Preprints are preliminary reports that have not undergone peer review.

6 Research Sq uare They should not be considered conclusive, used to inform clinical practice,

or referenced by the media as validated information.

Spatiotemporal Dynamics of Vegetation NPP and
Its Lagged and Cumulative Responses to Climatic
Factors in the Qinba Mountains

Feng Xu

Xinyang Normal University, Xinyang
Xin Yao

Xinyang Normal University, Xinyang
Fangyuan Huang

Xinyang Normal University, Xinyang
Shaomian Niu

Xinyang Normal University, Xinyang
Liyang Liu

Xinyang Normal University, Xinyang
Shouye Liu

Xinyang Normal University, Xinyang
JiQiang Niu

niujigiang@xynu, edu,cn

Xinyang Normal University, Xinyang

Article

Keywords: Qinba Mountains, monthly-scale dynamics, driving mechanisms, lagged and cumulative
effects

Posted Date: July 20th, 2026
DOI: https://doi.org/10.21203/rs.3.rs-10250080/v1

License: € ® This work is licensed under a Creative Commons Attribution 4.0 International License.
Read Full License

Additional Declarations: No competing interests reported.


https://doi.org/10.21203/rs.3.rs-10250080/v1
https://doi.org/10.21203/rs.3.rs-10250080/v1
https://doi.org/10.21203/rs.3.rs-10250080/v1
https://creativecommons.org/licenses/by/4.0/

Spatiotemporal Dynamics of Vegetation NPP and Its Lagged and Cu-

mulative Responses to Climatic Factors in the Qinba Mountains

Feng Xul’z, Xin Yaol, Fangyuan Huangl, Shaomian Niul, Liyang Liul, Shouye Liul, and JiQiang Niu'%*
ISchool of Geographic Sciences, Xinyang Normal University, Xinyang, 464000, China

2Henan Key Laboratory for Synergistic Prevention of Water and Soil Environmental Pollution, Xinyang Normal
University, Xinyang 464000, China

*Correspondence: niujigiang@xynu.edu.cn

Abstract: Understanding monthly dynamics and driving mechanisms of vegetation net primary productivity (NPP)
is crucial for predicting ecosystem responses to climate change. However, such fine-temporal-scale studies remain
limited in the Qinba Mountains (QBMs), a climate-sensitive ecological transition zone in China. Therefore, this
study constructed a fine-temporal-scale analytical framework for vegetation NPP dynamics. Using MODIS NPP
data (2001-2024), we analyzed the spatiotemporal dynamics of monthly NPP in the QBMs and identified its dom-
inant drivers using XGBoost-SHAP. The lagged and cumulative effects of key climatic factors were further exam-
ined. The findings are as follows: (1) temporally, monthly NPP showed a stable seasonal rhythm and continuous
increase. Spatially, monthly vegetation NPP underwent a transition from a northwest-low and southeast-high pattern
to a northwest-high and southeast-low pattern before gradually returning to the initial spatial configuration. (2)
dominant drivers changed across months, with February, June, September, and November as key transition nodes.
Specifically, solar radiation (Rad) exceeded soil temperature (Tsoil) in February. Tsoil shifted from positive to neg-
ative in June, with increased precipitation (Pre) contribution. Pre and land cover strengthened in September; and
Rad regained dominance in November. (3) lagged and cumulative effects differed significantly among climatic
factors: temperature (Tem) was dominated by a 3-month lag effect (21.02%), Pre by a 1-month cumulative effect
(26.49%), and Rad by a 2-month cumulative effect (46.93%). These findings highlight the importance of monthly-
scale analysis for capturing dynamic shifts in limiting factors and provide a scientific basis for ecosystem manage-

ment and carbon sink enhancement in climate-sensitive ecological transition zones.
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1. Introduction

Increasing global carbon emissions have intensified the greenhouse effect and profoundly affected terrestrial
ecosystems worldwide'. As a fundamental component of terrestrial ecosystems, vegetation plays a vital role in
maintaining habitable environmental conditions and regulating the global carbon cyclez. Among various ecological
indicators, vegetation net primary productivity (NPP) has been widely recognized as a key metric for assessing
ecosystem sustainability and carbon cycling processess. NPP is generally defined as the amount of organic matter
accumulated by vegetation through photosynthesis per unit time after subtracting carbon losses from plant respira-
tion®>.

With the rapid development of remote sensing technology and the growing understanding of ecosystem pro-
cesses and mechanisms, monitoring, estimating, and analyzing the spatiotemporal dynamics of NPP using remote
sensing data and estimation models have become important research approaches6’7. Existing studies have mainly
focused on two aspects: first, analyzing the spatiotemporal trends and future projections of regional NPP¥’, and
second, investigating the effects of climate change and human activities on vegetation NPP!®!! In terms of temporal
scale, annual-scale studies remain the most common, mainly emphasizing long-term NPP trends, the evolution of
spatial patterns, and their responses to climate change and land-use changeg’lz. For example, Xuan and Rao system-
atically analyzed the spatiotemporal variations and influencing factors of NPP in the middle reaches of the Yellow



River based on MODIS NPP, meteorological, and land-use data from 2000 to 2020, revealing an overall increase in
regional NPP and significant spatial heterogeneity'2. Liu et al. evaluated the spatiotemporal dynamics of annual
NPP and its climatic controls at the national grassland scale based on data from 1982 to 2016, indicating that the
responses of grassland NPP to climate change varied substantially across regions'>. Meanwhile, increasing attention
has been paid to seasonal-scale variations in NPP, particularly differences in vegetation growth among seasons and
the regulatory effects of seasonal climatic factors on NPP!*!% Ma et al. demonstrated that the response of NPP to
climate change exhibits marked seasonal heterogeneity. Increased precipitation in summer and autumn generally
promotes grassland NPP, whereas higher maximum summer temperature may exert an inhibitory effect'*. Han et al.
further found in the Loess Plateau that the effects of vegetation phenological changes on NPP differ substantially
among seasons. An earlier start and delayed end of the growing season separately contributed to increases in spring
and autumn NPP, whereas summer NPP declined in some arid and semi-arid regions'>. Compared with annual-scale
studies, seasonal-scale analyses can more effectively reveal the stage-specific characteristics of vegetation produc-
tivity responses to environmental change'®!>.

However, both annual and seasonal-scale studies are generally based on data with relatively coarse temporal
resolutions, which makes it difficult to effectively capture inter-monthly fluctuations, abrupt transition points, and
monthly differences in driving factors during vegetation growth'®!”. The responses of NPP to climate change are
highly uncertain across different temporal scales'®!”. Although existing studies have extensively analyzed NPP
variations and their driving factors at annual and seasonal scales, and have partly revealed the effects of climate
change and human activities, systematic and quantitative understanding remains limited. Key gaps remain in the
monthly-scale shifts of driving factors, the intra-growing-season differences in their effects, and their temporal ef-
fects>®2!. This limitation restricts a deeper understanding of the mechanisms underlying fine-scale dynamic changes
in NPP?,

The Qinba Mountains (QBMs) constitute an important transitional zone along the geographical boundary be-
tween northern and southern China®>***. This region shapes pronounced north—south environmental differentiation
and plays a key ecological role in linking the eastern plains of China with the Qinghai—Tibet Plateau®*. As a core
water conservation area for the Middle Route of the South-to-North Water Diversion Project and a key national
corridor for biodiversity conservation, dynamic changes in vegetation productivity in the QBMs have important
implications for the national carbon sink pattern®>?. Previous studies have shown that vegetation NPP in the QBMs
is closely associated with the cumulative temporal effects of drought27, and the contributions of extreme climate
indices to NPP exhibit clear directional differences?. However, systematic studies on the spatiotemporal differen-
tiation of monthly NPP and the monthly variability in driving mechanisms in the QBMs remain limited, particularly

with respect to the quantitative assessment of the temporal effects of major driving factors during the growing season.

Given these considerations, this study focuses on the QBMs and systematically conducts the following three
analyses based on monthly vegetation NPP data from 2001 to 2024: (1) revealing the spatiotemporal differentiation
characteristics of monthly NPP in the QBMs from 2001 to 2024, and quantitatively analyzing the evolution of its
spatial patterns and long-term trends in monthly NPP; (2) identifying the dominant driving factors of NPP in each
month and their dynamic shifts based on the XGBoost-SHAP machine learning framework; and (3) quantifying the

lagged and cumulative effects of key climatic factors on NPP during the growing season.

2. Study Area and Datasets

2.1 Study area

The QBMs (30°-36°N, 102°~114°E) are located in the transitional zone between the warm temperate and
subtropical regions of central China®-°. They form the watershed between the Yellow River Basin and the Yangtze
River Basin (Figure 1) and serve as an important ecological corridor connecting eastern and western China*®*!. The

study area covers 30 administrative units across six provinces and municipalities, including Shaanxi, Henan, Hubei,
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Chongging, Sichuan, and Gansu, with a total area of approximately 3.06 x 10° km?*"32. The QBMs collectively
comprise the Qinling Mountains and the Daba Mountains>*3!. The Qinling Mountains extend across central China
from the Jialing River in the west to the Funiu Mountains in the east, spanning approximately 800 km. The Daba
Mountains stretch from the Jialing River Basin in the west to the Wudang Mountains in the east and constitute a
natural barrier between southern Shaanxi and northern Sichuan. The region is characterized by a mild and humid
climate, with annual precipitation ranging from 700 to 1000 mm and a mean annual temperature of 12-15.7°C%.
Owing to the combined effects of the north—south transition in hydrothermal conditions and mountain vertical zo-
nation, the QBMSs support diverse vegetation types with pronounced transitional characteristics*>->. The dominant
vegetation types include warm-temperate deciduous broad-leaved forests, northern subtropical evergreen—decidu-
ous broad-leaved mixed forests, mixed coniferous and broad-leaved forests, shrublands, and grasslands33'3 . Spe-
cifically, deciduous broad-leaved forests are mainly distributed in the northern part of the region and in low- to mid-
elevation mountainous areas. Evergreen—deciduous broad-leaved mixed forests are primarily found in the southern
mountains and low- to mid-elevation areas on south-facing slopes. Mixed coniferous and broad-leaved forests are
mostly distributed in mid-mountain zones. Shrublands and grasslands mainly occur in high-elevation areas.

Cropland is the dominant land-use type in river valleys, basins, and plains3 235,
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Figure 1.Geographical location of the QBMs

2.2 Data Sources

To analyze the spatiotemporal evolution of monthly vegetation NPP in the QBMs and its responses to environ-
mental factors, this study selected multi-source datasets, including vegetation NPP, climatic factors, topographic
factors, and land-cover data.

The vegetation NPP data were derived from the MODIS MOD17A2HGF Version 6.1 product released by
NASA (National Aeronautics and Space Administration). This product provides 8-day composite GPP (gross pri-
mary productivity) and PsnNet (net photosynthesis) data. The PsnNet band represents net photosynthesis after sub-
tracting maintenance respiration from GPP and can be used to approximate vegetation net productivity. In this study,
the PsnNet band was selected and temporally aggregated to generate monthly NPP data.

The climatic factors included temperature, precipitation, soil temperature, soil moisture, and solar radiation,
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which were used to examine the responses of vegetation NPP to regional hydrothermal conditions, soil moisture
status, and surface energy conditions. Temperature and precipitation data were obtained from the Resource and
Environment Science and Data Center of the Chinese Academy of Sciences (RESDC), while soil temperature, soil
moisture, and solar radiation data were obtained from the ERAS5-Land reanalysis dataset.

The topographic factors included DEM, slope, and aspect, and land-cover data were also used to characterize

the effects of terrain conditions and land-cover types on the spatial differentiation of vegetation NPP. These datasets
were derived from the Shuttle Radar Topography Mission (SRTM) digital elevation dataset and the China Land
Cover Dataset (CLCD) released by Wuhan University, respectively. The names, abbreviations, original temporal
resolutions, spatial resolutions, and sources of all datasets are listed in Table 1.
Table 1. Basic information on the datasets used in this study.
Original Original
Data Abbreviation temporal spatial resolu- Source
resolution tion
Net Primary NASA
o NPP day 500 m
Productivity (https://www.earthdata.nasa.gov/)
. NASA/CGIAR
Elevation Dem year 30 m L
(https://srtm.csi.cgiar.org/)
CLCD
Landcover type LC year 30 m )
(https://doi.org/10.5281/znodo.4417810)
Temperature Tem month 1 km RESDC
Precipitation Pre month 1 km (https://www.resdc.cn/)
Soil temperature Tsoil month 0.1°
Y ECMWF
Soil moisture SM month 0.1° . i
. (https://cds.climate.copernicus.eu/)
Solar radiation Rad month 0.1°

3. Methods

The research framework of this study consists of four main components (Figure 2): data preprocessing (see
Section 3.1), characterization of the spatiotemporal differentiation of monthly NPP in the QBMs (see Section 3.2),
identification of the dominant driving factors of monthly NPP and their dynamic transition patterns (see Section
3.3), and assessment of the lagged and cumulative responses of vegetation NPP to climatic factors (see Section 3.4).

3.1 Data Preprocessing

First, the 8-day PsnNet band data from the MOD17A2HGF product were obtained using the Google Earth
Engine (GEE) platform. These data were temporally aggregated by month to generate monthly NPP datasets. Non-
vegetated areas and abnormal values were then removed, and consistency preprocessing was performed for the
meteorological, topographic, and land-cover datasets. Based on the DEM data, topographic factors, such as, slope
and aspect were derived, and all datasets were masked and clipped according to the boundary of the study area.
Subsequently, all datasets were projected to the WGS 1984 UTM Zone 50N coordinate system and resampled to a
spatial resolution of 1 km to ensure spatial consistency among multi-source datasets. Through the above procedures,
monthly NPP, meteorological factors, topographic factors, and land-cover datasets for the study area were finally

constructed (see Figure 2).
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Figure 2. Technical workflow of this study.
3.2 Spatiotemporal Variation Characterization of NPP

3.2.1 STL Seasonal Decomposition

To analyze the temporal variation characteristics of monthly vegetation NPP in the QBMs, this study employed
the STL (Seasonal and Trend decomposition using Loess) seasonal decomposition method (see Figure 2). STL is a
robust nonparametric statistical method that decomposes an original time series into trend, seasonal, and remainder
components, thereby characterizing long-term trends, periodic fluctuations, and random disturbances>®>’. In this
study, STL decomposition was applied to the monthly mean NPP values from January to December over the 24-
year period from 2001 to 2024. The decomposition procedure is summarized as follows:

Y, =T, +S, +R, (1)

where Y; denotes the monthly NPP time series from 2001 to 2024, T; represents the trend component, S;

represents the seasonal component, and R, represents the residual component. STL decomposition extracts the
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trend and seasonal components separately through iterative locally weighted regression smoothing, while reducing
the influence of outliers on the decomposition results under a robust regression framework. The iterative procedure
can be summarized as follows:

T, = Loesstrend(yt - gt) (2)
SAt = Loessseasonal (Ve — Tt) 3)
thyt_Tt_gt 4)
where LoesSienq denotes the smoothing procedure used to extract the long-term trend component, and

t38

LoesSSgeasonal denotes the smoothing procedure used to extract the seasonal fluctuation component™®. To quantify

the explanatory capacity of the trend and seasonal components for the original time series, trend strength and sea-

sonal strength were calculated, respectively3 9,40:
FT = max {O 1-— Var—(Rt)} (5)
"™ Var(NPP - S))
FS = max {0 1-— Var—(Rt)} (6)
""" Var(NPP — T)

here, Fr represents the strength of the trend component. Higher values of Fy indicate that the residual vari-
ation after detrending accounts for a smaller proportion of the total variance, implying a more pronounced trend
signal. Similarly, Fs measures the strength of the seasonal component, with higher values corresponding to stronger

seasonal fluctuations.

3.2.2 Theil-Sen Median Trend Analysis

To assess whether monthly vegetation NPP exhibited increasing or decreasing spatial trends, the Theil-Sen
median trend estimator was applied (see Figure 2). The Theil-Sen median trend estimator is a robust nonparametric
statistical method for trend analysis that is insensitive to outliers and data noise, making it suitable for analyzing
time-series trends with non-normal distributions or outliers. Compared with ordinary least-squares linear regression,
the Theil-Sen method is more resistant to the influence of extreme values and is therefore well suited for trend
estimation of NPP time series*!. The basic principle of this method is to calculate the slope between every pair of
observations in a time series and then use the median of all pairwise slopes as the overall trend of the series*?. In
this study, a pixel-by-pixel analysis was conducted to construct Sen’s slope models for monthly NPP sequences
from January to December during 2001-2024, thereby revealing the evolutionary patterns of vegetation productivity
across different months. The calculation formula is as follows:

NPP; — NPPl-)
j—i
here, NPP; and NPP; correspond to the NPP values of a given pixel in the same month of the i-th and j-th

SNPP = Medlan( (7)

years in the time series, respectively. When Sypp > 0, the monthly NPP exhibits an increasing trend over the study
period, indicating improved vegetation growth conditions. When Sypp <0, the monthly NPP exhibits a decreasing
trend over the study period, suggesting that vegetation growth may have been suppressed or degraded.

3.2.3 Mann—Kendall Test

To determine whether the spatial trends in NPP were statistically significant, the Mann—Kendall test was ap-
plied (see Figure 2). As a nonparametric statistical method, the Mann—Kendall test is widely used to detect the
significance of monotonic trends in time series without requiring the data to follow a normal distribution*>™*. The
Mann—Kendall test statistic is calculated as follows:

S—1
——,  IS|>0
JVar(S)
Z= 0, $=0 (®)
S+1
IS| <0

w/Var(S)’
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n-1 n
S = Z Z sgn(NPP; — NPP,) 9)
i=1 j=i+1
1-if NPP;— NPP; >0
sgn(NPP; — NPP;) ={0-if NPP;— NPP; =0 (10)
—1-if NP, — NPP; <0
nn—1)2n+5) = X2, t;(t; — D(2t; +5)
18
where, NPP; and NPP; represent the NPP values of a given pixel in the corresponding month of the i-th and

Var(S) = (11)

j-th years, respectively. n denotes the length of the time series, with n = 24 in this study, m represents the num-
ber of tied groups, sgn is the sign function, and the statistic Z ranges from (-co0, +o0). When |Z| < 1.65, the trend
is considered nonsignificant. When (1.65 < |Z| < 1.96), the trend passes the 90% significance test and is classified
as a weakly significant change. When (1.96 < |Z| <2.58), the trend passes the 95% significance test and is classified
as a significant change. When (|Z| > 2.58), the trend passes the 99% significance test and is classified as a highly
significant change. By combining the direction of the Theil-Sen slope, NPP trends were further classified into seven
categories: nonsignificant increase, significant increase, highly significant increase, no change, nonsignificant de-
crease, significant decrease, and highly significant decrease.

3.3 Analysis of NPP Driving Mechanisms Using XGBoost-SHAP

To quantify the nonlinear responses of vegetation NPP to climatic factors and human activities in the QBMs,
an Extreme Gradient Boosting (XGBoost) regression model was constructed (see Figure 2). XGBoost is an ensem-
ble learning algorithm proposed by Chen. It does not require assumptions about data distribution and can capture
complex nonlinear relationships and high-order interactions while reducing overfitting through regularization*®. To
improve model interpretability, the SHAP method was further used for attribution analysis*’ (see Figure 2). SHAP
calculates the Shapley value of each feature to quantify its contribution to model predictions and decomposes the
predicted NPP into a baseline value and feature-specific attribution values. The global dominant factors of NPP
variation were identified using the mean absolute SHAP values. In addition, nonlinear response thresholds and
positive—negative effect transitions between key drivers, such as temperature and precipitation, and NPP were ana-

lyzed.

3.4 The Lagged and Cumulative Effects of Climate Factors on NPP

To analyze differences in the climatic responses of vegetation NPP in the QBMs, monthly temperature, precip-
itation, soil temperature, and solar radiation were selected as climatic factors (see Figure 2). Vegetation NPP was
used as the dependent variable, and linear regression was established to assess the effects of each climatic factor on
NPP under different cumulative and lagged conditions*®. Previous studies have shown that vegetation responses to

194849 with lag times mostly occurring within one quarter.

climate change usually exhibit monthly-scale time effects
Therefore, the cumulative and lagged periods of climatic factors were both set to 0—3 months in this study. Taking

a climatic factor X as an example, its temporal effect on current-month NPP can be expressed as follows:

m
NPP.=b) X,y j+a (12)
j=0
where NPP; denotes vegetation NPP in month ¢, X;_,_; represents the value of the climatic factor at the j-th
month within the cumulative period prior to month ¢, after applying a lag of n months, a and b are the intercept
and regression coefficient, respectively, while m and n denote the cumulative and lag time scales, respectively.
Following Ding et al., both m and n were constrained to range from 0 to 3, with a sum of*®, Accordingly, ten
temporal-effect scenarios were defined in this study: no temporal effect (m =0, n =0), 1-3-month lag effects (m
=0, n =1, 2, 3), I-3-month cumulative effects (m =1,2,3; n =0),a 1-month cumulative effect with a -month
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lag (m =1, n =1), a 2-month cumulative effect with a 1-month lag (im =2, n = 1), and a 1-month cumulative
effect with a 2-month lag(m =1, n = 2)50. For each climatic variable, regression models were established under
the ten temporal-effect scenarios, and the scenario with the highest coefficient of determination R? was identified
as the optimal temporal effect of that climatic factor on NPP?. For example, if the model constructed using NPP
from March to October during 2001-2024 and precipitation from January to July of the corresponding years yields
the highest R? for a given pixel, this indicates that the effect of precipitation on NPP at that pixel exhibits a temporal
response, with the optimal form being a 3-month lag effect. Using the same procedure, the optimal cumulative and
lag time scales of each climatic factor affecting NPP can be further identified at the pixel scale. It should be noted
that when m =0 and n = 0, the climatic factor exerts only an instantaneous effect on NPP in the current month,
with no cumulative or lagged effect. When m > 0 and n = 0, only a cumulative effect is present. when m =0
and n > 0, only a lagged effect is present, and when m > 0 and n > 0, both cumulative and lagged effects are

present.

4. Results

4.1 Spatiotemporal Changes in Vegetation NPP

To identify the long-term trends, periodic variations, and random fluctuations in the monthly NPP time series
of the QBMs, the STL seasonal decomposition method described in Section 3.2.1 was applied to the monthly NPP
series from 2001 to 2024 (Figure 3). The trend component showed an overall increasing trend during the study
period, with a fitted slope of 0.04 (trend strength = 0.12) (Figure 3a). The seasonal component exhibited a stable
intra-annual cycle, with the peak consistently occurring in July (seasonal strength = 0.95) (Figure 3b). The residual
component fluctuated around zero and showed no obvious long-term trend (Figure 3c).

(2) —— Trend Trend Strength: 0.12 4
65 ---- Fitted Line  y = 0.04x + 56.08

Trend
=
(—]}

th
h

2001-01 2005-01 2009-01 2013-01 2017-01 2021-01 2024-01
Date

100 (b) Seasonal Strength: 0.95 Peak Month: 7

=]

Seasonal (%)

2001-01 2005-01 2009-01 2013-01 2017-01 2021-01 2024-01
Date

100

(¢) — Residual

Residual (%)
)
e &
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(—]
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Figure 3. STL seasonal decomposition results of the monthly vegetation NPP time series in the QBMs: panels (a), (b),

and (c) represent the trend, seasonal, and residual components derived from STL decomposition.
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The interannual trend analysis for each month revealed distinct variations in the long-term dynamics of
monthly NPP in the QBMSs (Figure 4). From 2001 to 2024, the direction and magnitude of NPP trends varied among
different months. April and May showed the highest increasing rates, with slopes of 1.12 and 1.02 g C m™2 yr,
respectively, indicating rapid increases in NPP during these months. After June, the increasing rate gradually de-
clined. NPP still showed an increasing trend in July (slope = 0.35 g C m™2 yr'), whereas August exhibited a de-
creasing trend (slope = —0.12 g C m™ yr'). The remaining months generally showed increasing trends, but with
relatively small changes. For example, the slopes in January, February, and December were 0.19, 0.30, and 0.23 g
C m2yr!, respectively.
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Figure 4. Monthly NPP trends in the QBMs from 2001 to 2024. Panels (a)—(1) represent January—December, respec-
tively; red dashed lines show fitted trends.

Monthly NPP in the QBMs showed clear intra-annual variations from January to December (Figure 5, Table
2). NPP gradually increased from January and exhibited a spatial pattern of lower values in the northwest and higher
values in the southeast during January—April. High-value areas were mainly distributed in the southern Daba Moun-
tains, Shennongjia, and the southeastern mountainous regions. During May—August, NPP reached a high level, with
regional mean values ranging from 107.38 to 112.68 g C m 2 month™! and peaking in July (112.68 g C m2 month™).
Meanwhile, high-value areas shifted toward the western high-elevation regions and northern mountains, while the
Hanjiang Basin and Ankang Basin became relatively low-value areas. After September, NPP declined gradually,
and the spatial pattern returned to that observed during January—April by November-December. The CV values
were higher in January and December (78.73% and 76.17%, respectively) but lowest in September (25.21%), indi-

cating stronger spatial heterogeneity during low-NPP months. Overall, the western high-elevation regions exhibited
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the most pronounced monthly variations, whereas the southern Daba Mountains, Shennongjia, and southeastern 259

mountainous regions maintained relatively high NPP values throughout most months. 260
Table 2. Spatial statistical characteristics of monthly average NPP in the QBMs, 2001-2024 261
Month Mean Median Min Max SD CV (%)

January 8.15 7.40 -4.33 44.17 6.42 78.73

February 15.98 16.48 -1.89 64.35 9.98 62.44

March 41.91 4488 -0.22 130.04 20.50 48.91

April 64.15 71.99 0.03 155.67 26.28 40.97

May 107.38 110.59 1.16 257.53 36.19 33.70

June 109.15 107.02 -58.47 296.56 39.13 35.85

July 112.68 109.97 -38.73 319.75 40.98 36.37

August 110.51 109.50 -34.38 276.72 32.53 29.44

September 82.69 83.70 4.43 181.30 20.85 25.21

October 48.11 53.63 0.56 109.49 19.39 40.30

November 26.11 25.94 0.13 91.10 14.35 54.94

December 9.53 8.70 -4.36 49.53 7.26 76.17
Note: Mean, Median, Min, Max, and SD represent the mean, median, minimum, maximum, and standard deviation, 262
respectively, all in g C m™ month™; CV represents the coefficient of variation, where CV = SD / Mean x 100%, 263
in %. 264
265
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N
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Figure 5. Spatial distribution of monthly mean vegetation NPP in the QBMs during 2001-2024.

266

The spatial trends of monthly NPP in the QBMs were further analyzed using the Theil-Sen trend analysis and 267
Mann-Kendall significance test methods described in Sections 3.2.2 and 3.2.3 (Figure 6). Results showed clear 268
monthly differences and spatial heterogeneity in NPP trends during 2001-2024. Except for August, all months 269
showed overall increasing trends. The areas with increasing trends accounted for 87.88%-96.46% from December 270



to June. April exhibited the most concentrated increase, with strongly significant increasing areas accounting for
65.99%, mainly distributed on the southern slope of the Qinling Mountains, the Daba Mountains, and Shennongjia.
From July to September, decreasing trends expanded, with the largest proportion occurring in August (59.59%),
mainly distributed in the central and eastern regions and some basin areas. Increasing trends recovered in October
and November, accounting for 85.82% and 83.25%, respectively. Overall, monthly NPP trends in the QBMs were
dominated by increases, while decreasing trends became more pronounced during July—September, especially in

August, indicating strong monthly variations in the spatial patterns of NPP trends.
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Figure 6. Spatial trends in vegetation NPP from January to December during 2001-2024.

4.2 Driving Mechanisms of Vegetation NPP

To investigate the relationship between monthly NPP and environmental factors in the QBMs, the XGBoost-
SHAP interpretation method described in Section 3.3 was applied. This method quantified the relative contributions
and positive or negative effects of different factors on monthly NPP. It further identified the dominant explanatory
factors and their monthly variations.

The validation results of the XGBoost model showed a strong consistency between observed and predicted
values across all months (Figure 7). Most samples were distributed close to the trend line, with R? values ranging
from 0.68 to 0.90 and RMSE values ranging from 1.95 to 18.69. The model achieved the highest accuracy in January
(R?=0.90, RMSE = 1.95), whereas the lowest R? was observed in August (0.68). The highest RMSE occurred in
July (18.69), indicating monthly differences in model performance.

SHAP analysis revealed clear monthly variations and shifts in the dominant explanatory factors of NPP (Figure
8). From December to February, Tsoil and Rad were the main contributors. In February, Rad became the dominant

factor, with a contribution of 43.3%, exceeding Tsoil (23.0%). The contribution of Pre also increased to 9.0%. From
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March to May, Rad remained dominant, although its contribution gradually declined from 47.5% to 31.6%.

40 1 (a) January L 60 | (b) February L (¢) March L
Sample Points ’,’ Sample Points ,,’ 100 Sample Points //
30 ==-Trendline 4 50 {--Trendline W4 —==-Trendline g
A ik -9 2. 2 80 e
™ & 40 s B
4 Z. 4
g € 30 2@
= = o
g g 20 g4
a 10 A A
rR2=090 | 10 rR:=087 | 20 R? = 0.87
017 RMSE = 1.95 0 RMSE = 3.53 0 RMSE =7.33
0 10 20 30 40 0 10 20 30 40 50 60 0 20 40 60 80 100
Observed NPP Observed NPP Observed NPP
140 { (d) April / 250 { (e) May L 300 1 (f) June L
120 Sample Points ,,’ Sample Points ,,’ 250 Sample Points ,,'
—=-Trendline ’,’ 200 { —-Trendline g -=Trendline o
&100 F £200 ‘ ¥
3 80 g 3150
< < <
—— 60 —— ——
-§ -§ 100 g 100
&~ 40 - 5 ~ 50 3
20 R?=0.88 R?=0.82 0 2 R?*=0.78
" 4
0 RMSE =9.06 0 RMSE = 15.44 5 RMSE = 18.44
0 20 40 60 80 100 120 140 0 50 100 150 200 250 0 50 100 150 200 250 300
Observed NPP Observed NPP Observed NPP
300 { (g) July ,, (h) August P 175 { (i) September P
Sample Points ’,’ 250 Sample Points ,,’ 150 Sample Points ,,'
20 ==Trendline v 4 2004~ -Trendline ¥ 4 —=-Trendline »
7/ -9 4 -9 //
22200 o | & 5 5125 .
: 150 '
g 150 '§ g 100
< 2 <
=] 5100 1 =75
= = =]
g100 & 2
A 50 j ) =~ 50 X A~ 50
A R?=0.79 a R?=0.68 25 R2=0.71
7/ 7/
01, RMSE = 18.69 9 B RMSE = 18.28 i RMSE =11.18
0 50 100 150 200 250 300 0 50 100 150 200 250 0 25 50 75 100 125 150 175
Observed NPP Observed NPP Observed NPP
(j) October P (k) November # (1) December ’
100 ; ’ 70 : ’ 40 : P
Sample Points S Sample Points o Sample Points 5
==-Trendline . 60 1 --Trendline —==Trendline ”f
a 80 P 4 -9 a 30 f
™ & 50 B
4 z 4
T T R
= = 2
T 4 < 30 2
S b b=
- & 20 a 10
20 R?=0.84 10 R?=0.86 ; R?=0.88
0 RMSE = 7.82 0 RMSE =5.34 0 , RMSE = 2.45
0 20 40 60 80 100 0 20 40 60 0 10 20 30 40
Observed NPP Observed NPP Observed NPP

Figure 7. Scatter plots of observed versus predicted NPP values: panels (a)—(1) correspond to the fitting results

from January to December, respectively. Blue points represent sample points, while the red dashed line indicates

the fitted linear trend. R? and RMSE indicate model goodness of fit and prediction error, respectively.

Meanwhile, the contributions of Pre, Tsoil, and Tem increased, indicating a transition toward multiple-factor
regulation. From June to August, Tsoil regained dominance, with contributions close to 50%. Its effect direction
changed from positive to negative in June. Pre increased markedly, reaching 20.8% in July and remaining higher
than Rad in August (13.9% vs. 9.1%), making it the second most important factor during July—August. From
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September to November, the dominant factors shifted again. Pre and LC showed the highest contributions in Sep- 299
tember (19.4% and 17.7%, respectively). By November, Rad became dominant again, with a contribution 0f29.1%, 300
exceeding Tsoil (18.7%) and Pre (17.5%). 301

Overall, Tsoil, Rad, and Pre were the dominant explanatory factors for monthly NPP variations in the QBMs, 302
whereas SM, DEM, Slope, and Aspect showed relatively low contributions. The contribution of Tem exhibited clear ~ 303
monthly fluctuations, with higher importance in April-May, relatively stable contributions during June—August, and 304
an increasing trend again in October—November. Based on the monthly variations in explanatory factors, February, 305
June, September, and November were identified as key transition points in the monthly NPP explanatory patterns. 306
These transitions corresponded to the shift from Tsoil dominance to Rad dominance in February, the change of Tsoil 307
effects from positive to negative accompanied by increased Pre contribution in June, the enhanced contributions of 308

Pre and LC in September, and the re-establishment of Rad as the dominant factor in November. 309
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Figure 8. SHAP-based impact analysis of vegetation NPP in the QBM:s across different months: panels (a)—(1) corre-
spond to the SHAP results for January to December.
311
4.3 Lagged and Cumulative Responses of Vegetation NPP to Climate 312

To further examine the lag and cumulative effects of climatic factors on vegetation NPP in the QBMs, the 313



cumulative and lag effect analysis described in Section 3.4 was applied. The results indicated that the lag and cu-

mulative effects of different climatic factors on NPP exhibited pronounced spatial heterogeneity (Figure 9, Table 3).
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Figure 9. Spatial distribution of lagged and cumulative response types of vegetation NPP to different climatic factors:

panels (a)-(d) correspond to temperature, precipitation, soil temperature, and solar radiation

Table 3. Proportions of different lagged and cumulative response types of vegetation NPP to climatic factors.

Type Tem (%) Pre (%) Tsoil (%) Rad (%)
LOAO 72.54 62.41 85.75 3.95
LOA1 2.00 26.49 1.91 22.84
LOA2 0.95 0.25 0.03 46.93
LOA3 2.82 0.10 0.68 6.81
L1AO 0.52 0.01 1.23 3.40
LI1A1 0.00 0.09 0.07 7.75
L1A2 0.01 0.17 0.07 0.70
L2A0 0.01 0.01 0.06 0.68
L2A1 0.12 5.12 0.06 0.26
L3A0 21.02 5.35 10.14 6.68

Note: L and A denote lag time and accumulation time, respectively, both in months. LOAO represents no obvious

lagged or cumulative effect; LOA1-LOA3 represent 1-3-month cumulative effects; L1A0-L3A0 represent 1-3-

month lagged effects; and L1A1, L1A2, and L2A1 represent compound lagged—cumulative effects.

For Tem, most areas showed no temporal effect (72.54%). Among the areas with detectable temporal effects,
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the 3-month lag effect was dominant (21.02%), mainly occurring around the Ankang Basin, the Nanyang Basin, the
Taibai Mountain area, and the southeastern part of the study area. Tsoil showed a higher proportion of areas with no
temporal effect (85.75%). In areas where temporal effects were detected, the 3-month lag effect remained dominant,
mainly occurring in the central-southern part of the study area and extending toward the southern and southeastern
regions. For Pre, most areas also exhibited no temporal effect (62.41%). Among the areas with detectable temporal
effects, the 1-month cumulative effect was the most prominent (26.49%), primarily distributed in the Minshan
Mountains in the western part of the study area, the northeastern plains, and the Shennongjia region in the southeast.
The 3-month lag effect (5.35%) and the combined 1-month cumulative and 2-month lag effect (5.12%) were less
extensive. Rad exhibited a pronounced cumulative effect. The 2-month cumulative effect was dominant (46.93%),
mainly distributed in the western part of the study area, the northern Qinling Mountains, and most central-eastern
regions. The 1-month cumulative effect was the second most important pattern (22.84%), primarily occurring in the
central-southern region. In contrast, lag effects and no temporal effect accounted for relatively small proportions
(6.68% and 3.95%, respectively).

Overall, Tem and Tsoil were mainly characterized by no time effects and 3-month lag effects. Pre was domi-
nated by no time effects and 1-month cumulative effects, whereas Rad showed a predominant 2-month cumulative
effect. Spatially, the 3-month lag effects were mainly distributed in the Hanjiang Basin, Ankang Basin, and sur-
rounding areas, while cumulative effects were more evident in the western, northern, and central-eastern regions of
the QBMs.

5. Discussion

5.1 Spatiotemporal Dynamics of Monthly Vegetation NPP

Over recent decades, approximately one-third of global vegetated areas have experienced significant greening
and increased vegetation productivity. This trend is particularly evident in mid- and high-latitude regions of the
Northern Hemisphere. It is especially pronounced in temperate and boreal ecosystems®! 3. Vegetation in these re-
gions is typically subject to strong temperature limitation and is therefore highly sensitive to climate warming>*>>.
In this study, monthly vegetation NPP in the QBMs exhibited an overall increasing trend during 2001-2024 (Figure
3), which is broadly consistent with previous findings >'>3°. However, annual-scale analyses mainly capture over-
all temporal trends and provide limited insight into the relative contributions of individual months to long-term NPP
increases. Our results further showed that NPP increases in the QBMs from 2001 to 2024 occurred primarily in
April and May, with additional increases observed in low-NPP months such as December and January (Figure 4).
This temporal pattern is likely associated with weakened low-temperature limitation in late winter and early spring

54-56, Improved temperature conditions

under climate warming, as well as an earlier onset of the growing season
during the cold season and early spring may alleviate low-temperature constraints on vegetation physiological ac-
tivity. This enables vegetation to resume growth earlier after winter dormancy. As a result, NPP increases during
months with relatively low productivity. In addition, more favorable heat and radiation conditions in early spring
may facilitate vegetation green-up, leaf expansion, and the initiation of photosynthetic activity, leading to a rapid
increase in NPP during April and May>®>’. Zhu and Lu’® reported that vegetation phenology in the QBMs responds
significantly to climate change, with an advance in the start of the growing season being a key manifestation of
regional phenological change. This finding is consistent with the pronounced NPP increase observed in April and
May. It suggests that enhanced spring NPP in the QBMs may be closely related to earlier vegetation growth initiation
and strengthened photosynthetic activity during the early growing season>®>%. Previous studies have also shown
that phenological shifts can substantially affect vegetation productivity, and that an earlier start of the growing
season generally enhances spring carbon uptake capacity5 657 Therefore, the long-term increase in monthly NPP in
the QBMs may result from the combined effects of weakened cold-season temperature limitation, advanced spring

phenology, and enhanced photosynthetic capacity during the early growing season.
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In complex mountainous ecosystems, vegetation responses to climate change are jointly regulated by elevation,
aspect, and geomorphic setting. The redistribution of thermal and moisture conditions across different topographic
positions can generate pronounced spatial non-stationarity59'6l. Such non-stationarity is reflected not only in the
spatial distribution of high and low NPP values, but also in asynchronous timing among regions in entering the
growing season, reaching peak productivity, and initiating seasonal decline®*%%! In this study, the spatial pattern
of monthly NPP in the QBMs showed a pronounced process of spatial advancement and retreat across months.
During the early growing season, NPP increased first in low-elevation areas along the Hanjiang River and on the
southern slope of the Daba Mountains. During the peak growing season, the productivity advantage shifted toward
higher-elevation areas, whereas in the late growing season, NPP declined first in the western high-elevation regions.
This spatial asynchrony may be closely associated with the spatial differentiation of vegetation phenology>*%%¢!,
Zhu and Lu’® reported that vegetation along the Hanjiang River and on the southern slope of the Daba Mountains
was generally characterized by an earlier growing-season onset, delayed senescence, and a longer growing-season
duration, whereas high-elevation areas, such as the western Qinling Mountains, exhibited a delayed onset, earlier

1?* further demonstrated that spring phenology in the QBMs varies

termination, and shorter growing season. Li et a
systematically along elevation gradients, with the start of the growing season occurring earlier in valley areas and
later in mountainous regions. These phenological gradients are broadly consistent with the spatial advancement and
retreat of monthly NPP identified in this study.

In addition, the long-term increase in NPP during the summer peak period was relatively limited, suggesting
that high productivity does not necessarily imply a continued potential for further enhancement in this study. Recent
studies have reported an increase in summer extreme heat events and atmospheric evaporative demand in parts of
central and eastern China. These changes may intensify vegetation water stress. As a result, further improvements
in summer photosynthetic potential may be constrained®>%3. In the QBMs, vegetation growth in low-elevation ba-
sins and plains tends to start earlier in spring. However, these areas are more vulnerable to the combined effects of
high temperature, enhanced evapotranspiration, and insufficient water supply during summer. These conditions may
limit further increases in NPP during the peak productivity peri0d64. This interpretation is supported by the driving
mechanism analysis. The XGBoost—-SHAP results showed that June represented a key transition point in the NPP
driving mechanism in the QBMs (Figure 8). Specifically, the effect of Tsoil on NPP shifted from positive in the
preceding months to negative in June, while the relative importance of Pre continued to increase and surpassed that
of Rad in July—August. These results suggest that, after the onset of summer, thermal conditions may shift from a

favorable factor promoting vegetation growth in spring to a potential stressor constraining further NPP enhancement.

At the same time, water supply becomes increasingly important for maintaining the stability of summer NPP.

5.2 Shifts in the Driving Mechanisms of Monthly Vegetation NPP

The XGBoost—-SHAP analysis revealed a clear monthly succession of dominant drivers. The system shifted
from thermal and radiation constraints during December to February of the following year. It then transitioned to
hydrothermal co-regulation during March—May. Water limitation dominated during June—August. Finally, thermal
and radiation control regained dominance during September—November. This dynamic pattern contrasts with tradi-
tional annual-scale studies, which often classify a region statically as either temperature-limited or water-limited.
Our results suggest that the QBMs, as an ecological transition zone, undergo alternating limiting mechanisms within
a single year. The dominance of Tsoil and Rad from December to February of the following year is consistent with
the recognized role of thermal limitation during the dormant season’ "% The February transition, when Rad sur-
passed Tsoil, suggests that light availability becomes increasingly important as vegetation approaches the growing
season, providing useful implications for predicting spring phenological responses under climate change. The shift
toward hydrothermal co-regulation during March—May reflects the co-limitation characteristics of temperate eco-
systems. The increasing importance of Pre and SM during this period indicates that water availability may begin to
constrain vegetation growth even before summer, particularly under warming conditions®. The transition toward

water limitation during June—August was particularly evident. During this period, Pre surpassed Rad as a dominant
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factor, while the effect of Tsoil shifted from positive to negative. This finding is consistent with previous evidence
that high temperatures can intensify evapotranspiration and water stress, thereby suppressing NPP. The negative
effect of summer Tsoil further suggests that excessive warming may aggravate water deficits, consistent with ob-
servations from arid and semi-arid regions64. In September, Pre and LC became dominant drivers. In October—
November, thermal and radiation control re-emerged. These patterns indicate that the termination of the growing
season is jointly regulated by water conditions and vegetation type differences. Thermal limitation becomes domi-

nant again as winter approaches®®¢’.

5.3 Differential Responses of Vegetation NPP to the Lagged and Cumulative Effects of Climatic Factors

This study highlights the temporal effects of climatic factors on vegetation NPP. Different climatic factors can
influence vegetation growth over different time scales, reflecting both the sensitivity of vegetation to climate change
and the dynamic nature of its responses*>%%. Although vegetation can adapt to climatic variability within a certain
range, growth may be suppressed or even cease when climate change exceeds critical thresholds®. Therefore, veg-
etation responses to climate are not necessarily instantaneous; instead, climatic effects may influence subsequent
vegetation growth through lagged or cumulative pathways?%?>7°.

This study investigated the lagged and cumulative effects of climatic factors on vegetation NPP in the QBMs
at the pixel scale. The results indicated that vegetation dynamics in the QBMs were influenced by both concurrent
climatic conditions and antecedent climate signals (Figure 9a, c¢). Previous studies of global vegetation dynamics
have suggested that vegetation responses to temperature are generally more immediate*®, which is broadly con-
sistent with our findings. However, beyond this generally direct temperature response, our results further revealed
pronounced 3-month lag effects of Tem and Tsoil in parts of the Hanjiang Basin, the Nanyang Basin, and their
surrounding areas. This difference may be related to the hydrothermal buffering effects of basin topography and
relatively thick soil layers. In such environments, antecedent temperature may influence later vegetation productiv-
ity by affecting phenological onset, root activity, soil microbial processes, and nutrient release’ "%

Compared with the lagged responses to Tem and Tsoil, Pre and Rad exhibited pronounced cumulative effects.
For Pre, the 1-month cumulative effect was the most prominent, which is consistent with the findings of Ding et
al*®. Moreover, this study further showed that the cumulative effect of Pre was stronger than its lag effect in several
regions, including the Minshan Mountains in the western QBMs, the northeastern plains, and Shennongjia in the
southeast. This suggests that antecedent precipitation can exert a sustained influence on vegetation growth in the

study area, consistent with the findings of Liu et al®®

. Vegetation generally does not respond directly to precipitation
itself, but rather to the actual availability of soil water’>. This is because increased precipitation cannot be immedi-
ately absorbed and utilized by vegetation; instead, water requires time to infiltrate into the root zone’*. In addition,
the upward replenishment of deep soil water also occurs with a time delay. When short-term rainfall exceeds plant
water-use capacity, soils can retain part of the surplus water, thereby providing a longer-lasting water supply and

sustaining vegetation growth in subsequent periods75. Ding et al*®

further demonstrated that, across most regions,
the cumulative effect of precipitation is generally stronger than its lag effect, regardless of climatic zone or vegeta-
tion type. This evidence supports the view that cumulative water availability over a given time interval plays a more
substantial role in vegetation growth than instantaneous water availability at a single time point.

The cumulative effect of Rad is also consistent with previous evidence that sustained light-energy supply can
regulate vegetation growth. Rad affects contemporaneous photosynthesis, while also influencing subsequent
productivity through the regulation of canopy development, leaf area expansion, and carbon assimilation capac-
ity4’76. In this study, Rad was mainly characterized by cumulative effects over relatively long time scales, indicating
that vegetation NPP in the QBMs responds continuously to light-energy conditions. Moreover, the cumulative effect
of Rad exhibited clear aspect-related differences in the QBMs (Figure 9d). The northern slopes were mainly domi-
nated by a 2-month cumulative effect, whereas the southern slopes were primarily characterized by a 1-month cu-

mulative effect. This pattern is consistent with previous findings that accumulated light-energy supply can exert
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2248 while also highlighting the regulatory role of topography. This

sustained effects on vegetation productivity
difference may be attributed to the relatively weaker light and thermal conditions on northern slopes. These condi-
tions are mainly caused by aspect effects and terrain shading. Under such conditions, vegetation responses to Rad
may require a longer accumulation period before becoming fully apparent19’49’77’78. By contrast, southern slopes
generally receive more favorable light conditions, allowing Rad to contribute more rapidly to photosynthesis and
carbon accumulation and thereby affect NPP over a shorter time scale’”**". These results suggest that the cumulative
effect of Rad in the QBMs arises from the continuity of antecedent light-energy supply as well as the joint regulation

of aspect, topographic conditions, and vegetation growth processes.

5.4 Limitations, and future directions

This study has several limitations. First, although the MODIS NPP product has been widely validated, satellite-
derived NPP estimates still contain uncertainties. In mountainous regions such as the QBMs, complex topography
and strong spatial heterogeneity may introduce additional uncertainties and affect NPP trend estimation. Second,
although LC was included to represent anthropogenic influences, it cannot fully capture detailed human activities,
such as grazing intensity, forest management, and ecological conservation practices. Future studies should integrate
multi-source human activity datasets to better quantify the effects of anthropogenic factors on NPP dynamics. Third,
this study mainly considered climatic and topographic factors, while other potential drivers, including atmospheric
CO: concentration, nutrient availability, and extreme climate events, were not included. In addition, the XGBoost-
SHAP framework mainly reveals statistical associations rather than causal relationships. Future research should
combine multi-source environmental data, field observations, and process-based ecosystem models to further im-

prove the understanding of mechanisms controlling NPP variations.

6. Conclusions

Using MODIS NPP data and multi-source environmental datasets from 2001 to 2024, this study investigated
the spatiotemporal dynamics and driving mechanisms of monthly vegetation NPP in the QBMs. Monthly NPP ex-
hibited a stable seasonal cycle and a persistent upward trend. Spatially, monthly NPP showed distinct stage-depend-
ent reorganization, shifting from a northwest-low and southeast-high pattern to a northwest-high and southeast-low
pattern before gradually returning to the initial configuration. The dominant drivers of monthly NPP changed mark-
edly throughout the year, with February, June, September, and November representing key transition points. Solar
radiation exceeded soil temperature in February. Soil temperature shifted from positive to negative in June, with
increased precipitation contribution. Precipitation and land cover strengthened in September. And solar radiation
regained dominance in November. In addition, vegetation NPP exhibited clear cumulative and lagged responses to
climatic factors, with temperature mainly showing a 3-month lag effect, Precipitation a 1-month cumulative effect,
and solar radiation a 2-month cumulative effect.

Overall, the findings of this study emphasize the importance of understanding the dynamic mechanisms of
monthly NPP variations and their responses to climatic factors in the Qinba Mountains. This approach provides
insights into vegetation—climate interactions and the temporal responses of vegetation productivity to environmental
changes, contributing to a better understanding of ecosystem processes in complex mountainous regions.
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