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Abstract Quantitative assessment of natural internal
variability and externally forced responses of Northern
Hemisphere (NH) temperatures is necessary for
understanding and attributing climate change signals
during past warm and cold periods. However, it remains a
challenge to distinguish the robust internally generated
variability from the observed variability. Here, large-
ensemble (70 member) simulations, Energy Balance
Model simulation, temperature ensemble reconstruction,
and three dominant external forcings (volcanic, solar, and
greenhouse gas) were combined to estimate the internal
variability of NH summer (June-August) temperatures
over the past 2000 years (1-2000 CE). Results indicate that
the Medieval Climate Anomaly was predominantly
attributed to centennial-scale internal oscillation,
accounting for an estimated 104% of the warming
anomaly. In contrast, the Current Warm Period is
influenced mainly by external forcing, contributing up to
90% of the warming anomaly. Internal temperature
variability offsets cooling by volcanic eruptions during the
Late Antique Little Ice Age. These findings have important
implications for the attribution of past climate variability
and improvement of future climate projections.

Keywords Common Era, Internal variability, Dark
Ages Cold Period, Medieval Climate Anomaly, Current
Warm Period

1 Introduction

Internal climate variability refers to inherent fluctuations
caused by processes within the climate system itself such
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as the El Nifio Southern Oscillation. Externally driven
climate variability is influenced by factors outside the
climate system include solar forcing, volcanic aerosols,
and anthropogenic greenhouse gases. Quantification of
the roles of internal variability and the externally forced
responses is useful in the assessment and attribution of
past and future atmospheric temperature fluctuations
(Steinman et al., 2015). However, there are substantial
uncertainties in their relative contributions, causing
vigorous debate over attribution analysis of the observed
temperature variability (Goosse et al., 2005).

The last two millennia represent ideal periods for the
quantification of internal variability, as they span periods
when natural forcing factors and human activities alter-
nately dominated the climate system and attribution of its
changes (Mann, 2007). Various methods are available for
estimating the effects of internal variability on the climate
system. For example, a proxy-reconstructed index of
internal variability over the Common Era (CE) can be
obtained by removing forced temperature responses
attributed to volcanic and solar forcings through linear
regression (Wangetal., 2017). However, nonlinear
responses to these forcings cannot be fully mitigated by
linear regression methods (Mann et al., 2022).

Climate model simulations provide another method for
the estimation of internal variability, with two primary
categories based on different simulation configurations.
1) The magnitude of internal variability can be estimated
on the basis of a control experiment with no external
forcing (Min et al., 2005); and 2) forced responses can be
estimated by arithmetic averaging across multiple
ensemble members using a single model with identical
external forcings but slightly different initial conditions,
followed by subtraction of the ensemble mean (the forced
responses) from each ensemble member to deduce
internal variability (Deser et al., 2020; Hawkins and
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Sutton, 2009; Suarez-Gutierrez et al., 2021; Tebaldi and
Knutti, 2007). However, climate models are not expected
to reproduce the phase of the observed internal variability
because of the inherent randomness of internally
generated variability (Marotzke and Forster, 2015).

Employment of a combination of observation data and
model simulations is an optimal approach to the
estimation of internal climate variability, considering that
they encapsulate both internal variability and externally
forced variability. When climate models yield accurate
estimates of forced responses, the observed internal
climate variability may be derived from the difference
between proxy observations and externally forced
variability, as simulated by climate models (Steinman
etal., 2015). Coupled Model Intercomparison Project
Phase 5 (CMIP5) climate simulations and various multi-
proxy reconstructions have been applied to describe
forced temperature variability over the past millennium
(Mann et al., 2022; Schurer et al.,, 2013; Wang et al.,
2022), albeit with inherent uncertainties due to the
variable climate sensitivities of CMIP5 models (Meehl
etal., 2005) and the imperfect proxy reconstructions
(Mann et al., 2022).

We utilized an ensemble simulation of summer
temperature anomalies in the Northern Hemisphere (NH)
over the past 2000 years, the global LOch-Vecode-Ecbilt-
CLio-aglsm Model-Large Common FEra Ensemble
(LOVECLIM-LCE) simulations including 70 ensemble
members with full forcings (Shietal., 2021), and
produced an ensemble reconstruction of NH summer
temperature anomalies based on the latest PAGES 2k
temperature database, version 2 (PAGES2k Consortium,
2017). Forced responses and internal variability were
explored through integration of model simulations and
proxy reconstructions to further quantify their
contributions to warm and cold periods in the NH
summer temperature anomalies throughout the past two
millennia.

2 Data and methods

2.1 Proxy-based reconstructions

The 1999 “hockey-stick” curve indicated a relatively flat
temperature trend over the last millennium, followed by a
sharp increase during the 20th century (Mann et al.,
1999), prompting extensive academic interest. Sub-
sequent NH temperature reconstructions have indicated
that both the shape and magnitude of temperature changes
over the last millennium have been influenced by the
reconstruction method and the chosen proxy data
(Christiansen and Ljungqvist, 2017). A fundamental
challenge in temperature reconstruction revolves around
the quality of proxy records. This involves addressing
complexities arising from weak low-frequency signals
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and seasonal signal mixing.

In 2017 CE, the PAGES2k consortium released a new
data set including 692 proxy records, representing the
most extensive spatial coverage to date (PAGES2k
Consortium, 2017). This data set was then employed in
2019 CE to reconstruct global annual mean temperature
anomalies using seven different methods. Among these,
the Optimal Information Extraction (OIE) method
excelled in extracting low-frequency signals, allowing for
clearer representation of significant multi-centennial
warm/cold periods such as the Little Ice Age (LIA) and
the Medieval Climate Anomaly (MCA) (Neukom et al.,
2019a). This performance was achieved by considering
the nonlinear process of proxy record response to climate,
based on Bayesian theory (Shi et al., 2021).

Moreover, most (59%) of the 692 records were tree-
ring chronologies responding mainly to growing-season
temperature, which directly impacts photosynthesis and
the formation of growth rings (Fritts, 1976). We
employed this data set and the OIE method to reconstruct
NH summer (June—August) mean temperature anomalies
over the last two millennia. To account for uncertainty in
the reconstruction process, we retained the calibration
process iteratively 1000 times. We also employed
traditional verification metrics such as the Reduction of
Error (RE), Coefficient of Efficiency (CE), and Root
Mean Square Error (RMSE) over an 1850-1950 CE
calibration period and a 1951-2000 CE verification
period to evaluate the accuracy of the reconstructions.
Detailed information about the data set and the OIE
method are provided by PAGES2k Consortium (2017)
and Shi et al. (2021).

Furthermore, we screened previous NH temperature
reconstructions to assess the accuracy and reliability of
OIE reconstruction. Screening criteria included annual
resolution and coverage of the last two millennia. Based
on these criteria, four reconstructions were selected:
Shil5 (Shi et al., 2015), Moberg05 (Moberg et al., 2005),
Christiansen12 (Christiansen and Ljungqvist, 2012), and
Biintgen21 (Biintgen et al., 2021).

2.2 Model-based simulations

The Last Millennium Ensemble (LME) simulation with
12 ensemble members was recently applied to estimate
internal variability over the last millennium (Mann et al.,
2022), based on the Community Earth System Model
(CESM), version 1.1 (Otto-Bliesner et al.,2016). No
other millennial model ensemble simulations have been
made available to date with such a substantial number of
members. However, the CESM-LME simulations, even
with 12 members, may not be sufficiently comprehensive
to accurately represent forced signals, with the
recommended sample size for robust estimation usually
involving more than 30 members (Milinski et al., 2020;
Ramachandran and Tsokos, 2014).
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We applied the LOVECLIM-LCE simulations with the
latest LOVECLIM version 1.3, which is a fully coupled
climate Earth-system model of intermediate complexity
(Goosse et al., 2010). The simulation included 70 indivi-
dual model runs spanning the past 2000 years, making it
the largest single-model ensemble of this period to date.
Consistent with Paleoclimate Modeling Intercomparison
Project Phase 4 (PMIP4) recommendations, the simula-
tion incorporated external forcings including volcanic
activity, solar activity, greenhouse gases, and astrono-
mical parameters. Each simulation began with a 1000-
year model run with no external forcing to establish the
initial spin-up. Further details of the LOVECLIM-LCE
simulations can be found in Shi et al. (2021, 2022).

2.3 Separation of forced and internal components

The linear regression method is often used to remove
forced responses from observed data, with the residual
considered as internal wvariability (e.g., Schurer et al.,
2013; Wang et al., 2017). Internal variability (77) is thus
calculated using Eq. (1), as follows:

Tr =Tr+T1, (D

where Tr is the proxy-based ensemble reconstruction
(OIE reconstruction) of NH temperature anomalies over
the past 2000 years, containing the externally forced
responses (Tr) and the internal variability (77).

One strategy for distinguishing the impact of external
forcings is using a large ensemble from a single General
Circulation Model (GCM) or multiple GCMs, with
internal variability being reduced by averaging across
different ensemble members (Deser et al., 2020; Schurer
etal., 2013).

Another involves using the Energy Balance Model
(EBM), which is a linear model accounting for linear
responses to various forcings, based on fundamental
physical principles. It simulates the balance of incoming
and outgoing radiation at the Earth surface and resulting
temperature changes (Mann, 2011; North et al., 1981) and
has been found to be highly effective in discerning NH
temperature responses to external radiative forcings
(Mann et al., 2014). Factors such as volcanic eruptions,
solar activity, and anthropogenic greenhouse gas have
been incorporated within the EBM framework to
calculate annual mean NH temperatures (Mann et al.,
2014). We applied this model but with data derived
specifically from the summer season rather than annual
mean.

The third strategy was also applied, combining the first
strategy and a multiple linear regression between main
external forcings and observed temperatures, as derived
from proxy reconstructions. The multiple linear
regression gauges the extent to which changes in external
forcings may fit temperature variability within a linear
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scaling framework (Knudsen etal.,2014; Wang et al.,
2017). The externally forced responses (7r, Eq. (1)) was
thus derived as follows:

Tr1 = a1 MEM, gypcLiv + @2, @)
Tr2 =B1EBM + 2, 3)

Tes =y1Fy+y2Fs+y3Fgug + YaMEM| gypcrim t 75 4)

The first estimate of the externally forced responses
(Tr1, Eq. (2)) was derived from linear regression of the
arithmetic Model Ensemble Mean (MEM) using the 70
members of the LOVECLIM-LCE simulations (Shi et al.,
2022) (MEMyovecLiv). The linear regression includes a
regression coefficient (a)) and a constant term (a;, the
intercept), which accounts for the offset between
simulated and reconstructed temperatures.

The second estimate (Tg;, Eq. (3)) was derived from
linear regression based on a zero-dimensional EBM
model including parameters B; and B, and was used
instead of the direct EBM output to account for the offset
between reconstructed and simulated temperatures. The
parameters were consistent with those of Mann et al.
(2014). External forcings in this model included volcanic
(Fy; Toohey and Sigl, 2017), solar (Fs; Vieiraetal.,
2011), greenhouse gas (CO,; Fgug; Meinshausen et al.,
2017), and aerosol (Fagr; Crowley, 2000) forcings. The
first three forcing data sets aligned with those utilized in
the LOVECLIM-LCE simulations (Shi et al., 2022), and
the aerosol forcing was the same as that used in the EBM
model (Mann et al., 2014).

The third estimate (Tw3, Eq. (4)) was generated by
execution of multiple regressions onto the first three
external forcings and the ensemble average from Eq. (2),
representing a combination of empirical and model-based
estimates. As with the previous methods, the constant
term ys was the intercept accounting for the offset
between simulated and reconstructed temperatures.
Aerosol forcing was excluded, as its effects on the EBM
model from 1870 CE onward had no effect on climate
prior to the industrial revolution (before 1850 CE). The
factors vy, y2, y3, and 7ys4 are regression coefficients
between proxy-based reconstructions (7r) and the
independent variables (Fv, Fs, Fgua, MEMLOVECLIM)-

All three methods (Tr—Tr3) were applied in estimations
of forced temperature responses. The internal variability
(T1) of NH temperature anomalies over the past 2000
years was then derived by subtracting the forced
temperature signals (Tg—TF3, Egs. (2)—4) from the proxy-
based temperature reconstruction (7x, Eq. (1)).

The primary objective of this study was to isolate
internal temperature variability from proxy-based
temperature records. To achieve this, the three methods
represented by Eqs. (2)—(4) were applied to estimate
forced temperature signals to be subtracted from proxy-
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based temperatures. Among these, Eq. (4) was deemed
optimal because it integrates both nonlinear influences of
external forcings in the MEM simulation and linear
influences of external forcings. A potential concern was
the issue of multi-collinearity, which can arise if
independent variables in multiple linear regressions are
highly correlated, possibly distorting the interpretation of
results. However, our analysis confirmed that correlations
among the different independent variables of Eq. (4)
never exceeded the threshold for collinearity (correlation
coefficient, < 0.7) specified by Dormann et al. (2013).
Multicollinearity thus posed no substantial concern.

3 Reconstructed and simulated NH
temperatures

Both reconstructed and simulated NH temperatures are
required to obtain the observed internal variability. The
OIE NH summer temperature reconstruction correlated
well with other widely used reconstructions spanning the
last two millennia (Fig.1). The robustness of this
reconstruction is highlighted by its high scores for key
metrics (RE = 0.79, CE = 0.57, and RMSE = 0.18).

Over the past 2000 years, the OIE NH summer tem-
perature reconstruction revealed three distinct stages. The
first millennium (1-1000 CE) was characterized by
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Fig.1 Comparison of proxy-based NH summer (June—August) mean
temperature anomalies (°C, OIE reconstruction) with previous
reconstructions based on tree-ring (Shil5, Shi et al.,, 2015; and
Biintgen21, Biintgen et al., 2021) and multi-proxy (Moberg05, Moberg
et al., 2005; and Christiansen12, Christiansen and Ljungqvist, 2012)
records. In (a), the gray line represents the median value of OIE
ensemble reconstruction; the black line is a 100-yr filtered version with
a cut-off frequency of [1/100]; red and blue lines represent cold and
warm periods, respectively, based on a 0.5 SD threshold. In (b), the
lines of varying colors represent the multidecadal version with cut-off
frequency range of [1/100, 1/30]. (c) Linear trends during the pre-
industrial period of 1-1850 CE. Anomalies were computed relative to
the base period of 1961-1990 CE. The 6th-order bandpass Butterworth
filter was used.
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several centennial warm periods, and the second millen-
nium was marked by several centennial cold periods
(1001-1849 CE, prior to industrialization), followed by a
rapid and unprecedented warming trend (1850-2000 CE,
since the industrial revolution) (Fig. 1(a)).

There were three historic notable warm periods, the
Roman Warm Period (RWP, 1-300 CE; Ljungqvist,
2010), the MCA (850-1150 CE; Masson-Delmotte et al.,
2013), and the Current Warm Period (CWP, 1919-2018
CE; Shietal,2021), and two cold periods, the Late
Antique Little Ice Age (LALIA, 536-660 CE; Biintgen
etal.,2016) and the LIA (1450-1850 CE; Masson-
Delmotte et al., 2013). We assessed the uncertainties of
the time spans of these warm and cold periods by
combining the OIE reconstruction with the four previous
reconstructions based on tree-ring (Shil5, Shietal.,
2015; and Biintgen21, Biintgen et al., 2021) and multi-
proxy (Moberg05, Moberg et al., 2005; and Christiansen
12, Christiansen and Ljungqvist, 2012) records. Although
three of the four reconstructions were calibrated to annual
mean temperatures rather than NH summer mean
temperatures, they were based mainly on tree-ring proxy
records reflecting conditions during the active summer
growing season. Thus, they should provide a reliable
indication of summer temperature trends.

We applied a threshold of 0.5 standard deviation (SD)
of temperature anomalies to define warm/cold periods for
all NH reconstructions (Figs. 2(a)-2(e)) and depicted
uncertainties of the time spans of these periods using box
plots (Fig. 2(f)). Time spans of the LIA (1450-1850 CE)
and CWP (1919-2018 CE) were consistent with previous
studies, but the other periods had substantial uncertainties
(Fig. 2(f)). We defined the time spans of these warm/cold
periods—i.e., the RWP (9-289 CE), MCA (851-1094
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Fig.2 Comparison of proxy-based NH summer mean temperature
anomalies (°C, OIE reconstruction) (a) with previous reconstructions:
Moberg05 (Moberg et al., 2005) (b); Christiansen12 (Christiansen and
Ljungqvist, 2012) (c); Shil5 (Shietal., 2015) (d); and Biintgen21
(Biintgen et al., 2021) (e). (f) Uncertainty ranges of the time spans for
the three warm and two cold periods represented by red and blue
shading, respectively.
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CE), and LALIA (516-609 CE)—according to the
median values of the five reconstructions (shaded red and
blue strips in Fig. 2). No reconstruction supported the
occurrence of the Dark Ages Cold Period (DACP,
400-765 CE; Helama et al., 2017).

The OIE NH summer temperature reconstruction was
strongly related to other reconstructions over multi-
decadal-scale (Fig. 1(b)), with correlation coefficients
ranging from 0.45 (with Moberg05) to 0.76 (with
Shi2015). Furthermore, the long-term cooling trend of the
OIE NH temperature reconstruction before the industrial
revolution was greater than that of all other reconstruc-
tions (Fig. 1(c)). This cooling trend is possibly linked to
solar insolation change associated with orbital configura-
tions, as supported by evidence derived from regional
tree-ring studies (Esper et al., 2012) and global integrated
research (Neukom et al., 2019a).

We consider the ensemble NH temperature reconstruc-
tions as representative of the observed records, based on
the comprehensive data sets, well-tested methods, and
significant correlation with other reconstructions across
the high-frequency band. Furthermore, previous studies
have indicated that certain low-frequency signals may be
filtered out or masked by noise within proxy data, leading
to a phenomenon known as “the lost low-frequency
climate signal” (Esper et al., 2002), and various statistical
methods have been developed to counter this effect (e.g.,
Christiansen and Ljungqvist, 2017; McShane and Wyner,
2011). Note that, our findings confirm that the OIE
method excels in preserving the low-frequency signal, as
shown by Fig. 1(c).

NH summer temperatures of the LOVECLIM-LCE
simulations correlated significantly with the CESM-LME
simulations (» = 0.38) during the 850-2000 CE period,
albeit with a much weaker cooling trend over the second
millennium (before industrialization) than that from the
CESM-LME simulations (Fig. 3(a)). LOVECLIM-LCE
simulations based on an intermediate-complexity climate
model thus have a strong performance in NH temperature
simulation over the past millennium.

Simulated ensemble mean NH temperatures respond to
external forcings such as volcanic, solar, and CO,
forcings (Mann et al., 2014; Shi et al., 2022). Of these,
volcanic forcing exhibited the strongest correlation with
simulated temperature variability for both the LOVECLIM-
LCE and CESM-LCE simulations over centennial-scale
(Fig. 3(b)). Solar activity had a negligible influence on
ensemble mean NH temperatures of model simulations
over centennial-scale (Fig. 3(c)). The limited effect of
solar activity has also been found over other high
frequency bands (Schurer et al., 2014; Shi et al., 2022).
Greenhouse gas forcing (Fig. 3(d)) strongly impacted
simulated NH temperatures of both models prior to the
industrial revolution, although current climate models
may have overestimated the climate response to
greenhouse gas forcing (Hausfather et al., 2022).
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Fig.3 Comparison of proxy-based NH summer mean temperature
anomalies (°C) with external forcings for 100-yr filtered versions of
LOVECLIM-LCE (black) and CESM-LME (red) simulations (gray
shading represents the range of Sth to 95th percentiles of ensemble
members; anomalies were computed relative to the base period of
1961-1990 CE) (a); NH volcanic eruption forcing (W-m~2; Toohey and
Sigl, 2016) (b); solar activity forcing (W-m™2; Vieira et al., 2011) (c);
and CO, forcing (ppm; Meinshausen et al., 2017) (d). All series were
smoothed by a 100-yr 6th-order bandpass Butterworth filter; 72 values
refer to correlation between simulated temperatures and external
forcing; N, denotes effective degrees of freedom.

4 Forced responses of NH temperatures

The multidecadal-scale has been identified as the most
consistent between model-simulated and proxy-based
temperature reconstructions over the past 2000 years
(Neukom et al., 2019a) so we filtered out high-frequency
information, leaving data from only above the multi-
decadal-scale (Fig.4). This helped maximize the
extraction of external forcing responses from proxy-based
reconstructions. Estimates of forced responses on a
centennial-scale are shown in Fig. 5. The correlation
between proxy reconstruction and climate-model
simulation is often used to assess model simulation
performance (Bothe et al., 2015). Here, 72 was used as a
measure of the extent to which independent forcings
explain the variance of dependent variables.

The ensemble mean of the LOVCLIM-LCE simulation,
designated as the forced-response estimate, T, account-
ed for just 10% and 3% of the total variance of proxy-
reconstructed NH summer mean temperature anomalies
over the last two millennia at multidecadal and centennial
timescales, respectively (Figs. 4(b) and 5(b)). The first
estimate, Tg;, primarily encompasses responses to
volcanic eruptions and greenhouse gas concentrations, as
represented in the LOVECLIM-LCE simulations. The
lack of pronounced responses to solar forcings in this
model (Fig. 3(c)) likely contributes to the discrepancies
observed between proxy-reconstructed and model-
simulated temperatures (Ammann et al., 2007). Therefore,
LOVECLIM-LCE model simulations may not accurately
reproduce forced responses, particularly those related to
solar activity (Shi et al., 2022; Feng et al., 2022).
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Fig.4 Comparison of NH summer mean temperature anomalies
(black line; °C) (a) with three forced-response estimates (°C) over a
multidecadal-scale for the ensemble mean scenario of the LOVECLIM-
LCE simulations (b), the EBM simulation (c), and the linear
combination of the ensemble mean scenario of LOVECLIM-LCE
simulations with external forcings (d). Gray shading represents the
range of 5th to 95th percentiles of ensemble members. The 72 values
refer to correlation between the proxy reconstruction and the three
estimates; N, denotes effective degrees of freedom. All series were
smoothed by a 30-yr 6th-order bandpass Butterworth filter.
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Fig.5 Comparison of NH summer mean temperature anomalies
(black line; °C) (a) with three forced-response estimates (°C) over a
centennial-scale for the ensemble mean scenario of the LOVECLIM-
LCE simulations (b); the EBM simulation (c); and the linear
combination of the ensemble mean scenario of the LOVECLIM-LCE
simulations with the external forcings (d). See Fig. 4 for other details.

The second estimate of forced responses, Tg,, derived
from the EBM model (Eq. (3)), accounted for 27% and
22% of the total variance of reconstructed NH summer
mean temperatures over the last two millennia at
multidecadal and centennial timescales, respectively
(Figs. 4(c) and 5(c)) with more distinct centennial varia-
bility than the ensemble average of the LOVCLIM-LCE
simulation (Figs. 5(b) and 5(c)). This could be due to the
EBM model reflecting a relatively high contribution from
solar activity, although the EBM estimate considered only
linear responses of external forcings.
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The third estimate (7r3, Eq. (4)) combined the model-
based and linear response-based estimates and may be
considered as best representing forced responses. Our
results support this assumption, with the explained
variances (36% and 58% of the total variance of
reconstructed NH summer mean temperatures at
multidecadal and centennial timescales, respectively) for
the proxy-based NH temperatures over the last two
millennia being the highest of the three sets of estimates
(Figs. 4(d) and 5(d)). Moreover, the long-term cooling
trend in Tpz was more pronounced than the “hockey-
stick” response of the ensemble mean of the LOVCLIM-
LCE and EBM simulations (Figs. 5(b)-5(d)). Current
model simulations may thus underestimate natural
externally forced NH temperature anomalies.

5 Contributions of unforced and forced
variability to warm/cold periods

With the OIE proxy estimation of NH summer mean
temperatures (Fig. 1(a)) and the forced component of
variability, T3, derived from the combined method of
model simulation and linear regression for forcings, we
were able to obtain the unforced (internal) estimate of NH
temperature variability by subtracting the forced estimate
from the OIE reconstruction. Total NH temperatures (OIE
reconstruction), internal variability, and forced tempera-
ture variability based on the three estimates are shown in
Fig. 6. Explained variances of each component during
different warm and cold periods, based on Tg3, are shown
in Fig. 7. Variance was calculated as the percentage ratio
of unforced/forced variability to total variability (Mann
et al., 2008).

The three different estimates of forced signals yielded
the most notable discrepancies for the LIA, which exhi-
bited significant cooling owing primarily to the internal
variability of Tr;. However, Tg, and Tg; indicated very
similar contributions from forced and internal variability
(Fig. 6), consistent with the observation that T, based on
model simulations, underestimated the impact of solar
forcing that likely contributed to cooling during the LIA.

Although these three estimates may vary, they do share
three common features as follows. 1) The centennial
component of NH internal variability dominated the
MCA (Fig. 6), with internal variability explaining 104%
of this warming anomaly based on the third estimate
(Fig. 7). 2) External forcings largely determine the CWP
(Fig. 6), with the Tg; estimate accounting for 90% of this
warming anomaly (Fig. 7). 3) The centennial component
of NH internal wvariability with two warm periods
dominated the RWP (Fig.6), with the Tgs; estimate
accounting for 60% of the warming anomaly (Fig. 7).
Internal variability thus appears to have played a major
role during the RWP.

Regarding the LALIA, the centennial component of NH
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Fig. 6 Comparison of centennial components of internal variability
(blue line; °C), forced responses (red line; °C), and OIE reconstruction
(shading; °C) of NH temperature anomalies over the last two millennia,
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mean of LOVECLIM-LCE simulations (a), the EBM simulation (b),
and the linear combination of the ensemble mean scenario of the
LOVECLIM-LCE simulations and external forcings (c). Anomalies
were computed relative to the base period of 1961-1990 CE. The three
warm and two cold periods are indicated by red and blue shading,
respectively.
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Fig.7 Contributions (explained variance) of unforced and forced
variability of NH temperature anomalies over the last two millennia to
NH warm/cold periods, based on the linear-combination estimate.

internal variability within a warm period offsets the
cooling effects imposed by external forcings during this
period (Fig. 6), and the unforced estimate, based on T3,
explained 39% of the total variance (Fig. 7), resulting in
no apparent LALIA in proxy-based reconstructions (Fig.
6(c)). It thus seems reasonable to conclude that there was
no distinct LALIA/DACP, likely because of a
combination of internal variability and external forcings.

6 Mechanism of the centennial-scale
internal variability

Centennial-scale internal variability may be attributable
to natural inherent oscillations in the climate system, such
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as changes in oceanic and atmospheric circulation
patterns. A comparison of internal variabilities was
undertaken using several indices, namely the Pacific
decadal oscillation (PDO), Atlantic Multi-decadal
Oscillation (AMO), North Atlantic Oscillation (NAO),
and Atlantic meridional overturning circulation (AMOC).
Results indicated significant correlation between
centennial-scale internal variability and both the AMOC
and AMO indices. Specifically, 2 values of 48% were
observed with the AMOC index during the industrial
period (1900-2000 CE; Sun et al., 2015), and 32% with
the AMO index over the last millennium (8002000 CE;
Wang et al., 2017) (Fig. 8). This implies a close link
between centennial-scale internal wvariability of NH
summer temperatures and AMOC/AMO variability,
driven mainly by the climate system itself.

The relationship between centennial-scale internal
variability of NH summer temperatures and the AMOC/
AMO circulation index may be explained by a delayed
oscillator model (Sun et al., 2015), highlighting a robust
dynamic interplay between the NAO and AMOC. In this
relationship, a positive NAO aligns with an intensifica-
tion of both the Icelandic Low and the Azores High,
augmenting atmospheric forcing of the ocean. The
cumulative effect of NAO atmospheric forcing results in
multi-decadal AMOC variation. Subsequently, the
momentum of an enhanced AMOC propels oceanic heat
toward the subpolar/polar region causing subpolar
warming, corresponding to a positive AMO phase and a
weakening of westerly winds (Knight et al., 2005). This
initiates a delayed negative feedback from AMOC to
NAO, allowing the oscillation to proceed in the opposite
direction. Overall, this model effectively elucidates the

strong dynamical coupling between NAO and
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Fig. 8 Comparison of unforced variability of NH temperature
anomalies over the last millennium (black line; °C) with the oceanic
circulations for the AMOC index (red line; Sun et al., 2015) (a) and the
AMO index (red line, °C; Wangetal.,2017) (b). All series were
smoothed by a 30-year 6th-order bandpass Butterworth filter; 72 values
refer to correlation between temperature reconstruction and the two
circulation indices; N denotes effective degrees of freedom.
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AMOC/AMO, and the impact of AMOC variations on
NH temperatures (Sun et al., 2021). In addition, new
evidences have established that the AMOC variability is
self-sustained in the climate system over both
multidecadal and multicentennial timescales (Wei and
Zhang, 2022; Li and Yang, 2022).

7 Conclusions

We have quantitatively distinguished internal variability
and externally forced responses of NH summer mean
temperature anomalies over the last two millennia by
integrating large-ensemble model simulations based on
the LOVECLIM-LCE simulations and ensemble proxy
reconstructions based on the OIE statistical method. The
NH CWP is driven primarily by external forcings, which
account for 90% of the warming anomaly. In contrast, the
MCA is largely governed by internal variability,
contributing up to 104% of the warming anomaly. The
LALIA appears to be influenced mainly by external
forcings on multidecadal-scale but is significantly offset
by internal variability over centennial-scale. This likely
explains the lack of a distinct DACP in proxy-based NH
summer mean temperatures. Furthermore, the RWP and
LIA were likely caused by a combination of internal
variability and external forcings. Ultimately, this study
indicates that the dominant internal climate factor driving
centennial-scale fluctuations in NH summer temperatures
over the last two millennia has been the AMOC, and that
the primary external forcing agent is volcanic activity.

The distinct role of internal variability during the two
past warm periods of the preindustrial CE lends support
to the absence of naturally coherent warm periods in the
NH over the past two millennia (Goosse et al., 2005;
Neukom et al., 2019b). This study offers a robust tool for
analysis of internal climate variability, although sub-
stantial uncertainties persist in both model simulations
and proxy-based climate reconstructions. For example,
the intermediate-complexity climate model has limita-
tions compared with GCMs, and high-resolution proxy
records present challenges in their low signal-to-noise
ratio relative to the instrumental data.
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