate nighttime fluxes by
modifying radiation terms have shown limited accuracy at hourly scales
(Wang et al., 2020). As such, this study focuses on transpiration pro-
cesses occurring during the daytime period.

Additional information on the monitored trees (such as tree age,
height, sapwood area, and the number of monitored individuals),
together with measurement periods, is provided in the Supplementary
Information (SI; Text S1 and Table S1). The underlying datasets and
sensor descriptions follow previously published studies (Table S1). For
context, Text S1 also summarizes the urban background climate of
Munich and Wiirzburg (mean temperatures, precipitation, and UHI
intensity).

2.2. Jarvis model

The Jarvis-type stomatal conductance model is formulated as:
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Table 1
Candidate environmental response subfunctions for the Jarvis-type model.
Abbreviations  Subfunctions References
F'(Ry) Ry (Rsmax + k1) (Stewart, 1988)
Rsmax(Rs + k1)
F?(Ry) R, (Samanta et al.,
ko +Rs 2008)
F3(Ry) 1 — exp (ks-Ry) (Kato et al., 2004)
F\(T,) 1— ka+(Taop — Ta)z (Ortega-Farias et al.,
2010)
F2(T, Tamax—Taoe  (Stewart, 1988)
(Ta) ( Ty — Tamin )( Tamax — Ta >r“pﬁr,,m
Ta.opt — Tamin Tamax — Ta.opt
F3(T,) (Ta = Tag t)z (Wang et al., 2020)
exp <— ks~ )
Tq + Taope
F'(VPD) —ke(VPD — ky)? (Wang et al., 2016)
xp VPD
F2(VPD) 1— kg-VPD (Jarvis, 1976)
F3(VPD) (1 + ko-vPD)! (Samanta et al.,
2008)
F(0) 1 -
F2(0) 1— kio-exp (k11-0ae) (Granier and
Loustau, 1994)
F(0) 1,045 < k12 (Poyatos et al.,
kiz —1 Our + 1 —kizkis 2007)
T—kip) 1k
& = &nax"F(R;)-F(T,)- F(VPD)- F(0) (€D)]

Where g4 (m/s) denotes the maximum g;. The four dimensionless
response functions (ranging from O to 1) represent the constraints
imposed by R;, T,, VPD, and 6, respectively, following the Stewart-type
formulation (Stewart, 1988). This multiplicative structure can also be
applied to canopy-level transpiration (Whitley et al., 2013), avoiding
inverse Penman-Monteith calculations and the need to specify aero-
dynamic resistance, while noting that aerodynamic effects may still
contribute to observed differences in SFD across sites. Because stem
water storage dynamics (e.g., discharge and refilling processes) cause
sub-daily lags between leaf-level transpiration and sap flux (Kume et al.,
2008; Wang et al., 2019; Peters et al., 2025), we directly model SFD as an
indicator of whole-tree transpiration dynamics:

4
SFD = SFDpaxF(R;)-F(Ta)-F(VPD)-F(0) = SFDpax | | Fi(x:) )
i=1

As previously noted, each F;(x;) has multiple candidate forms avail-
able in the literature, while the effects of subfunction choice, especially
on inferred interspecific differences, remain uncertain. Rather than
introducing new physiology, we adopted canonical Jarvis subfunctions.
Selection followed a pragmatic logic: to cover the main response shapes
while keeping the forms parsimonious and identifiable from hourly SFD
data, and to preserve comparability across studies. Accordingly, for each
driver we considered three candidate forms listed in Table 1 and indexed
by the superscript m: saturating responses for light, F"(R;); peaked re-
sponses (symmetric or asymmetric) for temperature, F"(T,); monotonic
VPD down-regulation or declines beyond a species-relevant threshold,
F™"(VPD); and moisture responses including no-limitation and deficit-
based limitation, F™(6). Using the same candidate set for both species
avoids imposing species differences a priori through the model struc-
ture. All 81 combinations, obtained by selecting one of the three forms
for each of the four F;(x;) terms, were evaluated. The prior specifications
are reported in the SI (Text S2 and Table S2).

The parameters k; to ki3, as well as Ty min, Ta,opt>, and Tgmax represent
empirical constants requiring calibration. R mqx denotes the site-specific
maximum R;, typically assumed to be 1000 W/m?; Tamin> Taopr, and
T4 max refer to the minimum, optimal, and maximum T, for transpiration,
respectively.
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2.3. Species-specific bayesian calibration

2.3.1. MCMC-based bayesian modeling

The constant parameters in these functional forms determine species-
specific transpiration responses. Accordingly, a Bayesian MCMC
framework was employed to calibrate these parameters and quantify
their posterior uncertainty separately for each species and candidate
subfunction combination. Compared to other widely used uncertainty
estimation approaches in transpiration modeling (such as the General-
ized Likelihood Uncertainty Estimation and the Pareto Optimality), the
Bayesian approach provides a coherent probabilistic characterization,
allows incorporation of prior knowledge, and supports inference in high-
dimensional spaces (Hill, 1974; Samanta et al., 2007, 2008). Accord-
ingly, it is well suited to and widely adopted in Jarvis-type and other
transpiration modeling applications (Chen et al., 2020).

The core of Bayesian inference is to update parameter uncertainty by
combining priors with data through a likelihood (Zhu et al., 2013). Let O
=01, 02,-+,0, be the observed SFD and 0;(#) the model prediction.
Assuming independent and identically distributed Gaussian errors with
variance o2, the likelihood is:

n 0B 2
P(OV}, Gresz)‘xarmin H eXP ( - %) (3)
j=

Priors were uniform for $ within literature-based feasible ranges and
uniform on log (c,2), i.e., p(B, aresz)océ (Zhu et al., 2013), yielding:

n o ,.\. j 2

Because the posterior has no closed form, we approximated p(,
6res2|0) via MCMC (Gelman et al., 2013). Specifically, MCMC samples
the joint posterior by iteratively proposing parameter values and
accepting them with probability given by the posterior ratio (Hastings,
1970). We used the No-U-Turn Sampler (NUTS) in PyMC 4.0, a proba-
bilistic programming package in Python. NUTS is an adaptive Hamil-
tonian method widely used in modern Bayesian inference because it
automatically tunes key sampler parameters during warm-up and typi-
cally converges faster than Metropolis-Hastings (Hoffman and Gelman,
2011).

Parameter bounds were compiled from prior studies (SI; Table S2),
and the same bounds were used for both species. Within these bounds,
priors were weak (i.e., relatively broad) yet physiologically defensible,
reflecting established environmental response characteristics reported
in the literature, so that inference is data-driven while excluding
implausible values. For each of the 81 Jarvis subfunction combinations,
we ran four MCMC chains for a total of 8000 iterations, discarding the
first half of each chain as warm-up. Convergence was assessed using the

potential scale reduction factor (IAQ < 1.01), and the effective sample size
(ESS > 400) (Vehtari et al., 2021). The same specifications and di-
agnostics were applied independently to T. cordata and R. pseudoacacia
under identical model settings.

2.3.2. Bias adjustment

Although a generic set of environmental stress functions can describe
transpiration across seasons and sites, fitting all data in a single MCMC
framework often struggles to converge because SFDyq varies substan-
tially among sites and over seasons, due to site characteristics,
phenology and drought responses (Whitley et al., 2013; Sanchez-Costa
et al., 2015; Anys and Weiler, 2025). Prior studies have addressed
such heterogeneity by segmenting data seasonally or spatially (Whitley
etal., 2013; Wang et al., 2016), but a unified treatment during inference
is lacking.

To address this, we first applied a robust, site-wise quantile
normalization that sets the local SFD,,q ~ 1 and down-weights extremes
(using the 1st to 99th percentiles). Then, a multiplicative bias term a was
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introduced into the Jarvis structure to absorb systematic, unmodeled
variability (including site characteristics and seasonal shifts):

" qo.99(SFD) — qo.01(SFD)

4
SFDpom = a- | | Fi(x:) (5)
i=1

We assigned Uniform priors on [0.5,1.5] for both species. Centered
around 1 and constrained to positive values, it permits +50% departures
from the locally normalized amplitude, wide enough to accommodate
plausible cross-site and seasonal differences after normalization. This
reparameterization improves identifiability and reduces the risk of
misattributing variability to particular stress functions. At this stage, the
analysis was deliberately constrained to focus on species-specific phys-
iological responses to environmental drivers, while site-specific or sea-
sonal variability was not explicitly modeled. Such structural variance
was absorbed into «, allowing the inference process to concentrate on
capturing the core Jarvis response structure without conflating envi-
ronmental sensitivity with unobserved environmental heterogeneity.
These additional sources of variability are formally addressed in sub-
sequent sections. Moreover, by combining this structural adjustment
with a comprehensive sensitivity analysis, the influence of different
environmental drivers and subfunction forms on transpiration modeling
was systematically evaluated.

2.3.3. Model training and validation

All data were processed using Python 3.12. For each species, the
dataset was randomly split into 70% for training and 30% for validation,
with a fixed random seed to ensure reproducibility. For each of the 81
Jarvis subfunction combinations, models were fitted on the training set,
and evaluated on the corresponding validation set. Predictive perfor-
mance was summarized with the coefficient of determination (R?), root
mean square error (RMSE), mean absolute error (MAE), and the widely
applicable information criterion (WAIC) (Vehtari et al., 2017). WAIC
provides a fully Bayesian estimate of out-of-sample predictive accuracy
by approximating the expected log pointwise predictive density (elpd)
while integrating over posterior uncertainty (Piironen and Vehtari,
2017). Compared with the Deviance Information Criterion (DIC),
widely used in earlier Bayesian studies, WAIC is more robust to highly
skewed or multimodal posterior distributions (Gelman et al., 2014), and
is standard in modern probabilistic frameworks such as PyMC. Because
we employed site-wise quantile normalization and a multiplicative a,
scale-based metrics can be confounded by amplitude differences,
whereas WAIC evaluates log predictive density and penalizes
complexity via the effective number of parameters (pyqc), yielding a
more likelihood-based and uncertainty-aware comparison across
non-nested structures.

2.4. Sensitivity analysis

After completing species-specific Bayesian calibration, each species
was associated with a distinct set of calibrated function combinations
and parameters. To further explore species-specific variations in Jarvis
model behavior, two key aspects were examined: (i) functional sensi-
tivity: whether individual environmental stress functions exhibit
species-specific sensitivities, and (ii) structural sensitivity: whether the
optimal combinations of subfunctions differ systematically between
species. These analyses help elucidate how both the structural configu-
ration and the functional response mechanisms of the Jarvis model
reflect interspecific physiological differences.

2.4.1. Species-specific stress responses

To quantify the marginal influence of each environmental driver x;,
the multiplicative Jarvis model was logarithmically transformed into an
additive form, enabling partial differentiation with respect to lnx;:
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4
INSFDyorm = Ina +» _ InFi(x;) (6)

i=1

Since 4t — , the bias term does not affect sensitivity. Local
(pointwise) log-sensitivities were approximated by a central difference

in log-space, perturbing x; by a point-specific relative amount A;,:

OINSFDnorm| _ InFi (% (1 + Ar)) — InFi(x (1 — Ay/))

dln x; In(1+A;) —In(1 - A;) @

\x,

For each species and daytime period (morning: 05-10 h; midday:
10-15 h; afternoon: 15-20 h), drivers were linearly normalized to the
species-specific [goos, goos] range (Eq. (8a)), and the period-specific step
on the normalized series was defined as the mean absolute hourly
increment (Eq. (8b)), which was then converted to a pointwise relative
perturbation (A;,) on the original scale at the evaluation grid point (Eq.
(80)):

g = 79005 g q ((8a)
qo.95 — qo.05

& = |zi(t+ 1) —z(t)], At=1h ((8b)

Ay = 5iQO.95 — {o.05 ((8¢)

r

Where the overbar denotes averaging over all valid hourly steps
within the period. This data-driven definition makes §; reflect the
observed, time-varying rate of change in each environmental driver,
capturing diurnal heterogeneity (e.g., larger dg, in the morning when
irradiance rises rapidly and smaller around midday when it stabilizes).
Estimating §; separately by species and period and averaging within
period yields a representative step that is physiologically meaningful
and numerically stable while limiting undue influence from transient
spikes. The mean absolute log-sensitivity E; over the typical domain was
estimated via numerical integration using n equally spaced evaluation
points:

Ingo.o5

B - 1 / |61nFi
T Ingo.0s — Inqo 05 |alﬂxi
Ingo.05

d(lnx,) (%)

Ingo.o5 — Ingo.os

Inx, = Ingoos + (r—1) ——

refl,2,..,n ((9b)

Here, x, denotes the r-th evaluation point on the logarithmic grid
spanning [qoos, go.os]. The pointwise A;, used in Eq. (7) is computed at
each x, from §; via Eq. (8c). This yields the discrete approximation:

" |InF; (Xr(l + Ai_,)) — InF; (X,—(l _ Ai.r))
2 | In(1+A;) —In(1 - Ay)

| 10$)
r=1
To enable cross-variable comparison, sensitivities were normalized
to sum to unity, representing the proportionate influence of each envi-
ronmental driver under the model parameterization and observed range:

E;

W= = an

Uncertainty was quantified via a double-bootstrap: (i) parameter
uncertainty by sampling Jarvis parameters from the full MCMC poste-
rior, and (ii) data uncertainty by resampling the observed x; series
within each species and period. This resampling draws from the entire
seasonal record available for that species and period, so the resulting
sensitivity distributions integrate over seasonal variability in the envi-
ronmental drivers. The procedure was repeated 1000 times, yielding
empirical distributions from which 95% confidence intervals (CI) were
derived, following common bootstrap-based uncertainty reporting for
sensitivity indices (Nossent et al., 2011).
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2.4.2. Species-specific subfunction combinations

Selecting appropriate subfunctions is harder than tuning parameters
within a fixed form. Although various formulations for subfunctions
have been proposed, a systematic evaluation of their suitability for
different tree species remains absent. We therefore quantified structural
sensitivity (Kelleher et al., 2013; Van Hoey et al., 2014) by analyzing the
WAIC across 81 Jarvis configurations for two species. We then applied a
Sobol variance-based global sensitivity analysis to these WAIC values,
treating the chosen subfunction for each driver (F(R;), F(T,), F(VPD),
F(0)) as an input factor with three levels. Sobol analysis decomposes the
across-configuration variance of WAIC into contributions from each
factor and their interactions. We report first-order (S1, variance attrib-
utable to one driver’s subfunction choice averaged over the others) and
total-effect (ST, that driver’s main effect plus all interactions) indices,
with pairwise interactions summarized where informative (Sobol,
2001). The “variance being evaluated” is the variability in WAIC
caused by swapping subfunctions across the 81 structures (with pa-
rameters re-estimated each time), not random noise from a single fit.
Using WAIC as the metric ensures a fully Bayesian comparison that
balances fit and effective complexity while integrating posterior un-
certainty, so the Sobol decomposition isolates between-structure effects
driven by subfunction specification and reveals which driver’s choice
most affects predictive performance, and whether these sensitivities are
species-specific.

Uncertainty in the Sobol indices was quantified by bootstrapping the
WAIC estimates. In 1000 iterations, for each configuration we drew
WAIC from a normal distribution with the MCMC-estimated mean and
standard error, recomputed the indices, and obtained 95% CIs. The
details of the Sobol index computation are provided in the SI (Text S3).

2.5. Formalizing site and seasonal effects

Based on the species-specific optimal Jarvis configurations and the
cross-species comparisons of parameter and structural sensitivities, we
further decomposed the previously introduced « into a site effect and a
seasonal component for the formal model. All subsequent analyses used
the original unscaled SFD to preserve physical units and enable direct
comparison with field observations. All other Jarvis parameters retained
the same literature-based bounds, MCMC settings, and convergence di-
agnostics as in the species-specific fits.

2.5.1. Site-level hierarchical modeling

To represent spatial heterogeneity, we refit the model as a hierar-
chical Bayesian model (HBM) (Clark, 2005), conditional on the
species-specific optimal Jarvis structure selected above (i.e., one fixed
subfunction combination per species). Species is treated as a fixed effect
(through separate species-level parameters), whereas sites are random
effects that partially pool site estimates. Under Hypothesis 3, the F;(x;)
encode species-level sensitivities that are approximately invariant across
sites within a shared climatic domain; in urban settings, spatial het-
erogeneity is expected primarily to scale the magnitude of sap flux
(capacity) rather than reshape short-term response curves. Accordingly,
we represent site heterogeneity solely via a random intercept on SFDjqx
(with no random slopes on F;(x;)), since adding random slopes would
conflate site effects with driver sensitivities, greatly increase dimen-
sionality, and be weakly identified. Here “site” includes both location
and individual-tree differences. Because SFD was averaged by species
within each site, the site random intercept absorbs (i) site-level factors
(such as surface sealing, rooting volume, exposure/microclimate, and
management) and (ii) unmodeled individual variability (such as age,
DBH, height, crown architecture, and sapwood area). Conceptually, the
earlier a acted as a capacity scaler; the HBM formalizes the same idea as
arandom intercept on SFDyqx. Each site-specific SFD!, ., was modeled as:

SFDrl-nax ~ ’/’f"/,(mmu: O_site) 12)
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Fig. 2. a) Mean hourly sensitivities (log-elasticities) of four environmental variables (R;, Tq, VPD, and 64y) for two species (blue: T. cordata, orange: R. pseudoacacia)
during three daytime intervals (5-10 h, 10-15 h, and 15-20 h). Error bars represent 95% CI derived from the double-bootstrap procedure, combining parameter

IInF; (x;)

uncertainty from the Bayesian posterior with data uncertainty from resampling the observed driver series. b) Instantaneous log-elasticity (5 e )) dynamics for each

environmental variable across local time, illustrating the temporal evolution of each variable’s influence on the Jarvis response function for both species. Solid lines
denote the mean value, and shaded bands indicate the corresponding 95% CI derived from the same double-bootstrap procedure; each subplot corresponds to a

specific driver.

¢) Best-fit functional forms of the Jarvis model subfunctions for T.

cordata (F?(R,)-F*(T,)-F*(VPD)-F®(9)) and R. pseudoacacia

(F?(R,)-F%(T,)-F*(VPD)-F'(0)). Dashed lines highlight inflection points in the VPD subfunction.

Where SFD,., is the species-level mean and o is the between-site
standard deviation. The half-normal prior (scale 5) ensures non-
negativity for oy, while remaining weakly informative, as it is broad
enough to allow for substantial between-site variability yet consistent
with empirical observations that cross-site differences in SFD., . rarely
exceed 10 ml/cm?/h. The half-normal form also promotes numerical
stability for variance components and is widely recommended when the
number of groups is small (Gelman, 2006), consistent with our study
design (nine sites for T. cordata, and four for R. pseudoacacia). In addi-
tion, we computed the intraclass correlation coefficient (ICC) to quantify
the proportion of total variance attributable to between-site differences:

1cc =, S

2 2
Oite + Ofes

(13)

Where 62, is the residual variance. Thus, the ICC represents the share
of total variance in SFD! __attributable to site-level heterogeneity; values
near 1 indicate dominance of between-site differences, whereas values
near O indicate that variability is primarily within sites.

2.5.2. Seasonal adjustment function

Subsequently, we incorporated a seasonal function as an additional
subfunction in the Jarvis model. In some studies utilizing inverted
Penman-Monteith formulations, seasonal variations in transpiration
were represented through the calibration of leaf area index (LAI) (Chen

et al., 2020). However, as a structural canopy descriptor, it cannot
capture whole-tree physiological changes across phenological phases (e.
g., leaf age distribution, stomatal aging, dormancy), and thus under-
represents seasonal dynamics (Damour et al., 2010). A further challenge
is specifying a priori temporal rules for empirical parameters (Damour
et al., 2010). To address this, we introduced an empirical seasonal
response F(DOY) for temperate deciduous species with winter

dormancy:
DOY — DOY,q,)°
exp| — M ,DOY < DOY s
2DOY,r,
F(DOY) = , ((14a)
DOY — DOY,
exp| — M ,DOY > DOY ey
2DOYpost
DOY w
DOY yindow = {WJ W+ ((14b)

Where DOY,, is the day of peak SFD. Separate pre- and post-peak
widths (DOY,., DOY,,) allow asymmetry. Because seasonal processes
do not operate at hourly or daily scales, we aggregated data into non-
overlapping 15-day windows (Eq. (14b)) to suppress high-frequency
noise and improve parameter identifiability and MCMC convergence.
Moreover, because the dataset aggregates multiple sites and years, with
occasional gaps, we aim to capture the within-year envelope of
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Fig. 3. a) and c): WAIC-based Sobol indices for Jarvis subfunctions (S1: first-order; ST: total effect, error bars show 95% bootstrap CI) for T. cordata and
R. pseudoacacia. b) and d): AWAIC% chord diagrams summarizing model-structure co-dependence. Here, AWAIC% is the percentage increase in WAIC relative to the
best model when a single subfunction is replaced (lower WAIC means better fit). Arc length is proportional to the median AWAIC% for that subfunction; longer arcs
indicate larger expected deterioration if it is mis-specified. Chord width reflects the median joint deterioration when two subfunctions are mis-specified together. For

clarity, only the top 20% strongest links are shown.

transpiration rather than site-specific phenological dates. In Central
Europe, T. cordata and R. pseudoacacia typically initiate leaf-out or
active transpiration during April-May and cease by mid-October, with
summer (June-August) hosting the seasonal maximum (Moser-Reischl
et al., 2019; Rotzer et al., 2021; Anys and Weiler, 2025; Moser-Reischl
et al., 2025). Accordingly, the bounds are common to both species: we
place a Uniform prior on DOY,,,, with support [100, 270], and weak,
wide Uniform priors on DOY,,, and DOY,,, with support [50,250]. The
50-day lower bound accommodates an approximately two-month ramp
from leaf-out (April) to early-summer peaks (Moser-Reischl et al., 2025),
and the broad 250-day upper bound captures the typically more gradual
autumn decline (Rotzer et al., 2021).

3. Results
3.1. Performance and sensitivities of species-specific Jarvis models

After running MCMC for all 81 Jarvis subfunction configurations, the
species-specific optima were selected based on WAIC ranking: T. cordata
(R? = 0.55, RMSE = 0.19, MAE = 0.14) and R. pseudoacacia (R* = 0.46,
RMSE = 0.21, MAE = 0.17), and the fitted « was 0.87 and 0.72, indi-
cating modest residual amplitude down-scaling after site-wise quantile
normalization; a rescales magnitude but does not affect the selected
subfunction shapes or the WAIC-based ranking. Both species share the

same forms for F2(R;)-F?(T,)-F'(VPD), and differ only in the 6 term:
T. cordata favors F® (@) whereas R. pseudoacacia is best captured by F* (6),
implying its negligible apparent sensitivity to near-surface 64, under the
observed range (Fig. 2¢). All configurations met convergence criteria;
summary metrics for all alternatives are provided in the Supplementary
Data, while detailed convergence diagnostics and posterior distributions
are reported for the best-performing model of each species (S
Tables S3-S4).

The fitted F(T,) suggests a similar thermal optimum near 30 °C for
both species, while R. pseudoacacia reaches light saturation at lower Rg,
and exhibits a narrower F(T,) parabola. In the F(VPD), the downturn
occurs later for T. cordata (inflection~1.8 kPa), and earlier for
R. pseudoacacia (inflection~1.3 kPa), consistent with earlier stomatal
regulation under increasing atmospheric dryness.

Sensitivity analysis is consistent with these patterns. Hourly mean
log-elasticities (Fig. 2a) show pronounced early-morning sensitivity to
VPD (5-10 h) in both species, followed by a midday reduction in R
elasticity once light saturation is approached (10-15 h) and a concom-
itant rise in T, elasticity, stronger in R. pseudoacacia. Instantaneous
sensitivity (Fig. 2b) reveals a transient post-sunrise peak in VPD
responsiveness, driven by the rapid increase in R; and T, prior to full
stomatal regulation, and a subsequent decline as control tightens. Across
the daytime (5-20 h) 6 exerts minimal influence at hourly scales. This
does not preclude sensitivity under more severe drought or at deeper soil
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Fig. 4. Observed-predicted comparisons for SFD under the species-specific optimal Jarvis configuration. a) and c) hierarchical Bayesian models with location-level
random effects; b) and d) the same models augmented with a seasonal term F(DOY). Species: T. cordata (a, b) and R. pseudoacacia (¢, d). Points are shown with
density shading; the dashed diagonal indicates the 1:1 line. Model performance is evaluated using R2, RMSE (ml/cmz/h), MAE (ml/cmz/h), and WAIC.

layers.
3.2. Species-specific structural sensitivity of Jarvis subfunctions

The 81 Jarvis subfunction combinations were evaluated under a
unified set of priors for both species. Fig. 3a and c¢ report WAIC-based
Sobol indices. Rather than listing second-order Sobol terms, Fig. 3b
and d use a AWAIC% chord diagram to visualize structural co-
dependence in performance deterioration: a longer arc for a given sub-
function means that replacing it tends to produce a larger AWAIC (i.e., a
worse fit). For both species, altering the F(T,) and F(R;) contributes
negligibly, indicating that within the chosen prior ranges and data
domain, altering their functional forms has little impact.

In T. cordata, performance is most sensitive to F(6), followed by
F(VPD), with the poorest fits consistently associated with F!(6); more-
over, S1~ST across all subfunctions, indicating that model performance
is largely governed by independent main effects rather than cross-driver
interactions (Fig. 3a and b). In R. pseudoacacia, sensitivity concentrates
in F(VPD); interestingly, combinations including the rise-decline
F'(VPD) consistently achieve the best scores, whereas monotonic-
decay forms perform poorly, implying that such forms fail to capture
the initial increase in transpiration within our domain, thereby yielding
large WAIC penalties (Fig. 3c and d). Moreover, R. pseudoacacia exhibits
stronger higher-order interactions, with ST>S1 across drivers, indi-
cating that interactions play a larger role in predictive performance than
main effects; model performance depends more on cross-driver combi-
nations than on any single subfunction.

3.3. Hierarchical Bayesian modeling incorporating location and seasonal

effects

Using the original SFD units (ml/cm?/h), hierarchical Bayesian
models built on the species-specific optimal Jarvis structures performed
well for both species (Fig. 4a and c¢). Compared with R. pseudoacacia, T.
cordata exhibits a broader dynamic range, with occasional values up to
15-20 ml/cm?/h. Nevertheless, for both species most observations lie
within 10 ml/cm?/h. Adding the F(DOY) further improved performance
(Fig. 4b and d): for T. cordata, R? increased by 10.9%, while RMSE, MAE,
and WAIC decreased by 11.6%, 14.1%, and 5.0%; for R. pseudoacacia, R?
increased by 7.2%, and RMSE, MAE, and WAIC decreased by 9.3%,
9.1%, and 5.1%. These improvements indicate that combining partial
pooling with explicit seasonal modulation accommodates T. cordata’s
larger seasonal amplitude particularly well, while still delivering
consistent improvements for R. pseudoacacia. Detailed convergence di-
agnostics and posterior parameter distributions for the hierarchical
models, without (Tables S5-S6) and with F(DOY) (Tables S7-S8) are
provided in the SI.

The fitted F(DOY) curves differ sharply by species (Fig. 5a).
T. cordata rises steeply and peaks early (April to May); the decline begins
near DOY 136, and by DOY 300 the response is ~25% of its peak.
R. pseudoacacia increases more gradually, peaks later (August to
September; decline onset ~DOY 266), and retains a large fraction of its
peak, indicating a more prolonged active period.

Fig. 5b shows that site effects are strong for both species but larger
for T. cordata, with typical absolute deviations (ASFD. ) reaching
0-10 ml/cm?/h (occasionally higher), whereas R. pseudoacacia varies on
the order of 0-5 ml/cm?/h. The ICC indicates that 90% (T. cordata) and
80% (R. pseudoacacia) of the variance in SFDLW is attributable to
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Fig. 5. Seasonal and spatial patterns of SFD for T. cordata (blue) and R. pseudoacacia (orange). a) Fitted F(DOY), with vertical dashed lines indicating the DOY at
which SFD begins to decline. b) Between-site variation in ASFD.  calculated as SFD., ;. — SFDpqx, representing each location’s deviation from the species-specific
mean. Points denote posterior means and whiskers indicate 95% highest density intervals of the posterior distributions. ICCs quantify the proportion of variance

in SFD.,,, attributable to between-site differences.
between-site differences, i.e., strong spatial structuring within species.

3.4. Hourly sap flux simulations at representative locations

To minimize artifacts from gaps or outliers and to ensure broad
temporal coverage, we display windows with the most complete and
continuous hourly records drawn from distinct parts of the year. The
band broadens near peak SFD, indicating greater predictive variance at
high flux. The model also reproduces abrupt, environmentally forced
transitions (e.g., DOY 198-199 in Fig. 6a; DOY 261-264 in Fig. 7c).
Minor underestimation appears at extreme midday peaks under clear,
high VPD conditions, but overall coverage and timing remain robust.
Notably, T. cordata shows a pronounced seasonal attenuation of SFD
(Fig. 6¢ and f), whereas R. pseudoacacia maintains a comparatively
stable amplitude across the displayed periods.

4. Discussion
4.1. Species-specific patterns in Jarvis parameters and model structure

Across nine Central-European urban sites, the two species showed
species-specific patterns of transpiration control within the Jarvis
framework. Consistent with prior work, daytime SFD is dominated by
atmospheric drivers, especially VPD (Huang et al., 2011; Rahman et al.,
2017a; Anys and Weiler, 2025). However, R. pseudoacacia shows an
earlier VPD downturn and weak 6 sensitivity, whereas T. cordata appears
to sustain higher flux under higher VPD yet exhibits stronger 6 penalties.

Importantly, although these fitted response patterns do not mecha-
nistically resolve internal tree water transport, they are consistent with
known differences in hydraulic architecture and water-use strategy be-
tween the two species. Ring-porous R. pseudoacacia (with larger early-
wood vessels and higher embolism vulnerability) may initiate stomatal
regulation earlier under rising VPD, whereas diffuse-porous T. cordata
appears to maintain transpiration to higher VPD (Tyree and Ewers,
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1991; Moser-Reischl et al.,, 2019; Rotzer et al., 2021; Torres-Ruiz
et al., 2024; Moser-Reischl et al., 2025). Differences in F(6) may
reflect contrasting water-access pathways rather than functional flexi-
bility alone. In urban environments, shallow § at 30 cm depth may not
fully represent rooting-zone water availability, especially for
R. pseudoacacia, for which reported deep rooting and possible access to
deeper water or groundwater may partially decouple measured 6 from
actual tree water status (Zhou et al., 2022). The weaker apparent 6
sensitivity of R. pseudoacacia should be interpreted as a response to
measured topsoil moisture under the monitored conditions rather than a
fully resolved rooting-zone water-stress function, whereas T. cordata
may remain more exposed to near-surface deficits.

Beyond water regulation, the fitted light and temperature responses
also differ: R. pseudoacacia shows a rapid increase in the fitted light
response with increasing R;, consistent with its reported sensitivity to
light (Cierjacks et al., 2013). Its small pinnate compound leaves may also
enhance convective coupling and allow leaf temperature to track T,
more closely (Leigh et al., 2017), which could contribute to the stronger
apparent role of T, around midday as F(VPD) elasticity declines.

4.2. Seasonality and location-level heterogeneity of transpiration

Significant cross-site differences in SFDp,,, were observed. Because
the Jarvis upper bound is often proxied by site maxima (Mackay et al.,
2012; Wang et al., 2020), directly pooling multi-site data can destabi-
lize fits when upper limits diverge. Relative to the prior five-site Jarvis
study in Australia (Whitley et al., 2013), which showed that a common
set of environmental-response families can be used across sites after
re-estimating maximum transpiration, we adopt the same separable
structure but do not re-tune subfunctions by site: subfunctions are fixed
at the species level, and between-site heterogeneity is accommodated
only via a hierarchical SFDpq. The resulting robust fits are consistent
with hypothesis 3. Whitley et al. also reported that F(0) could be difficult
to identify at some sites; in our urban network we quantify topsoil



X. Zhang et al.

Agricultural and Forest Meteorology 389 (2026) 111381

Tilia cordata at Nordbad in Munich (Year 2020)
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Fig. 6. Posterior predictive distributions of SFD for T. cordata, generated using an HBM with the optimal Jarvis configuration: F?(R;)-F?(T,)-F* (VPD)-F?(6)-F(DOY).
Each panel shows a selected continuous window: posterior predictive mean (solid line), 95% posterior predictive interval (shaded), and the observations (points). The
95% posterior predictive interval is the 2.5th-97.5th percentile range of the posterior predictive distribution.

constraint using a 6y rather than absolute moisture, improving
comparability under differing soil physical properties.

Residual amplitude differences are plausibly associated with site
heterogeneity, including surface sealing, soil physical conditions, root-
ing volume, and tree structural differences such as size and age (Kjelgren
and Clark, 1992; Schafer et al., 2000; Delzon and Loustau, 2005;
Rahman et al., 2019; Anys and Weiler, 2025). Because these effects are
substantial in urban settings but difficult to parameterize directly, the
hierarchical treatment improves prediction across heterogeneous sites
while preserving a common species-level response structure, but it does
not identify their causal mechanisms.

Seasonal fits suggest that the relative early-late phase ordering is
more informative than a precise DOY estimate. This timing may reflect
their diffuse- vs. ring-porous anatomy and associated phenology:
diffuse-porous T. cordata can resume water transport on previous-year
xylem, enabling earlier leaf-out in spring and typically earlier senes-
cence, while ring-porous R. pseudoacacia must produce new earlywood
to replace winter-embolized conduits, delaying leaf-out to late May to
June and often prolonging canopy activity into early autumn (Panchen
et al., 2014; Moser-Reischl et al., 2019). These phenological phase shifts
may reshape seasonal transpiration and support the explicit represen-
tation of seasonality in multi-species transpiration models. LAI
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seasonality alone may not fully capture such timing differences, because
canopy development can lag behind the recovery or loss of hydraulic
function (Paschalis et al., 2024).

4.3. Uncertainty in Jarvis subfunctions

Across the 81 subfunction configurations for each species, WAIC-
based Sobol indices and AWAIC show that performance is structure-
sensitive and species-specific. Increasing structural complexity does
not systematically improve fit; instead, performance depends more on
choosing the appropriate subfunction family than on within-family
flexibility (Samanta et al., 2008; Whitley et al., 2013). This highlights
that reliable modeling of SFD and its environmental responses requires
both the fitting of parameters and the selection of physiologically
appropriate response structures. Our framework addresses these needs:
the flexible and interpretable Jarvis-type model accommodates alter-
native response functions and additional terms, while Bayesian infer-
ence supports probabilistic parameter estimation, allows the
upper-bound term to be modeled hierarchically across sites, and quan-
tifies parameter uncertainty.

The dominant source of structural sensitivity differs between species
(Supplementary Data). In T. cordata, allowing soil-moisture penalties
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Robinia pseudoacacia at Messestadt Riem in Munich (Year 2016)
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Fig. 7. Posterior predictive distributions of SFD for R. pseudoacacia, generated using an HBM with the optimal Jarvis configura-
tion: F2(R;)-F2(T,)-F*(VPD)-F!(0)-F(DOY).

F?3(9) markedly improves fit over F' (§) (mean WAIC from —3529.52 to adequate soil water supply, and this potential is reduced when water

—6491.07). In R. pseudoacacia, a rise-then-decline F* (VPD) captures the availability declines. Closer monitoring, together with timely irrigation,
pre-downturn increase and improves fit (—1374.86 to —1931.39). Once may therefore help sustain this potential. By contrast, R. pseudoacacia
these key subfunctions are fixed, replacing F(T,) or F(R;) has little in- may be better suited to sites with less reliable shallow soil water avail-
fluence on performance. Structural uncertainty is therefore not uniform ability, although this advantage may be offset under high atmospheric
across drivers, but organized around species-specific controlling re- demand because earlier regulation can limit transpiration. These con-
sponses. Comparison across the baseline, hierarchical, and seasonal trasts should be considered in species selection, irrigation planning, and
formulations further suggests that empirical Jarvis parameters are  the parameterization of tree transpiration in urban microclimate
specification-dependent rather than fixed constants. We therefore models.

interpret the baseline model primarily in terms of environmental The framework is suitable for prediction in principle, but the present
response structure, whereas the hierarchical and seasonal variants are study focuses on inference and cross-species comparison rather than
more appropriate for estimation under heterogeneous urban conditions. forecasting. More broadly, the framework can be refitted in other cities
Within the temperate Bavarian domain, a cautious conclusion is that a or climatic contexts given comparable sap flux and environmental ob-
shared atmospheric-response structure F2(R)-F2(T,)-F'(VPD) can servations, allowing species-specific environmental responses and
transfer across species after re-estimation, whereas F(6) remains species- transpiration potential to be evaluated locally. For similar climatic do-
specific and context-dependent. mains, the present species-level conclusions may be more directly

informative; otherwise, direct parameter transfer should be avoided.
Extending the framework to warmer future conditions with more

4.4. Urban applicability and limitations of the framework frequent heatwaves and droughts will be an important next step.
Our results highlight both the promise and limits of trait-based
From a management perspective, the contrasting behavior of the two parameterization. The observed interspecific differences are qualita-
species suggests different priorities under urban heat and drought stress. tively consistent with known hydraulic strategies, but no direct trait-
For T. cordata, sustaining its higher latent-cooling potential requires parameter mapping is possible within the present Jarvis-type
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framework; any quantitative linkage would require independently
measured trait data or a more explicitly hydraulic model (Buckley,
2019). Future work could therefore test hydraulic trait-informed pre-
dictors, such as wood density or leaf turgor-loss point (Dekker et al.,
2000), and, where warranted, add targeted Jarvis stress terms (Chen
et al., 2020).

In addition, while the shallow 6 used here provides a consistent
cross-site indicator, future work could strengthen the representation of
tree soil-water responses by incorporating layered soil moisture profiles
or deeper observations (Harper et al., 2021). The current F(DOY)
formulation may be more applicable to the temperate deciduous context
examined here and may require adaptation in systems with different
seasonal rhythms. Finally, residual within-species variation may reflect
tree-level attributes, site-specific conditions, and microclimatic vari-
ables such as wind speed that were not fully resolved in the current
dataset, suggesting the need for broader field monitoring in urban
contexts.

5. Conclusion

This study uses hourly observations from nine urban sites in Munich
and Wiirzburg (2015-2021) to quantify parameter and structural un-
certainty in species-specific Jarvis models for T. cordata and
R. pseudoacacia, screening 81 subfunction configurations and embed-
ding the best-performing structures in a hierarchical Bayesian frame-
work with a seasonal term. Species differed in both environmental
responses and dominant structural sensitivities: soil-moisture sub-
function choice was most influential for T. cordata, whereas VPD sub-
function choice dominated for R. pseudoacacia, showing that species-
specific Jarvis modeling requires both appropriate subfunction selec-
tion and parameter calibration. Hierarchical site effects and seasonal
representation further improved estimation across heterogeneous urban
sites, supporting species-explicit representation of urban tree water use
in microclimate models.
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