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ABSTRACT
Internal variability due to atmospheric circulation can dominate
the thermodynamical signal present in the climate system for small
spatial or short temporal scales, thus fundamentally limiting the
detectability of forced climate signals. Dynamical adjustment tech-
niques aim to enhance the signal-to-noise ratio of trends in climate
variables such as temperature by removing the influence of at-
mospheric circulation variability. Forced thermodynamical signals
unrelated to circulation variability are then thought to remain in
the residuals, allowing a more accurate quantification of changes
even at the regional or decadal scale. The majority of these methods
focus on climate variable’s averages, thus discounting important
distributional features. Here we propose a machine learning dy-
namical adjustment method for the full temperature distribution
that recognizes the stochastic nature of the relationship between
the dynamical and thermodynamical components. Furthermore, we
illustrate how this method enables evaluating how specific events
would have unfolded in a different, counterfactual climate from
a few decades ago, thereby characterizing the emergent effect of
climatic changes over decadal time scales. We apply our method to
observational data over Europe and over the past 70 years.
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1 INTRODUCTION
Internal atmospheric variability can mask or amplify the near-term
and medium-term effects of forced climate changes and thereby
affect the public perception of climate change [11]. Moreover, in-
ternally generated climate variability is particularly large both at
the local and short-term scale, which hinders the detectability of
forced long-term trends [2]. Externally forced changes in the atmo-
sphere can be conceptually decomposed into a thermodynamical
component, related to changes in the system’s energy balance, and
a dynamical component, related to changes in atmospheric circula-
tion. While many studies have emphasized the impact of climate
change on the thermodynamical component, forced changes in
atmospheric dynamics remain uncertain [15] and have been argued
to be weak [8]. In fact, local and short-term internal variability is
associated mostly with unforced atmospheric circulation-induced
variability. Removing the impact of atmospheric circulation on a
target variable of interest can consequentially enhance the thermo-
dynamical signal as a residual and thus enhance the detectability
of a climate change signal [4, 12].

It is possible to evaluate internal variability within a model en-
semble by running multiple realizations of the same climate model
starting from slightly different initial conditions but forced with
the same external forcing. The average of several of these realiza-
tions represents an estimate of the forced response to the radiative
forcings while the spread is a quantification of unforced internal
variability [6]. Unfortunately, this is not a viable solution when
dealing with observational data, since in this case only one of the
many possible realizations of the climate system has been recorded.

Dynamical adjustment can help in tackling this issue by enhanc-
ing the signal-to-noise ratio of observational data. It aids isolating
the forced response to external forcing by quantifying and separat-
ing the contribution of atmospheric circulation to a target variable
from thermodynamical change that characterizes forced climate
change [19]. Operationally speaking, the first step is to construct a
statistical model for the relationship between the target variable
and a proxy of atmospheric circulation that is ideally not influ-
enced by thermodynamical changes. In this way, it is possible to
estimate the response of the target variable given a specific atmo-
spheric circulation pattern in a climate comparable to the one of
the training set. Thus, from an analytical point of view, dynamical
adjustment aims to determine the conditional behaviour of a target
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variable T , e.g., temperature, conditioned on an atmospheric circula-
tion pattern S . The time series of the residuals then can be thought
to contain the forced thermodynamic response. This approach as-
sumes non-significant forced changes in atmospheric circulation
itself (or would require more assumptions such as detrending). This
assumption is fundamental in this context since it is difficult to
attribute changes in circulation to forcing or internal variability
in observations alone. For mid-latitude locations and temperature,
climate models lend strong support for this assumption over the
historical record [3]. Different statistical models have been used
for dynamical adjustment, from analogues based methods [7] to
regression based ones [16, 17].

The vast majority of these studies focus on a specific summary
statistic of the target variable of interest, usually a temporal or
spatial average. This approach obviously simplifies the analytical
framework and the interpretation and communication of the re-
sults, but it has also some drawbacks. In fact, modelling only a
specific summary statistic, it misses capturing other important dis-
tributional features that can be highly relevant for understanding
climate change. For example, increases in the variance of the tem-
perature distribution, even with no changes in the average, are
associated with increased chances of extreme heat waves. Methods
that do not account for distributional changes are clearly not suited
for such cases.

To overcome such limitations, we propose in this work a novel
methodology based on quantile regression forests to dynamically
adjust the full temperature distribution given a specific sea level
pressure pattern (as a proxy for atmospheric circulation). This ap-
proach is more informative than the standard techniques mentioned
because it takes into account the full probability distribution and
hence allows probabilistic inferences. Furthermore, it permits to
evaluate how a specific extreme event would have unfolded in an-
other climate, e.g., a few decades ago or in a pre-industrial world
not affected by climate change, as the method illustrates how prob-
abilities have changed. The new methodology, therefore, can be
seen as a generalized analogue-based algorithm. We illustrate how
the method can be used to build a counterfactual estimate of how
an extremely hot summer would have been, under the same at-
mospheric circulation, in earlier periods. In particular, we assess
the contribution of circulation variability to temperature extremes
in Europe and over the past 70 years using observational datasets.
Furthermore, we show how our dynamical adjustment technique
can be used to detect changes in temperature extremes. Lastly, we
show how accounting for the influence of atmospheric circulation
can give new insights on the relationships that link temperature
extremes with other climatological drivers such as soil moisture.
The proposed methodology will bridge the gap between standard
dynamical adjustment approaches and more advanced quantile
regression techniques and shed new light on circulation-induced
variability and anthropogenic forcing influence on temperature
changes over the last half of the 20th century.

The remainder of this work is organized as follows. In section
2 we describe the methodology and the datasets that we use. In
section 3 the results of our application are presented and discussed.
Finally, in section 4 we state some conclusions and implications.

2 MATERIALS AND METHODS
2.1 Marginal and conditional distributions
A fundamental distinction for the approach proposed in this work is
between the marginal distribution of a random variable T , namely
temperature, and the conditional distribution of T given a set of
covariates S = (S1, . . . , Sp ), e.g., sea level pressure fields in our
case. Loosely speaking, while the former is related to the stochas-
tic behaviour of T unconditional on any other variable, the latter
is associated with the stochastic behaviour of T given a specific
configuration of S .

Random variables can be described with different probabilistic
tools. One of the most common descriptions in this regard is the
cumulative distribution function. For the following, it is impor-
tant to distinguish between the cumulative distribution function
associated with the marginal distribution of T

FT (t) =P(T ≤ t)

=E(1{T ≤t })

and the one associated with the conditional distribution of T given
S

FT |S (t | s) =P(T ≤ t | S = s)

=E(1{T ≤t } | S = s).

The inverse operation is given by the quantile function and
it is related to the extremeness of an event given its stochastic
distribution. That is, it outputs the value of a random variable
(e.g. temperature anomaly) given its probability and its statistical
distribution. Also in this case we made a distinction between the
marginal version

QT (τ ) = inf{t ∈ R : τ ≤ FT (t)} = F−1T (τ )

and the conditional version

QT |S (τ | s) = inf{t ∈ R : τ ≤ F−1T |S (t | s)}

=F−1T |S (τ | s).

2.2 Quantile regression forests
The goal of quantile regression forests [9] is to estimate the con-
ditional cumulative distribution function FT |S (t | s) of a target
univariate random variable T , i.e., daily temperature at a specific
location in this work, given a set of covariates S = (S1, . . . , Sp ), i.e.,
a proxy of the atmospheric circulation pattern (that is, mean sea
level pressure) around that location in our case, starting from n
training observations (ti , si ), i = 1, . . . ,n.

A large number B of decision trees is then grown. For each tree,
a bootstrap sample of the original training data is used and at each
node the splitting procedure considers onlym randomly selected
covariates. Them value is the only hyperparameter of the algorithm
and is chosen through cross-validation or out-of-bag optimization.
However, results from the two approaches are usually consistent
with respect tom and thus, for simplicity, we use the standard value
of p/3, where p is the number of covariates.

Given a new set of covariates s , for each tree Gb , b = 1, . . . ,B,
in the forest a weight wb

i (s) is assigned to each training point
si , b = 1, . . . ,B, accounting for the similarity between s and si .
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Specifically, denote with l(s) the leaf to which s belongs when it is
dropped down the tree. Then, the weight

wb
i (s) =

1{si ∈l (s)}
#{j : sj ∈ l(s)}

is non zero only for si that are in the same leaf l(s) and assign the
same importance to all the si in l(s). A total weight for each training
observation si can consequently be obtained averaging over all the
trees, i.e.,

wi (s) =
1
B

B∑
b=1

wb
i (s),

and an estimate for FT |S (t | s) is finally computed as

F̂T |S (t | s) =
n∑
i=1

wi (s)1{Ti ≤t } .

In a similar way, an estimate Q̂T |S (τ | s) for the conditional quantile
function QT |S (τ | s) can be easily obtained.

Estimates of the conditional distribution of T given S are thus
obtained as a weighted cumulative distribution of the original
t1, . . . , tn . In this sense, quantile regression forests, when applied
to atmospheric circulation patterns, can be viewed as a generalized
analogues approach, since it gives more weight to days character-
ized by a similar sea level pressure field to the one of interest.

Quantile regression forests are shown to be a consistent statisti-
cal procedure and can even handle time-dependent data, including
as covariates lagged information. For our purpose, this machine
learning technique is particularly appropriate here for its ability
to describe complex relationships including potentially non-linear
dependencies. Furthermore, quantile regression forests are quite
robust in high dimensional settings and do not suffer from the
presence of multicollinearity in the predictors [9].

In this work, for a specific grid point, we focus on modeling the
conditional distribution of temperature T given an atmospheric
circulation pattern S at the daily scale. We use sea level pressure as
a proxy for the latter, considering all its values in a squared spatial
field of 60 degrees width centered on the grid point under analysis.
In particular, the overall goal is to illustrate how the anomaly warm
2003 and 2018 summers, defined as the August month, would have
been during a different climatic period (r0), i.e., between 1950–1969,
representing a past climate. To do that, we need to build two differ-
ent models, one describing the relationship between temperature
and atmospheric circulation in the reference period r0 that we de-
note with F̂ r0T |S (t | s) and one for the 2003 and 2018 summers that
we denote with F̂ r1T |S (t | s). While the former is trained with all
the years composing r0, for the latter we build the training dataset
using all the years between 1997 and 2018, excluding 2003 and 2018.

As a final consideration, we note that the approach proposed
here is still valid from a theoretical point of view even if the chosen
set of covariates S would not be informative at all for the target
variable T . In this case, the marginal distribution FT (t) and the
conditional distribution FT |S (t | s) would coincide and the results
described above are reduced to a marginal comparison of the dif-
ferent stochastic behaviour of T in the different reference periods.
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Figure 1: a) Sea level pressure anomaly field (Pa) of 2th Au-
gust 2003 relative to the 1950–1969 reference period for illus-
tration. b) Temperature marginal cumulative distribution
over the 1950–1969 period (dotted green line), temperature
marginal cumulative distribution over the 1993–2002;2004–
2013 period (dotted red line), temperature conditional cu-
mulative distribution relative to the 1950–1969 reference pe-
riod (green line), conditional cumulative temperature distri-
bution relative to the 1993–2002;2004–2013 reference period
(red line) and observed temperature anomaly (blue line). All
the results are for theMinsk grid cell on the 2th August 2003.

2.3 Data and experimental setup
For this work, we consider average daily temperature over Europe
from the E-OBS [1] dataset and average daily land soil moisture
and sea level pressure from the NCEP/NCAR dataset [5]. For each
grid point, the data are anomalies relative to their climatological
average in the 1950–1969 period. Temperature and soil moisture
data are regridded in order to have a 2.5 × 2.5 degree horizontal
resolution. Sea level pressure is regridded to 5 × 5 degree spatial
resolution.

We fit the two quantile regression forest models F̂ r0T |S (t | s) and
F̂ r1T |S (t | s) described above separately for each grid point to predict
the daily temperature distribution based on the corresponding sea
level pressure fields and subsequently aggregate results to monthly
averages for 2003 and 2018 (illustrated in Section 3). Even if the
results are computed only for August, we also include July and
September data in the training set to increase sample size.

3 RESULTS AND DISCUSSION
3.1 An illustrative example: Changes in the

marginal and conditional temperature
distribution

As an illustrative example, we consider in Figure 1a the sea level
pressure anomaly field of the 2th August 2003 for the grid point
that contains Minsk. In Figure 1b we report the conditional distri-
butions predicted from the two models F̂ r0T |S (t | s) and F̂ r1T |S (t | s)

plus the two marginal temperature distributions relative to the r0
and r1 periods. In this case, the conditional distributions are shifted
to the right (higher temperatures) with respect to the associated
marginal ones, indicating a larger likelihood of warmer tempera-
tures after accounting for sea level pressure conditions and thus a
positive contribution of anticyclonic circulation anomaly (Fig. 1a)
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Figure 2: a) Average observed temperature anomalies (◦C) for the 2003 summer, relative to the reference period 1950–1969. b)
Average counterfactual temperature anomalies (◦C) for the 2003 summer relative to the 1950–1969 reference period. c) Average
absolute differences between the observed temperatures and their counterfactuals for the 2003 summer. d,e,f) Same results
for the 2018 summer.

Table 1: Counterfactual differences (◦C) for the 2003 and
2018 summers forMadrid, Hamburg andMinsk. Confidence
intervals at α = 5% are computed using non-parametric boot-
strap.

Madrid Hamburg Minsk
2003 [1.21;1.60] [0.63;1.59] [0.65;1.59]
2018 [0.65;1.11] [0.15;1.10] [0.16;1.84]

to temperature extremes. The actual event (blue line) would have
been in the bulk of the conditional distribution in the early period
(around 40th percentile, where green and blue lines intersect). In
contrast, given the sea level pressure patterns it was a relatively
cold event (around 15th percentile) in the recent period, indicating
warming between the early and late period. In addition, for both
reference period, the event level is relatively colder accounting for
atmospheric circulation than looking at the marginal temperature
distributions.

3.2 Understanding the 2003 and 2018
heatwaves conditional on atmospheric
circulation

Figure 2 shows the average difference between the temperatures
during August 2003 and 2018 and their counterfactuals with respect

to the reference period r0, i.e, how anomalous they would have
been during 1950–1969. We define the counterfactual for a day d
with observed temperature t(d) and sea level pressure pattern s(d)
with respect to the reference period r0 as

d∗ = Q̂r0
T |S {F̂

r1
T |S [t(d) | s(d)] | s(d)}.

Specifically, we thus consider as counterfactual for d the tempera-
ture in the reference period r0 that corresponds to the same quantile
level of d with respect to the recent reference period r1. Note that
both the August 2003 and 2018 would have been, on average, about
by one and two degrees colder in a climate corresponding to the
1950–1969 period. However, a summer with a similar circulation
pattern as the one observed in 2003 or 2018 would have still been
anomalously warm one even in 1950–1969 (2b and e).

In Table 1 we focus on three specific locations and we com-
pute their yearly average counterfactual differences as defined
above. Confidence intervals at α = 5% are computed through non-
parametric bootstrap with B = 100 simulations. For all the three
locations, both the August 2003 and 2018 are significantly warmer
than they would have been given the same sea level pressure anom-
aly fields during the r0 reference period 1950–1969. Analogously,
one could compute confidence intervals for all the quantities pre-
sented here and thus perform hypothesis tests for specific research
questions.
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Figure 3: a,b,c) Respectively, average p0, p1 and fraction of attributable risk for the 2003 summer. d,e,f) Same results for the
2018 summer.

Figure 3 reports the average fraction of attributable risk [18] dur-
ing the considered summers. We define the fraction of attributable
risk for a specific day d as

FAR = 1 −
p0
p1
= 1 −

Pr0T |S (T > t(d) | s(d))

Pr1T |S (T > t(d) | s(d))

= 1 −
1 − F̂ r0T |S (t(d) | s(d))

1 − F̂ r1T |S (t(d) | s(d))
.

The fraction of attributable risk is a measure widely used in event
attribution studies and represents the relative ratio between the
likelihood p0 of an event in a counterfactual world with weaker
climate change and the likelihood p1 of the same event in a fac-
tual world, i.e., one characterized by present-day forced climate
change. Positive values, as it is the case for almost all grid points
for both the 2003 and 2018 summers, indicate that such events are
relatively more likely in the latter reference period than the earlier.
Note than in contrast to many previous studies, FAR is here not
expressed relative to pre-industrial conditions but relative to the
earlier period 1950–69. In particular, regions in Eastern Europe and
the Mediterranean, but also throughout Central Europe and Scandi-
navia, show relatively large increases in the probability, indicating
warming of the conditional distribution, where FAR values hence
reach relatively high values.

Atmospheric circulation is one of the main drivers of temper-
ature anomalies. We hypothesize that other drivers or feedbacks,

such as land-atmosphere interactions, particularly soil moisture
feedbacks could explain the residual variability after accounting for
circulation. In Figure 4 we compare the marginal Spearman correla-
tion between soil moisture and temperature at the daily scale with
the residual Spearman correlation after accounting for the influence
of circulation for the 2003 and 2018 summers. The residual for a
specific day d is defined as

ed = F̂ r1T |S (t(d) | s(d)).

The results are aggregated over the two considered Augusts. Grid
points located in Eastern Europe and in the Mediterranean basin
show negative correlation between land soil moisture and tempera-
ture for both the residual and the marginal case. Interestingly, the
marginal correlation is, on average, between two and three times
stronger than the residual one. The fact that the marginal corre-
lation is systematically stronger than the conditional one points
towards some joint effect of circulation and soil moisture on tem-
perature, or some joint effect in which circulation influences tem-
perature and soil moisture. In other words, if a circulation anomaly
systematically induces a soil moisture anomaly, e.g. through a lack
of precipitation and anomalously high evapotranspiration, dynami-
cal adjustment can remove this effect. That is, an interpretation of
the marginal correlation between temperature and soil moisture as
solely a relationship between soil moisture and temperature would
require some caution, as the true relationship in that case would be
weaker than indicated by the marginal correlation.
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Figure 4: a) Marginal correlation between soil moisture and temperature for the 2003 and 2018 summers. b) Residual correla-
tion between soil moisture and temperature for the 2003 and 2018 summers after accounting for the influence of atmospheric
circulation. c) Absolute differences between the marginal and residual correlation for the 2003 and 2018 summers.

The goal of this work was to illustrate the potential of machine
learning-based quantile regression methods for dynamically ad-
justing the full temperature distribution. While this yields results
that will be pursued and interpreted further in future studies, and
a promising methodological avenue overall, some caveats need to
be mentioned. First, we have not conducted a comprehensive eval-
uation of the performance of quantile regression forests, neither to
other, alternative methods nor to sample size. While the method in
its outlined setting yields reasonable results, a comprehensive evalu-
ation (e.g., how informative large-scale sea level pressure variations
are in explaining summer temperature variability) is left to future
studies. In this regard, the use of large control runs, i.e., climate
model simulations in a stationary climate condition, could represent
an appropriate play-field for a proper evaluation. A preliminary
example can be found in the Supplementary Material. Second, the
application of dynamical adjustment with sea level pressure as a
proxy for atmospheric circulation has some known limitations in
summer. This includes that the influence of large-scale atmospheric
circulation on temperature variability is lower in summer than in
winter, but also that heat lows developing on continents during
extreme heat may feed back on sea level pressure and thereby af-
fect predictions adversely. In addition, various, complex processes
contribute to extreme summer heat waves, including, for instance,
advection of extremely hot and dry air [13] or land surface and
boundary layer feedbacks [10] that all are likely not fully captured
by using an instantaneous circulation proxy. Finally, we illustrate
changes in marginal and conditional temperature distributions be-
tween the mid-20th century and the early 21st century. While these
changes contain the forced component of climate change, other vari-
ability such as multi-decadal internal variability that is unrelated
or not captured by atmospheric circulation, may have also affected
these estimates of temperature change to some degree. A further
possible limitation of our proposal is given by the fact that a differ-
ent model for each grid points is learned separately and thus spatial
information is not fully exploited and taken into consideration.
More complex statistical models, such as based on convolutional
neural networks, could be developed to overcome this issue, po-
tentially reducing the number of training years needed without

lowering the accuracy of the results. Another way to reduce the
time window size of the training dataset could be to build the model
starting from climate model simulations instead of observational
data.

4 CONCLUSIONS
In this work we propose a method useful:

• in evaluating the extent of thermodynamical change over
the past 70 years;

• in a detection and attribution sense, in computing the frac-
tion of attributable risk associated with recent anomalously
warm summers while conditioned on atmospheric circula-
tion;

• to better understand the relationships between temperature
extremes and other climatological drivers, such as soil mois-
ture;

• in explaining the relationship of large-scale atmospheric
circulation to temperatures;

• for building counterfactuals of present events and evaluating
how they would have been some decades ago, hence literally
moving the observed record in the corresponding quantile
of the conditional distribution characterizing the reference
period.

We apply themethodology to observational data over Europe and
show that recent warm summers were, on average, about between
one and two degrees hotter than what they would have been, under
the same atmospheric circulation conditions, between 1950 and
1969. Nevertheless, these two summers would have been anomaly
warm also during this later reference period, indicating a positive
atmospheric circulation contribution to temperature levels in these
specific summers.

Different extensions of our methodology are possible. One in-
teresting future direction could be to study if the thermodynamic
forced responses under different atmospheric circulation types are
of similar extent or, on the contrary, whether there are specific cir-
culation patterns that are associated with the biggest changes, while
for others the impact of climate change on temperature has been
a moderate one. In the same direction, a full distribution method
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as proposed here permits to investigate temperature changes that
are usually not considered from classical dynamical adjustment
methods, such as evaluating whether the temperature variance as-
sociated with a particular circulation pattern is wider now than in
the past.

Another possible application regards the study of the contribu-
tion of atmospheric circulation to anomalously warm summers, i.e.,
if there were periods in the past that were particularly hot mainly
because of dynamical effects. Even under a stationary climate, in
fact, anomalous summers could happen due to rare circulation con-
ditions that lead to extreme temperatures. The proposed method
applied to detrended data could permit to illustrate particular at-
mospheric configuration under which it is more likely to observe
warm summers and to evaluate in a statistically sound way the
probability of heatwaves under such circumstances. Furthermore,
while atmospheric circulation is certainly an important driver of
temperature extremes, other factors, such that soil moisture feed-
backs [10, 14] or advection of hot and dry air [13], can have an
important role in characterizing heat waves intensity and duration.
These factors can thus explain the residual temperature variability
after accounting for atmospheric circulation. An analysis of the
relationship between these factors and temperature extremes after
accounting for dynamically induced effects could lead to a better
understanding of their influence. Future work may aim to address
limitations of the method, such as in terms of sample size needed to
train the model or statistical parsimony (avoiding to train a model
for each grid cell separately), or aiming towards a better under-
standing of limitations of dynamical adjustment in summer such
as due to the complexity of processes contributing to extreme heat
waves, or the development of thermal heat lows that may adversely
affect dynamical adjustment results.
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A SUPPLEMENTARY MATERIAL
In a context without any forcing factor, the residuals, as defined
in section 3, should have standard uniform distribution. We thus
consider 220 years of simulations from a CESM control run, fit a
quantile regression forest for the grid point containing Paris on
20 years of randomly selected data, compute the residuals on the
remaining 200 years of data and compared their distribution with
the one of a standard uniform. The data have been preprocessed in
the same way described in section 2C.
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Figure 5: a) Histogram of the residuals for the grid point
containing Paris for the CESMdata. b) Empirical cumulative
distribution function of the residuals for the grid point con-
taining Paris for the CESM data (black line) compared to the
cumulative distribution function of a standard uniform dis-
tribution (red dotted line).
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