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Abstract. Extreme heat events can induce delayed responses in seasonally frozen ground (SFG) by altering soil heat storage
and release processes, yet their lag characteristics and spatial variability remain poorly quantified. Here, we develop a
distributed lag nonlinear model integrated with an explainable artificial intelligence framework (DLNM-XAI) to quantify the
lagged responses of SFG to extreme heat events across the Qinghai-Tibet Plateau (QTP), based on in situ observations,
multi-source remote sensing, and reanalysis datasets. Results show that extreme heat significantly modifies freeze—thaw
dynamics. On average, each additional extreme heat day advances the thaw end date by 3.02 days, delays the freeze onset
date by 1.52 days, and reduces maximum freezing depth by approximately 1.12 cm. The response of freezing depth exhibits
a clear nonlinear lag pattern, with effects emerging within 5-10 days, peaking after approximately 15-20 days, and gradually
weakening thereafter. Spatially, lagged responses also show pronounced spatial heterogeneity across the QTP. Regions with
deeper snow cover, higher soil moisture, and stronger surface energy exchange generally exhibit longer lag durations. These
factors, including extreme heat duration, snow depth, soil moisture, and surface energy fluxes, jointly regulate soil heat
transfer and energy retention, thereby modulating the timing and persistence of SFG responses. Overall, this study provides a
regional-scale characterization of the delayed thermal responses of SFG to extreme heat events and improves understanding

of thermal memory and land-atmosphere interactions under short-term extreme climate forcing in cold regions.
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1 Introduction

Extreme heat events represent some of the most frequent and intense climatic anomalies under ongoing global warming (Bai
et al., 2014; Banerjee et al., 2025; Horton et al., 2016). The short-term thermal perturbations not only pose direct threats to
ecosystems, agriculture, and human health but also profoundly reshape land-atmosphere energy exchanges and hydrothermal
cycles, thereby altering both surface and subsurface thermodynamic states (Parker et al., 2020; Teskey et al., 2015; Ye et al.,
2025). Seasonally frozen ground (SFG), which is widely distributed in mid- to high-latitude and high-altitude regions, is
highly sensitive to atmospheric thermal forcing because of recurrent freeze-thaw processes and subsurface heat storage. (Tao
et al., 2025). Extreme heat events can disrupt the surface-subsurface energy balance by enhancing sensible heat flux,
suppressing latent heat flux, and altering snow cover properties such as albedo and thickness (Song et al., 2022), which
consequently may modify freeze-thaw dynamics, freezing depth, and the long-term energy budget within the active layer
(Xu et al., 2025). Due to the relatively slow thermal adjustment of subsurface soils, SFG may exhibit delayed and cumulative
responses to short-term climate extremes (Li et al., 2025). Therefore, understanding the lagged responses of SFG to extreme
heat events is essential for clarifying delayed feedback in land-atmosphere energy exchange and improving land surface
modeling and climate risk assessments in cold regions (Bibi et al., 2018; Stiegler et al., 2016).

As the region with the most extensive mid- to low-latitude SFG distribution, the Qinghai-Tibet Plateau (QTP) is highly
sensitive to climatic perturbations (Ran et al., 2022b; Xu et al., 2025). Over the past two decades, the plateau has
experienced a persistent rise in mean air temperature, accompanied by a pronounced increase in the frequency and intensity
of extreme heat events (Zhang et al., 2023), with local heatwaves exhibiting sustained and cumulative characteristics (Ji and
Kang, 2015; Yu et al., 2021). Concurrently, multiple observational records and modeling results indicate significant changes
in the freeze—thaw processes of SFG on the QTP, including reduced freezing depth, shortened freezing duration, earlier thaw
onset, and delayed freezing onset (Gao et al., 2021; Wen et al., 2023). Existing studies have primarily focused on multi-year
variability and emphasized the cumulative response of SFG to long-term climatic forcing (Li et al., 2023), whereas the
responses of SFG to short-term extreme heat events remain insufficiently investigated. Existing borehole-based analyses
indicate that intense heatwave events lead to a shallower frozen layer and delayed soil thermal responses on the QTP (Zhu et
al., 2024). However, these studies are generally limited by sparse observations and insufficient regional representativeness,
making it difficult to systematically characterize the temporal and spatial patterns of lagged SFG responses at the plateau
scale.

To reveal the response processes of SFG to short-term thermal extremes, several key questions remain unresolved. Firstly,
limited data continuity and spatial representativeness hinder the systematic characterization of plateau-wide SFG responses
to extreme heat (Pascual and Johansson, 2022). It remains unclear whether SFG responses to extreme heat exhibit consistent
lag structures across the QTP and how these lag characteristics vary spatially. Secondly, the nonlinear and delayed responses
of freezing processes to short-term thermal extremes have not been quantitatively characterized at regional scales. Existing

studies focus on thermal evolution and degradation processes under long-term climatic warming (Kang et al., 2010), while
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few quantitatively model the nonlinear and lagged behaviors of SFG under short-duration, high-intensity heat disturbances.
And previous simulations based on soil temperature profiles or energy-balance equations often assume linear heat
conduction and neglect latent heat and soil-moisture coupling effects (Mihalakakou et al., 1997; Yao et al., 2011), leading to
limitations in reproducing the dynamic evolution of freezing depth. Thirdly, the environmental factors controlling the spatial
heterogeneity of lag duration remain insufficiently understood. Variations in snow cover, soil moisture, and surface energy
exchange may jointly influence subsurface heat storage and transfer processes (Ma et al., 2022). However, the nonlinear
interactions and cumulative effects among these hydrothermal processes are inherently complex and are difficult to capture
using traditional statistical approaches (Staniec and Nowak, 2016), making it challenging to disentangle their relative
contributions to lagged SFG responses under extreme heat conditions.

Aiming to address these issues, this study integrates observations, reanalysis datasets, and multi-source remote sensing data
to investigate the lagged responses of SFG to extreme heat events across the QTP. A combined Distributed Lag Nonlinear
Model and eXplainable Artificial Intelligence (DLNM-XAI) framework is then established to quantify the nonlinear lagged
effects of extreme heat and to elucidate the driving mechanisms of lagged responses in SFG. Specifically, this study aims to:
characterize the responses of freeze—thaw processes and maximum freezing depth to extreme heat events; quantify the
temporal characteristics and spatial variability of lagged responses across the QTP; and examine the hydrothermal and
surface energy factors associated with regional differences in lag duration. This study improves understanding of delayed

thermal responses and land-atmosphere interactions in cold regions under short-term climate extremes.

2 Data and Methods
2.1 Data Sources

This study integrates ground-based observations, multi-source reanalysis products, and remote sensing datasets,
encompassing variables covering a wide range of environmental variables such as freezing depth, meteorological conditions,
soil properties, hydrological indicators, and surface energy fluxes.

Ground-observed freezing depth data were derived from Middle Yarlung Zangbo River Natural Resources Observation and
Research Station (2024YJZKF002) and the Second QTP Scientific Expedition and Research Program (Grant No.
2019QZKKO0307). Observation sites are primarily distributed across the eastern and southeastern mid- to low-elevation
regions of the plateau, whereas monitoring data in the central and western sectors are relatively sparse (Fig.1). Monthly
maximum freezing-depth data were used both to quantify the response characteristics of freezing depth to extreme heat
events and to validate the accuracy of simulated freezing-depth data, ensuring the reliability of subsequent lag-effect

analyses.
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Figure 1: Spatial distribution of freezing-depth observation station (the extent of seasonally frozen ground is derived from Ran et
al. (2022a)

CMA-RA/Land incorporates a denser network of in situ observations over China and is optimized for the complex
topography of the Tibetan Plateau and land-atmosphere interactions. It shows improved regional performance in simulating
soil temperature, soil moisture, and surface energy fluxes (Liu et al., 2023). Thence, this study uses CMA-RA/Land for
climate variables. Meteorological variables from ERAS5-Land (Mufioz-Sabater et al., 2021). Vegetation index from NASA’s
MODIS NDVI product MOD13A2 (Liu et al., 2017). Soil property data were obtained from the China High-Resolution
National Soil Information Grids dataset, provided by the National Earth System Science Data Center of China (Liu et al.,
2022). And topographic information from NASA’s SRTMGL1 v003 product (Chymyrov, 2021). Detailed data sources and
descriptions are summarized in Table 1.

Table 1. Details of data sources

Data environmental variables Data source Spatial Resolution
stratified soil temperature, soil moisture, snow depth, snow
CMA-RA/Land water equivalent, sensible heat flux, and latent heat flux https://data.cma.cn/ 34 km
ERAS5-Land air temperature, precipitation, and solar radiation https://cds.climate.copernicus.eu/ 10 km
MOD13A2 Vegetation index (NDVI) https://Ipdaac.usgs.gov/ 1 km
SRTMGL1 clevation https://developers.google.com/ 30 m
) sand content, gravel content, silt content, bulk density, clay )
Soil data content https://www.geodata.cn/main/ 10 km
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In this study, based on the layered soil-temperature data, the spatiotemporal distribution of freezing depth on the QTP was
derived through interpolation. Air-temperature data were used to identify the timing and intensity of extreme heat events. On
the temporal scale, snow depth, snow water equivalent, soil moisture, sensible and latent heat fluxes, NDVI, shortwave
radiation, and precipitation were used as covariates in the lag-effect analysis. On the spatial scale, variables including soil
moisture, latent and sensible heat fluxes, snow depth, solar radiation, precipitation, elevation, NDVI, snow water equivalent,

and soil properties were employed to identify dominant driving mechanisms.

2.2 Methods

The research followed a four-stage technical framework (Fig.2). In the first stage, the freezing depth and freeze-thaw
indicators of SFG were established. Layered soil-temperature data were interpolated to delineate the boundaries of the frozen
layer, from which daily freezing depth was calculated to characterize the freeze-thaw evolution. The second stage focused on
the identification and characterization of extreme heat events. Daily air-temperature data were used to detect extreme heat
occurrences and to derive their annual frequency and intensity characteristics. In the third stage, freeze-thaw indicators were
integrated with extreme heat event records to conduct a baseline-based anomaly analysis, thereby quantifying how seasonal
frozen-ground thermal indicators respond to extreme heat exposure. Finally, the fourth stage involved a lag-effect and
driving-mechanism analysis. By combining freezing-depth data with extreme heat event observations, this stage aimed to
quantify the lagged response of freezing depth to extreme heat and to elucidate the spatial heterogeneity and controlling

mechanisms of the lag effects.
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Figure 2: Technical workflow for analyzing the lagged thermal response of seasonal frozen ground to extreme heat events.
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2.2.1 Calculation of Freeze-Thaw Indicators

Meteorological observation stations on the QTP are sparse and unevenly distributed, limiting their ability to capture regional
variations in freezing depth. Furthermore, the low temporal resolution of monthly data is insufficient for daily-scale lag
analyses. Therefore, this study adopts an interpolation-based approach using multilayer soil temperature profiles to identify
freezing conditions within the soil column. Considering the downward freezing and complex thawing processes of SFG, a
depth-corrected linear interpolation is applied to multilayer soil temperature data (0-0.1 m, 0.1-0.4 m, 0.4-1 m, and 1-2 m) to
estimate the position of the 0°C isotherm along the vertical profile (Frauenfeld and Zhang, 2011). When the freezing front
extended below the deepest observed layer (2.0 m), a controlled linear extrapolation was applied using the temperature
gradient between the deepest available layers to estimate the lower freezing boundary.

Freezing depth is defined as the vertical distance from the ground surface to the lower freezing front identified by the 0°C
isotherm. The maximum freezing depth within each month is taken as the monthly maximum freezing depth. If the estimated
lower freezing front exceeds a threshold depth of 5 m, the interpolation is considered unreliable, and the corresponding daily
value is discarded to avoid errors caused by excessive extrapolation.

Then, the reliability of the interpolated freezing depths was assessed by comparing them with observed freezing depth
measurements using the Pearson correlation test (Van den Heuvel and Zhan, 2022). The Pearson correlation coefficient is

calculated as follows:
= z;(xi_)_c)(yi_y)
DIRCEE RIS

Where T represents the Pearson correlation coefficient, ranging from —1 to 1; X; and ¥, are the observed values of the two

(D

variables for the x —th sample; x and; denote their respective means; and 72 is the total number of samples.

To systematically characterize the interannual freeze-thaw dynamics of SFG, six key freeze-thaw indicators were extracted
from daily freezing depth time series: freeze start day (FSD), freeze period (FPT), day of maximum freezing depth
(MFD_day), thaw period (MPT), thaw end day (TMD), and total freezing duration (FDT) (Luo et al., 2020). Specifically,
FSD was defined as the first day on which freezing depth exceeded 0 cm for at least three consecutive days during the
freezing season, while TMD was defined as the last day with freezing depth greater than 0 cm before complete thawing.
Delayed freezing onset and advanced thawing end were quantified by comparing annual FSD and TMD anomalies during
extreme heat years relative to the climatological mean baseline period. MFD day was defined as the day of the year
corresponding to the annual maximum freezing depth. FPT and MPT respectively represent the durations of the freezing and
thawing stages, while FDT denotes the total annual duration of frozen conditions.

Collectively, these indicators capture the formation, development, and thawing processes of SFG, maintain temporal
continuity and physical consistency, and provide a robust basis for subsequent analyses of freeze-thaw dynamics and lagged

responses under extreme heat events (Zhao et al., 2022).
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2.2.2 Identification of Extreme Heat Events

The percentile threshold method is widely recognized as an effective approach for identifying extreme heat events in climate
research (Sulikowska and Wypych, 2020). Unlike fixed-temperature criteria (e.g., 35 °C), the percentile-based method
mitigates underestimation of extremes in cooler plateau regions and simultaneously accounts for spatial heterogeneity and
temporal continuity, making it well-suited to the complex topography and pronounced climatic variability of the QTP
(Brunner and Voigt, 2024; Di Napoli et al., 2019).

Using 1981-2010 as the climatological baseline, a 31-day moving window (15 days before and after each calendar day) was
applied to the daily mean temperature series to calculate the 90th percentile (P90) as the daily extreme heat threshold. During
the study period, an extreme heat event was defined when daily maximum temperatures exceeded the corresponding P90 for
at least three consecutive days.

For each event, key characteristics, including onset and end dates, duration, and intensity, are further extracted to describe
the frequency, persistence, and thermal magnitude of extreme heat events. Here, the temperature of extreme days refers to
the observed daily maximum temperature during days identified as extreme heat events, and representative temperature
levels (10 °C, 15 °C, 20 °C, 25 °C, and 30 °C) were selected to characterize lag-response patterns under different extreme
heat conditions. Daily heat intensity was defined as the exceedance of observed temperature above the corresponding
threshold, and the cumulative heat intensity of an extreme heat event was calculated as the sum of daily exceedance values
during the event period. This framework effectively captures the spatiotemporal variability and evolution of extreme heat

under the complex topographic conditions of the QTP (Barriopedro et al., 2023).

2.2.3 Distributed Lag Non-linear Model-Explainable Artificial Intelligence (DLNM-XAI) Model

To quantitatively identify the maximum lag time of SFG on the QTP in response to extreme heat events, and to reveal the
dominant driving factors and their interactive mechanisms, this study constructs a Distributed Lag Non-linear Model-
Explainable Machine Learning (DLNM-XAI) research framework. This framework jointly accounts for temporal lag effects,
nonlinear responses, and multi-factor coupling characteristics (Gasparrini and Armstrong, 2013), enabling characterization
of the dynamic thermal response and lagged driving mechanisms of SFG under extreme heat conditions on the QTP.
Extreme heat impacts on SFG are characterized by delayed thermal adjustments and nonlinear responses caused by
subsurface heat storage and freeze-thaw processes. Traditional sinusoidal or phase-lag models generally assume stationary
periodic variations with fixed lag structures, which are effective for representing seasonal cyclic changes but are less suitable
for capturing event-driven, nonlinear, and temporally evolving responses to short-term thermal extremes. In contrast, the
responses of freezing depth and freeze—thaw timing to extreme heat events may exhibit threshold effects, asymmetric lag
durations, and cumulative thermal influences that evolve dynamically over time.

In the lag effect analysis, the Distributed Lag Nonlinear Model (DLNM) simultaneously quantifies the effects of a climatic

exposure variable across both intensity and temporal dimensions (Gasparrini, 2014). The term “distributed lag” refers to the
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influence of a single extreme heat event being distributed across multiple subsequent time periods rather than occurring at
one fixed lag time. This framework, therefore, allows the cumulative effects of extreme heat to evolve dynamically over time
and is well suited for investigating delayed freeze-thaw responses in SFG under short-term thermal disturbances (Gasparrini
et al., 2017; Neophytou et al., 2018).

In the DLNM model, extreme heat intensity is treated as the exposure variable, and freezing depth as the response variable.
Using a cross-basis function, smooth functions are fitted along both the exposure and lag dimensions, allowing the model to
characterize the nonlinear effects of heatwaves on freezing depth across varying intensities and lag times. To isolate the
effects of extreme heat from other environmental influences, several hydrothermal covariates potentially affecting freeze-
thaw processes were included in the modeling framework, including precipitation, snow depth, soil moisture, and surface
energy fluxes. These variables were incorporated as control factors to reduce confounding effects. The framework permits
lagged effects to decay or accumulate nonlinearly over time, realistically reflecting the delayed response and “thermal

memory” of the frozen layer. Model is expressed as:

Y, =a+ch(X,;p +zpls( )*e, )
k=1
b(x,1B) = X348, (X)), (1) @
i=1j

7

where Y, represents the freezing depth on day?, and X, denotes the extreme heat intensity on the same day. The term
cb(X,;B)is the cross-basis function, while S (Zk,,)represents a smooth function of the k —t4 environmental covariate at
day 7, used to control for potential confounding effects. Here, Z;, includes hydrothermal variables potentially affecting
freeze-thaw processes, including precipitation, soil moisture, snow depth, and sensible and latent heat fluxes. &, is an
independently and identically distributed error term. B, (X, )and C, (/) represent the basis functions for the exposure and lag

dimensions, respectively; Z is the maximum lag (set to 30 days in this study), and £3; denotes the corresponding coefficient

matrix.
The Explainable Artificial Intelligence (XAI) component was developed based on the Light Gradient Boosting Machine

(LightGBM) and SHapley Additive exPlanations (SHAP) frameworks. This approach explicitly accounts for nonlinear
relationships and interaction effects among variables, and quantitatively assesses the contributions and directional influences
of environmental variables on variations in lag time. LightGBM is an improved algorithm derived from the Gradient
Boosting Decision Tree (GBDT) framework. By adopting histogram-based split optimization and a leaf-wise tree growth
strategy, LightGBM enables efficient nonlinear regression modeling (Friedman, 2001). It excels at handling high-
dimensional climate datasets, automating feature selection, and providing high computational efficiency (Hajihosseinlou et
al., 2023; Ke et al., 2017), and has been widely applied in climate prediction, land surface modeling, and permafrost
dynamics analysis. In this study, input variables included the number of extreme heat days, soil moisture, latent heat flux,
mean annual snow depth, and soil composition, while the output was the maximum lag time. Based on the LightGBM model,

the SHAP method was introduced to conduct interpretability analysis (Mi et al., 2020). Grounded in game theory, SHAP
9
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computes the average marginal contribution (Shapley value) of each feature across all possible combinations, quantifying
both the magnitude and direction of its effect on model predictions (Van den Broeck et al., 2022). This approach not only
elucidates the influence of individual factors but also reveals feature interactions and nonlinear dependencies, providing a

mechanistic explanation for the spatial heterogeneity and governing processes of lagged responses.

3 Results and Analysis
3.1 Spatiotemporal Patterns of Extreme Heat Events

Since 2000, extreme heat events on the QTP have exhibited a clear trend of expansion in spatial extent, increase in frequency,
and intensification in magnitude (Fig.3). Most regions of the Plateau experience at least one extreme heat event (> 3 days)
per year on average, indicating that extreme thermal disturbances have become a persistent component of the regional
climate regime.

From a spatial perspective, extreme heat events exhibit a distinct decreasing gradient from the southeast toward the
northwest. Plateau’s southeastern areas, including southeastern QTP, the Nujiang Valley, and southern Qinghai, experience
approximately 20 hot days per year, with a cumulative intensity reaching 35 °C. In contrast, the central-northern regions,
such as Qiangtang and the northern foothills of the Kunlun Mountains, experience fewer than 5 hot days per year, with a
cumulative intensity of about 10 °C (Fig.3a, b). This gradient pattern is primarily controlled by topographic relief, latitudinal
variation, and radiative flux, reflecting the spatial heterogeneity of surface energy input. Temporally (Fig.3c, d), both the
frequency and intensity of extreme heat events increased significantly from 2000 to 2024, with a particularly sharp rise
observed in recent years (2021-2024). The year 2022 marked the peak, when southeastern regions experienced more than 30
hot days, with a cumulative intensity of approximately 80 °C.

Overall, extreme heat events over the QTP show pronounced spatial contrasts, with higher occurrence and intensity in the
southeastern region and much weaker signals toward the northwest, together with a clear intensification over recent decades.
Within the SFG region, high-frequency regions are mainly concentrated in the Hengduan Mountains and adjacent
southeastern plateau areas (Fig.3a, b), where extreme heat events occur more frequently and exhibit higher cumulative

intensity than the plateau average. These patterns reflect the combined influences of regional warming, anomalous

atmospheric circulation, and enhanced surface energy absorption.

10
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Figure 3: Spatial and temporal patterns of extreme heat events on the Qinghai-Tibet Plateau (2000-2024): (a) Annual number of
extreme heat days (days yr™); (b) annual cumulative intensity of extreme heat events (°C); (c) temporal variations in annual
number of extreme heat days across the QTP and high-frequency regions; (d) temporal variations in annual cumulative intensity
across the QTP and high-frequency regions

3.2 Freeze-thaw processes of seasonally frozen ground

Monthly data from 69 stations covering 2000-2015 were used for Pearson correlation analysis, yielding 2702 valid
observations after removing abnormal and missing records. The results show a strong positive correlation between simulated
and observed monthly maximum freezing depth (R = 0.77), indicating that the interpolation scheme effectively captures the
temporal evolution and spatiotemporal patterns of freezing depth. Although a systematic bias is present (Bias = 39.79 cm)
and the RMSE is approximately 54.01 cm, the errors are primarily characterized by a consistent offset rather than random
fluctuations (Fig. A1). This suggests that the model performs reliably in representing relative variations and overall trends.
Therefore, the simulated results remain suitable for analyses focusing on trend-based lag response characteristics. It should
be noted that correlations vary seasonally: during the fully thawed period (June-August), coefficients are lower than in the
freezing season (October-April), with February reaching as high as 0.8. This pattern reflects freeze—thaw dynamics that
predictions near zero during the fully thawed period are conservative, reducing correlation.

Based on the predicted freezing depth, the analysis shows that the freezing depth exhibits a characteristic unimodal annual
pattern, rising rapidly during January and February to reach a maximum of approximately 224 cm in March. As air

temperatures increase, the freezing depth gradually decreases to a minimum between June and August, before rising again

11
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after September (Fig.4a). Spatially, taking March as an example, the mean frozen layer exhibits a pronounced gradient
influenced by topography, elevation, air temperature gradients, and surface conditions (Fig.4b), with deeper layers
concentrated in the central Plateau and shallower layers along the margins. Regions exceeding 200 cm, including the
Tanggula Mountains, Kunlun Mountains, and Qiangtang Plateau, are confined to the central and northwestern Plateau,
whereas freezing depths generally remain below 50 cm in the southeastern Plateau and major river valleys. These spatial
patterns are generally consistent with the plateau-scale assessment of SFG dynamics reported by Ji et al. (2026)., who
similarly identified deeper freezing depths in the high-elevation central and northwestern Plateau and shallower freezing in
southeastern and valley regions using a sinusoidal heat-transfer model. Although differences in absolute values may arise
from methodological differences, the strong agreement in regional spatial patterns suggests that the interpolation-based

approach used in this study can reliably capture large-scale variations in freezing depth across the QTP.
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Figure 4: Freezing depth on the Qinghai-Tibet Plateau during 2000-2021: (a) Monthly mean freezing depth averaged; (b) spatial
distribution of mean freezing depth in March

The freeze-thaw cycle is seasonal and periodic, with freezing in autumn-winter and thawing in spring-summer. SFG
typically begins freezing in late October, with an average FPT of approximately 134 days. Maximum freezing depth (MFD)
is generally reached in early to mid-March, followed by an MPT of approximately 59 days, ending around mid-May,
yielding a mean annual FDT of approximately 192 days (Table 2).

Table 2. Statistics of freeze-thaw indicators (2000-2021)

Indicator FSD FPT MFD_day
Days 301.4426.6 134.1426.7 75.2+£16.6

Indicator TPD TMD FDT
Days 58.7+19.4 132.64+26.2 191.7+36.1

Freeze-thaw indicators of SFG on the QTP exhibit pronounced regional differentiation. Freezing generally initiates earlier in

the western Plateau such as the Gangdise and Karakoram Mountains, while eastern regions experience a delayed onset
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including parts of the Hengduan Mountains (Fig.5a). Spatial gradient of thawing end dates is opposite, with earlier thawing
occurring in the southeastern regions (Fig.5b). Both the FDT and MFD show high spatial consistency, with long-lasting
frozen layers primarily distributed in the central and western cold regions (Fig.5b, ¢).

The spatial pattern of the freeze-thaw process reflects the combined influences of climatic gradients, topography, and surface
energy balance. In high-altitude areas, low temperature and radiation deficit dominate the persistence of freezing, whereas in

low-altitude regions, abundant heat input and weak snow cover lead to earlier thawing and shorter freezing periods.
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Figure 5: Spatial distribution and temporal variations of freeze-thaw process on the Qinghai-Tibet Plateau (2000-2021)
3.3 Model uncertainty and validation

To assess the influence of input data uncertainty, model structural assumptions, and scale-related differences on the
estimation of lagged effects of extreme heat events, uncertainty analyses were conducted from three aspects: data
perturbation, model robustness, and regional applicability of the methods.

At the data level, freezing depth was derived from interpolated multi-layer soil temperature profiles and thus inevitably
contains uncertainties. To assess the sensitivity of lag-time estimates, two perturbation schemes were designed, including
difference perturbations (+5, £10, £15, and +20 cm) and proportional perturbations (+0.01, £0.02, and +£0.05) (Ryan et al.,
2018). The results show that the correlation coefficients between perturbed and original lag times all exceed 0.80 (with

averages of 0.94 for difference perturbations and 0.85 for proportional perturbations), and all pass significance tests. This
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indicates that uncertainties in freezing depth do not substantially alter the spatial patterns or relative magnitudes of the
lagged response.

At the model level, the performance of the DLNM was evaluated using residual diagnostics, including Q-Q plots, residual
distributions, and observed—fitted comparisons (Gasparrini et al., 2017). As shown in Fig.6, the Q-Q plot (Fig. 6a) indicates
that model residuals are approximately normally distributed, although slight deviations occur at the tails, suggesting
moderate uncertainty under extreme conditions. The residual-versus-linear-predictor relationship (Fig. 6b) shows no
pronounced systematic structure across most prediction ranges, while residual variability increases when the linear predictor
becomes large, indicating increased uncertainty at greater freezing depths. The residual histogram (Fig. 6c¢) further
demonstrates that residuals are centered near zero with an approximately symmetric distribution. In addition, the comparison
between residuals and fitted values (Fig. 6d) suggests that model errors remain relatively stable across most fitted ranges,
although uncertainty slightly increases near the upper limit of freezing depth (approximately 2.5 m). Overall, these
diagnostic results indicate that the DLNM adequately captures the lag-response structure of SFG to extreme heat events,

while retaining acceptable robustness for regional-scale lag analysis.
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Figure 6: Uncertainty and diagnostic analysis results of the DLNM model

Regarding regional applicability, the use of pixel-scale data limits the ability to resolve local influences such as topography,

snow cover, and vegetation heterogeneity on soil thermal processes (Ye et al., 2025), which may introduce biases in complex

14



310

315

320

325

330

https://doi.org/10.5194/egusphere-2026-2202
Preprint. Discussion started: 27 May 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

terrain. Nevertheless, regional-scale analysis remains effective in capturing the dominant spatial patterns of lag effects (Gao
etal., 2021).

Overall, the results from multiple perturbation experiments and model diagnostics demonstrate that the identified lagged
responses of SFG are robust. The observed spatial heterogeneity is primarily driven by extreme heat forcing and soil

hydrothermal processes, rather than by input uncertainties or model perturbations.

3.4 Lagged response characteristics of freezing depth to extreme heat events

This study examines extreme heat events and quantifies the magnitude and spatial variability of changes in freeze-thaw
indicators under extreme heat conditions using anomaly-based analysis, in which response magnitudes are calculated as the
differences between indicators under non-extreme-heat and extreme-heat conditions. When extreme heat events occur within
one month prior to the TMD or FSD, the TMD is advanced by an average of 3.28 days, whereas the FSD is delayed by
approximately 1.14 days. Substantial temporal variability exists (£10.18 and +£24.8 days, respectively). Moreover, the
magnitude of these timing shifts scales with the duration of extreme heat: each additional extreme heat day advances the
TMD by roughly 3.02 days and delays the FSD by about 1.52 days (Fig.7a, b), indicating that extreme heat accelerates the
thawing process more strongly than it suppresses freezing initiation.

Ground-based observations further confirm that the MFD during months affected by extreme heat events is consistently
shallower than during non-heat months (Fig.7c). MFD’s reduction correlates closely with the number of heat days: each
additional extreme heat day reduces MFD by approximately 1.12 cm on average (Fig.7d). These findings collectively
demonstrate that extreme heat accelerates the shallowing of the seasonal frozen layer, disrupts thermal stability, and
amplifies the sensitivity of the Plateau’s permafrost environment to short-term thermal perturbations.

The observed shifts in FSD, TMD, and FPT suggest that short-duration extreme heat events can alter seasonal freeze-thaw
dynamics in addition to long-term climatic warming. And the differences in lag responses among regions further indicate
that local hydrothermal conditions, such as snow cover, soil moisture, and surface energy exchange, regulate the persistence
of thermal disturbances in frozen soils. These findings highlight the importance of considering lagged thermal adjustments

when interpreting frozen-ground dynamics and representing freeze-thaw processes under increasing climate extremes.
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Figure 7: Response of the freeze-thaw process of seasonally frozen ground to extreme heat events on the Qinghai-Tibet Plateau

In addition, after accounting for hydrothermal covariates, extreme heat remained significantly associated with reduced
freezing depth. This study explicitly characterizes a three-stage response pattern of SFG, comprising a rapid initiation phase,
a delayed peak response, and a gradual recovery phase. On the one hand, the frozen-ground system exhibits both cumulative
response and recovery capacity under short-term thermal perturbations. Freezing depth begins to show a noticeable response
within 5-10 days after the occurrence of extreme heat, reaches its maximum lagged effect around 15-25 days, and then
gradually weakens and stabilizes (Fig.8). On the other hand, intense heat extremes trigger stronger and more localized
perturbations in the shallow frozen layer, with a pronounced intensity dependence: higher-intensity events are associated
with greater reductions in freezing depth and earlier peak responses. By comparison, moderate heat events produce more

spatially diffuse but slower responses, characterized by delayed peaks and prolonged durations.
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3D Lag Effect Diagram
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Figure 8: Lagged response of freezing depth in seasonally frozen ground to extreme heat events on the Qinghai-Tibet Plateau: (a)
Three-dimensional lag-response surface between freezing-depth change, lag time, and temperature of extreme heat days; (b-f)
Lag-response curves of freezing depth under representative extreme heat temperatures (10 °C, 15 °C, 20 °C, 25 °C, and 30 °C,
respectively)
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These lagged responses suggest that SFG responses to extreme heat are not instantaneous, but exhibit delayed thermal
adjustments over subsequent days to weeks. This finding highlights the importance of subsurface heat storage and gradual

energy redistribution in regulating freeze-thaw dynamics under short-term thermal disturbances.

4 Discussion
4.1 Physical basis of lagged thermal responses

Studies in the QTP and other high-latitude SFG regions show that heatwaves and extreme heat events alter freeze-thaw
processes by enhancing surface energy fluxes, regulating soil moisture, and modifying snow cover conditions, which
ultimately delay FSD, advance TMD, and shorten FPT (Chen et al., 2023; Chen et al., 2025). Since 2000, the freezing
duration of SFG on the QTP has significantly shortened, and in years with frequent extreme heat events, heatwaves
contribute approximately 6.6%-13.6% to seasonal thaw depth (Zhu et al., 2024). These findings suggest that the impacts of
extreme heat on SFG are not instantaneous but involve delayed adjustments in subsurface thermal conditions (Dong et al.,
2021).

The lagged response of SFG primarily originates from the thermal inertia of frozen soils and the relatively slow propagation
of heat within the soil profile. Extreme heat events first alter near-surface thermal conditions and surface energy partitioning,
after which heat propagates downward through soil thermal conduction (Li et al., 2021). Because subsurface soils require
time to absorb, store, and redistribute thermal energy, the response of freezing processes often lags behind atmospheric
warming. In particular, latent heat consumption during soil ice phase transitions requires substantial energy input for melting
rather than temperature increase, thereby buffering rapid temperature changes and delaying thermal responses in the frozen
layer (Tubini et al., 2021).

Compared with permafrost regions in the Arctic and other high latitudes, where lag times are typically 10-20 days (Batir et
al., 2017), SFG on the QTP generally exhibits longer lagged responses exceeding 20 days (Fig. 8). This difference is likely
associated with the Plateau’s distinct continental and arid-cold climate, which shapes its hydrothermal conditions. The
relatively high soil moisture variability and complex subsurface conditions on the QTP prolong heat transfer and enhance
thermal storage within soils (Nitzbon et al., 2023). Together, these processes contribute to stronger thermal inertia and
delayed responses of SFG to short-term thermal extremes.

Overall, the observed delay in freeze-thaw responses suggests that extreme heat events can influence frozen-ground
dynamics beyond the timing of atmospheric forcing itself. Such delayed thermal adjustments imply that short-term climate
extremes may contribute to seasonal frozen-ground variability in addition to long-term climatic warming, highlighting the

importance of considering lag effects when interpreting freeze-thaw dynamics under increasing climate extremes.
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4.2 Environmental controls on lagged responses

Although lagged responses to extreme heat are observed across the QTP, their magnitude and persistence vary considerably
among regions (Fig.1, Fig.7a, b). Such regional differences are primarily associated with variations in hydrothermal
conditions, surface energy exchange, and topographic environments, which jointly regulate subsurface heat storage and
transfer processes (Chang et al., 2024; Harp et al., 2016).

The DLNM-XALI results indicate that the most influential factors include the duration of extreme heat events, snow depth,
soil moisture, latent heat flux, and sensible heat flux (Fig.9a). Contrary to the conventional expectation that more intense or
prolonged heat events tend to induce longer lagged responses (Decharme et al., 2013), lag time exhibits a negative
relationship with the duration of extreme heat events and mean temperature exhibits a nonlinear response characterized by
“amplification under moderate warming and attenuation under extreme heat” (Fig.9b, g). This behavior is likely associated
with the thermal saturation mechanism of SFG (Gouttevin et al., 2012): moderate warming tends to enhance land—
atmosphere thermal gradients and prolong lagged responses, whereas excessively strong warming may promote more rapid
subsurface thermal adjustment, leading to shorter lag duration.

Snow cover exerts an important control through its combined insulation and radiative effects (Paquin and Sushama, 2015).
Thick snow layers reduce conductive heat transfer between the atmosphere and soil while increasing surface albedo, thereby
weakening effective ground heating and prolonging thermal adjustment processes (Damseaux et al., 2025; Pongracz et al.,
2021). This mechanism is broadly consistent with the occurrence of longer lag durations in snow-rich and high-altitude areas
of the Plateau.

Soil moisture influences lag duration through competing thermal mechanisms (Fig. 9¢). Under relatively dry conditions, low
thermal conductivity limits downward heat transfer and traps thermal energy near the surface, delaying subsurface responses.
As soil moisture increases, enhanced thermal conductivity promotes heat propagation into deeper soil layers. At the same
time, greater latent heat exchange associated with soil freeze-thaw transitions increases energy storage through phase-change
processes, which may further extend lag duration (Gonzalez-Rouco et al., 2021; Shirazi et al., 2009; Wang et al., 2025).
These interactions suggest that the effect of soil moisture on lag duration is inherently nonlinear.

Meanwhile, the partitioning of surface energy fluxes further modulates the persistence of lagged responses (Fig.9d, f).
Humid conditions generally enhance latent heat flux and accelerate energy dissipation through evaporation and phase-change
processes, thereby reducing subsurface heat storage and shortening lag duration (Zhang and Sun, 2011). In contrast, dry and
cold conditions suppress latent heat exchange and favor sensible heat accumulation, increasing heat retention near the

surface and prolonging delayed thermal responses (Pradhan et al., 2019).
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Figure 9: Dominant drivers of the maximum freezing-depth response to extreme heat on the Qinghai-Tibet Plateau: (a) Relative
410 importance of environmental variables derived from SHAP values; (b-g) dependence relationships between lag duration and key
environmental factors

Collectively, regional differences in lag duration are governed by coupled interactions among snow cover, soil hydrothermal
conditions, surface energy exchange, and atmospheric forcing. For example, the Hengduan Mountains exhibit relatively long
lag durations, potentially associated with rugged terrain, shaded slopes, deep valleys, and vegetation cover that reduce direct
415 surface energy input (Hrbacek et al., 2021; Khan et al., 2021). Complex soil properties and high soil moisture may
additionally enhance latent heat absorption and thermal buffering, contributing to prolonged thermal responses in this region
(Beer et al., 2018). These findings indicate that the persistence of SFG responses to extreme heat depends not only on the
intensity of thermal forcing but also on local environmental conditions, which regulate how thermal disturbances are stored,

transferred, and dissipated within frozen soils.

420 4.3 Limitations and future perspectives

This study characterizes the lagged responses of SFG to extreme heat events over the QTP using multi-source data and a
DLNM-XAI framework; however, several limitations remain.
First, the lag effect in SFG is fundamentally linked to soil ice content. Following surface heat input, energy is preferentially

consumed by phase change rather than directly increasing soil temperature (Duan et al., 2025). Owing to the lack of reliable
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large-scale observations of soil ice content, this study does not explicitly represent phase change processes or their regulatory
effects on lagged responses, and instead relies on proxies such as soil moisture. This limits the mechanistic interpretation of
the results. Future work should incorporate physically based freeze-thaw models or emerging data assimilation products to
better quantify the role of latent heat in heat transfer.

Second, the active layer of permafrost also undergoes seasonal freeze-thaw cycles (Zhu et al., 2022), and its response to
extreme climate events may share similarities with, but also differ from, that of SFG. Due to data constraints, this study does
not systematically examine permafrost processes. Future research should extend the analysis across different frozen ground
types (e.g., discontinuous permafrost, isolated patches, and sporadic permafrost) to enable comparative assessments in terms
of permafrost extent and thermal structure.

Third, although the integration of multi-source datasets facilitates regional-scale analysis, the coupling of data with
heterogeneous spatial resolutions may introduce uncertainties, particularly in regions with complex terrain or highly
heterogeneous land surface conditions, potentially leading to under- or overestimation of lag effects. In addition, freezing
depth is estimated from discretized soil temperature profiles using threshold-based methods, which may not accurately
capture the true position of freeze-thaw interfaces (Cohen et al., 2021). Future studies should prioritize consistent-resolution
datasets or apply scale-matching and downscaling approaches, together with improved interpolation methods, to enhance the

accuracy of freezing depth estimation.

5 Conclusions

This study integrated observational data, multi-source remote sensing products, and reanalysis datasets with a baseline-based
anomaly analysis and a DLNM-XAI framework to investigate the lagged responses of SFG to extreme heat events across the
QTP. For the first time at the regional scale, the spatiotemporal heterogeneity and lagged response patterns of SFG to
extreme heat events across the QTP are identified. The main conclusions are as follows:

(1) Extreme heat exerts significant impacts on the freeze-thaw dynamics of the QTP.

Extreme heat delays the freeze start day, advances the thaw end day, and accelerates the overall shallowing of freezing depth.
Under extreme heat events, TMD was advanced by an average of 3.28 days, while FSD was delayed by 1.14 days. At the
pixel/station scale, each additional day of extreme heat advanced TMD by 3.02 days, postponed FSD by 1.52 days, and
reduced the freezing depth by 1.12 cm on average. These results demonstrate that extreme heat significantly disrupts the
plateau’s freeze-thaw rhythm and alters its surface—subsurface thermal equilibrium.

(2) The response of freezing depth to extreme heat exhibits a robust nonlinear lag structure with marked spatial
differentiation.

At the regional-mean scale, the response of SFG on the QTP to extreme heat events typically follows a sequence of rapid
onset (approximately 5-10 days), lag amplification (approximately 15-20 days), and gradual recovery. However, the duration

of the lagged response varies substantially across regions. This spatial variability suggests that topographic and land surface
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conditions may regulate surface energy balance and subsurface heat transfer, thereby shaping regionally differentiated lag
characteristics in freezing depth responses.

(3) Lag duration is controlled by an integrated “soil condition-energy flux-climatic forcing” mechanism.

The timing and magnitude of lag effects are jointly determined by the duration of extreme heat events, snow depth, soil
moisture, and surface energy fluxes. Long-duration heat events accelerate shallow-layer warming and thermal saturation,
shortening lag times, whereas thick snow cover and higher soil moisture enhance latent heat buffering, prolonging lag
responses. Sensible and latent heat fluxes interact with soil moisture and temperature to modulate energy dissipation,
producing pronounced spatial heterogeneity. These soil thermal properties, energy transfer pathways, and atmospheric

forcings jointly shape the heterogeneous lagged response characteristics of SFG to extreme heat events on the QTP.

Appendix A. Additional validation of freezing-depth estimation

To further evaluate the reliability of the interpolation-based freezing-depth estimates and respond to concerns regarding
model bias, an additional comparison between observed and interpolated monthly maximum freezing depth was conducted
using data from 69 stations during 2000-2015 (Fig. Al). The comparison shows a strong positive correlation (R = 0.77),
indicating that the interpolation scheme effectively captures the temporal and spatial variability of freezing depth across the
QTP. Although a systematic positive bias is evident (Bias = 39.79 cm), the deviations are mainly characterized by a
relatively consistent offset rather than strong random dispersion. Given that this study primarily focuses on lag-response
timing, spatial variability, and relative freeze-thaw dynamics, the interpolation results are considered sufficiently reliable for

capturing large-scale trends in seasonal frozen-ground responses to extreme heat events.
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Figure Al. Scatter plot between observed and interpolated monthly maximum freezing depth across 69 stations during 2000-2015
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