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Abstract

Attributable complex systems can be classified into two categories: those with a main cause and those without.
The climate is an attributable complex system with a main cause, where CO2 concentration serves as the primary
fingerprint. The essential dynamics of climate change can be effectively captured through the representation of
CO:z concentration. In this study, we analyze global warming in detail, discovering that historical CO:
concentration data can be well described by exponential growth. Extending the simulation of CO2 concentration
changes from 2015 to 2500 within the framework of Shared Socioeconomic Pathways (SSPs), we observe a
transition from exponential growth to exponential decay in the later stages. To model this shift, we introduce a
modified exponential function. Additionally, by accounting for natural climate variability and examining the
correlation between global temperature anomalies and CO: concentrations, we find that this correlation becomes
evident only over the long term. Using this relationship and CO: concentration data, we generate predictions for

global temperature anomalies up to 2500, which can be compared with other models in the literature.
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Introduction

Global warming represents a significant challenge to Earth's ecosystem [1,2]. Extensive studies on climate
change, through observational detection and attribution, consistently underscore its anthropogenic origins [3-6].
The Intergovernmental Panel on Climate Change (IPCC) has synthesized observational data, concluding that
human emissions —particularly COz since the Industrial Revolution —are the primary drivers of climate change.
This consensus has spurred global efforts by scientists and policymakers to develop strategies for mitigating
climate change.

The climate system is a quintessential example of a complex system, evolving over time. Detecting,
attributing, and predicting climate change from the perspective of complex system theory is a key issue of public
concern. As we know, complex system theory has advanced significantly in recent years. Whitney first proposed
that high-dimensional systems often contain redundant information and that their essential dynamics can be
captured through low-dimensional representations [7]. In the context of detecting strange attractors in
turbulence, Takens introduced a theorem on delay embedding, suggesting that each time series variable in a
dynamical system can be used to reconstruct a low-dimensional representation, allowing for an isomorphic
reconstruction of the original system from a single time series [8]. As a result, low-dimensional representations
can serve as generalized predictors, enabling the identification of future dynamics in complex systems. Recently,
Wutao et al. generalized the concept of low-dimensional embedding for complex systems by combining feature
embedding with delay embedding, demonstrating the potential of this new approach for applications in

real-world systems [9]. Lucarini and Chekroun showed that response theory for nonequilibrium systems



provides the physical and dynamical foundation for the optimal fingerprinting method (OFM), and they
extended the OFM to the nonlinear response regime [10].

The detection, attribution, and prediction of climate change through the lens of complex system theory is an
area of intense interest. Beginning with the study of attributable complex systems, we classify complex systems
into two categories, demonstrating the existence of a specific category, termed the Attributable Complex System
with Main Cause (ACSMC). We argue that the climate system falls under the ACSMC category, with CO2
emissions as the primary driver and COz2 concentration as the forcing pattern. With this understanding, we can
approach global climate warming from a data-driven perspective.

Historical simulations play a crucial role in understanding future climate dynamics. The IPCC introduced
several Shared Socio-economic Pathways (SSPs) to project future greenhouse gas concentrations from 2015
onwards, spanning nine scenarios. Notably, SSP1-1.9 aligns closely with the Paris Agreement's 1.5°C target,
while other scenarios, such as SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5, are frequently emphasized in the
research community (see IPCC Sixth Assessment Report [2]).

Traditionally, climate change research has focused on understanding how greenhouse gases impact the
atmospheric energy balance and the physical mechanisms of the global carbon cycle. Due to the inherent
complexity of the system, accounting for every detail remains a challenge. However, by recognizing the system
as an Attributable Complex System with Main Cause, we propose an alternative, data-driven approach. By
analyzing historical CO2 concentration data, we will develop time-dependent parameter models and extend
these models to future projections across the five SSP scenarios.

In applying response theory for nonequilibrium systems to study climate change, it is essential to account
for natural climate variability. Global warming, defined as the long-term change in global average temperature
from 1850 to 2020, does not follow a consistent annual increase. Using historical data, we establish a linear
relationship between temperature anomalies and CO2 concentrations over extended periods (seven years or
more). By synthesizing these insights, we project global temperature changes up to the year 2500 under each SSP
scenario and compare these projections with global surface air temperature (GSAT) forecasts (for the period

before 2300) from other models in the IPCC Sixth Assessment Report (AR6) [2].

Data and Methods

Historical temperature anomaly data

The temperature anomaly data from 1880 to 2023 were obtained from NASA/GISS/GISTEMP [11]. This dataset
provides the 12-month running mean of temperature anomalies with a base period of 1880 to 1930. The data
source selected is the Global Historical Climatology Network version 4 (GHCN v4) and Extended Reconstructed

Sea Surface Temperature version 5 (ERSST v5).

Historical data on CO:2 concentration variation



The monthly-average atmospheric CO2 concentration data at Mauna Loa Observatory from 1958.3 to 2023.12

were obtained from the Scripps CO2 Program [12].

Historical data on CO: emissions per year

The data on CO2 emissions per year from 1850 to 2023 were obtained from the Global Carbon Project [13].
Data on future CO2 concentrations under five SSP scenarios

The data on future CO2 concentrations under five Shared Socioeconomic Pathways (SSP) scenarios from 2015 to

2500 were obtained from the Greenhouse Gas Concentrations dataset of The University of Melbourne [14].
Data on future warming under five SSP scenarios

The data on the change in global surface air temperature up to 2300 under five SSP scenarios were derived from

Figure 4.40 in Chapter 4 of the Sixth Assessment Report (AR6) [15].
Methodology

In this study, we used the non-linear least squares method to analyze observational data on CO2 concentration,
emissions, temperature anomalies, and their interrelationships. For each case, we determined the model
parameters and assessed the goodness of fit using the R-squared (R?) value. A two-sided p-value of < 0.001 was
considered as statistically significant; the p-value was calculated based on the F-statistic. Additionally, we

reported the root mean squared error (RMSE) for each simulation.

Results

1, Classification of Attributable Complex System

Using the response theory for nonequilibrium systems, the observables Y« (k=1,...,S) can be expressed as a linear
combination of response patterns
Yi = Yoy Xy, (k=1,...,S), (A)
where x; represents the M characteristics (or fingerprints), each associated with a distinct forcing factor. The
generality of this equation can be understood as follows: the interaction between these characteristics should
contribute second-order adjustments on the right-hand side of the equation. However, the additional M?
fingerprints can be eliminated through linear regression [10]. Equation (A) serves as a foundation for classifying
an attributable complex system. If the magnitude estimate
Y1/ ZxlYeel = 0 (D), (B)
(where 1Yil and |Ykl denote the magnitudes of Yi and Y, respectively) holds for some i, then the system is
classified as an Attributable Complex System with Main Cause (ACSMC). Conversely, if Equation (B) does not
hold for any i, the system is categorized as an Attributable Complex System without Main Cause (ACSN-C).
Given the established understanding that human emissions —particularly CO2 emissions—are the primary

drivers of global warming [3-6], we conclude that Equation (B) is satisfied for the climate system, with CO:



concentration serving as the main fingerprint.

We hypothesize that this classification framework for attributable complex systems will have wide
applicability in various domains, including quantitative social sciences, in addition to climate science. The
ACSMC satisfies Whitney’s embedding theorem [7], meaning its evolution can be captured through a
low-dimensional representation. On the other hand, for ACSN-C systems, predicting their evolution remains

highly challenging due to the lack of a clear primary cause.

2, Simulation of historical data for CO: concentration and the data from 2015 to 2500 in five SSP

scenarios

Simulation of historical data for CO: concentration The historical CO2 concentration data (Fig. 1a) can be
effectively modeled using exponential functions. The parameters of these exponential models are defined and
derived.
Using the exponential function
C=A-exp[B(t—ty)] + ¢y (A=055408,B =0.016581,c, = 258.61,t, = 1958), (1)
we accurately simulated the annual variation in CO: concentration from 1958 to 2023 at the Mauna Loa

Observatory (Fig. 1b).

220 | 420 F
a E;, O Observed
o 410f T 410F — Fitted
R 00| S apo| R*=0.9996, p < 0.001
2 | TE 3
S g 300 c & 390
5= g2
2 s 380 | £ < 380
S< 370 o= 870
o8 >0
5 € 30T @ E 360

@ o O
Jég 350 | z g 350
g8 w0 w® B 340

=3

< 3¥0r E 330

a ! I I ! L I N T T T i
1960 1970 1980 1890 2000 2010 2020 1960 1970 1980 1990 2000 2010 2020
Year Year

Fig. 1. Atmospheric CO: concentration from March 1958 to December 2023. (a) The Keeling Curve (The monthly-averaged data

from the Mauna Loa Observatory [12]). (b) Simulation of the annual variation in CO2 concentration.

Simulating CO: concentration from 2015 to 2500 in five SSP scenarios The time-dependent parameter
representation of CO:z concentration from 2015 to 2500 is derived using five Shared Socioeconomic Pathway (SSP)
concentration projections. Two distinct exponential functions are formulated for the early and late stages within
each SSP scenario.

Using the reduced-complexity climate-carbon-cycle model MAGICC7.0 [16], the historical CO:
concentration data is extended from 2015 to 2500. To obtain the time-dependent parameter representation for
each of the five scenarios, we generalize the exponential function based on the historical dataset and assume

C=a-expla(t—yo) = B(t—yo)*l, € [¥o,], (2a)
C=C,-exp[-y(t—y)], t€ly2500], (2b)



(where a and Cy are determined by continuity conditions of C at t=10=2015 and t=y), to simulate the concentration

as described in the literature [14]. The results are shown in Fig. 2 and detailed in Table 1.
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Fig. 2. Simulation of the CO: concentration from 2015 to 2500 in five SSP scenarios

Table 1 Best-fit parameters in simulation and related goodness R?

Scenario a a B A R?(2a) y y(x104) R?(2b)
SSP5-8.5 399.95 0.01462 1.3102x10° 2.1601 0.9957 2233 3.8142 0.9979
SSP3-7.0 399.95 0.01054 2.8431x10-¢ 2.3645 0.9973 2235 3.9860 0.9993
SSP2-4.5 399.95 -0.01048 -0.03365 0.8192 0.9741 2196 3.8818 0.9932
SSP1-2.6 399.95 -0.07201 -0.08954 0.9553 0.9487 2140 1.7408 0.9721
SSP1-1.9 399.95 -0.01015 -0.03086 0.7472 0.9903 2145 0.6379 0.8522*

* Note: R%(2b) for SSP1-1.9 lower than others may be due to the small value of y. The lack of uncertainty estimates in Meinshausen’s
concentration projection [14] should also be noticed.

By synthesizing simulations of both historical and projected CO: concentration data from 2015 to 2500, we
find that CO2 concentration follows two distinct time-dependent patterns. Before 2015 and after time y (with y
varying between 2140 and 2235 across the five SSP scenarios), the concentration follows a pure exponential
growth (with A=1). Between 2015 and y, the concentration follows a modified exponential function (with A=1).
Prior to 2015, the pure exponential model shows an increasing trend, while after y, it exhibits a decreasing trend.
The transition between these phases is governed by the modified exponential function, reflecting the influence of
socio-economic pathways and political conditions. Above analyses show that CO: concentration can serve as an

effective time series variable for reconstructing a low-dimensional representation of the complex climate system.
3, Prediction on temperature anomaly from CO: concentration data

The linear relationship between temperature anomaly and CO: concentration in the long term The correlation
between temperature anomalies and CO2 concentration is thoroughly examined, revealing a linear relationship
over extended periods. Temperature anomaly data from 1880 to 2023 are based on a 12-month moving average,
while monthly CO2 concentration data from 1958 to 2023 are sourced from measurements at the Mauna Loa
Observatory. Direct comparisons between immediate temperature anomalies and CO: concentration values are
not meaningful, as the physical correlation between climate change and CO:2 emissions becomes evident only

over the long term. After extensive statistical analysis, it is determined that "long term" refers to periods of data



averaging longer than seven years. All simulations should therefore follow this consistent long-term timeframe.
The following diagrams illustrate the relationship between temperature anomaly and CO: concentration
from 1958 to 2022, using one-year, seven-year, thirteen-year, and seventeen-year moving averages (with a
one-month step) (see Fig. 3). Notably, a high goodness of fit (R-squared value of 0.99) is achieved when using
seven-year or longer averaging periods. Thus, the linear correlation between temperature anomaly and CO:
concentration is best established over periods of seven years or more. The outcome of strong linear regression is
easily understood, as natural temperature fluctuations follow irregular 2-7 year cycles. Consequently, natural
climate variability can be accounted for in this study by employing a moving average method with a window of

seven years or more.
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Fig. 3. Relationship between temperature anomaly and CO: concentration. (a) one-year, (b) seven-years, (c) thirteen-years, and (d)
seventeen-years running mean (with step one month). Temperature anomaly data are taken from [11] and CO:2 concentration data
are taken from [12]. The solid line represents the linear regression.
Predicting global temperature anomaly To forecast global temperature anomaly T(Pred), we use its linear
relationship with CO2 concentration C, expressed as T(Pred)=kC+b. First, we validate this relationship using
historical data before applying it to assess both near-term and long-term scenarios.

Substituting Eq. (1) into the linear relationship between T(pred) and CO2 concentration, we obtain

T(Pred) = ki{A-exp[B(t —ty)] + co} + by, t €[1958,2023]. (3)

This equation is interpreted in the context of a seven-year or longer moving average, as discussed earlier.

The optimal values for k1 and b1 are provided in Table 2.

For both near-term (2015 to y) and long-term (from y to 2500) projections, we propose the following models

T(Pred) = kz{a . exp[cx(t —yo) — Bt — yo)’l]} +b,, te€[2015,y], (4a)



T(Pred) = kz{Cy cexp[—y(t — y)]} +b,, tE€ ][y, 2500], (4b)
where the parameters a, §, A, and y are provided in Table 1. The optimal values for k2 and b2, derived from
simulations of Eqgs. (4a) and (4b), are detailed in Table 2. Comparisons between T(pred) and projected
temperature anomalies from existing literature [15] are shown in Fig. 4.

Table 2 Parameters in relation of temperature anomaly with CO2 concentration

Scenario ki (C/ppm)* b1 (C)* k2 ('C/ppm) b2 (°C)
SSP5-8.5 0.0044 -0.61
SSP3-7.0 0.01070 3192 0.0061 -1.29
SSP2-4.5 (0.01072) (:3.202) 0.0087 -2.33
SSP1-2.6 0.0099 -2.81
SSP1-1.9 0.0075 -1.85

*All parameters are obtained in 7-year average except the values of k1 and b1 inside the parentheses in 2" and 3¢ columns of the
table which is obtained in 17-year average for comparison. We found there is litter difference between these two averages.
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Fig. 4. Changes of predicted temperature anomaly T(Pred) from 2015 to 2500 in five SSP scenarios. The solid lines, each
represented by a different color, correspond to T(Pred) (2015 to 2500) calculated from Egs. (4a) and (4b) in the five SSP scenarios.
Additionally, the projections of temperature anomalies up to 2300, sourced from Figure 4.40 in Chapter 4 of ARG, are represented

by small cycles [15]

Note that the above results of prediction on temperature anomaly in Fig. 4 can be largely improved when
the 99% confidence intervals of CO:2 concentration for each SSP scenario are considered and the continuity of the

path of concentration variation at time y is taken into account (see https://doi.org/10.21203/rs.3.rs-4495753/v2).

We have shown that the predicted temperature anomalies T(Pred) from 2015 to 2300 are basically consistent
with projections in the literature if the inherent uncertainty in the temperature anomaly projections is considered
(see Table 4.9 in [15]). Additionally, the present approach extends the GSAT forecast up to 2500. This predictive
framework provides valuable insights into the trajectory of global temperature anomalies, supporting proactive
measures to mitigate climate change impacts.

To summarize, our analysis shows that carbon dioxide concentration serves as an effective indicator for the
evolution of the climate system. Since high-dimensional systems often contain redundant information, with their
key characteristics potentially represented in lower-dimensional forms [7], our data-driven predictions of global
temperature anomalies indicate that low-dimensional embedding is a powerful approach for studying the

climate system. This method aligns with techniques commonly used in the analysis of other complex systems


https://doi.org/10.21203/rs.3.rs-4495753/v1

[8-10].
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