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Abstract

Land-use change (LUC)-induced carbon emissions (Eruc, defined as net carbon emissions and
removals) have accounted for approximately one-third of global anthropogenic carbon emissions since
industrialization. While its contribution has declined in recent decades, Eiuc still represents a
significant component of the global carbon budget, comprising 11% of anthropogenic emissions during
2012-2022. Land-based climate mitigation is essential for meeting the Paris Agreement’s climate
targets and has attracted growing scientific and political attention in recent years. The complex
temporal evolution of Eruc observed both globally and in China highlights land-use change as a key
lever for climate mitigation. Investigating Eruc allows for a deeper understanding of climate change
dynamics. In this study, we examine a classification framework for complex systems, distinguishing
those that are attributable with a dominant driving factor (attributable complex systems with main
cause, ACSMC) from those without. The essential dynamics of an ACSMC can be captured via its
low-dimensional representations—each time series variable within such a dynamical system can
reconstruct these representations. LUC, encompassing deforestation, urbanization, and agriculture
across varied regions and territories, collectively forms the optimal fingerprint for the system.
Demonstrating the existence of such an optimal fingerprint through simulations of Eruc over time
confirms that LUC behaves as an ACSMC. Additionally, we identify three distinct phases in the
temporal evolution of Eryc: an increasing phase prior to 1913, a transitional phase from 1913 to 1992,
and a declining phase after 1992. Currently in the third phase, we explore the relationships between
Eruc and temperature, conduct a detailed statistical analysis, and investigate how land-use change may
adapt to future warming.

KeyWords

climate change, carbon emission, (LUC)-induced, attributable complex system, optimal fingerprint,

adaption of land-use change.



1 Introduction

Land-use change (LUC)-induced carbon emissions (Eruc, defined as the net result of carbon emissions
and removals) have accounted for approximately one-third of global anthropogenic carbon emissions
since the onset of industrialization. Although their contribution has declined in recent decades, Eruc
still constitutes a significant portion of the global carbon budget, representing 11% of anthropogenic
emissions during 2012-2022 (Zhu et al. 2025; Friedlingstein et al. 2022). Given the central role of
land-based mitigation in achieving the Paris Agreement targets, Eruc has drawn increasing scientific
and political attention in recent years (Grassi et al. 2023). In this paper, we compile the temporal
evolution of Eruc across different regions and highlight the distinctive characteristics of land-use
change-induced carbon emissions.

Two distinct carbon accounting approaches have been used in the literature to characterize Eruc
over time (Zhu et al. 2025): the Integrated Biosphere Simulator (IBIS) within the DVGM framework
(Foley et al. 1996) and the bookkeeping Land-use Change Emissions (LUCE) model (Qin et al. 2024).
The climate system represents a paradigmatic example of a complex system that continuously evolves.
Detecting, attributing, and predicting climate change from the perspective of complex system theory
has therefore become a critical public concern. Complex system theory has advanced significantly in
recent years. Whitney first noted that high-dimensional systems often contain redundant information,
and their essential dynamics can be captured through low-dimensional representations (Whitney 1936).
Taking inspiration from the detection of strange attractors in turbulence, Takens introduced the delay
embedding theorem, which demonstrates that each observable time series variable of a dynamical
system can reconstruct a low-dimensional representation and hence produce an isomorphic
reconstruction of the full system from a single variable (Takens 1981). Consequently, low-dimensional
representations serve as generalized predictors capable of revealing future dynamics in complex
systems. More recently, Wu et al. (2024) extended the concept of low-dimensional embedding by
integrating feature embedding with delay embedding, thereby broadening the applicability of this
framework to real-world systems. Lucarini and Chekroun further demonstrated that response theory for
nonequilibrium systems provides the physical and dynamical basis for the optimal fingerprint method,
extending it into the nonlinear response regime (Lucarini and Chekroun 2024). Inspired by these
developments in complex system theory, we investigate the dynamics of Eryc in this paper.

In recent years, complex adaptive systems (CAS) have attracted considerable attention. These
systems are characterized by the interactions among large numbers of adaptive agents, and it is
precisely this adaptability that generates the observed complexity (Holland 1992). Within this context,
we explore the potential for thermal adaptation of LUC. By deriving the relationship between Eryc and

temperature, we analyze Eruc as a function of temperature — denoted Eruc(7) — and assess the
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possibility that Eryc may adapt to future warming. Such adaptation would imply a weaker positive
carbon—climate feedback in response to rising temperatures.

2 Materials and Methods

2.1 Carbon emissions data

Carbon emissions data are sourced from the supplementary materials of the Global Carbon Budget
(GCB) 2025 (Version 1.0) [Data set] (https://doi.org/10.18160/gcp-2025; accessed 10 November 2025),
which include both fossil fuel emissions and land-use change emissions (Friedlingstein et al. 2025).
The fossil fuel emissions data provide national-level estimates that comprise emissions from fossil fuel
combustion, oxidation, and cement production but exclude emissions from bunker fuels; however,
global totals do include bunker fuel emissions.

The land-use change emissions component relies on Eryc estimates derived from three models:
LUCE (Qin et al. 2024), BLUE (Hansis et al. 2015), and OSCAR (Gasser et al. 2020). The GCB
reported Eruc values correspond to the ensemble mean of these three model simulations.

2.2 Global surface temperature anomaly data

Global annual and monthly mean surface temperature anomalies (land and ocean combined) from 1880
to 2025, referenced to the 1880—1920 baseline, are obtained from NASA/GISS/GISTEMP v4
(GISTEMP Team, 2025: GISS Surface Temperature Analysis (GISTEMP), version 4. NASA Goddard
Institute for Space Studies. Dataset accessed 2025-12-27 at https://data.giss.nasa.gov/gistemp/; Lenssen
et al. 2024). The monthly anomalies were smoothed using locally weighted scatterplot smoothing
(LOWESS; Cleveland 1979) with a one-year window, yielding a degree of smoothing comparable to
that of a one-year running mean.

To characterize the temperature dependence more precisely, we examined the episodic peak
structures in the annual global mean temperature (AGMT) anomalies from January 1880 to November
2025. The series exhibits six discernible peaks between 1929.5 and 1950.7, followed by eighteen peaks
from 1950.8 to 2021.3. For the latter eighteen peaks, occurring between 1950 and 2021, we summarize
the mean ELUC and corresponding AGMT values for each interval in Table 1.

3 Results

3.1 The uniqueness of Land-use change (LUC)-induced carbon emissions (ELuc)
Fig. 1 compares the temporal evolution of fossil carbon emissions for the world and China from 1880
to 2024. Both trajectories exhibit a monotonically increasing trend. In contrast, Figs. 2a and 2b present
the net carbon emissions from land-use change for the world and China, respectively, over the same
period. These E_uc trajectories are far from monotonic: particularly after 1950, both global and Chinese
ELuc have undergone substantial changes and dramatic fluctuations whose amplitudes are comparable

to their mean values. Land-use change encompasses deforestation, urbanization, agriculture, and their

3



combined effects across different regions and territories. These results demonstrate that E uc is a
component of the global carbon cycle that is highly sensitive to anthropogenic activities (Friedlingstein

et al. 2022), making it a valuable handle for examining the complex problem of climate change.
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Fig. 1 Fossil carbon emissions by territory. Data are from Friedlingstein et al. (2025). National-level estimates

include emissions from fossil fuel combustion, oxidation, and cement production, but exclude international bunker

fuels; global totals incorporate all territorial emissions as well as bunker fuel emissions. Solid lines represent

LOESS-smoothed curves designed to guide the eye
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Fig. 2 (a) Comparison of net carbon emissions from land-use change between China and the global context. Data
are from Friedlingstein et al. (2025). Both the Chinese and global estimates represent the ensemble mean of the
three bookkeeping models BLUE, OSCAR, and LUCE. (b) Net carbon emissions induced by land-use change
within China during 1880-2024 as estimated by the three bookkeeping models. Solid lines depict

LOESS-smoothed curves that emphasize the overall trends
3.2 The law of EvLuc changing with time
The climate system exemplifies a complex system that evolves over time. Eryc can be regarded as an
attributable complex system with a dominant driver, and hence we assume that its essential dynamics
can be captured through suitable low-dimensional representations. Following Takens (1981), individual
variables from a time series can be employed to reconstruct such representations, providing insight into
the underlying dynamics. Figs. 3a and 3b present the evolution of Eruc in China from 1880 to 2024
based on the GCB ensemble simulation and the LUCE model simulation, respectively.

In the GCB simulation, the Eryc time series can be well approximated by a piecewise model
comprising three distinct segments. The first segment (1880—-1913) exhibits a linear trend with a

positive slope (R* = 0.99). The second segment (1913-1992) is best captured by a Gaussian peak
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function (R? = 0.64), while the third segment (1992-2024) returns to a linear trend but with a negative
slope (R? = 0.94). The LUCE-based simulation yields analogous results, with corresponding R? values
of 0.99, 0.63, and 0.85 for the three segments. These three phases respectively reflect an increasing

phase prior to 1913, a peaked (Gaussian-like) phase between 1913 and 1992, and a declining phase

after 1992.
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Fig. 3 Temporal evolution and segmented fitting of ELuc in China from 1880 to 2024. (a) Estimates are based on
the Global Carbon Budget (GCB), representing the ensemble mean of three bookkeeping models. The optimal fit is
composed of three segments: 1880—1913 (linear fit), 1913—-1992 (Gaussian fit), and 19922024 (linear fit), with
corresponding R? values of 0.99, 0.64, and 0.94. (b) Estimates are derived from the LUCE model (Qin et al. 2024)
as incorporated in the Global Carbon Budget 2025. The same three intervals yield R? values of 0.99, 0.63, and 0.85,
respectively

Notice: The comparison of net carbon emissions from land-use change between China and the
global context (Fig. 2a) highlights the similarity in Eryc evolution across different territories
worldwide.

Our findings can be compared with earlier simulations reported in the literature. Zhu et al. (2025)
employed two carbon accounting approaches over the period 1981-2020: the Integrated Biosphere
Simulator (IBIS) within the DVGM framework and the bookkeeping Land-use Change Emissions
(LUCE) model. Fig. 4 presents the IBIS and LUCE simulations of Eyryc for this interval, facilitating a

direct comparison with our results.
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Fig. 4 Simulations of land-use change-induced carbon emissions (ELuc) in China for 1981-2020 based on the IBIS
and LUCE datasets. Data are adapted from Figure 1 of Zhu et al. (2025); the original source does not provide data
for 1880-1980. (a) Eruc analysis derived from the IBIS model. Gaussian and Lorentzian fits yield R? values of

0.98 and 0.96, respectively. (b) ELuc analysis derived from the LUCE model. Gaussian and Lorentzian fits yield R?
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values of 0.98 and 0.97, respectively

3.3 Temperature dependence of EvLuc

Fig. 5 illustrates the relationship between China’s land-use change-induced carbon emissions (ELuc)
from 1880 to 2024 and the global annual mean temperature (AGMT) anomalies referenced to the
1880-1920 pre-industrial baseline. By combining the temporal evolution shown in Fig. 3 with the
temperature dependence in Fig. 5, we gain insight into how Epuc varies both with time and with AGMT.
For example, the current third phase of Eruc evolution corresponds to a regime in which Eruc
decreases as AGMT increases, observable along the right-hand side of the four panels in Fig. 5.
Notably, the generalization of ELuyc—AGMT relationships across regions beyond China remains an open

topic for future research.
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Fig. 5 Relationship between land-use change-induced carbon emissions (Eruc) in China (1880-2024) and annual
global mean temperature (AGMT) anomalies relative to the 1880—1920 pre-industrial baseline. Panels (a), (b), and
(c) present ErLuc estimations from the LUCE, BLUE, and OSCAR bookkeeping models, respectively. Panel (d)
shows the Global Carbon Budget (GCB) estimate, representing the multi-model mean of the three bookkeeping

models. Solid lines represent LOESS-smoothed curves to emphasize the underlying trends

3.4 Evruc statistical distribution changes with temperature

Fig. 5 shows that a given AGMT can correspond to multiple Eryc values, indicating a probabilistic
relationship between temperature and land-use change emissions. We denote the most probable Eruc
value at each AGMT by E'(AGMT), as depicted in Fig. 6a. For any infinitesimal increase in AGMT
(8T), the corresponding change in E’ is positive (OE' > 0) at the minima of the E'~AGMT curve,
reflecting the sensitivity of ErLuc to temperature variations. By setting 67 = 0.001 °C, we derive the

distribution of these minimal points as a function of AGMT, which is shown in Fig. 6b.
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Fig. 6 (a) The most probable ELuc value (£') as a function of AGMT. (b) Distribution of the minima of the £'-
AGMT relationship versus AGMT

3.5 Adaption of land-use change
We characterize the temperature response of Eruc through a Taylor expansion around a reference
temperature 7To:

— 1 dELuc (1)
Epuc(To) a7 lp=r,’

ELyc(T) = ELyc(To)[1 + b(T = Ty) + -1,

where T is expressed in °C, Eruc(7y) represents the baseline emission rate at 7y, and b captures the
normalized sensitivity of Eruc to temperature in the linear approximation. Thus, Eruc(7o) and bEruc(To)
correspond to the intercept and slope of the linearized temperature response, respectively.

From Section 3.3, we observe that Eryc decreases with AGMT in the regime AGMT > 0.4 °C,
with the negative trend stabilizing beyond AGMT > 0.9 °C. This indicates that a negative correlation
between Eruc and the AGMT gradient emerges only at higher temperatures when fitted by linear
regression. The proportional response of Eruc to a small temperature increment (67 = 0.001 °C),
denoted AEruc (7o), defines the temperature sensitivity parameter. Fig. 6b reveals that although the
dependence of AEryc (Tp) on AGMT is complex, it increases for AGMT > 0.5 °C. We quantify this
trend by regressing AEruc (7o) against AGMT:

AE; yc(Ty) = a; X AGMT, 2)
where a; is positive for Tp > 0.5 °C.

Similarly, we evaluate the baseline emissions’ dependence on AGMT via

Eruc(Ty) = a, X AGMT, 3)
with a, taking negative values for 7y > 0.4 °C.

In summary, during the third phase of Eruyc evolution, the emissions Eruc decrease with
temperature while the sensitivity parameter AELuc (7o) increases for 7o > 0.5 °C. The opposing signs of
a> and a; imply that although warming initially raises Eruc, this increase weakens as temperatures rise
further, potentially reverting toward pre-warming levels at an accelerated rate. Such stronger thermal

adaptation corresponds to a weakening of the positive carbon—climate feedback.

4 Discussions and Summary



4.1 Statistical investigation of the ELUC—temperature relationship
Our analysis reveals that Eryc decreases steadily with global mean surface temperature anomalies
(relative to the 1880—1920 baseline) once AGMT surpasses ~0.9 °C (Fig. 5). This pattern suggests that
Eruc begins to exhibit adaptive behavior only at relatively high levels of global warming. However,
owing to the considerable uncertainty in annual global temperature anomalies—stemming from a
multitude of climatic and non-climatic factors—further detailed statistical characterization of this
relationship is warranted.

To probe the ELuc—AGMT linkage in greater granularity, we focus on the temperature anomaly
peaks occurring between 1950.8 and 2021.3. As illustrated in the right-hand portion of Fig. 7, eighteen

such peaks are identifiable within this interval.
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Fig. 7 Monthly averaged temperature anomaly (1-year LOWESS smoothing) from January 1880 to November
2025. Six peaks are evident between 1929.5 and 1950.7, followed by eighteen peaks between 1950.8 and 2021.3

Given the large post-1950 fluctuations in Eruc shown in Figs. 2 and 3, we examine these eighteen

peaks and report their corresponding averaged Eruc values and AGMT anomalies in Table 1.

Table 1 Averaged Eruc values for each of the 18 temperature peaks (1950-2021) and the corresponding global

temperature anomalies

ELuc (GtC yr 1) (China)

Peak Period (Y.M-Y.M) AGMT(°C) LUCE BLUE OSCAR GCB
1 1950.08-1956.03 0.11 (+0.11) 0.25 0.32 0.17 0.25
2 1956.04-1960.02 0.12 (+0.11) 0.15 0.20 0.12 0.16
3 1960.03-1964.10 0.26 (+0.05) 0.19 0.26 0.12 0.19
4 1964.11-1968.06 0.10 (+0.07) 0.20 0.28 0.12 0.20
5 1968.07-1971.07 0.18 (+0.08) 0.23 0.32 0.13 0.23
6 1971.08-1974.05 0.15 (+0.13) 0.26 0.36 0.15 0.26
7 1974.06-1976.02 0.24 (+0.02) 0.24 0.33 0.15 0.24
8 1976.03-1978.09 0.17 (+0.13) 0.31 0.41 0.16 0.29
9 1978.10-1982.05 0.33 (+0.10) 0.24 0.33 0.13 0.23

10 1982.06-1985.03 0.43 (+0.06) 0.16 0.25 0.10 0.17
11 1985.04-1989.03 0.35 (+0.16) 0.13 0.21 0.10 0.15
12 1989.04-1993.03 0.55 (+0.07) 0.12 0.22 0.09 0.14
13 1993.04-1996.05 0.45 (+0.11) 0.13 0.24 0.06 0.14
14 1996.06-1999.09 0.55 (+0.16) 0.14 0.24 0.04 0.14
15 1999.10-2008.03 0.65 (+0.15) 0.06 0.12 -0.03 0.05
16 2008.04-2011.07 0.78 (+0.11) 0.03 0.05 —-0.02 0.02
17 2011.08-2018.02 0.83 (+0.20) 0.01 —-0.02 -0.05 —-0.02
18 2018.03-2021.03 1.09 (+0.09) —0.02 —0.07 -0.09 —0.06

Note: The GCB estimate represents the multi-model mean of the three bookkeeping models. The AGMT value reported in the
third column for each peak is computed as the sum of the baseline anomaly and the corresponding fluctuation.

Table 1 presents Eruyc averages over each of the 1950-2021 peaks alongside the AGMT anomalies

for the same periods. Notably, the interval spanning 1982.6—1989.3, which includes the 10th and 11th
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peaks, represents a transition period during which AGMT hovers around 0.5 °C. Prior to the 10th peak
(1982.6), the temperature anomalies oscillate around lower values, while after the 12th peak (1989.4)
the AGMT exceeds 0.5 °C. By combining the Eryc and AGMT data reported in Table 1, we reconstruct
the evolving statistical relationship between carbon emissions and temperature anomalies, effectively
providing the detailed instantiation of the ELuc—AGMT relationship shown in Fig. 5. Figure 8 displays
the ELuc—AGMT scatter for the 10th through 18th peaks (1982.6-2021.3), with linear regressions fitted

to each bookkeeping-model estimate as well as the GCB multi-model mean.
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Fig. 8 Relationship between China’s land-use change-induced carbon emissions (ELuc) and the global annual mean
temperature anomaly (AGMT) for the 10th through 18th peaks (1982.6-2021.3). Panels (a)—(c¢) correspond to
LUCE, BLUE, and OSCAR bookkeeping models, respectively, and panel (d) shows the GCB ensemble average.

Solid lines depict fitted linear relationships, with shaded areas representing 95% confidence intervals

4.2 Classification of attributable complex systems
In Section 3.2 we examined the essential dynamics of LUC, operating under the assumption that they
can be captured through low-dimensional representations. While LUC is clearly a complex system, it is
useful to further classify its nature within the framework of attributable complex systems. Using
response theory for nonequilibrium systems, observables Y (k=1,...,S) can be decomposed as

Ye = X0, % (k=1,...,5), 4)
where each x; represents one of M characteristic response patterns (or fingerprints), each associated
with a distinct forcing. Although interactions among these fingerprints may introduce higher-order
terms, such contributions can be absorbed or eliminated through linear regression (Lucarini and
Chekroun 2024). This decomposition underpins the classification of attributable complex systems: if

there exists an index i such that



YI/S5Y] = 0(D), )
then the system is identified as an attributable complex system with a main cause (ACSMC). Otherwise,
it is categorized as an attributable complex system without a main cause (ACSN-C).

Given the well-established role of anthropogenic (notably CO;) emissions as the dominant driver
of global warming, and acknowledging the central position of LUC within the carbon budget, we view
Eq. (5) as satisfied for the LUC subsystem. Deforestation, urbanization, and agriculture across different
regions collectively provide the dominant fingerprint of this system. The successful single-peak
segmentation of Epyc versus time (Fig. 3) confirms the existence of this fingerprint and supports the
interpretation of LUC as an ACSMC. We conjecture that this classification framework could have
broad applicability beyond climate science, for instance in quantitative social sciences. ACSMCs
satisfy Whitney’s embedding theorem (Whitney 1936), so their evolution can be reconstructed through
low-dimensional embeddings. By contrast, ACSN-C systems, lacking a clear dominant fingerprint,
remain inherently difficult to forecast.

4.3 Summary

Land-use change-induced carbon emissions (Eruc)—defined as the net of emissions and
removals—have contributed roughly one-third of global anthropogenic carbon emissions since the
onset of industrialization. The complex temporal evolution of Eruc observed both globally and in China
underscores its significance for understanding climate change and highlights land-use change as a key
lever for climate mitigation.

We interpret LUC as an attributable complex system with a main cause (ACSMC): the combined
effects of deforestation, urbanization, and agriculture across multiple regions act as the optimal
fingerprint for the system. The segmentation of Eryc evolution shown in Fig. 3 reveals three phases: an
increasing phase before 1913, a Gaussian-peak phase between 1913 and 1992, and a decreasing phase
after 1992.

During this third phase, we identify a negative correlation between Eruc and AGMT (for AGMT >
0.4 °C), indicative of Eruc adaptation at higher temperatures. Concurrently, the temperature sensitivity
parameter AEruc(7o) increases for 7o > 0.5 °C, reflecting an accelerating rate of Eryc decline with
warming. Table 1 further pinpoints the transition period between the 10th and 11th peaks (1982.6—
1989.3), when AGMT crosses 0.5 °C, suggesting that Eryc adaptation began around April 1989.
Through this adaptation, the initial Eryc amplification induced by warming can gradually subside or
even approach pre-warming levels over intermediate to long timescales, thereby attenuating the

positive carbon—climate feedback.
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