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Summary

� The spring phenology has advanced significantly over recent decades with climate change,

impacting large-scale biogeochemical cycles, climate feedback, and other essential ecosystem

processes. Although numerous prognostic models have been developed for spring phenology,

regional analyses of the optimality (OPT) strategy model that incorporate environmental vari-

ables beyond temperature and photoperiod remain lacking.
� We investigated the roles of solar radiation (SR) and three water stress factors (precipitation

(P), soil moisture, and vapor pressure deficit (VPD)) on spring phenology from 1982 to 2015

using the OPT model with Global Inventory Modeling and Mapping Studies NDVI3g dataset

and environmental data from TerraClimate, CRU_TS, and Global Land Data Assimilation Sys-

tem across the Northern Hemisphere (> 30°N).
� Our results show that SR and water stress factors significantly impacted intrasite decadal

spring phenology variability, with water stress factors dominant in grassland ecosystems while

SR dominated in the rest of the ecosystem types. Enhanced models incorporating SR (OPT-S)

and VPD (OPT-VPD) outperformed the original OPT model, likely due to improved represen-

tation of the adaptive strategy of spring phenology to optimize photosynthetic carbon gain

while minimizing frost risk.
� Our research enhances the understanding of the key environmental drivers influencing dec-

adal spring phenology variation in the Northern Hemisphere and contributes to more accurate

forecasts of ecological responses to global environmental change.

Introduction

Spring phenology in the Northern Hemisphere marks the onset
of leaf development and plays a critical role in regulating various
terrestrial surface biophysical and biochemical processes. These
processes include changes in land surface albedo,
land-atmosphere carbon and water exchanges, forest productiv-
ity, and nutrient cycling (Fang et al., 2020; Gerst et al., 2020;
Huang et al., 2023). Additionally, spring phenology influences
numerous biotic interactions, such as intra- and interspecies com-
petition for resources and trophic interactions with other
living organisms (Cohen & Satterfield, 2020). Furthermore,
vegetation-mediated climate feedback is impacted by spring phe-
nology, as it can lead to earlier soil water depletion (Lian
et al., 2020) and an increased risk of summer droughts (Vitasse

et al., 2021; Li et al., 2023). Despite the importance of spring
phenology in ecological and Earth surface processes, our under-
standing of the drivers behind its variability across large vegetated
landscapes and extended periods remains incomplete, creating
considerable amounts of uncertainty when estimating how future
climate change will affect spring phenology and other related bio-
logical processes (Geng et al., 2020; Xie & Wilson, 2020; Adams
et al., 2021).

To better understand and represent the mechanisms underly-
ing plant spring phenology in response to climate change,
researchers have developed numerous prognostic models, such as
growing degree day (GDD) models, sequential models, and par-
allel models (McMaster & Wilhelm, 1997; Melaas et al., 2016;
Zhao et al., 2021). These models incorporate key environmental
indicators, such as temperature and photoperiod, to predict the
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leaf unfolding data (LUD) and other phenological timing
(Chuine et al., 2000, 2013). The majority of these models attri-
bute phenological shifts to chilling, that is, the exposure of plants
to cold temperatures to break dormancy, forcing, which involves
exposure to warm temperatures, and the photoperiod effect to
promote growth (Heide, 2003; Schwartz et al., 2006). In addi-
tion to these models that only consider temperature and photo-
period, researchers recently have developed the eco-evolutionary
optimality (OPT) theory and associated OPT-based spring phe-
nology model as a more comprehensive and innovative hypoth-
esis for spring phenology modeling (Fu et al., 2020; Wang
et al., 2020b; Meng et al., 2021). This theory posits that the
LUD in plants results from trade-offs aimed at maximizing
photosynthetic carbon gain and minimizing frost risk. This
hypothesis was supported by Gu et al. (2023), who analyzed data
from hundreds of temperate ecosystem sites in the north and east
of the United States, highlighting the significant, yet overlooked
role of solar radiation (SR) in having a greater impact on
early-season plant photosynthesis potential than photoperiod.
These prognostic models have significantly enhanced our ability
to quantify phenology shifts in response to climate change, there-
fore improving the assessments of how these shifts impact various
ecosystem processes and functions, such as carbon, water, and
nutrient cycles (Nord & Lynch, 2009; Buermann et al., 2018;
Lian et al., 2020; Zhou et al., 2022), as well as related climate
change feedback (Richardson et al., 2013; Shen et al., 2015).

Despite these advancements in our understanding and mod-
eling of spring phenology, key knowledge gaps remain. First,
most prior large-scale assessments of prognostic phenology
models have primarily concentrated on a narrow range of envir-
onmental variables, such as temperature and photoperiod
(Singh et al., 2017; Richardson et al., 2018b; Meng
et al., 2021), neglecting other influential environmental vari-
ables. For instance, variables such as soil moisture (SM) and
vapor pressure deficit (VPD), which affect plant water availabil-
ity and transpiration, have demonstrated an impact on the tim-
ing of leaf unfolding and other phenological events (Li
et al., 2021; Zhang et al., 2021), yet receive inadequate atten-
tion in current models. Similarly, SR, which drives plant
photosynthesis and growth, also impacts phenology (Z. Ren
et al., 2022; Gu et al., 2023). This omission makes the
mechanisms and modeling underlying large-scale spring phenol-
ogy incomplete. Second, recent efforts focusing on more envir-
onmental variables were often confined to a select number of
sites within the United States (e.g. Gu et al., 2023). It remains
unknown whether these findings can be extended to large, spa-
tially continuous landscapes over the entire Northern Hemi-
sphere. Furthermore, several empirical studies have reported
various environmental variables on water stress conditions, such
as precipitation (P) (Ganjurjav et al., 2020), SM (Tao
et al., 2020), and VPD (Grossiord et al., 2020). These variables
can influence spring phenology in temperate ecosystems, and
their relative importance often varies with different plant func-
tional types (PFTs) (Nemani, 2003; Caldararu et al., 2016).
This implies a more complex regulation mechanism of spring

phenology in temperate ecosystems than that which is included
in state-of-the-art prognostic models. In other words, it remains
unclear whether the variables represented in current models are
comprehensive and if the dominant environmental variables
would vary with different PFTs (Hmimina et al., 2013; Ji
et al., 2021). Should such variability across PFTs exist, identify-
ing the overarching mechanisms that account for the diversity
in the phenology–environmental cue relationship across broader
landscapes becomes crucial and warrants immediate explora-
tion.

Several recent technical advances offer a unique and timely
opportunity to bridge the aforementioned knowledge gaps: the
availability of long time-series phenology datasets covering
the entire Northern Hemisphere (Friedl et al., 2019; Zhang
et al., 2020) and the recently developed diagnostic approach for
exploring the potential impact of comprehensive environmental
variables on spring phenology modeling (Gu et al., 2023). One
typical example of this long-term phenology dataset is the LUD
extracted from the Global Inventory Modeling and Mapping
Studies (GIMMS) NDVI3g dataset (C. Wu et al., 2022); this
dataset is developed based on algorithms retrieving the phenol-
ogy transition dates, providing us not only extensive spatial cov-
erage (i.e. the entire Northern Hemisphere) but also covering a
long time duration (i.e. 1982–2015). Concurrently, Gu
et al. (2023) developed a holistic analytical framework that not
only examined the performance of existing prognostic models
for spring phenology modeling but also established a quantita-
tive pipeline that assessed the partial correlation between the
model residuals and other environmental variables not yet
included in the current models, by which the effectiveness and
the most sensitive variable would be identified. As a result, we
expect that the integration of these two advances will provide
relevant quantitative results across the entire Northern Hemi-
sphere, helping to address the key knowledge gaps identified
earlier.

This study thus aims to assess and improve the existing model
of spring phenology (e.g. the OPT model introduced in Meng
et al., 2021) for intrasite decadal spring phenology modeling
across the entire Northern Hemisphere by exploring other vari-
ables beyond temperature and photoperiod. Specifically, we
address three key questions: (1) How does the OPT model per-
form in simulating spring phenology on a hemispheric scale? (2)
What are the key environmental variables responsible for intrasite
model residuals, and whether these variables differ across PFTs?
(3) How significantly can the new prognostic models enhance
spring phenology modeling? To answer these questions, we used
satellite land surface phenology products and environmental
datasets over the Northern Hemisphere for the years 1982–2015.
We trained and evaluated the existing OPT model developed by
Meng et al. (2021), which has demonstrated superior model per-
formance compared with other prognostic models of GDD mod-
els and sequential models (Gu et al., 2023). Given that the
hemisphere-scale spring phenology dataset has a coarse spatial
resolution of 1/12° and long-term data often come with signifi-
cant climate anomalies, we further investigated whether
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landscape PFT heterogeneity and climate anomalies contribute
to the model residuals. Subsequently, the relationships between
the model residuals and climate variables were examined, includ-
ing SR and three water stress factors: P, SM, and VPD. This ana-
lysis aimed to identify additional environmental factors, not
accounted for in current models, that have a substantial impact
on the variability of spring phenology, and to determine whether
the dominant environmental variable varies across PFTs. Last, we
revised the OPT model by incorporating the identified dominant
environmental variable(s) and investigated whether these revi-
sions could enhance the model’s performance.

Materials and Methods

Study area and PFTs

This research focused on the North Hemisphere and excluded
subtropical regions (i.e. latitudes lower than 30°N) due to their
more subtle seasonality in vegetation greenness and the more
complex mechanisms underlying their phenological regulations
(Liu et al., 2016). The study area is predominantly located
within the temperate climate zone, which accounts for 73.09%
of the region according to the Köppen climate classification
(Beck et al., 2018; Supporting Information Fig. S1; Table S1).
This zone is characterized by well-defined seasonal patterns in
vegetation dynamics, making it ideal for analyzing phenological
responses. We used the HIstoric Land Dynamics Assessment+
(HILDA+) annual land use/cover dataset, which has a 1 km
spatial resolution (Winkler et al., 2020), to exclude pixels
dominated by Urban, Cropland, and Pasture, given the strong
influence of human activities (Ma et al., 2022). We also
excluded nonvegetation areas referred to as ‘Other land’ and
‘Water’.

In our study, we established a criterion to assign a pixel’s
PFT, requiring the dominant PFT proportion to be > 50% for
a period exceeding 80% between 1982 and 2015; otherwise, the
pixel was excluded from the analysis. Due to its relatively small
overall fraction, the evergreen broadleaf forest area was also
excluded from our analysis. Consequently, we selected six domi-
nant land cover types for our study: Grass/Shrubland (GSL),
which constitutes 39.61% of the study area, followed by ever-
green needleleaf forest (ENF; 25.86%), deciduous needleleaf
forest (DNF; 20.18%), deciduous broadleaf forest (DBF;
9.00%), mixed forest (MXF; 4.04%), and unknown/other forest
(UOF; 1.24%).

Datasets

To investigate the large-scale spring phenology pattern while
minimizing data uncertainty, several remote sensing data
resources were utilized, including LUD derived from a 15-d
NDVI time series product of the GIMMS from the Advanced
Very High-Resolution Radiometer. Additionally, we used climate
datasets including temperature and SR from the Global Land
Data Assimilation System (GLDAS), as well as water availability

indicators (SM and VPD) from TerraClimate and precipitation
from CRU_TS v4.03 for the period 1982–2015. Notably, we
selected these climate datasets not only because they provided
long time series but also because they offered relatively higher
spatial resolution. To maintain a balance between spatial resolu-
tion consistency and heterogeneity effects, all data were
resampled to a 1/12° resolution using a 2 × 2 nearest neighbor
interpolation method.

Satellite-derived LUD data We utilized satellite LUD data for
the Northern Hemisphere (> 30°N) from 1982 to 2015, with a
spatial resolution of 1/12° (C. Wu et al., 2022). This data was
derived from the 15-d NDVI time series of the GIMMS
NDVI3g dataset (NASA GIMMS, 2015). After preprocessing
and quality control of the original NDVI time series data, LUD
was extracted using the average of three methods: (1) the
dynamic-threshold method (White et al., 2009), (2) a piecewise
logistic function (Zhang et al., 2003), and (3) a modified
double-logistic function (Gonsamo et al., 2012). There are two
main reasons for selecting this phenology dataset. First, by using
the average of the three methods, the data has demonstrated sig-
nificantly reduced uncertainty and improved consistency over
time (C. Wu et al., 2022). Second, the dataset has shown
improved accuracy when compared with ground and phenocam
data (Liu et al., 2023).

Climatic datasets To investigate the potential influence of water
stress factors on the spring phenology model’s residuals, we
employed three water stress indicators, including SM, P,
and VPD. For SM and VPD, we obtained monthly SM (mm)
and VPD (kPa) for 1982–2015 from TerraClimate (Abatzoglou
et al., 2018) with a spatial resolution of 1/24°. For precipitation
data, we derived monthly P data (mm per month) with a spatial
resolution of 0.5° from the CRU_TS v4.03 product (Harris
et al., 2020). For temperature and SR data from 1982 to 2015,
we used the NASA GLDAS (NASA GES DISC, 2023). The spa-
tial and temporal resolutions of these data are 0.25° and a 3-h
interval, respectively. Using this dataset, we calculated the average
daily temperature and aggregated daily SR as inputs for the
spring phenology model.

Methodology

Model description In this study, we employed the OPT strategy
model. This model was established in accordance with the
eco-evolutionary theory (Meng et al., 2021), which posits that
plants adopt optimal strategies for their spring phenology to max-
imize carbon gain from photosynthesis while simultaneously
reducing the risk of frost damage (Chamberlain & Wolko-
vich, 2021).

To be specific, the date t marks the LUD when the potential
photosynthetic carbon benefit is larger than the impact of the
potential frost damage risk, that is,

Ft ≥ ae�bC t Eqn 1
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where C t and Ft are the accumulated chilling and forcing from
t 0 (empirically set as the first day of the calendar year) to t . C t

and Ft are computed as follows:

C t = ∑
t

i = t 0

Rc ,i Eqn 2

Ft = ∑
t

i = t 0

Rf ,i � Rp,i Eqn 3

where Rc ,i , Rf ,i , and Rp,i are the rates of chilling, forcing, and
realized forcing in the i th day.

Since temperature influences chilling and forcing under differ-
ent circumstances, OPT captures the chilling effect according to
the triangular function (Richardson et al., 1974; Chuine
et al., 2000; Melaas et al., 2016), expressed as

Rc ,i =

0 Ti <Tmin

Ti�Tmin

Topt�Tmin
Tmin ≤ Ti <Topt

Ti�Topt

Tmax�Topt
Topt ≤ Ti <Tmax

0 Ti >Tmax

8
>>>>>>>><

>>>>>>>>:

Eqn 4

where Ti is the average temperature of the i th day, Tmin = �5°C,
Topt = 10°C, and Tmax = 25°C, based on Wang et al. (2020b).

A sigmoid function is used to compute the forcing rate (Meng
et al., 2021):

Rf ,i =
0, Ti ≤ Tbase

28:4

1þ exp 3:4�0:185Tið Þ Ti >Tbase

8
<

:
Eqn 5

where Tbase = 5°C is the temperature threshold for biological
activity.

Finally, the state of realized forcing (Meng et al., 2021) is given
by

Rp,i =
Li

12
e�cRc ,i Eqn 6

where Li is the day length of the i th day. The model has three fit-
ting parameters: a, b, and c .

In addition to the OPT model, we also examined other prog-
nostic models for large-scale spring phenology modeling, includ-
ing GDD and sequential models, following the approach of Gu
et al. (2023). However, we found that these models consistently
underperformed compared to the OPT model, as demonstrated
by Gu et al. (2023). Therefore, to simplify the presentation, we
focused exclusively on the OPT model in this paper.

Model accuracy assessment and validation To ensure the
robustness of model training, we adopted a 5-fold
cross-validation method with 20 repetitions, as suggested by Yan
et al. (2021). We evaluate the OPT model on a pixel-by-pixel

basis, using environmental factors and LUD extracted from satel-
lite data as inputs. Each pixel had a data record spanning from
1982 to 2015 (n= 34 yr). Following C. Wu et al. (2022), we
employed three metrics for model performance evaluation: root
mean square error (RMSE), Kling–Gupta efficiency (KGE)
(Gupta et al., 2009), and Pearson’s correlation coefficients (R).
Notably, KGE was adopted because it provides a balanced assess-
ment by incorporating correlation, bias, and the ratio of var-
iances. This approach eliminates the need for reference forecasts
or simulations, resulting in more interpretable and meaningful
values or scores for modelers (Liu, 2020).

Heterogeneity and climate anomaly Since our phenology ana-
lysis and modeling were performed at a 1/12° resolution, most of
the examined pixels contained a mosaic of multiple PFTs. To
explore the potential impact of these spatial mosaics of different
PFTs (Liu et al., 2019; Ren et al., 2022a) on the OPT model resi-
duals, we examined the relationship between the model RMSE
and two metrics that indicate the level of PFT heterogeneity
within each pixel (corresponding to a specific vegetated land-
scape). These metrics are (1) the proportion of the dominant
PFT, which was determined by calculating the average value of
the dominant PFT over a 34-year period (using the HILDA+
PFT product) within a 1/12° grid cell, and (2) the entropy of the
PFT mosaic, which was calculated using Eqn 7 as a measure of
randomness or disorder within a pixel.

Entropy=� ∑
n

i = 1

pi log2 pi
� �

Eqn 7

where pi indicates the 34-year averaged proportion of each PFT,
and n indicates the number of PFTs contained in each pixel.

To investigate the effects of climate anomalies, we first
divided the 34-year data for each pixel into five climate ranges,
such as �∞, T�2σT

� �
, T�2σT, T�σT
� �

, T�σT, Tþ σT
� �

,
Tþ σT, Tþ 2σT
� �

, and Tþ 2σT,þ∞
� �

, where T and σT are
the mean and SD of a specific pixel’s 34-year temperature anom-
aly. Second, to assess the extent to which climate anomaly condi-
tions might influence model performance in each climate range,
we calculated the mean absolute error (MAE), which assigns rela-
tively lower weight to errors compared to RMSE, between the
validation data and the model results (Gupta et al., 2009). Third,
we used ANOVA to compare the means among the five groups
(Park, 2009). If the P-value of the ANOVA was significant, it
would indicate that at least one pair had a statistically significant
difference from the other groups.

Evaluating model residuals in conjunction with additional
environmental factors In order to investigate the potential
impact of unaccounted environmental factors on the variability
of spring phenology in existing predictive models, we initially
calculated the residuals between the model results and
satellite-derived data (i.e. the difference between modeled and
observed LUD). Subsequently, we analyzed the associations
between these residuals and the average values of VPDpre, precipi-
tation (Ppre), SMpre, and SRpre during the period preceding the
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LUD or preseason. For each environmental variable, we followed
Gu et al. (2023) and determined the preseason (with a 30-d dura-
tion) by identifying the time interval with the greatest correlation
between the environmental factor and LUD from 1982 to 2015.
Subsequently, we utilized partial correlation analysis as a method
to examine the dependence of model residuals on each of the four
indicators while constraining the impacts of the other three indi-
cators (Liu et al., 2016).

After deriving variable-specific partial correlation coefficients
and considering that VPD, P, and SM can all indicate plant water
stress, we conducted an additional analysis to determine the
dominant environmental variables (related to light and water) for
the model residual: (1) A region is identified as a
light-constrained region if the partial correlation of SRpre

(PC-SR)> 0, indicating that higher SR advances LUD (Z. Wu
et al., 2022), and the absolute partial correlation coefficient
of SRpre is higher than that of water stress factors; (2) A
water-constrained region is identified if water stress factors
negatively/positively correlate with spring phenology (i.e. PC-P >
0, PC-SM> 0, or PC-VPD< 0) and the absolute partial correlation
strength of that specific water stress factor is higher than that of
SRpre; (3) for other cases (e.g. PC-P< 0, PC-SM< 0, PC-SR< 0, or
PC-VPD> 0), we considered that the partial correlation result for
that specific environmental factor might be caused by various
uncertainties (e.g. data error, indirect correlation with other
environmental factors like temperature or others, and thus repre-
senting an apparent effect rather than true physiological con-
straint of these factors on approximating early growing season
plant photosynthetic potential). As a result, we only retained
those effective partial correlations and assigned them as either
dominantly constrained by light or water based on their absolute
strength.

Revised phenology models and model assessment Once the
most important environmental variable(s) influencing the model
residuals have been identified, we proceeded to integrate these
missing environmental cues into the current OPT model. This
approach aimed to explore the potential for enhancing spring
phenology model performance. We presented two revised ver-
sions of OPT as below.

OPT-S model. Similar to Gu et al. (2023), our subsequent ana-
lysis identified SRpre as one of the most important environmental
variables contributing to the model residual. Thus, we followed
Gu et al. (2023) and used Eqn 8, which replaces photoperiod Li

with SRpre to account for the SRpre effect on spring phenology
modeling. The theory underlying this revision is likely because
that SR is a more efficient variable than photoperiod in signaling
the potential photosynthetic carbon gain during the period of leaf
emergence (Badeck et al., 2004; Yang et al., 2022).

Rp,t = SRt�SR0ð Þe�cRc ,t Eqn 8

where SRt and SR0 denote the solar radiation on date t and the
constant threshold of solar radiation, respectively. The threshold
(SR0) is applicable to all sites and serves to mitigate the influence

of the variations in the absolute value of solar radiation, thereby
eliminating the magnitude differences constrain Ft in Eqn 3.

OPT-VPD model. In addition to SR, our subsequent analysis
identified VPD as another crucial variable responsible for the
model residuals. Although all three water stress metrics (i.e. P,
SM, and VPD) were observed to affect spring phenology, our
later results indicate that VPD has the most significant impact
(see ‘Dominant environmental variables of light and water for
spring phenology modeling across different PFTs’ in the Results
section). Meanwhile, compared to the other two factors, VPD
has a clearer and more easily modeled influence on growing sea-
son plant photosynthesis potential (e.g. Wang et al., 2025), while
focusing on the most critical factor, VPD, rather than including
all three factors, simplifies the modeling process and facilitates
the hypothesis testing. Thus, we revised the OPT model to
account for the VPD effect in constraining spring phenology
modeling. We modified the OPT model to create the OPT-VPD
model, which included Vcrit as a VPD constraint that was linearly
correlated with preseason VPD. The LUD criteria (i.e. Eqn 9)
were formulated by the following equation:

Ft � Vcrit ≥ ae�bC t Eqn 9

with

Vcrit = 1�d � VPDpre Eqn 10

where VPDpre represent the preseason VPD average for the
month of t , and the model has four fitting parameters
a, b, c , and d .

Notably, we also attempted to create an ‘OPT-S-VPD’ model
that considers both SR and VPD, exploring its potential benefits
over individual ‘OPT-S’ or ‘OPT-VPD’ models. However, our
observations indicated that the combined model did not perform
as well as the individual models (Fig. S2). This outcome is likely
due to the strong collinearity between SR and VPD, as higher SR
often correlates with higher temperatures, leading to increased
VPD. Given that SR positively influences plant photosynthesis,
whereas VPD negatively impacts it, modeling both SR and VPD
simultaneously presents challenges. Therefore, in the main text,
we primarily focused on the ‘OPT-S’ and ‘OPT-VPD’ models.
We do, however, acknowledge in the Discussion section that
future modeling efforts should aim to comprehensively account
for both SR and VPD effects using more advanced prognostic
models.

Statistical analysis To assess the effectiveness of the revised
models, we employed two methods to evaluate their efficiency
and test the underlying hypothesis. First, we examined whether
the modified models could yield notable model improvements
using RMSE as the performance metric, particularly compared to
the original models that utilized temperature and photoperiod as
input factors. Second, to ensure that the improvement does not
come at the expense of escalating model residuals to other vari-
ables, we computed the significant Pearson partial correlation
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(P-value < 0.05) again for the residuals derived from the revised
model. The same approach was also applied to calculate the par-
tial correlation between model residuals and environmental vari-
ables.

Results

Evaluation of the prognostic model’s effectiveness in
modeling spring phenology

The default OPT model across the entire Northern Hemisphere
had a median RMSE of 7.08 d (Fig. 1a,d) and the performance
was also consistent across metrics, with KGE and R showing
similar patterns (Fig. 1b,c). There was a significant degree of
variability in these performance metrics across the entire North-
ern Hemisphere. The RMSE values ranged from 5.26 (first quar-
tile with the value under 25% of data points Q1: 25%) to 8.96
(third quartile with the value under 75% of data points Q3:
75%) days (Fig. 1a,d). The KGE values (Fig. 1b,e) ranged from
0.36 (Q1: 25%) to 0.71 (Q3: 75%), with a median value of
0.56, whereas the R values (Fig. 1c,f) ranged from 0.52 (Q1:
25%) to 0.82 (Q1: 75%), with a median value of 0.71.

Next, we examined the model performance at the PFT level
and found that the results displayed some degree of variability
depending on the specific PFT of interest. Fig. 1(d) shows that
DNF exhibited the best model performance, with a median
RMSE of 6.31 d. Mixed forest ranked second with an RMSE of
6.67 d, followed by GSL (6.93 d), DBF (7.61 d), ENF (7.95 d),
and UOF (8.41 d). Similar observations were also found using
the other two performance metrics of KGE and R.
Satellite-derived (Fig. 1g–j) and model-predicted (Fig. 1k–n)
phenology of selected years (1985, 1995, 2005, and 2015) corre-
sponded well with each other both across space and time, suggest-
ing no significant systematic biases in the model-predicted
phenology results (also refer inserted subplots in Fig. 1k–n).

Although the default OPT model demonstrated reasonably
good accuracy in capturing spring phenology across the North
Hemisphere, we also observed considerable model residual varia-
tions across large landscapes, encompassing nearly all climate
spaces of mean annual temperature and mean annual precipita-
tion as well as key PFTs (Fig. 2a). Further quantitative analysis
indicated that 21.55% of land area across the entire Northern
Hemisphere had an RMSE of 0–5 d, 62.03% of land areas had
an RMSE of 5–10 d, 9.78% had an RMSE of 10–15 d, and
6.64% had an RMSE of > 15 d (Fig. 2b).

Exploring the model residual and its association with other
factors

We next investigated factors that might influence the residuals of
the trained OPT model. We proposed three hypotheses to
explain the residual variation in the model: (1) heterogeneity in
PFTs at the pixel level, (2) interannual climate anomalies, parti-
cularly extreme temperature events (e.g. unusually cold or hot
conditions), and (3) additional environmental factors beyond
temperature and photoperiod that are not accounted for in the

current OPT model. Our findings supported the third hypoth-
esis, indicating that these unrepresented environmental variables
play a significant role, while the first two hypotheses were barely
supported (Fig. S3).

Specifically, when examining Hypothesis 1, we assessed
pixel-level PFT heterogeneity using two metrics: the 34-years
mean proportion of dominant PFT (Fig. S3a–d) and PFT
entropy (Fig. S3e–h). The analysis focused on the four most
abundant PFTs: ENF, DBF, MXF, and GSL. The results
demonstrated minimal to no correlation between both PFT het-
erogeneity metrics and the RMSE for all evaluated PFTs. The
correlation coefficients for the proportion mean of dominant
PFT were 0.05 for ENF, 0.08 for DBF, �0.02 for MXF, and
�0.04 for GSL (P-values < 0.05). The correlation coefficients
for entropy were �0.03 for ENF, �0.07 for DBF, 0.04 for
MXF, and 0.04 for GSL, with all P-values < 0.05. These findings
suggest that pixel-level PFT heterogeneity does not have a signifi-
cant impact on the model residuals. Regarding Hypothesis 2, we
used the MAE metric to examine the effect of climate anomalies
on model residuals relative to normal climatic conditions. Inter-
estingly, years with climate anomalies such as �∞, T�2σT

� �

and Tþ 2σT,þ∞
� �

did not exhibit any noticeable difference in
the distribution of data compared to normal years
(P-value= 0.09), indicating that the model operates nearly as
effectively under extreme conditions (Fig. S3i).

We tested Hypothesis 3 by analyzing the partial correlation
coefficients between the model residuals and the preseason envir-
onmental variables, namely Ppre, SMpre, SRpre, and VPDpre

(Fig. 3). Our results show that the strength and sign of partial
correlation coefficients vary significantly across the four variables
examined as well as exhibit strong spatial heterogeneity across the
entire study region. When focusing on the partial correlation of
Ppre (Fig. 3a), large variations were observed across different
PFTs. DBF showed a correlation coefficient (mean� SD) of
0.37� 0.41, DNF of �0.36� 0.41, ENF of �0.32� 0.43,
GSL of �0.34� 0.34, MXF of 0.37� 0.43, and UOF of
�0.35� 0.41. Similar observations also applied to the other two
plant water stress metrics, that is SMpre (Fig. 3b) and VPDpre

(Fig. 3d). By contrast, the partial correlation of SR was relatively
more consistent across different PFTs (Fig. 3c), with the correla-
tion coefficients of 0.42� 0.41 for DBF, 0.42� 0.36 for DNF,
0.41� 0.41 for ENF, 0.28� 0.40 for GSL, 0.43� 0.36 for
MXF, and 0.39� 0.42 for UOF.

Based on the variable-specific partial correlation coefficient
results presented in Fig. 3, along with the ecological criteria pro-
posed for identifying regions dominated by light vs water stress
(see ‘Evaluating model residuals in conjunction with additional
environmental factors’ in the Methodology section), we mapped
the vegetated landscapes where model residuals were most sensi-
tive to Ppre, SMpre, SRpre, and VPDpre, respectively (Fig. 4). From
these newly derived maps, we observed that SRpre dominated
55.46% of the entire study area, followed by VPDpre (21.27%),
Ppre (14.80%), and SMpre (8.47%). Notably, we observed more
consistent partial correlation coefficient signs this time. The par-
tial correlation coefficient of Ppre peaked at MXF with
0.33� 0.10 and reached a minimum at UOF with 0.29� 0.10
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Fig. 1 The overall performance of the prognostic optimality (OPT) strategy model in modeling plant spring phenology and performance summary across
plant functional types (PFTs) (grass/shrubland (GSL): 39.61%; evergreen needleleaf forest (ENF): 25.86%; deciduous needleleaf forest (DNF): 20.18%;
deciduous broadleaf forest (DBF): 9.00%; mixed forest (MXF): 4.04%; unknown/other forest (UOF): 1.24%), using the three accuracy metrics of RMSE
(a, d), KGE (b, e), R (c, f), where the box spans from the first quartile (Q1) to the third quartile (Q3), with a line marking the median and the whiskers
extend to the farthest data point within 1.5 times the interquartile range (IQR) from the box; spatial and temporal patterns of spring phenology from the
OPT model (g–n) compared with those from the Global Inventory Modeling and Mapping Studies (GIMMS) NDVI3g dataset (g–j) in the selected years:
1985, 1995, 2005, and 2015. The inserted figures in (k–n) indicates the distribution of model residuals (i.e. modeled leaf unfolding date (LUD) minus
satellite-derived LUD), where the blue dashed line shows the mean value of the histogram. RMSE, root mean square error; KGE, Kling–Gupta efficiency;
R, Pearson’s correlation coefficients; ALL, all the plant functional types.
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(Fig. 4a). The partial correlation coefficient of SMpre peaked at
MXF with 0.33� 0.11 and reached a minimum at DNF with
0.29� 0.12 (Fig. 4b); the partial correlation coefficient of SRpre

peaked at ENF with 0.45� 0.13 and reached a minimum at
GSL with 0.30� 0.11 (Fig. 4c). Finally, the partial correlation
coefficient of VPDpre peaked at DNF with �0.34� 0.10 and
reached a minimum at DBF with �0.38� 0.10 (Fig. 4d).

Dominant environmental variables of light and water for
spring phenology modeling across different PFTs

We next examined the influence of light vs water on spring phe-
nology modeling across various PFTs. To do this, we incorpo-
rated three factors – Ppre, SMpre, and VPDpre – that indicate
water stress on spring phenology regulation. Along with SRpre,
we analyzed the dominance of light vs water stress in affecting
spring phenology. Our results, which illustrate the composite of
light vs water stress on spring phenology modeling, are shown in
Fig. 5(a), where the light-dominated area accounts for 55.46% of
all study areas, and the remaining area is water-dominated. By
integrating the hemisphere scale-dominant climate stress map
(Fig. 5a) with the relevant PFT map (Fig. 5b), we further assessed
the portion of light- vs water-dominated areas at the PFT level.
Our results (Fig. 5c) show that both light and water stress coexist
in all examined PFTs. Grass/Shrubland is predominantly influ-
enced by water stress-related environmental variables, with nearly
three times more water-constrained regions compared with those
constrained by light availability (light: 11.32%; water: 28.30%).
By contrast, all other PFTs are dominated by SR, with nearly
twice as many light-constrained regions compared to those

constrained by water stress. Focusing on the water-constrained
regions, we found that all three water stress metrics – Ppre, SMpre,
and VPDpre – play a role in affecting spring phenology modeling,
a pattern consistent across all examined PFTs (Fig. 5d).

Examining the revised models’ performance and their
residual connections with key environmental variables

Having identified light (i.e. SR) and dominant water stress (i.e.
VPD) factors as responsible for model residuals in the default
OPT model, we investigated whether the revised OPT model
incorporating SR or VPD would improve the prognostic model-
ing of spring phenology over the Northern Hemisphere. Our
results revealed a consistent pattern across all three performance
metrics analyzed, as well as at both the all-site and PFT levels for
evaluation. The default OPT model had the lowest model perfor-
mance, while the revised OPT-S model showed the highest per-
formance, and the revised OPT-VPD model fell in between both
(Fig. 6a–c). Taking RMSE as an example, at the all-site level, we
observed a 42.79% reduction in RMSE for OPT-S
(RMSE= 4.05 d) and an 11.59% reduction in RMSE for OPT-
VPD (RMSE= 6.26 d) relative to the default OPT
(RMSE= 7.08 d). At the PFT level, the model performance
improved the most for OPT-S (a 46.25% reduction in RMSE
relative to the default OPT) in DBF and the least (a 39.05%
reduction in RMSE) in UOF, whereas other PFTs, such as DNF,
MXF, GSL, and ENF, fell in between. Similarly, we observed the
model performance improved the most (a 30.11% reduction in
RMSE) for OPT-VPD in DBF, the least (a 6.40% reduction
in RMSE) in GSL, and other PFTs, such as UOF, MXF, and

Fig. 2 Evaluation of the optimality (OPT) model’s performance across climatic gradients and plant functional types (PFTs). (a) Whittaker plot depicting the
correlation between precipitation, temperature, and the root mean square error (RMSE) distribution of the OPT for different intervals (0–5 d, 5–10 d,
10–15 d, and > 15 d). (b) The RMSE distribution across different PFTs. DBF, deciduous broadleaf forest; DNF, deciduous needleleaf forest; ENF, evergreen
needleleaf forest; GSL, grass/shrubland; MXF, mixed forest; UOF, unknown/other forest.
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ENF, fell in between. An additional analysis focusing on the
LUD maps predicted by the revised models for the four selected
years (Fig. 6d–g for OPT-S; Fig. 6h–k for OPT-VPD; Fig. 1g–j
for satellite-derived benchmark) revealed that the revised models
effectively captured the satellite-derived phenology pattern both
spatially and temporally. This observation further supports the
improved accuracy of the revised models in predicting spring
phenology across the Northern Hemisphere.

We next examined the model residuals of the revised models
and their associations with other environmental variables that
were not represented in the default OPT model (Fig. 7). Our
results revealed that the default OPT model had the highest abso-
lute value of the model residuals’ partial correlation coefficient,
consistently across all PFTs and environmental variables exam-
ined. As expected, the revised OPT-S model significantly reduced
the magnitude of the model residuals’ partial correlation value

Fig. 3 The spatial pattern of partial dependency of model residuals with four environmental variables of preseason precipitation (Ppre; a), soil moisture
(SMpre; b), solar radiation (SRpre; c), and vapor pressure deficit (VPDpre; d). The inserted figures show the partial correlation coefficients across plant
functional types (PFTs), with error bars indicating the standard deviation (SD). DBF, deciduous broadleaf forest; DNF, deciduous needleleaf forest; ENF,
evergreen needleleaf forest; GSL, grass/shrubland; MXF, mixed forest; UOF, unknown/other forest.

New Phytologist (2025) 246: 1986–2003
www.newphytologist.com

� 2025 The Author(s).

New Phytologist� 2025 New Phytologist Foundation.

Research

New
Phytologist1994



for SRpre (e.g. from a value of c. 0.39 in the default OPT to a
value of c. 0.21 in the OPT-S model) consistently across all PFTs
examined. Surprisingly, it also reduced the partial correlation
coefficient magnitude slightly for Ppre (except for GSL), SMpre

(except for MXF), and VPDpre (except for MXF). Similar find-
ings were observed for OPT-VPD, which not only led to a signif-
icant reduction in the model residuals’ partial correlation

coefficient magnitude for VPDpre as expected but also caused
some reduction in the partial correlation coefficient magnitude
for Ppre, SMpre, and SRpre. These findings collectively reveal that
the revised OPT models are effective, as they not only improve
the model performance (as shown in Fig. 6) by reducing the
model residuals’ partial correlation coefficient magnitude for
SRpre and/or VPDpre, but they also do not provoke a rise in the

Fig. 4 The spatial pattern of partial dependency of model residuals with four dominant environmental variables of preseason precipitation (Ppre; a), soil
moisture (SMpre; b), solar radiation (SRpre; c), and vapor pressure deficit (VPDpre; d) after adding the ecological constraint and excluding other
environmental variables’ effects (see the Materials and Methods section). The inserted figures show the partial correlation coefficients across plant
functional types (PFTs), with error bars indicating the standard deviation (SD). DBF, deciduous broadleaf forest; DNF, deciduous needleleaf forest; ENF,
evergreen needleleaf forest; GSL, grass/shrubland; MXF, mixed forest; UOF, unknown/other forest.
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model residuals’ partial correlation coefficient magnitude for
other environmental variables not included in the models (e.g.
Ppre and SMpre).

Discussion

This study presents three key findings. First, we discover that the
default OPT model (relying on temperature and photoperiod as
input) can effectively characterize intrasite spring phenology
variability over the past three decades in the Northern Hemi-
sphere. However, significant model residuals indicate that the
current OPT model does not capture certain underlying mechan-
isms regulating spring phenology. Second, by attributing model
residuals to several candidate causes (i.e. H1-landscape PFT het-
erogeneity, H2-climate anomaly, and H3-other environmental
cues not represented in the current OPT model), our results
reject the first two hypotheses. Instead, we find that considerable
model residuals are associated with light and water stress factors,
which significantly constrain intrasite decadal spring phenology
variability. Last, our improved OPT-S model, by incorporating
light, or OPT-VPD model, by incorporating water stress factors,
reveals substantial model performance improvement without

having an influence on the partial correlation of model residuals
with other environmental variables. This suggests the
effectiveness of model improvements and potential mechanisms
underlying this model representation. These findings altogether
highlight the significant role of SR and water stress factors in
influencing intrasite decadal spring phenology variability. They
also suggest ways to enhance our understanding and modeling of
spring phenology responses to climate change, providing critical
insights into various phenology-related ecological processes and
ecosystem consequences.

Consistent with several recent studies conducted using site-
species phenology records (Flynn & Wolkovich, 2018; Meng
et al., 2021) and site-scale long-term satellite-derived phenology
records (Moon et al., 2021; Gu et al., 2023), our research
demonstrates that the OPT-based prognostic phenology model
(Meng et al., 2021) effectively characterizes intrasite spring phe-
nology variability, with a mean correlation coefficient of 0.71
and a mean RMSE of 7.08 d. This finding suggests that the
mechanistic understanding and modeling developed over
the years can be applied to even larger scales across the entire
Northern Hemisphere. However, despite this agreement, we also
observed significant model residuals (defined as modeled LUD

Fig. 5 Statistical analysis across different plant functional types (PFTs). Spatial pattern of the dominant influential factors of light or water stress factors on
optimality (OPT) model residual (a). Notably, if the maximum absolute correlation was from solar radiation (SR), the attributed factor was light; otherwise,
precipitation (P), soil moisture (SM), and vapor pressure deficit (VPD) were all attributed to water. (b) The land cover type from the HIstoric Land Dynamics
Assessment+ (HILDA+) product, (c) the percentage of light and water limitation across different PFTs, whereas (d) shows the quantitative water stress
composition of VPD, P, and SM across different PFTs. DBF, deciduous broadleaf forest; DNF, deciduous needleleaf forest; ENF, evergreen needleleaf
forest; GSL, grass/shrubland; MXF, mixed forest; UOF, unknown/other forest.
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minus satellite-derived LUD) across all PFTs in the Northern
Hemisphere, with 62.03% of the study areas holding an RMSE
value ranging from 5 to 10 d (Fig. 2). This uncertainty is not neg-
ligible, given that the mean phenology change over the past three
decades in the same area is c. 5–10 d (Meng et al., 2021; Zhao
et al., 2021). This indicates that there is room for improvement

in the current OPT model’s representation of spring phenology
mechanisms.

To examine the potential causes of the considerable model
residuals underlying the default OPT model, we considered three
candidate hypotheses: H1 – landscape PFT heterogeneity (due to
our analysis being conducted at a coarse spatial resolution of

Fig. 6 The performance of the improved optimality (OPT)-S, OPT-VPD compared with the origin OPT in modeling plant spring phenology across PFTs,
using the three accuracy metrics of RMSE (a), KGE (b), R (c), where ‘***’ indicates that there existed a significant difference between different groups
(P-value < 0.001) and the box spans from the first quartile (Q1) to the third quartile (Q3), with a line marking the median and the whiskers extend to the
farthest data point within 1.5 times the interquartile range (IQR) from the box. Spatial and temporal patterns of the OPT-S and OPT-VPD model result in
(d–k) compared with the start of season date derived from the Global Inventory Modeling and Mapping Studies (GIMMS) NDVI3g dataset Fig. 1(g–j) in
the selected years: 1985, 1995, 2005, and 2015, where the blue dashed line shows the mean value of the histogram. ALL, all the plant functional types;
DBF, deciduous broadleaf forest; DNF, deciduous needleleaf forest; ENF, evergreen needleleaf forest; GSL, grass/shrubland; MXF, mixed forest; UOF,
unknown/other forest; RMSE, root mean square error; KGE, Kling–Gupta efficiency; R, Pearson’s correlation coefficients; PFTs, plant functional types;
LUD, lead unfolding date; VPD, vapor pressure deficit.
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1/12°, with one pixel often containing multiple PFTs; Pan
et al., 2023); H2 – climate anomaly (assuming the OPT model
can track intrasite spring phenology variability in normal years
but exhibits significant biases in years with extreme cold or hot
conditions; Liu & Zhang, 2020); and H3 – other environmental
cues underrepresented in the current OPT model (as observed
and hypothesized in Gu et al., 2023). Our analysis rejects the first
two hypotheses (Fig. S3), suggesting that spatial PFT heterogene-
ity has a limited influence on decadal OPT spring phenology
modeling, and the OPT model is (near)-equally skilled in charac-
terizing spring phenology variability in both normal and extreme
climate conditions. This finding is in line with previous findings
(Meng et al., 2021; Kim et al., 2022; Gu et al., 2023). The OPT
model’s effectiveness is likely due to its ability to account for the
concurrent association between endodormancy and ecodormancy
phases, accurately representing the interdependent connection
between plant survival in inhospitable cold conditions (or endo-
dormancy, as demonstrated by the chilling influence) and the role
of the surrounding environment in prompting the transition
from the encodormancy stage to the active development phase
(evidenced by the combined impact of forcing and photoperiod).

We then examined H3 and discovered that environmental
constraints related to light and water stress significantly regulate

intrasite spring phenology variability, as evidenced by the sub-
stantial partial correlation between model residuals and these
variables (Fig. 7), supporting H3. This finding aligns with Gu
et al. (2023), which examined hundreds of temperate ecosystem
sites across the northern and eastern regions of the United States
and several recent empirical studies (Garonna et al., 2018; Peau-
celle et al., 2019) that observed the significant influence of light
or water cues on regulating intra-site spring phenology variabil-
ity. Collectively, these studies suggest that environmental factors
beyond those explicitly represented in the current OPT model
(i.e. temperature and photoperiod) should also be considered
when interpreting and modeling large-scale spring phenology
variability, such as across the entire Northern Hemisphere exam-
ined in this study.

Despite the general agreement with Gu et al. (2023), we also
observed some significant differences. Specifically, the dominant
model residual’s partial correlation with the examined environ-
mental variables varies considerably across different PFTs
(Fig. 7). Grass/shrubland ecosystems are primarily dominated by
water-stress-related factors, while other PFTs (mainly forest-
related ecosystems) are dominated by SR. Interestingly, this
observation is consistent with several site-/regional-level empirical
studies (Felton et al., 2020; Legesse et al., 2021; Ren

Fig. 7 The partial dependency residuals from three models (optimality (OPT), OPT-S, and OPT-VPD) with four environmental variables of preseason
precipitation (Ppre; a), preseason soil moisture (SMpre; b), preseason solar radiation (SRpre; c), and preseason vapor pressure deficit (VPDpre; d), with error
bars indicating the standard deviation. PFTs, plant functional types; DBF, deciduous broadleaf forest; DNF, deciduous needleleaf forest; ENF, evergreen
needleleaf forest; GSL, grass/shrubland; MXF, mixed forest; UOF, unknown/other forest.
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et al., 2022a) that also observed varying dominant environmental
cues for spring phenology across PFTs, with grassland ecosystem
phenology tending to be more strongly regulated by water stress
factors, such as snow and rainfall. The underlying mechanism for
this observation could be that grassland ecosystems typically
inhabit mesic environments with limited water supply and shal-
low rooting depths, which restrict their access to deep soil water
(Shen et al., 2011; Fu et al., 2021; Ren et al., 2022a). Conse-
quently, water stress often outweighs other factors in constraining
earlier spring phenology variability. By contrast, high-biomass
ecosystems (like forests) usually have greater soil water storage
and deeper root systems, allowing them to access deep soil water.
Thus, water stress factors have a reduced impact on regulating
spring phenology and light becomes the predominant factor
(Shen et al., 2011; Fu et al., 2021; Ren et al., 2022a).

The revised OPT-S and OPT-VPD models demonstrated sub-
stantial improvements over the original OPT model, significantly
reducing the partial dependency of model residuals on SRpre and
VPDpre without increasing dependency on other excluded envir-
onmental factors. The enhanced model performance of these
models – achieved by replacing photoperiod in the default OPT
model with SR or VPD–likely stems from the fact that SR serves
as a more dynamic and responsive indicator of intrasite decadal
spring phenology variability compared to photoperiod, which is
static and determined solely by geographic location and calendar
date. Unlike photoperiod, SR is influenced by a range of external
factors, such as topography, and is highly sensitive to early-season
weather variability, including fluctuations in cloud cover, rainfall,
and snowfall, all of which could play roles in regulating plant
spring phenology (Zeng et al., 2010; Jin et al., 2017; Flynn &
Wolkovich, 2018; Wang et al., 2020a; Ettinger et al., 2021; Ren
et al., 2022b). Notably, we rigorously tested this hypothesis in a
previous paper (Gu et al., 2023) that focused on temperate forests
in the Eastern United States. Here we extended a similar analysis
to the entire Northern Hemisphere, and we found that the same
pattern holds, suggesting our earlier findings are scalable to
broader contexts. Similarly, VPD is a more dynamic variable
than photoperiod, related to early-season plant growth environ-
mental conditions of light and water availability as well as
sky/weather conditions. This makes VPD a more information-
rich variable than photoperiod. For example, high VPD can lead
to increased evapotranspiration, resulting in increased water stress
conditions in the plant canopy (Guerrieri et al., 2016; Grossiord
et al., 2020). This water stress can disrupt the plants’ ability to
perceive and respond to environmental cues such as SR, affecting
essential processes like photosynthesis and growth, thereby func-
tioning as another crucial environmental cue for spring phenol-
ogy (Du et al., 2020; Ganjurjav et al., 2020; Peng et al., 2021).

Additionally, the significant model performance improvement
observed in the revised OPT models incorporating SR or VPD
could be attributed to these variables being better metrics than
photoperiod for approximating and modeling early-season plant
photosynthesis potential. In recent years, there has been an
increasing consensus suggesting that plant spring phenology can
be viewed as an eco-evolutionary adaptive strategy aimed at maxi-
mizing photosynthetic carbon gain while minimizing the

potential risk of frost damage (Forrest & Miller-Rushing, 2010;
Anderson et al., 2012; Hendry, 2016). Models incorporating this
strategy have been shown to outperform conventional models
(e.g. GDDs and sequential models) (Meng et al., 2021; Gu
et al., 2023). Building upon this eco-evolutionary OPT theory,
our study not only demonstrates the effectiveness of using this
theoretical framework for improved modeling of spring phenol-
ogy in the Northern Hemisphere ecosystems but also highlights
that SR (and VPD) are substantially better metrics for approxi-
mating and modeling early-season plant photosynthesis potential
(Fig. 8). This discovery is also consistent with basic plant ecophy-
siology theory (e.g. the Farquhar-type biochemical photosynth-
esis modeling principle – Farquhar et al. 1980; and the stomatal
regulation principle–Medlyn et al., 2011), which suggests that
both SR and VPD play important roles in regulating plant
photosynthesis activities. This is because photosynthetic carbon
gain is more correlated with SR than photoperiod given its direct
constraint on plant photosynthesis rates (Durand et al., 2021),
while VPD information enriches the water stress effects on plant
spring phenology (Pegoraro et al., 2007; Grossiord et al., 2020).
The dominant role of VPD and SR in regulating early-season
plant photosynthesis potential has also been observed to vary with
PFT and plant growth conditions (Descals et al., 2023), support-
ing our observations as observed in Figs 5 and 6. Despite this,
future studies should seek more direct observational and experi-
mental evidence to confirm the above reasoning.

Our research highlights two crucial avenues for advancing
future phenology investigations. First, the considerable variation
in model performance across different PFTs suggests that the
phenological responses to environmental cues might differ
among different PFTs, indicating that a one-size-fits-all model
might not be the best approach for predicting spring phenology
(Richardson et al., 2018a; Ji et al., 2021). Future studies should
consider developing and testing PFT-specific models, as this
approach will enable explicit representations of the diverse

Fig. 8 A hypothesis framework indicating spring phenology as an optimal
strategy for plants to minimize frost damage risk (captured by chilling)
while maximizing photosynthetic carbon gain (approximated by forcing,
solar radiation, and water supply). DOY, day of year.
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phenological responses observed among distinct PFTs (Zhao
et al., 2021). Second, our findings highlight a strong need to
include and better represent SR and VPD in spring phenology
modeling. For example, in the terrestrial biosphere modeling
community, the process-based photosynthesis modeling frame-
work (e.g. integrating Farquhar-type photosynthesis with
Medlyn-type stomatal conductance models; Guo et al., 2022) has
been increasingly favored in recent years and could be adapted
for our case to better approximate early-season plant photosynth-
esis potential, thereby improving the testing of our theoretical
framework as presented in Fig. 8. Several advantages could be
offered if a more mechanistic photosynthesis modeling frame-
work is considered, including but not limited to (1) providing
more direct evidence to evaluate the proposed framework in
Fig. 8, (2) considering more environmental variables including
those metrics of water stresses, (3) conducting diagnostic analysis
to better understand key environmental variables responsible for
spring phenology across landscapes and geographical extents, and
(4) improving the assessment of future climate change impacts
on spring phenology dynamics. Similarly, experimental-based
evidence or long-term ground observational datasets are needed
to help reveal the fundamental mechanisms underlying spring
phenology regulation, providing strong theoretical support to
further test the framework we proposed in this study.

Conclusion

The shift in spring phenology due to climate change has already
generated impacts on large-scale biogeochemical cycles and
many essential ecosystem processes. This has prompted the
development of numerous prognostic models in recent decades,
with the OPT strategy model gaining increasing attention.
However, a thorough examination of the OPT model on a
regional level, considering environmental factors beyond just
temperature and photoperiod as currently captured by existing
models, remains insufficient. In this study, we evaluated the cur-
rent ability of the OPT model to characterize the decadal intra-
site variability of spring phenology in the Northern Hemisphere
and found that it reasonably captured the spatial and temporal
patterns of spring phenology variability in the region; however,
considerable model residuals remain. A significant correlation
was found between model residuals and SRpre as well as
VPDpre, highlighting their importance in regulating temperate
ecosystem phenology. By incorporating these factors, the revised
models (OPT-S, OPT-VPD) demonstrated greater model per-
formance and minimal impact on the partial dependency of the
model residuals on other unused environmental variables, high-
lighting the effectiveness of these revised models. These results
contribute to an enhanced understanding and model representa-
tion of large-scale spring phenology variability across the North-
ern Hemisphere under recent climate change. This improved
understanding and the revised models have the potential to be
used for simulating the impacts of continued climate change on
spring phenology as well as its impacts on many other essential
ecological processes.
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