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Phenological shifts are among the most visible biological responses to climate change, with profound implica-
tions for ecological interactions, food webs, and predictive modeling. Yet in tropical and subtropical regions,
where global biodiversity is concentrated, phenological responses to temperature variability remain poorly
quantified due to limited long-term monitoring. This study explores the potential of integrating gridded climate
reanalysis datasets with opportunistic citizen science observations to develop exploratory, temperature-based
phenological indicators. We propose the Cross-Scale Coarse Indicators (CSCIs), a novel family of indicators
designed to address spatial and temporal mismatches in coarse-resolution climate data and unstructured bio-
logical records. By incorporating coarse spatial grids and extended temporal windows, CSCIs aim to enhance
robustness while preserving biological relevance under uncertain data conditions, as demonstrated in two case
studies. Case 1 modeled flowering observations of four tree species (Crateva religiosa, Cornus controversa, Firmiana
colorata, Helicteres isora) using ERA5-derived temperature indicators. Variable selection was performed using
Random Forests, followed by Partial Least Squares regression to assess explanatory power. In Case 2, indicators
for Turpinia formosana were derived from finer-resolution historical datasets (0.05°-0.01°) to evaluate indicator
stability across scales. Our results demonstrate that CSCIs can capture meaningful temperature—phenology re-
lationships, even with coarse and biased conditions. Despite species-specific difference, consistent indicator
convergence across scales supports the utility of the CSCI. These findings highlight CSCIs as a scalable and
transferable tool for phenological research in data-scarce regions and a practical foundation for climate-
biodiversity assessment where structured monitoring is limited.

Climate change monitoring

1. Introduction

Climate change has profoundly influenced phenological patterns in
plants, particularly flowering and leaf-out, with cascading effects on
species interactions, ecosystem functioning, and agricultural produc-
tivity (Walther et al., 2002; Cleland et al., 2007; Panchen et al., 2012).
Earlier spring events, in particular, are widely observed in response to
warming (Badeck et al., 2004; Cleland et al., 2007), but species-specific
responses can desynchronize ecological relationships and consequently
affect the functioning of entire ecosystems (Thackeray et al., 2016). To
understand the patterns and trends of phenological changes, long-term

ecological monitoring is an essential scientific endeavor. The data
collected not only reveal transformations within ecosystems but also
serve as a crucial foundation for environmental legislation and policy
formulation (Lindenmayer and Likens, 2010). Effective ecological
monitoring program demands clearly defined objectives, minimization
of observer bias and data loss, sufficient spatial and temporal replica-
tion, and adequate statistical power to detect significant changes (Legg
and Nagy, 2006; Field et al., 2007).

However, while phenology has been extensively studied in
temperate systems, tropical-subtropical regions remain substantially
underrepresented in the global phenological literature, largely due to
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the lack of long-term, large-scale monitoring networks (Cleland et al.,
2007; Taylor et al., 2019). Although temperate-zone research has
established a relatively comprehensive phenological paradigm,
extending this framework to tropical contexts often results in unreliable
or even incorrect forecasts of phenological responses to climate change
(Davis et al., 2022). This geographic bias in phenological research is
driven in part by the global concentration of long-term observational
datasets in temperate regions, while tropical systems remain compara-
tively understudied, both due to limited data availability and a long-
standing perception that phenological cycles in the tropics are less
pronounced or predictable, a view increasingly challenged by recent
evidence (Cleland et al., 2007; Panchen et al., 2012; Taylor et al., 2019).

Understanding how ecological processes and patterns vary across
scales remains a central challenge in ecology (Levin, 1992). The
mismatch between the spatial and temporal scales at which ecological
data are collected and those at which environmental drivers are repre-
sented complicates cross-scale inference and modeling. To address these
limitations, researchers have increasingly turned to global reanalysis
datasets such as the Fifth Generation ECMWF Reanalysis (ERA5), which
provide spatially continuous climate estimates at daily to sub-daily
temporal resolution (Hersbach et al., 2020). However, ERA5's coarse
native resolution (0.1°, ~11 km? in tropical areas) and for forest
structural complexity limit its capacity to capture the highly heteroge-
neous microclimates of tropical forest understories, which can differ
substantially from above-canopy or open-area conditions (Ismaeel et al.,
2024). Such coarse-to-fine scale mismatches are not unique to natural
forest systems but are also evident in urban climatology, where surface
heat retention and canopy structure create distinct temperature regimes
that influence local vegetation dynamics (Biswas et al., 2022; Patil and
Surawar, 2023).

In parallel, citizen science has emerged as a valuable complementary
tool for tracking large-scale phenological trends, providing broader
spatial and temporal coverage than most formal monitoring networks,
while lack of methodological consistency and long-term continuity
(Taylor et al., 2019; Klinger et al., 2023). Yet, citizen science records are
often perceived as noisy or biased due to inconsistent observer effort,
temporal clustering, weekend bias, and taxonomic uncertainty (Panchen
et al., 2012; Courter et al., 2013; Baker et al., 2021; Yoder and Butter-
field, 2024; Canavan et al., 2025). Despite their limitations, both ERA5
and citizen science data still can offer valuable insights as “secondary
resources”. The key challenge lies in developing methodological
frameworks capable of deriving robust, cross-scale indicators from
inherently noisy, coarse-resolution, and heterogeneous datasets.
(Zellweger et al., 2019; Cazalis et al., 2020; Antonelli et al., 2023, Trew
et al., 2024).

To address this research gap, this study undertakes a two-part
exploratory analysis. First in Case 1, we develop and test the “Cross-
Scale Coarse Indicator” (CSCI), a family of indicators designed to derive
robust phenological signals by integrating coarse-resolution reanalysis
data (ERAS5) with opportunistic citizen science records. This case applied
the proposed workflow to four species using ERA5 reanalysis data at a
0.1° spatial resolution to examine the feasibility of deriving
temperature-based phenological indicators at coarse temporal and
spatial scales. The CSCI is guided by three premises to manage data
limitations: (1) using coarse grids to provide spatial tolerance for posi-
tional uncertainty; (2) applying temporal smoothing to transform short-
term noise into seasonal signals; and (3) incorporating biological rele-
vance for interpretability. Second, in Case 2, we utilize historical grid-
ded observation datasets at 0.05° and 0.01° resolutions to investigate
the phenological indicators of an evergreen tree species endemic to
subtropical islands. This complementary analysis assesses whether in-
dicator trends remain consistent across different temporal and spatial
scales, thereby identifying potential biases and reinforcing our overall
goal of developing robust indicators for underrepresented species in
data-limited regions.
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2. Methods
2.1. The three ecological premises of Cross-Scale Coarse Indicator (CSCI)

In designing the indicators, it is essential to consider the intrinsic
limitations of both the ERAS5 reanalysis data and the citizen science re-
cords. The ERA5 reanalysis offers globally accessible and spatially
consistent climate information, enabling the development of cross-
regional and comparable indicators. However, its spatial resolution
(0.1°) remains too coarse relative to individual plants. Meanwhile, cit-
izen science data are not derived from standardized phenological
monitoring protocols; uncertainties may arise from the timing of phe-
nophase observation, the precision of geolocation, or even the delay
between observation and upload to the platform. These mismatches
between the spatial and temporal scales of climatic drivers and biolog-
ical observations exemplify the long-recognized “problem of pattern and
scale” in ecology (Levin, 1992). To comprehensively account for these
sources of bias and uncertainty, we propose the Cross-Scale Coarse In-
dicator (CSCI). Here, we define CSCI as a family of exploratory, coarse-
resolution and noisy data derived indicators that operate under three
widely recognized ecological premises:

The first premises concerns the “Spatial Tolerance to Positional Un-
certainty.” Both ERAS and finer-scale grids suffer from a mismatch be-
tween climatic and organismal spatial scales, where coarse-resolution
grids may provide a form of spatial tolerance to positional uncertainty,
especially in heterogeneous terrains (Bock and Parracho, 2019). Simi-
larly, the bias of geolocation precision is inherent to heterogeneous
observational records. Even on structured citizen science platforms such
as iNaturalist, the coordinate accuracy varied among each record. Under
these circumstances, the coarse spatial grids may provide a form of
spatial tolerance that accommodates such geographic uncertainty. The
second premises is “Temporal Smoothing of Spatial Bias”. As noted
above, coarse-resolution datasets such as ERA5 cannot capture the fine-
scale microclimatic conditions experienced by individual organisms.
Consequently, if indicators were designed at short temporal scales, such
as daily intervals, the resulting mismatch between modeled and expe-
rienced temperature would likely be unacceptably large. To mitigate
this issue, the temporal windows of CSClIs in this study were intention-
ally extended to month periods, aggregating temperature over longer
intervals and transforming short-term noise into seasonal-scale signals.
Last but not least, “Consideration of Biological Mechanisms” also
imperative when designing CSCI. Although machine learning models
often achieve high predictive performance, their limited interpretability
can hinder ecological understanding and the transferability of results
across systems (Pichler and Hartig, 2023). As purely statistical correla-
tive models may have limited explanatory power under climate change,
biological invasions, or novel environmental conditions, incorporating
mechanistic considerations is essential for improving interpretability
and transferability (Kearney and Porter, 2009). The rationale behind
this consideration is not necessarily focused on the physiological
mechanisms of a specific plant species, rather, it may serve as clues to
overall environmental variations.

2.2. Case 1: exploratory phenological indicators based on ERA5 coarse-
scale grids

In this case, we explored flowering responses to the seasonal thermal
environment by selecting four tree species: Crateva religiosa (n = 92),
Cornus controversa (n = 105), Firmiana colorata (n = 112), and Helicteres
isora (n = 186), located in different zones and possessing distinct char-
acteristics (Fig. 1). These species each possesses medicinal and cultural
significance, yet they have rarely been discussed in the context of cli-
mate—phenology interactions. All the observation records were obtained
from public accessible platforms, basically iNaturalist. Species-specific
description and sample selection approach are providing in Supple-
mentary Methods (see Supplementary Material).
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Fig. 1. Geographic distribution of citizen science records used in Case 1 of the four studied species across South, Southeast, and East Asia: F. colorata (red circles),
C. controversa (blue triangles), C. religiosa (green squares), and H. isora (purple diamonds). (For interpretation of the references to colour in this figure legend, the

reader is referred to the web version of this article.)

To characterize local thermal conditions preceding flowering, we
obtained daily 2 m air temperature data from the ERA5-Land reanalysis
product (Munoz Sabater, 2019), which provides global coverage at a
0.1° spatial resolution (~11 km) in tropical areas. We then extracted the
daily minimum and maximum temperatures for each georeferenced
flowering record for growing degree days (GDD)-based variables
calculation (McMaster and Wilhelm, 1997). In parallel, we calculated
the 24-hour average temperature and used it to derive temperature
threshold and standard deviations. Daily temperature values from sur-
rounding grid points were used to estimate local thermal conditions via
inverse distance weighting (IDW), a commonly used method for spatial
interpolation of environmental indicators (Shepard, 1968). To account
for missing data, we restricted the IDW procedure to valid neighboring
points, thereby ensuring the reliability of interpolated temperature
estimates.

We derived 61 biologically motivated CSCIs and grouped them into
six categories (Table 1), each representing a distinct ecological aspect of
thermal influence: (1) mean daily temperature, summarized across five
fixed pre-flowering windows (90, 120, 180, 270, and 365 days); (2) low-
and high-temperature thresholds, including the 1st and 10th percentiles
of daily minima and maxima; (3) absolute deviations between mean
temperatures and their corresponding low and high percentiles; (4)
standard deviations, computed over fixed three-month windows to
represent thermal variability; (5) cumulative growing degree days
(GDD), the standard threshold-based approach that accumulates heat
units above a defined base temperature of 15 °C on a daily basis
(McMaster and Wilhelm, 1997); and (6) GDD residuals, defined as the
difference between cumulative GDD and fixed thermal flowering
thresholds ranging from 500 to 3500 °C-days (in 5-unit increments). For
CSCIs involving GDD threshold values, we selected the optimal value for
each record by identifying the one that maximized the coefficient of
determination (R?) in a simple regression, following established practice
for retrospective calibration (McMaster and Wilhelm, 1997). While
designing the indicators, we considered approaches previously used to
establish indicators in past phenological and interdisciplinary studies.
Although the same indicators may not capture identical phenomena in
the context of this research, they remain highly valuable for enhancing
the interpretability of the indicators and for planning future field vali-
dation (see Supplementary Information in Supplementary Material).

To identify the CSCIs most strongly associated with flowering re-
cords, we employed a Random Forest algorithm to rank the relative
importance of all 61 CSCIs. This ensemble method is well suited to

Table 1

Summary of the 61 temperature-base CSCIs used. Each category represents a
distinct group of temperature-based or GDD-based indicators, computed over
various time windows prior to flowering events.

Category Description Window Unit Amount
(days)
Mean Mean daily temperature 0-90, °C 5
Temperature over previous days 0-120,
0-180,
0-270,
0-365
Temperature Percentile-based high and 0-90, °C 20
Extremes low temperature 0-120,
indicators 0-180,
0-270,
0-365
Thermal Absolute difference 0-90, °C 20
Deviation between mean and 0-120,
extreme temperatures 0-180,
0-270,
0-365
Temperature Temperature standard 0-90, °C 6
Variability deviation over 3 months 90-180,
durations 120-210,
180-270,
210-300,
270-365,
GDD Sum Cumulative growing 0-90, °C- 5
degree days (base 15 °C) 0-120, days
over previous days 0-180,
0-270,
0-365
GDD Residual Deviation from optimal 0-90, °C- 5
GDD threshold over 0-120, days
previous days 0-180,
0-270,
0-365

ecological datasets where non-linear relationships and correlated vari-
ables are common (Cutler et al., 2007). We then applied a heuristic se-
lection approach, retaining the top quartile (15 indicators) to balance
dimensionality reduction with explanatory coverage, which were sub-
sequently used to fit a preliminary PLS regression model. Centering and
scaling were applied to ensure that all predictors contributed equally to
the covariance structure underpinning the PLS components. Variable
importance in projection (VIP) scores was computed, and a threshold of
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VIP > 0.8 was applied to identify a reduced set. A refined PLS model was
then fitted using only selected CSCIs. Model performance was assessed
using R? and root mean square error (RMSE), both for the full models
and under five-fold cross-validation. Besides, we applied correlation
metrics to understand the association between the selected CSCIs. All
analyses were conducted in Python 3.10 using the scikit-learn library
(Pedregosa et al., 2011).

2.3. Case 2: deriving phenological indicators of Turpinia formosana using
gridded temperature observation data

In this case, we used gridded temperature observation data to
explore the temperature-based CSCIs of Turpinia formosana (Staph-
yleaceae), a subtropical, island-endemic evergreen tree species.
T. formosana is an important subcanopy species in the evergreen broad-
leaved forest communities, showing a stable occurrence across various
plant associations in the Nan-Tze-Shian watershed (Chou et al., 2007)
and other broad-leaved forest across Taiwan. Isolated components of
this species exhibit significant osteogenic potential, suggesting their
possible use as anti-osteoporotic agents (Imtiyaz et al., 2019). We
collected 195 citizen-science flowering observation records from iNa-
turalist (mean day-of-year (DOY) = 105.39, median DOY = 106, SD =
14.49), and only those records containing identifiable flowers and valid
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geographic coordinates were included. These observations, spanning
from April 2016 to May 2023, were concentrated between March and
May (DOY 60-150) (Fig. 2). It is noteworthy that 128 observations
(65.7 %) in this dataset were recorded on weekends or public holidays,
reflecting a form of bias observed in citizen science data collection.
We used the Taiwan Climate Change Projection Information and
Adaptation Knowledge Platform (TCCIP) Gridded Observation dataset
(version V2.8) (Lin and Yang, 2025) for daily mean air temperature and
its provided daily standard deviation, at 0.01° (~1 km; grid-center
elevation) and 0.05° (~5 km; averaged from 0.01° cells) spatial reso-
lutions, referenced to WGS84 (GCS_WGS_1984) and covering
1960-2023. This Gridded Observation dataset is based on historical
weather station observational data. After quality control and a daily
lapse-rate elevation adjustment, each 0.01° grid cell is estimated as a
weighted average of nearby reference stations, with weights jointly
reflecting distance, elevation difference via the daily lapse rate, and
azimuth; the five highest-weight stations are used (Yang et al., 2024).
We compared four configurations of grid resolution and temporal
scale of CSCIs: (i) Resolution: 0.01° (~1 km) vs 0.05° (~5 km) grids.
Each observation was snapped to the nearest grid center (tolerance =~
0.005° and 0.025°, respectively). (ii) Temporal scale: three-month
windows (90-days) vs one-month (30-days) cumulative windows
computed over the 365 days prior to the flowering date. We directly

(b)
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Fig. 2. (a) Distribution of T. formosana samples collected from iNaturalist in Case 2 (red circles). Blue lines on the map represent 0.05° grid cells (~5 km), while red
lines indicate 0.01° grid cells (~1 km). This illustrates the scale mismatch between gridded climatic data and individual observation records. Basemap: Esri (2025),
Maxar, Earthstar Geographics, and the GIS User Community (World Imagery). (b) Distribution of flowering dates for T. formosana samples, where the x-axis rep-
resents the Day of Year (DOY) and the y-axis indicates the frequency of sample occurrences. The histogram reveals a concentration trend in flowering records. (c)
T. formosana producing small and densely arranged flowers during spring (April 2023, photo by first author). (For interpretation of the references to colour in this

figure legend, the reader is referred to the web version of this article.)
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obtain the daily mean temperature and standard deviation from the
gridded observation dataset and calculate the average value within the
window. For each window we used daily mean temperature to derive
low- and high-temperature thresholds. Since we aim to examine po-
tential differences in CSCIs across different time windows, we intro-
duced high and low temperature thresholds within specific temporal
periods.

Based on the aforementioned premises, 120 1-month-scale CSCIs
and 55 3-month-scale CSCIs were designed (Table 2). Our response
variable was day-of-year (DOY) of flowering records. We first ran a
Random Forest algorithm and retained the top quartile by importance.
We then fit a preliminary PLS and computed VIP; variables with VIP >
0.8 form the refined PLS feature set. The number of PLS components was
chosen by five-fold cross-validation, optimizing CV R? and reporting
RMSE. Finally, each CSCI used in the refined PLS was also tested via
univariate linear regression against DOY with R? and RMSE reported.

3. Results

3.1. Case 1: exploratory phenological indicators based on ERAS5 coarse-
scale grids

For all four species, the identical workflow was applied (Fig. 3). In
the preliminary PLS model, 15 temperature CSCIs selected through
Random Forest were employed (Fig. S1), yielding an R? value of 0.6631,
0.893, 0.4345, 0.6184 and an RMSE of 13.1, 4.8, 16.55 and 18.22 for
C. religiosa, C. controversa, F. colorata and H. isora, respectively. Subse-
quently, by selecting variables with variable importance in projection
(VIP) scores > 0.8, 10, 13, 12, and 12 CSCIs were retained, respectively
(Fig. S2), and the refined PLS model achieved an R? of 0.6997, 0.8886,
0.4418, 0.6266 and a root mean square error (RMSE) of 12.37, 4.9,
16.44 and 18.02 days (Fig. S3). A five-fold cross-validation was imple-
mented to confirm the robustness of the refined PLS model, yielding a
mean R? of 0.6088, 0.8655, 0.235, 0.6054 and a mean RMSE of 12.85,
5.22, 17.63 and 18.29 across folds.

Through univariate regression analysis, the explanatory power of
each individual CSCI for DOY was assessed. For C. religiosa, the five
CSCIs with the highest explanatory power were identified. The CSCI
with the greatest explanatory strength was std_temp_120_210 (R? =
0.565, RMSE = 14.89), followed by low10pct_temp_270d R? = 0.562,
RMSE = 14.94), lowlpct_temp_270d R? = 0.501, RMSE = 15.95),

Table 2
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mean_temp_270d (R® = 0.400, RMSE = 17.48), and GDD_sum_0_270 (R>
= 0.397, RMSE = 17.53). For C. controversa, the five CSCIs with the
highest explanatory power were diff_abs_mean_vs_low10pct_180d (R? =
0.749, RMSE = 7.36), low10pct_temp_180d (R? = 0.676, RMSE = 8.36),
low1lpct_temp_180d (R? = 0.608, RMSE = 9.19), diffab-
s_mean_vs_low1pct_180d R? = 0.564, RMSE = 9.69), and diff ab-
s_mean_vs_high10pct_270d R%= 0.482, RMSE = 10.57). Among the two
species mentioned above, all CSCIs exhibited statistically significant
relationships (p < 0.0001).

In contrast, for F. colorata, only 6 out of the 12 CSCIs reached sta-
tistical significance (P < 0.05). These CSCIs, ordered by their explana-
tory power (Rz), were as follows: diff abs_mean_vs_low1pct_120d R? =
0.133, RMSE = 20.49, p = 0.0001), high10pct_temp_365d (R? = 0.113,
RMSE = 20.73, p = 0.0004), std_temp_90_180 (R?> = 0.097, RMSE =
20.91, p = 0.0010), lowlpct_temp_120d (R> = 0.091, RMSE = 20.98, p
= 0.0014), diff abs_mean_vs_high10pct_90d (R2 = 0.073, RMSE =
21.18, p = 0.0044), and diff abs_mean_vs_highlpct_ 90d (R? = 0.048,
RMSE = 21.47, p = 0.021). Similarly, For H. isora, 11 out of the 12 CSCIs
exhibited statistically significant relationships (P < 0.05). The five CSCIs
with the highest explanatory power were as follows: std_temp_270_365
(R? = 0.361, RMSE = 23.59), low1pct_temp_90d (R? = 0.208, RMSE =
26.25), low1Opct_temp_90d (R? = 0.207, RMSE = 26.26), mean -
temp_120d (R2 = 0.170, RMSE = 26.88), and diff abs_ mean_v-
s_highlpct_180d (R? = 0.127, RMSE = 27.55).

Based on the correlation matrix of the CSCIs selected above (Fig. S4,
Fig. S5, Fig. S6, Fig. S7), the temperature-based CSCIs intercorrelations
were identified through VIP screening. For C. religiosa, the two CSCIs
with the highest explanatory power, std_temp_120_210 and low10-
pct_temp_270d, showed a strong negative correlation (r = -0.85).
Moreover, these two CSCIs were moderately negatively correlated (r =
-0.51) and strongly positively correlated (r = 0.78), respectively, with
the third most explanatory CSCI, mean_temp_270d. Notably, although
GDD_sum_0_270 represents an CSCI of cumulative thermal energy, it
exhibited strong positive correlations with the low temperature
threshold CSCIs low10pct_temp_270d and low1pct_temp_270d (r = 0.77
and 0.71, respectively), while showing a moderate negative correlation
with the temperature variability indicator std_temp_120210 (r =
-0.50).

For C. controversa, the CSCI with the highest explanatory power,
diff abs_mean_vs_low10pct_180d, showed strong negative correlations
with the second and third most explanatory CSCIs, low10pct_temp_180d

Summary of the two temporal scale temperature-based CSCIs used. Each category represents a distinct group of temperature-based indicators, computed over different

temporal windows prior to flowering events.

Category Description Unit  Scale Window (days) Amount
Mean Temperature Mean daily temperature over previous days °C 3- 0-90, 0-120, 0-180, 0-270, 0-365 5
Month
1- 0-30, 0-60, 0-90,0-120, 0-150, 12
Month 0-180,0-210, 0-240, 0-270, 0-300, 0-330,
0-365
Temperature Extremes  Percentile-based high and low temperature indicators over specific °C 3- 0-90, 90-180, 120-210, 180-270, 24
durations Month 210-300, 270-365
1- 0-30, 30-60, 60-90, 90-120, 48
Month 120-150, 150-180, 180-210,
210-240, 240-270, 270-300,
300-330, 330-365
Percentile-based high and low temperature indicators over previous °C 3- 0-90, 0-120, 0-180, 0-270, 0-365 20
days Month
1- 0-30, 0-60, 0-90, 0-120, 0-150, 48
Month 0-180, 0-210, 0-240, 0-270,
0-300, 0-330, 0-365
Temperature Temperature standard deviation °C 3- 0-90, 90-180, 120-210, 180-270, 6
Variability Month 210-300, 270-365
1- 0-30, 30-60, 60-90, 90-120, 12
Month 120-150, 150-180. 180-210,

210-240, 240-270, 270-300, 300-330,
330-365
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Fig. 3. Comparison of predictive performance between the preliminary and refined PLS models for (a) C. religiosa (mean actual DOY = 101.9; median actual DOY =
102; mean DOY predicted by preliminary PLS = 101.9; median DOY predicted by preliminary PLS = 102; mean DOY predicted by refined PLS = 101.9; median DOY
predicted by refined PLS = 99), (b) C. controversa (mean actual DOY = 128.4; median actual DOY = 124; mean DOY predicted by preliminary PLS = 128.4; median
DOY predicted by preliminary PLS = 125; mean DOY predicted by refined PLS = 128.4; median DOY predicted by refined PLS = 124), (c) F. colorata (mean actual
DOY = 95.7; median actual DOY = 92; mean DOY predicted by preliminary PLS = 95.7; median DOY predicted by preliminary PLS = 94; mean DOY predicted by
refined PLS = 95.7; median DOY predicted by refined PLS = 94) and (d) H. isora (mean actual DOY = 248.6; median actual DOY = 250; mean DOY predicted by
preliminary PLS = 248.6; median DOY predicted by preliminary PLS = 252; mean DOY predicted by refined PLS = 248.6; median DOY predicted by refined PLS =
254). The central panel shows the residual distribution (observed - predicted DOY) for both models, illustrating the spread and bias of predictions. The right panel
presents the frequency distribution of residuals, enabling a visual comparison of prediction errors across models. The upper panel displays the distribution of

predicted DOY values from the two PLS models alongside the observed DOY distribution in the dataset.



Y.-S. Huang et al.

and low1lpct_temp_180d (r = -0.90 and -0.81, respectively). Notably,
diff abs_mean_vs_low10pct_180d exhibited strong positive correlations
with other deviation indicators, diff abs_mean_vs_high10pct_270d and
diff abs_mean_vs_high10pct_180d (r = 0.80 and 0.83, respectively). For
F. colorata, most explanatory indicators exhibit moderate to high posi-
tive correlations (r ~ 0.5-0.9), indicating strong linear associations
among these temperature variables. For H. isora, the CSCI with the
strongest explanatory power, std_temp_270_365, exhibited only weak
correlations with other statistically significant CSCIs, lowl-
pct_temp_90d, lowlOpct_temp_90d, mean_temp_120d, and highl-
pct_temp_180d (r = 0.10, 0.12, 0.10, and -0.14, respectively).

3.2. Case 2: deriving phenological indicators of Turpinia formosana using
gridded temperature observation data

Across all configurations, both Random Forest selection and PLS
modeling demonstrated predictive performance. For the 0.01°, 3-month
configuration, 14 of 55 CSCIs were retained after Random Forest. The
preliminary and refined PLS models (A = 6) both achieved high per-
formance (in-sample R? = 0.954, RMSE = 3.11; CV R* = 0.943, RMSE =
3.44). The top five single-variable regressions showed R? values ranging
from 0.61 (low10pct_temp_120_210) to 0.48 (high10-
pct_temp_120_210), all showing highly significant relationships (p <
0.0001) (Table 3).

For the 0.01°, 1-month configuration, 30 of 120 CSCIs were retained
after Random Forest filtering, and 29 remained after applying the VIP >
0.8 criterion. The refined PLS model (A = 12) achieved strong perfor-
mance (in-sample R? = 0.977, RMSE = 2.17; CV R% = 0.967, RMSE =
2.61). The top five single-variable regressions yielded R? values of
0.59-0.50, with low10pct_temp_120_150 (R? = 0.592, RMSE = 9.23)
and lowlpct_temp_180_210 R? = 0.50, RMSE = 10.26), all showing
significant relationships (p < 0.0001) (Table 3).

Similarly, for the 0.05° configurations, Random Forest retained 14 of
55 CSCIs for the 3-month setting and 30 of 120 CSCIs for the 1-month
setting, with 25 features remaining after applying the VIP > 0.8 crite-
rion. The refined PLS models achieved comparably high performance (3-
month: in-sample R? = 0.956, RMSE = 3.02; CV R? = 0.946, RMSE =
3.35; 1-month: in-sample R? = 0.975, RMSE = 2.30; CV R? = 0.964,
RMSE = 2.74). Among the top five single-variable regressions,

Table 3

The top 5 CSCIs selected in Case 2 were ranked based on their R? from univariate
regression analyses. In both the 0.01° and 0.05° grid groups, identical indicator
combinations with the top 5 highest explanatory power (R?) were identified for
the two temporal scales. Although the RMSE values between the two groups
showed slight differences, the regression slopes consistently reflected the same
trend.

Grid Scale CSCI R? RMSE  Slope
0.01° 1- low10pct_temp_120_150 0.592 9.236 —2.926
(~1km) Month lowlpct_temp_120_150 0.5897 9.259 —2.693
high10pct_temp_120_150  0.536 9.845  -3.489
low10pct_temp_180_210 0.504 10.176 -3.161
lowlpct_temp_180_210 0.496 10.261 —3.102
3- low10pct_temp_120_210 0.613 8.993 -3.733
Months lowlpct_temp_120_210 0.583 9.333 —2.879
low10pct_temp_180_270 0.49 10.32 —3.463
lowlpct_temp_180_270 0.489 10.328 -3.133

high10pct_temp_120_210 0.447 10.79 —-3.32
0.05° 1- low10pct_temp_120_150 0.559 9.594 —2.969
(~5km) Month lowlpct_temp_120_150 0.558 9.614 —2.738
high10pct_temp_120_150 0.486 10.364 —3.464
low10pct_temp_180_210 0.451 10.714 -3.175
lowlpct_temp_180_210 0.424 10.97 —3.008
3- lowlpct_temp_120_210 0.544 9.76 —2.905
Months low10pct_temp_120_210 0.544 9.763 —3.657
low10pct_temp_180_270 0.439 10.831 —3.522
lowlpct_temp_180_270 0.423 10.981 —3.092
highlOpct_temp_120.210  0.397 11.222  -3.337
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lowlpct_temp_120_210 showed the highest explanatory power for the 3-
month configuration ®R? = 0.544, RMSE = 9.76), while low10-
pet_temp_120_150 ranked highest for the 1-month configuration (R? =
0.559, RMSE = 9.59). All these relationships were highly significant (p
< 0.0001) (Table 3).

4. Discussion

This study demonstrates that temperature-driven phenological in-
dicators can be derived from citizen science records and coarse-
resolution climate reanalysis data, even in the absence of formal long-
term monitoring networks. Case 1 showed that exploratory Cross-
Scale Coarse Indicators (CSCIs) achieved moderate to strong explana-
tory power for flowering observations across four deciduous species,
particularly when phenological cues were closely aligned with seasonal
temperature exposure. Case 2 further showed that even under coarse
spatial resolution and weekend-biased data, a consistent set of CSCls
retained high predictive performance across multiple configurations.
These patterns suggest the feasibility of detecting biologically relevant
climatic signals from opportunistic and coarse data sources.

The refined PLS models in the Case 1 exhibited varying degrees of
performance, and a similar pattern was observed for the individual CSCI.
Although the CSCI cannot be directly linked to phenological mecha-
nisms, these exploratory findings may offer valuable insights for future
research. From the exploratory findings of Case 1, we can formulate
hypotheses from several perspectives. First is the temperature sensitivity
of the phenology of individual species. In this study, all CSCI were
designed on a temperature basis, which suggest that the performance of
the refined PLS model can serve as a preliminary reference. For
temperate-subtropical tree species C. controversa, the refined PLS model
demonstrates high explanatory power. For the subtropical-tropical de-
ciduous tree C. religiosa and the sub-deciduous tree H. isora, the refined
PLS models showed moderate performance, suggesting that, in addition
to temperature, other factors also influence their phenological patterns.
The phenology of tropical deciduous trees is closely associated with
factors such as rainfall, temperature, and solar radiation, and their de-
ciduous habit represents a key adaptive mechanism for coping with
drought stress (Elliott et al., 2006; Singh and Kushwaha, 2016). There-
fore, relying solely on temperature-based considerations can be inher-
ently biased. This may also explain the relatively low explanatory power
of the refined PLS model for the tropical deciduous species F. colorata.
Second, these exploratory results also offer critical insights into the key
temporal windows that shape the phenological responses of individual
species. For instance, temperature exposure within 270-day and local-
ized warming occurring approximately 4-7 months prior to flowering
may represent a critical window in the phenological cycle of C. religiosa.
In addition, these CSCIs should be interpreted with caution, as they may
not purely reflect temperature signals but could also incorporate in-
fluences from other environmental or ecological factors. In semi-arid
systems, temperature seasonality and the timing of evaporative de-
mand may interact with rainfall patterns to influence vegetation dy-
namics, rather than acting independently (Deblauwe et al., 2008). This
suggests that some temperature-based CSCIs may also respond to
broader climatic variability, such as changes in aridity and diurnal
temperature range (Vinnarasi et al., 2017), rather than to seasonal
temperature alone.

In a correlation matrix, two variables with lower correlation provide
information from distinct dimensions. The correlations among CSCIs can
provide researchers with an initial understanding of the temperature-
driven factors involved. For instance, a strong positive or negative cor-
relation was observed among the major CSCIs of C. religiosa and
C. controversa, indicating that their thermal response is primarily gov-
erned by the same set of temperature conditions. For C. controversa, the
most influential thermal deviation CSCI exhibits a strong negative cor-
relation with low-temperature threshold and a positive correlation with
high-temperature deviation. This supports the idea that the climatic
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suitability of this species is shaped by the magnitude of low-temperature
deviations. For F. colorata, the thermal deviation CSCIs were highly
intercorrelated, supporting that they represent similar aspects of tem-
perature departure from the mean. In contrast, for H. isora, the primary
standard deviation-based CSCI shows weak correlation coefficients with
other indicators, suggesting a more diffuse or multi-dimensional cli-
matic response rather than sensitivity to a single temperature
characteristic.

Although we could not directly link CSCI to specific physiological
mechanisms, these exploratory results are sufficient to support hy-
pothesis generation, which can then be tested through field studies. This
is particularly valuable in tropical-subtropical regions where long-term
biodiversity monitoring networks are lacking, as it can substantially
reduce the high costs associated with preliminary trend observations
and data collection. The method demonstrated in our workflow employs
a linear approach to capture the relationship between CSCI and
phenological observations. However, plant phenological responses may
also exhibit nonlinear relationships with temperature. As such, the use
of linear indicators may underestimate certain phenological responses
(Jochner et al., 2016; Meng et al., 2016). In addition, species exhibiting
multiple phenological events within a year or extended phenological
cycles cannot be directly applied to this workflow. The CSCI and
response variables should be tailored to the specific traits of each spe-
cies, and appropriate statistical methods should be selected accordingly.

In Case 2, the refined PLS model exhibited unusually high perfor-
mance, with cross-validated R? values exceeding 0.94 across all four
configurations. However, the five-fold cross-validation results also ruled
out the possibility of overfitting in the refined PLS model. Among the
four configurations, the top five CSCIs with the highest explanatory
power were identical, while the 3-month CSCI encompasses the tem-
poral window of the 1-month CSCI, indicating that the workflow indeed
captured the trends of phenological signals rather than random statis-
tical patterns. Therefore, it can be inferred that the flowering phenology
of T. formosana is primarily driven by seasonal temperature, and robust
signals can still be extracted even under conditions of coarse resolution
and pronounced weekend bias. Among the CSCIs identified for
T. formosana, the top five in explanatory power are all associated with
temperature thresholds, particularly temperature exposure during the
periods 4-5 months before flowering (DOY 120-150) and 6-7 months
before flowering (DOY 180-210). This exploratory finding provides
valuable insights for formulating hypotheses in future field studies.

While CSCIs offer a practical screening tool, their interpretability is
constrained by several key limitations. First, low RMSE values may not
always reflect high model quality, particularly given the limited infor-
mation on full flowering durations. In our case, the RMSE values of both
the PLS model and the single-variable regression model were smaller
than the standard deviation of the original collected samples, with the
former exhibiting an even lower RMSE than the latter. Considering that
citizen science observations may concentrate around the peak flowering
period rather than evenly distributed throughout the entire flowering
phase (Canavan et al., 2025), having an RMSE smaller than the actual
range can be regarded as acceptable. However, particular caution is
required when interpreting such unusually small RMSE values. The most
reliable means of validation remains field monitoring networks, which
can help determine reasonable flowering durations and assess the pre-
diction error of the CSCI. Second, coarse-resolution reanalysis data
might not capture microclimatic variability experienced by local spe-
cies. Empirical evidence from temperate forests shows that understory
microclimates differ substantially from macroclimatic conditions, and
such discrepancies can influence plant responses to climate change,
leading to apparent climatic lags (De Frenne et al., 2013). Recent studies
have also confirmed that microclimatic changes induced by urbaniza-
tion, such as the urban heat island effect and anthropogenic distur-
bances, may influence plant flowering phenology and interpopulation
synchrony (Fujiwara et al., 2025). These findings are consistent with
regional-scale modeling studies showing that built-environment heat
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accumulation and surface energy imbalance substantially modify near-
surface thermal regimes (Biswas et al., 2022; Patil and Surawar, 2023;
Sadat et al., 2024). Furthermore, habitat and topography can generate
microclimatic temperature variations of a magnitude comparable to
projected global warming, meaning that species distributions are often
determined by fine-scale microclimatic conditions (Suggitt et al., 2011).
Therefore, when interpreting the CSCI, it should be regarded as
reflecting seasonal climatic trends rather than being directly linked to
the microclimate actually experienced by organisms. Another major
limitation of our workflow is that it reconstructs phenological trends
based on data from a specific period of the past. However, this approach
cannot capture the profound consequences that may arise under sce-
narios of rapid and intensified climate change. Once an ecosystem
crosses a tipping point, it may undergo abrupt and potentially irre-
versible changes in its state and functioning (Scheffer et al., 2001;
Lenton et al., 2008). Therefore, relying solely on linear predictions based
on CSCI may lead to an overly optimistic outlook on climate change
impacts. It should be regarded as a short- to medium-term reference
indicator, rather than a projection tool for long-term climatic scenarios.

Recent work using Sentinel-2 imagery has shown that satellite-
derived phenology metrics can complement ground-based networks
and provide species-specific insights in temperature area at high spatial
resolution (Koch et al., 2025). Studies in tropical America have also
shown that higher-resolution remote sensing data can better capture
phenological differences among individual tree crowns (Song et al.,
2024). Furthermore, in temperate ecosystems, remote sensing data have
been integrated with plant physiological processes to simulate seasonal
NDVI variations and capture regional phenological patterns (Bajocco
et al., 2025). In contrast, the present study extends this integrative
perspective to data-limited tropical-subtropical systems, leveraging
coarse-scale reanalysis datasets and opportunistic citizen science re-
cords. While not requiring high-resolution data, the exploratory in-
dicators still balance interpretability and comparability. In parallel,
ERAS reanalysis data has been applied to research in plant phenology,
with a particular focus on agricultural science. For example, a study
conducted in Brazil demonstrated that the ERA5-Land reanalysis data
can serve as a viable substitute for meteorological station records and be
utilized for climatic risk zoning analyses of maize production
(Matsunaga et al., 2024). Researchers in Latvia combined long-term
(1959-2019) phenological records from the Pure apple orchard with
E-OBS and ERAS gridded data to investigate the effects of climate
change on the flowering period of apple trees (Kalvane et al., 2021). In
addition, the ERAS dataset can be used as the temperature background
information in remote sensing algorithms to predict rice-crop intensity
in China (He et al., 2024).

In this study, we propose a novel approach to utilizing ERAS rean-
alysis data for phenological assessment. The focus of phenological
research is expanded beyond specific agricultural crops to include
wildlife species. Unlike traditional long-term monitoring networks, our
approach relies on opportunistic observations that can be repurposed for
phenological inference. Although the discrepancy between the proposed
CSCI and field-based phenological observations remains to be validated,
the comparability and scalability of indicators constructed from globally
consistent ERAS5 reanalysis data offer substantial potential for practical
applications. Future research should focus on the field validation of
exploratory CSCI, for instance by integrating long-term biodiversity
monitoring networks to evaluate and correct potential biases in the
CSCIL. In addition, other phenological drivers beyond temperature
should be taken into consideration, particularly in tropical-subtropical
systems. For example, reduced flower production under warmer and
more humid atmospheric conditions in Amazonian forests (Vleminckx
et al., 2024), and the dependence of Southeast Asian mass flowering
events on the combined occurrence of drought and low temperature cues
(Numata et al., 2022). In addition, regional climatic interactions be-
tween temperature and precipitation have been well documented in
South Asian tropical-subtropical cities, where heat island intensification
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alters rainfall formation and local humidity regimes (Patil and Surawar,
2023), suggesting that similar processes may influence flowering cues in
semi-urban or fragmented habitats. These findings suggest that rainfall,
irradiance, and other interacting factors can introduce gaps between
statistical prediction and actual flowering onset. Even with these ca-
veats, our results demonstrate that exploratory signal detection can
provide a feasible alternative where fundamental monitoring data are
scarce, offering an entry point for biodiversity monitoring and climate-
change impact assessment at a time when most tropical phenological
responses remain poorly understood.

5. Conclusion

In summary, this study highlights how exploratory phenological in-
dicators can be developed from open-access ERA5 climate reanalysis
data and citizen science records. By tolerating spatial uncertainty and
temporally aggregating temperature signals, the Cross-Scale Coarse In-
dicator (CSCI) provides a novel approach to screening phenological
patterns in species lacking long-term observational data. While future
validation is essential, especially in tropical-subtropical systems, this
approach may help address a persistent data gap in global change
biology. By extending phenological research beyond traditional moni-
toring networks, it offers a flexible, scalable, and cost-efficient strategy
for biodiversity tracking in a changing climate.
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