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Key Points:

« Bayesian structure learning is used to quantify uncertainty in estimated network
structures describing climate mode teleconnections

¢ Dynamic Bayesian networks estimated from reanalyses are compared to CMIP5
model simulations over the historical period

 Differences in network structures between models and reanalyses quantify com-

plex interacting biases in climate model dynamics
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Abstract

A Bayesian structure learning approach is employed to compare and contrast interac-
tions between the major climate teleconnections over the recent past as revealed in re-
analyses and climate model simulations from leading Meteorological Centers. In a pre-
vious study, the authors demonstrated a general framework using homogeneous Dynamic
Bayesian Network (DBN) models constructed from reanalyzed time series of empirical
climate indices to compare probabilistic graphical models. Reversible jump Markov Chain
Monte Carlo (RJMCMC) is used to provide uncertainty quantification for selecting the
respective network structures. The incorporation of confidence measures in structural
features provided by the Bayesian approach is key to yielding informative measures of
the differences between products if network-based approaches are to be used for model
evaluation, particularly as point estimates alone may understate the relevant uncertain-
ties. Here we compare models fitted from the NCEP/NCAR and JRA-55 reanalyses and
CMIP5 historical simulations in terms of associations for which there is high posterior
confidence. Examination of differences in the posterior probabilities assigned to edges

of the directed acyclic graph (DAG) provides a quantitative summary of departures in
the CMIP5 models from reanalyses. In general terms the climate model simulations are
in better agreement with reanalyses where tropical processes dominate, and autocorre-
lation time scales are long. Seasonal effects are shown to be important when examining
tropical-extratropical interactions with the greatest discrepancies and largest uncertain-

ties present for the Southern Hemisphere teleconnections.

Plain Language Summary

Climate model biases and performance is typically assessed against observational
products via systematic comparison of individual metrics, usually focused on the mean
climate, over the recent historical period. We demonstrate how Bayesian structure learn-
ing can enable a systematic probabilistic framework for process-based model evaluation
of both the temporal behaviour of individual climate modes but also to identify and as-
sess the teleconnections between those modes. We show that network structures can be
fitted simultaneously and feasibly across a representative sample of climate model sim-
ulations affording uncertainty estimation of the robustness of differences across models
and observations and robustly identify model biases between teleconnections in the cli-

marte.



" 1 Introduction

a7 Bayesian methods allow for explicit estimation of uncertainties making them a nat-
a8 ural choice for data analysis in situations where there are multiple sources of uncertainty
29 and limited data. In this study we are motivated to implement Bayesian inference for

50 climate model evaluation in terms of networks, often referred to as structural causal mod-
51 els, to understand how biases interact, as compared to observational networks that are

52 themselves uncertain.

53 Climate model evaluation is typically conducted in terms of any given model’s abil-
54 ity to accurately reproduce the observed climatological values and variations of the di-

55 verse processes that define the Earth’s climate. For example, a model’s climatology for

56 individual fields such as sea surface temperature (SST) or mean sea level pressure (MSLP)
57 may be compared to observations to characterize biases in the overall time-mean state.

58 On smaller scales, the fidelity with which models reproduce particular, localized modes

59 of variability may provide some indication of the reliability of projections relating to these
60 modes. Deficiencies in the modelling of any individual mode may in turn propagate, via

61 (causal) physical interactions, to manifest as biases in the representation of other tele-

62 connections. While the detailed mechanism will be dependent on the complex dynam-

63 ics present in the coupled system, recent approaches that represent this system in terms

64 of a network of a relatively small number of interacting modes (Tsonis & Roebber, 2004;

65 Tsonis & Swanson, 2008; Tsonis et al., 2008; Donges et al., 2009b, 2009a; Steinhaeuser

66 et al., 2011, 2012) can provide an intuitive, albeit highly simplified, description of the

67 key physical processes. In particular, learning the structure of the interactions between
68 teleconnections in a model and comparing the results to similar structures inferred from
69 observations provides a means of assessing the model’s representation of coupled modes

70 of variability (Falasca et al., 2019; Nowack et al., 2020; Vazquez-Patino et al., 2020).

n To ascertain the utility of any given climate model projection in this way requires
72 an observational estimate against which model biases may be quantified. In climate sci-
73 ence, reanalyses or state estimates (Kalnay et al., 1996; Onogi et al., 2007; Kobayashi

7 et al., 2015; O’Kane et al., 2021) are typically used as proxies for the true history of the

75 climate over the recent past. To produce a reanalysis, a climate model is constrained us-
7 ing available observations via formal data assimilation methods to estimate the true tra-
7 jectory of the state of the climate, including the observed relationships between the ma-
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jor modes of variability. However, the quality of any given state estimate will be impacted
by factors such as the biases inherent in the particular climate model, the type of assim-
ilation scheme, and the quality and spatio-temporal distribution of the available obser-
vations, including random variability. Consequently, the reanalysis datasets against which
free-running models are evaluated will themselves almost certainly contain significant

uncertainties.

Comparisons of different reanalysis products using any of the proposed network-
based approaches highlight some of these issues. For example, the dynamics of major
climate drivers within a given reanalysis may be summarized in a highly simplified fash-
ion by fitting linear vector autoregressive models to timeseries of empirical indices char-
acterizing the modes of interest. This model can be graphically represented using a di-
rected acyclic graph (DAG), with nodes corresponding to the time-lagged indices and
edges to the inferred Granger causal relationships (informally, a given variable is Granger
causal to another if better predictions of the second are obtained by the inclusion of in-
formation about the first in comparison to predictions where this information is with-
held). For climate data this makes readily achievable quantitative tests for identifying
such relationships from observational data that would be superior to simpler lagged re-
gression approaches (McGraw & Barnes, 2018; Bach et al., 2019). When the probabil-
ity density function (PDF) for each index, conditional on the prior values of all other in-
dices, is specified, the resulting model can be regarded as a dynamic Bayesian network
(DBN). Applying this approach to two reanalysis products, namely JRA-55 (Kobayashi
et al., 2015) and NNR1 (Kalnay et al., 1996), demonstrates good qualitative agreement
overall (Harries & O’Kane, 2021). Systematic differences between the two products tend
to coincide with known biases in the climate models underpinning each analysis. In some
cases, however, differences between the single best-fitting model for each of the two prod-
ucts are found to involve edges that, given the data, would have low probability when
considering the space of possible models. Estimation of these probabilities through the
use of Bayesian methods allows uncertainties in the inferred relationships to be quan-
tified. Attention can then be focused on those differences for which there is robust ev-
idence (for example, the presence of an edge in the graph with high posterior probabil-
ity in one product and its absence with equally high confidence in the other), which may

suggest genuine biases.
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Utilizing the above approach for model evaluation requires comparing differences
between modeled and observed networks in much the same way, including evaluation of
the robustness of any differences found. Within the context of an observational record
that limits the temporal extent of reliable CMIP5 historical model and reanalysis data,
Bayesian methods allow uncertainties in the estimated graphical models to be quanti-
fied conditional on the available observed data and modeling assumptions. Posterior prob-
abilities for the presence or absence of a particular edge in the network may be estimated
by sampling from the posterior distribution over allowable networks. When a relation-
ship between modes is present in the model being evaluated with high confidence and
absent in reanalysis data (or vice versa), we might expect this difference will be robust
and reflect model bias. That is, even allowing for uncertainty in the best fitting network
structures in the model and reanalysis, it is likely that this difference is present. Marginal
posterior probabilities for relationships of interest in models and observations thus pro-
vide an intuitive and physically interpretable means of identifying model biases. For small
networks, or at significant computational expense, calculation of these probabilities can
be done by employing score-based structure learning methods for graphical models (Heckerman
et al., 1995; Arnold et al., 2007; Lebre, 2009). With a choice of conjugate priors, closed-
form expressions are available for the required posterior densities, permitting efficient

sampling (Geiger & Heckerman, 1994).

Here we apply these methods to evaluate the relationships between several global
climate drivers obtained from CMIP5 models from seven of the leading meteorological
centers in relation to the aforementioned JRA-55 and NNRI1 reanalyses. The models (HadGEM2-
CC (Martin et al., 2011); CanESM2 (Yang & Saenko, 2012); CNRM-CMS5 (Voldoire et
al., 2013); MIROC5 (Watanabe et al., 2013); ACCESS1-0 (Bi et al., 2013); NorESM1-

M (Bentsen et al., 2013); GFDL-ESM2M (Dunne et al., 2013)) were chosen on the ba-

sis of having been assessed against performance criteria and selected from the 40 avail-
able CMIP5 models for inclusion in the “Climate change in Australia program” ! for pro-
viding the requisite data required to calculate the major teleconnection indices; and to
provide a representative sample of the current state of the art in climate models. Our
explicit aim is to more generally demonstrate the utility of using Bayesian statistical meth-

ods for identifying robust relationships and uncertainty quantification between climate

! https://www.climatechangeinaustralia.gov.au/en/
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teleconnections from data in a systematic manner as an additional approach to inform

climate model development.

In section 2 we describe the CMIP5 models and reanalysis data to be interrogated
and the methods used to reduce that data to a set of diagnostic timeseries describing the
major atmospheric teleconnections and intraseasonal to interannual modes of climate vari-
ability. Section 3 describes the formulation of the Bayesian network model and choice
of priors followed in section 4 by the resulting DAGs and quantitative comparisons of

posterior distributions across models. A summary of our conclusions are in section 5.

2 Data and diagnostics

The reanalysis data that we analyze are obtained from the Japanese 55-year Re-
analysis (JRA-55) and the National Centers for Environmental Prediction/National Cen-
ter for Atmospheric Research (NCEP/NCAR) Reanalysis 1 (NNR1) (Kalnay et al., 1996).

The NCEP/NCAR Reanalysis 1 is an atmospheric reanalysis covering the years 1948
to present. The data assimilation system employs a global spectral model with a T62
resolution on 28 vertical levels, and assimilates surface and atmospheric observational
data. While a fixed analysis and forecast system is used for the duration of the reanal-
ysis, changes in observing systems, notably a steep increase in satellite observations through
the 1970s, still have an impact and, consequently, the reanalysis is less reliable in the first
decade than at later times (Kistler et al., 2001). NNR1 represents a first generation re-
analysis providing a multidecadal record of the atmospheric state, albeit with several known
errors (Kistler et al., 2001) and biases, particularly in data-sparse regions in the high lat-
itudes and the Southern Hemisphere (SH) (see, e.g., Hines et al., 2000; Marshall & Ha-~
rangozo, 2000; Marshall, 2002; Bromwich & Fogt, 2004; Greatbatch & Rong, 2006; Hert-
zog et al., 2006; Bromwich et al., 2007; Lindsay et al., 2014). For the purposes of our anal-

ysis, global fields of daily mean 500 hPa geopotential height (Z3°0"P*)

, zonal winds at

850 hPa and 200 hPa (usso hpa and usgo hpa), MSLP, and surface zonal and meridional
winds (uste and vgge) are obtained on the provided 2.5° x 2.5° latitude-longitude grid.
Daily mean top-of-atmosphere outgoing longwave radiation (OLR) fields are provided

on a T62 Gaussian grid and are subsequently regridded to a 2.5°x2.5° latitude-longitude
grid using a bilinear interpolation scheme. To compute indices of tropical variability based

on SST data for NNR1, we use version 1.1 of the HadISST SST dataset (Rayner et al.,
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2003), which provides monthly global SST on a 1°x1° latitude-longitude grid from 1870

to present.

The JRA-55 reanalysis (Kobayashi et al., 2015), covering the period from 1958 to
present, is a more recent atmospheric reanalysis product that aims to take advantage of
ongoing improvements in forecasting systems and available observations. As for the NNR1
reanalysis, a frozen analysis system is employed and atmospheric and surface observa-
tions are assimilated. The assimilation system used for JRA-55 employs a TL319 res-
olution operational system with 60 vertical levels. The use of a higher resolution model,
together with other updates to the system, has been found to yield improvements in the
representation of the synoptic scale atmospheric circulation compared to the previous
generation JRA-25 reanalysis (Onogi et al., 2007), although there remain known issues
(Harada et al., 2016). Daily mean Z2°%"F% ug5q 1pa, U250 hPa, Uste, Uste; MSLP, and OLR
fields are obtained on a 1.25°x1.25° latitude-longitude grid. For SST fields, the model
surface brightness temperature provided on a 1.25°x1.25° latitude-longitude grid is used.
Where required by the definition of the index as noted below, we regrid the initial fields

to a 2.5° x 2.5° latitude-longitude grid using a bilinear interpolation method.

We also examine climate model simulations of the recent past considering a sub-
set of the data submitted to the Coupled Model Intercomparison Project version 5 (CMIP5)
(Taylor et al., 2012) which was extensively used to inform the IPCC Fifth Assessment
report (AR5) (IPCC, 2013). One of the specific aims of CMIP5 was to promote a stan-
dard set of model simulations in order to ... evaluate how realistic the models are in sim-
ulating the recent past hence providing an ideal dataset for the purposes outlined here
namely, to apply Bayesian statistics to reveal differences in the causal relationships be-
tween climate teleconnections that occur in similarly forced models as a first step in re-
vealing the dynamical mechanisms responsible for these model differences. While there
are examples of constraint based methods applied largely to surface data e.g., (Runge
et al., 2019; Donges et al., 2009a), this study is, to our knowledge, the first time a score-
based approach has been applied to consider comprehensively the major climate tele-
connections and to evaluate climate model performance relative to reanalysis products
(here we use the term “score-based” to refer to the use of the posterior probability of
a given network and its associated parameters as a measure of model fitness, as described

below).
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2.1 Indices

To obtain a tractable system for analysis, we characterize the dynamical behav-
ior of the Earth’s climate system in terms of a set of process-oriented diagnostics that
effectively reduce the volumes of climate model and observational data to a small num-
ber of timeseries. These timeseries represent distinct teleconnections within the climate
system, i.e., recurrent large-scale modes of variability. Here we consider the major at-
mospheric synoptic scale teleconnection patterns i.e., the Arctic Oscillation (AO) (Thompson
& Wallace, 1998), the phases of the North Atlantic Oscillation (NAO+, NAO-) (Walker,
1923; van Loon & Rogers, 1978), the Pacific North American (PNA) (Wallace & Gut-
zler, 1981; Horel & Wallace, 1981; Barnston & Livezey, 1987), the two component modes
of the Pacific South American pattern (PSA1, PSA2) (Mo & Ghil, 1987; Lau et al., 1994;
O’Kane et al., 2017), and the Southern Annular Mode (SAM) (Rogers & van Loon, 1982;
Thompson & Wallace, 2000). The tropical Pacific and Indian oceans are the major in-
fluences on interannual timescales via the El Nifio Southern Oscillation (ENSO) (Walker,
1924; Bjerknes, 1969) and through the Indian Ocean Dipole (IOD) (Saji et al., 1999) whose
phases and combined interactions with the extra-tropical synoptic scale atmospheric tele-
connections has important impacts on global weather and climate (Geng et al., 2023).
At intraseasonal timescales the Madden-Julian Oscillation (Madden & Julian, 1971; Kit-
sios et al., 2019) is the major mode of tropical convection. Thus, these empirical climate
indices provide physically observed modes that allow for an intuitively better understand-
ing of the properties and interactions between the climate modes while reducing the di-

mensionality of the problem as required for tractable inference.

Following Harries and O’Kane (2021), the monthly time series of the selected cli-
mate indices are computed from full gridded fields for the period 1 January 1960 to 30
November 2005, and it is these indices that are used for fitting the DBNs with the time
period chosen specifically to facilitate comparison with historical model simulations. We
further estimate and remove a linear temporal trend for every index whose respective
time series are then standardized to have zero mean and unit variance over the fitting
period. These then form a robust and consistent set of thirteen teleconnection indices
to then form the random variables (i.e., nodes) of the fitted graphical models. In an al-
ternate fully data-driven approach, the indices would be automatically determined by
using community detection methods (Steinhaeuser et al., 2011; Bello et al., 2015) thereby

accounting for systematic model biases in the representation of the spatial structures of
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the given modes (see for example Kretschmer et al. (2017)). As our purpose here is to
infer model biases relative to reference reanalyses, we use the fixed, commonly accepted
empirical definitions for the climate indices. The set of indices chosen spans climate vari-
ability from intraseasonal through to interannual time-scales. Anomalies are calculated
as differences from daily or monthly climatological values with respect to the reference
period 1 January 1979 to 30 December 2001. For the reanalyses the calculations of the
indices have been validated against publicly available data, including verifying that the
spatial patterns of the corresponding indices are in good agreement with previous stud-

ies.

As a measure of tropical Pacific ocean variability, we include an updated version
of the multivariate ENSO index (MEI) (Wolter & Timlin, 1993, 1998, 2011) defined by
Zhang et al. (2019). To characterize activity in the tropical Indian ocean we use the dipole
mode index (DMI) (Saji et al., 1999) for the reanalyses and for the CMIP5 models an
empirical orthogonal function (EOF) (Lorenz, 1956) based Indian Ocean Dipole (I0OD)
index to account for possible spatial biases due to shifts in the centres of action that might
impact the simulated variability across models. It should be noted that the EOF based
IOD and spatially fixed DMI are equivalent in the reanalyses. For tropical variability
associated with the Walker circulation and convection over the maritime continent i.e.,
the Madden-Julian oscillation (MJO), we use the rotated EOF index of Wheeler and Hen-
don (2004), denoted as RMM1 and RMM2 and defined as the monthly mean of the cor-
responding daily index. For both the MEI and the RMM1 and RMM2 indices, all of the

input fields are evaluated on a common 2.5° x 2.5° latitude-longitude grid.

For the Northern Hemisphere (NH) extratropical atmosphere we include the AO,
PNA, and four modes associated with the North Atlantic oscillation and blocking. We
define the AO as the leading EOF of monthly mean ZSOO"P @ anomalies poleward of 20°N
weighted by the square root of the cosine of the gridpoint latitude. The PNA pattern
is calculated as the leading mode obtained after performing a VARIMAX rotation (Kaiser,
1958) of the first 10 EOF modes of monthly-standardized monthly mean ZSOOhP % anoma-
lies polewards of 20°N during boreal winter i.e., December, January and February (DJF).
The PNA index is then the projection of the standardized height anomalies onto the re-
sulting pattern, standardized by the monthly mean and standard deviation within the
climatology reference period. The four Euro-Atlantic circulation regimes are calculated

following the approach of Straus et al. (2017) via a k-means clustering analysis of the
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Table 1. Climate indices

Climate indices and their geographic distribution

Tropical NH SH
MEI: multivariate ENSO index AO: Arctic Oscillation SAM: Southern Annular Mode
ENSO: El Nino Southern Oscillation NAO(+,-): North Atlantic Oscillation PSA(1&2): Pacific-South American pattern
IOD: Indian Ocean Dipole PNA: Pacific-North American pattern
RMM(1&2): Real-time Multivariate MJO index AR: Atlantic Ridge
MJO: Madden-Julian Oscillation SCAND: Scandinavian blocking

leading 24 principal components (PCs) of boreal winter anomalies in daily mean ZSOOhP @
in the sector [20°N - 80°N, 90°W - 30°E], after applying a 10 day running mean smooth-
ing. The four cluster patterns obtained correspond to the positive and negative NAO
phases, NAOT and NAO™, as well as Atlantic Ridge (AR) and Scandinavian blocking
(SCAND) patterns, which are associated with blocking events in the Atlantic and west-
ern Europe, respectively. The index for each cluster is obtained by projecting the daily
or monthly height anomalies onto the anomaly composite associated with one of the four

cluster centroids. Once again, each index is standardized using the appropriate monthly

mean and standard deviation of the monthly index over the reference period.

For the Southern Hemisphere, the SAM is taken to be the leading EOF of monthly
mean ZSOOhP % anomalies poleward of 20°S, where the anomalies are once again weighted
by the square root of the cosine of the gridpoint latitude and normalized by the stan-
dard deviation of their associated monthly leading PC. The PSA1 and PSA2, are defined
as the second and third modes in an EOF analysis of year-round anomalies of daily mean
Z;;’OOhP @ polewards of 20°S whose eigenvalues are nearly degenerate indicative of a slow-
ing propagating mode (O’Kane et al., 2017). The respective PSA1 & 2 indices are cal-

culated by projecting ZSOOhP @ anomalies onto each mode and normalizing by the stan-

dard deviation of the correponding PC over the reference period.

In table 1 we list all indices forming nodes of the DAGs and their geographic lo-
cations. We have to also be cognizant that the use of monthly mean data for atmospheric
processes, in conjunction with the exclusion of contemporaneous edges in the DAGs as
described below, may lead to edges that do not reflect direct physical processes but are
instead due to unmodeled subgrid scale interactions taking place on time-scales of less
than one month. Our choice to use data with monthly temporal resolution was a prag-

matic choice to reduce the computational cost of fitting the models.

—10—
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3 Structure learning, conditional densities and prior distributions

In applying Bayesian methods for the purpose of comparing climate models and
reanalyses the aim is to obtain a sample from the posterior distribution of possible graph-
ical structures. From these posterior samples, we then compute summary statistics in-
cluding the estimated posterior probability of the existence of one or more edges 7, or
posterior means B for parameters conditional on the maximum a posteriori (MAP) struc-
ture over individual graphs in the sample. Here we focus solely on summary statistics
computed over the full sample. The networks derived from the two reanalysis products
provide a baseline to compare individual free-running CMIP5 model simulations. The
common historical period chosen for the comparison is the most recent period where satel-
lite data from the atmosphere and surface ocean is sufficiently dense to provide the re-
quired temporal resolution and spatial homogeneity to render a reliable reanalysis of the
earth system domains. In this section we define the reduced-order models used and pro-
vide a brief description of the structure learning approach used; further details are given

in Harries and O’Kane (2021).

3.1 Graphical models for teleconnections

To represent the relationships between the selected teleconnections, we consider a
class of linear vector autoregressive models (VAR) models that may be formulated as time-
homogeneous DBNs. The value of each index i (i = 1,...,n) at a given time ¢, Y}, is
treated as a random variable, which is graphically represented by a node in the model
DAG. As many of the variables of interest, and particularly those in the tropics asso-
ciated with seasonal to interannual variability, exhibit substantial autocorrelation, this
set of random variables is expanded to include the lagged values of the indices Y;' _ at
previous times t—7 (Kjeerulff, 1995; Friedman et al., 1998; K. Murphy & Mian, 1999;

K. P. Murphy & Russell, 2002), up to some maximum lag 7yax. The DBNs reported here
based on the CMIP5 and reanalysis data have been restricted to a maximum time lag

of 6 months.

Dependence of the current state Y;' on the past value of an index Yf_ is represented

graphically as a directed edge from the node representing Ytj_ . to the node for Y} (Eichler,
2012; Runge, 2018). The time-ordered nature of the interactions requires that edges only

point from past to present. In addition, we exclude the possibility of contemporaneous

—11-
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dependencies among variables. Doing so implies that the resulting models satisfy struc-
tural modularity (Friedman & Koller, 2003), which simplifies model fitting. However,
interactions that occur on time-scales shorter than the data sampling frequency (in this
case, monthly) cannot be accounted for and may, where said interactions at lags of less
than one time-step are relevant, result in model misspecification. The set of lagged val-

ues that are assumed to influence the present state of an index Y, satisfying these con-
straints, are referred to as the parents pac(Y) of Y}, with Y} being the child node. Graph-
ically, specification of the parents for each index determines the structure of the corre-

sponding DAG by defining which directed edges are present in the graph.

In reality, in a multiscale climate system, one cannot assume temporal-homogeneity
of the interactions between modes. The various modes of variability are known to inter-
act across spatio-temporal scales. An example is the interaction between synoptic vari-
ability of persistent coherent states in the South Pacific mid-troposphere represented by
the subseasonal PSA1, with the atmospheric response to convection over the maritime
continent represented by the intra-seasonal MJO and interannual variations of tropical
Pacific sea surface temperatures i.e., ENSO. Non-stationary forcing (i.e., anthropogenic
warming) over the data period may similarly manifest as changes in the graph structure
or associated model parameters. Where secular trends and regimes are present one must
be aware of the possibility that either the graph structure, parameters or both are si-
multaneously dynamic over time (Wu et al., 2018; Saggioro et al., 2020), thereby dra-
matically increasing the computational task when employing score-based methods for
structure learning. Our focus here is on model uncertainty and biases hence we restrict

ourselves to the case of homogeneous models.

We assume that, conditional on the values of its parents pas(Y}'), each index Y;!
is normally distributed with mean p! given by a linear function of the parent variable
values (Punskaya et al., 2002; Lebre et al., 2010),

}/ti|pa‘G(Yti)7 7212 ~ N(:L"’ti7 7~—i_2)7

Di
i i i k;j
pe = Bo + Zﬁ(kjﬁj)ytiﬁ’
j=1

where p; denotes the size of the set of parents i.e., pag(Vy) = {Ytk—jTj 7 =1,...,pi},
k; the index of the j*® member of the parent set, and 7; the corresponding time lag. This

is a specialization of the BGe model (Geiger & Heckerman, 1994). With these assump-

—12—
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tions, the model likelihood can then be evaluated by replicating the graph structure over

the full time series.

Fitting this model also requires that priors be specified for the regression coefficients
ﬂ(ikj,T,-) corresponding to edges in the parent set and the conditional precision 72. We

choose to use conjugate normal-gamma priors

7? ~ Gamma(a,, b,),

i\ vy
BOlTi2 ~ N (07 7~_2) ’ (2)

K3
i ~ i v
5(kj,rj)|ﬁ2»PaG(Yt) ~ N (07 7:2) :

(2

where a,, b, and Vz? are prior hyperparameters. Note that, in principle, to define the

full posterior distribution for the model structure and parameters it would also be nec-
essary to choose a set of pseudo-priors for those Bfkjﬁ) corresponding to edges not present
in the DAG. However, these pseudo-priors do not enter into the implementation of the
particular sampling scheme used below (Godsill, 2001), and hence we leave them unspec-
ified. Alternative choices for the hyperparameters a,, b,, and 1 allow varying levels of
regularization to be imposed. For consistency, in this study the hyperparameters were
chosen to match those previously used in analysing the reanalysis datasets, i.e., a, =

1.5, b, = 20, and Vf = 3, for ¢ = 1,...,n. The unconditional prior distribution for a
given coefficient 3 following from Eq. (2), after marginalizing out the precision 72, is a
generalized t-distribution with zero mean, scale parameter v2/(a,b,), and 2a, degrees

of freedom. Hence, this choice of hyperparameters corresponds to a generalized t-prior
for the 8 parameters, with a 95% prior highest density interval (HDI) of —1 < g <

1. This choice leads to somewhat informative priors, but qualitatively similar results were
found for the reanalyses data using much more weakly informative choices of a, = 0.5,

b, = 10, v? ~ 2 (corresponding to a 90% prior HDI of —4 < 8 < 4 and prior 1% and

99% percentiles for 72 of 7.6 x 10~% and 33.2, respectively).

3.2 Structure learning

Models in the class described above are fully specified by the parent sets for each
index, which define a graph G, and the corresponding collection of parameters 6 consist-
ing of the coefficients ﬁfkjﬂ_) and the conditional precision 72. When the graph struc-
ture (i.e., the parent sets) is not pre-specified, fitting the homogeneous DBN requires learn-

ing both the structure G and the parameters 0. Given data D = {yi,...,yr}, where
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y; denotes the values of the random variables Y; = (Y;},...,Y")T at time ¢, learning

the structure G and parameters 6 can be done in two steps, since
P(0,G|D) = P(0|G, D)P(G|D). (3)

In the first, structure learning step, the posterior distribution over possible structures
P(G|D) is determined. For a given choice of G, the corresponding posterior distribution

for the parameters P(0|G, D) may be then be computed.

Here we take a score-based approach where the graph G is estimated based on max-
imizing a suitable score function (Cooper & Herskovits, 1992; Geiger & Heckerman, 1994;
Heckerman et al., 1995), in our case the marginal likelihood P(D|G). Rather than find-
ing a single optimal model, we attempt to account for model uncertainty by sampling
from the full posterior distribution of possible graphs P(G|D) (Madigan et al., 1995).

Sampling the posterior P(G|D) requires evaluation of the marginal likelihood
P(DIG) = / d0P(D|G,0)P(0|G), (4)

where P(6|G) denotes a set of priors for the full set of parameters 6 conditional on the
structure of the graph, and we have used the shorthand f df to denote marginalization.

The factor P(D|G, #) is simply the likelihood under the model. For the DBN models de-
scribed above, the marginalization in P(D|G) can be evaluated analytically, and hence

it is possible to sample the posterior distribution P(G|D) using the MC? scheme of Madigan
et al. (1995). Further details on the Markov chain Monte Carlo (MCMC) methods used

are given in Appendix A. Briefly, given a current candidate structure G, the sampling
scheme proceeds by proposing a new structure G’ according to a proposal distribution

gc(G’; G). The proposal G’ is accepted with probability

(5)

o = min {1, 9¢(G; G') P(D|G") P(G') } ;

9¢(G"; G) P(D|G) P(G)
otherwise, the current state G is retained. In Eq. (5), P(G) denotes the prior distribu-
tion for the structure G. We choose structurally modular priors of the form

n

P(G) =[] P(pac(Y))) (6)

i=1
such that P(G) factorizes into a product over priors on the parent sets. We adopt uni-
form priors over the set of parent sets for each index, subject to the constraint that the

maximum time-lag is Ty.x = 6 months. We further also impose a maximum size pmax =
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10 on the allowed parent sets in order to sparsify the networks. With these constraints,

—1

Pmax (MTmax i

i [ ()] Ipag (V)] < Pnas
P(pag(Yy)) = !

0, otherwise.

(7)

We also adopt a uniform proposal density on graphs G’ in the neighborhood of the cur-
rent graph G,
(GG = mhdy G €nhd(G),
0, otherwise.
The neighborhood nhd(G) of a graph G consists of the set of graphs that can be reached
from that structure by a single move in a predefined move set. The possible moves that
we allow include addition of a single edge, deletion of a single edge, or an exchange of
two edges (Grzegorczyk & Husmeier, 2011). The neighborhood of a graph contains only
those graphs that can be reached by performing one of these three moves, subject to the
imposed condition on the maximum parent set size. Inclusion of the exchange move al-
lows slightly more efficient exploration of the model space; for the sampler settings used,

overall acceptance rates ranging from 0.16 —0.37 are obtained, dependent on the par-

ticular index.

Our DBN framework uses the simplest case of a linear model with conjugate pri-
ors on the parameters defining the conditional PDF's, together with priors on the struc-
tures to ensure structural modularity. No prior restriction has been enforced to ensure
stationarity of the resulting autoregressive model. Additionally, no attempt has been made
to incorporate pre-existing or expert knowledge into the definition of the chosen priors.We
note in particular that, in practice, it may be more appropriate to utilize more informa-
tive priors that incorporate such information. By doing so, posterior inferences may be
regularized so as to obtain more reliable estimates, given the generally limited sample
size available for historical observations. This does, however, in general prevent analyt-
ical evaluation of the relevant posterior distributions as is possible with the choice of con-

jugate priors used here.

With the use of structurally modular priors and exclusion of contemporaneous edges,
the full posterior distribution for the structure G factorizes into separate terms for each
index, and hence sampling can be done in parallel for each index separately. For each
index, posterior samples were obtained by running 8 chains of length 1x 107 samples,

discarding the first 250,000 samples as burn-in. Chain convergence was assessed by con-
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sidering the homogeneity of the distribution of parent sets within chains using x? and
Kolmogorov-Smirnov tests (Brooks et al., 2003) for each index, in addition to trace plots
for individual edge indicators. We found some evidence of non-homogeneity across chains
based on the full sample, suggesting further sampling may be required for convergence,
although we expect the posterior estimates obtained to be sufficient for the qualitative
comparisons reported here. Various choices of thinning parameter were considered to de-
termine the number of retained samples based on convergence rates. Qualitatively our
finding was that the evaluated graphs were insensitive to thinning up to a factor of 100;

results presented here are based on the full set of posterior samples.

3.3 Posterior summaries

From a sample of size S from the posterior distribution P(G|D), distributional es-
timates for derived quantities of interest A may be obtained by averaging over the sam-

ple (Madigan & Raftery, 1994; Draper, 1995),

Pr(A|D) = Y Pr(A|G, D)P(G|D) ~
Geg

0) \

S
Z (AlGY, D), (8)

where G(®) is the s structure sample. In particular, structural uncertainties may be quan-
tified by taking A to be an indicator function for the presence of a given edge, with Eq. (8)
quantifying the posterior probability 7 for the presence of that edge, given the observed
data. In the results to follow, we display the estimates 7 found for edges in the reanal-

ysis datasets and the CMIP5 models considered. As argued in the introduction, differ-
ences between models where the presence of an edge in one model is supported with high
posterior probability may be indicative of important model biases. This motivates com-
paring the (marginal) posterior distributions for the individual edges between the CMIP5
models and reanalyses. Below, we present graphical summaries of these estimated pos-
terior weights 7 by showing each corresponding edge with width proportional to 7; for
clarity, only those edges with # > 0.5 are shown in figures. For qualitative comparisons,

it is useful to have a heuristic measure of the overall difference in the distribution of pos-
terior mass for possible edges. For visualization purposes, we sort models according to

an earthmover’s or Wasserstein distance (Villani, 2009), computed between histograms

of the posterior weights for all edges simultaneously, for each reanalyis and CMIP5 model.
Utilizing JRA-55 as an initial reference, models are shown ordered such that the distances

between adjacent models are minimized. We also repeat these calculations alternatively
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using the sum of the pairwise Wasserstein distances between weights for individual edges
or the sum of the individual Kullback-Leibler divergences (Hall, 1987; Burnham & An-
derson, 2002) between the edge posterior distributions. When computed either for all
possible edges, or for particular subsets of nodes, this provides a useful means of qual-
itatively assessing similarities between the models and reanalyses (computing a genuine

divergence between the joint posterior distributions is not feasible with the available sam-

pling).

It should be emphasized that the graphs presented in the following section do not
correspond to a single DBN model, but are rather summaries of the presence/absence
of an edge over the full sample. To compare the sign and magnitude of the association
between indices requires conditioning on a particular DBN, defining a particular set of
regression coefficients ﬂékjﬂ). In particular, we may consider the DBN corresponding
to the posterior mode, or maximum a posteriori (MAP) estimate. As we have chosen con-
jugate normal-gamma priors for the model parameters, it is straightforward to evaluate
the posterior distributions for the coefficients ,Békjﬂ) analytically, and hence obtain pos-

terior means and 95% HDIs.

4 Results

We now focus on the DAG edge weights, more specifically the summary represen-
tations of the estimated posterior probabilities for edges between nodes. Major differ-
ences between the DAGs of the CMIP5 models and those of the reanalyses are assumed
to be indicative of systematic biases in the models’ representation of the selected inter-
nal modes of variability, their teleconnections and interactions. While we will discuss dif-
ferences between individual CMIP5 models and observations as represented in the re-
analyses, our objective is to demonstrate the utility of the approach to identify model
error in a mathematically consistent and justifiable Bayesian framework that also pro-
vides easy physical interpretability. For example, while an univariate autoregressive anal-
ysis of a given climate index may be applied to determine autocorrelation, it can only
provide a quantitative assessment of the timescale of the autocorrelation. In the results
that we present next, we show how the DBNs reveal not simply information on autocor-
relation but also any lagged relationships that might be the potential cause of biases as-
sociated with either too weak or strong influence of a given mode on the wider climate

system.
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We summarize the results of sampling in a variety of ways. Figure 1 shows three
alternative representations of the graphs associated with tropical variability in the JRA-
55 reanalysis. Panel (a) shows a DAG representation of the estimated posterior edge prob-
abilities for the tropical ENSO (MEI), MJO (RMM1 & 2) and IOD modes. Here the “child”
is the node associated with a given index at ¢ = 0, whose “parents” are any node for
a given index at lags t = 1,...,6 months for edges with an estimated posterior weight
greater than 0.5. Coefficients linking any parent to any other parent are not allowed nor
is the present allowed to influence the past. In panel (¢) a reduced representation of the
same DAG that appears in panel (a) is shown where it is assumed the edge exists only
between parent and child but the implied autocorrelation is now shown by the arrows.
Panel (b) shows the same information without thresholding of the posterior weights as
a heat map. Here the rows indicate the index at time ¢ = 0 (i.e., the child node) whereas
the columns show the parents for each child at lags up to 6 months. Each row is calcu-
lated from the retained sample of possible graphs from the posterior distribution, after
discarding burn-in samples. The shading indicates the value of the posterior weight cor-

responding to the probability that an edge exists between parent and child.

4.1 Full year networks for monthly indices

In figures 2 & 3 we show the network summaries for the tropical modes for both
JRA-55 and NNR1 reanalyses and seven CMIP5 models conditioned over the available
timeseries data. Here we can see the longest autocorrelations occur for ENSO and the
MJO at lags of up to 4 months for the MJO and across the considered 6 months lags for
ENSO. This is completely consistent with our current understanding of the associated
dynamics and predictability of ENSO (O’Kane et al., 2020) and the MJO (Kitsios et al.,
2019) on seasonal timescales. The major differences between the reanalyses concern the
strong relationship in NNR1 between midlatitude blocking associated with the Atlantic
Ridge index and convection in the Indian and maritime continents i.e., the IOD and MJO
respectively relative to a much weaker teleconnection present in JRA-55. There are also
differences in amplitude for posterior weights indicating associations between the high
latitude AO and SAM modes and the PSA1 to the MJO. In spite of these differences,
there is an obvious consistency between the two reanalyses even though they have been

generated using contrasting data assimilation schemes, model resolutions and configu-
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rations with their development displaced in time by well over a decade. Harries and O’Kane

(2021) provide an extensive comparison and discussion of the two reanalysis products.

We next turn our focus onto the performance of the selected CMIP5 models. There
are immediate commonalities observable across the CMIP5 models with regard to the
autocorrelation present in each of the DAGs. Apart from MIROCS5, all models exhibit
longer autocorrelation in their IOD than are present in the reanalyses. MIROC5, GFDL-
ESM2M and to a lesser degree ACCESS1-0 have a significantly shorter ENSO autocor-
relation than observed. ACCESS1-0 has a clear lagged influence on the MEI that is not
reproduced in any of the other models considered. All models, with the exception of MIROCS,
have autocorrelation in the component modes of the MJO and at increased lags of up
to 6 months for GFDL-ESM2M. Due to their long autocorrelation times and memory,
the tropical modes can exert sustained influence on the purely atmospheric modes, how-
ever the synoptic timescales of the atmospheric modes with short autocorrelation beyond
a few weeks to a month serves as a sign that we should not expect a strong influence of
the atmospheric modes on the tropics at longer time lags which provides a physical ba-

sis for interpreting the sparsified graphs.

In table 2 we show an ordering of models referenced to JRA-55 in terms of the heuris-
tic measures of similarity based on either the earthmover’s distance or Kullback-Leibler
divergence; models are sorted from smallest to largest distance when calculated over the
tropics, both hemispheres and for teleconnections between the respective hemispheres
and the tropics. For the Kullback-Leibler divergence, rather than considering divergences
based on the the prior and posterior distributions, we show the divergence based on dis-
tributions induced by the NNR1 and CMIP models with respect to the reference distri-
bution from the JRAS55 reanalysis. Results were also found to be largely insensitive to
thinning of the samples by factors of 100 and 1000 thereby reducing any dependencies
present between successive samples. In broad terms and regardless of metric, the order-
ing reflects what is expected i.e., that the reanalyses JRA and NNR1 are always paired
together, and the CMIP models vary in order dependent on model, the particular sub-
set of indices being looked at, and by geographic region. In table 3 the model ordering
is determined such that the distance between adjacent models is minimized rather than
simply ranking by the distance to the reference model. We use this ordering in the heatmaps
that follow so that adjacent models are as similar as possible. In both tables the values

of the distance of each model referenced to JRA-55 is shown in the bracketed values. In
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567 particular where the ordering is based on the pairwise Wasserstein distance or Kulback-
568 Leibler divergence it is apparent that the considered CMIP5 models form a quite dis-

569 tinct class with respect to the reanalyses.
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Figure 1. (Previous page.) Alternative representations of the estimated posterior edge prob-
abilities for the tropical climate modes as calculated from the JRA-55 reference data. We show
graphs where the ”child” is the node associated with a given index at ¢t = 0, whose ”parents”
are any node for a given index at lagst = 1,...,6 months for edges with an estimated posterior
weight greater than 0.5. Panel (a) shows the format used in Harries and O’Kane (2021). In panel
(b) a reduced representation of the same DAG is shown where it is assumed the edge exists only
between parent and child. Panel (c) shows the same information without thresholding of the pos-
terior weights as a "heat map”. Here the rows represent the ”children” with the columns showing

the ”parents”. The shading indicates the value of the posterior weight.
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Figure 2. Edge posterior probabilties for the tropical indices calculated over all seasons (ALL:
‘tropical’) for the JRA-55 and NNR1 reanalyses and for the HadGEM-CC, NorESM1-M, and

MIROCS5 historical CMIP5 model simulations. Only edges with an estimated posterior weight

greater than 0.5 are shown.
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Figure 3. As for figure 2 but for CanESM2;, ACCESS1-0, GFDL-ESM2M, and CNRM-CMb5.
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Table 2.

teleconnections between regions. The distance of each model referenced to JRA-55 is shown in the bracketed values.

Wasserstein distance and Kullback-Leibler divergences. Calculations are over posterior weights for indices related to specific regions and describing

Models ordered by geographically determined Wasserstein distance
Region — All (global) Tropical NH SH NH-Tropical SH-Tropical
Order | JRA-55 (0) JRA-55 (0) JRA-55 (0) JRA-55 (0) JRA-55 (0) JRA-55 (0)
1 NNR1 (10.0) NNR1 (5.8) NNR1 (4.8) NNR1 (3.2) NNR1 (5.6) NNRI1 (7.3)
2 HadGEM2-CC (10.9) ACCESS1-0 (6.0) ACCESS1-0 (5.3) HadGEM2-CC (7.5) HadGEM2-CC (6.7) HadGEM2-CC (7.6)
3 CNRM-CMS5 (16.9) MIROCS5 (6.7) MIROCS5 (6.7) MIROCS5 (7.9) GFDL-ESM2M (10.9) CanESM2 (9.1)
4 NorESM1-M (19.0) GFDL-ESM2M (8.8) GFDL-ESM2M (7.5) ACCESS1-0 (8.8) CNRM-CM5 (11.3) NorESM1-M (9.7)
5 CanESM2 (19.7) NorESM1-M (10.0) CNRM-CMS5 (8.2) CNRM-CMS5 (9.6) CanESM2 (12.3) CNRM-CM5 (11.9)
6 GFDL-ESM2M (23.0) HadGEM2-C (10.7) CanESM2 (8.4) CanESM2 (10.9) NorESM1-M (14.2) GFDL-ESM2M (12.6)
e MIROCS5 (26.4) CanESM2 (11.1) HadGEM2-CC (9.3) NorESM1-M (11.0) MIROC (15.5) MIROCS5 (12.9)
8 ACCESS1-0 (36.2) CNRM-CM5 (12.2) NorESM1-M (9.8) GFDL-ESM2M (11.6) ACCESS1-0 (19.2) ACCESS1-0 (21.5)
Models ordered by geographically determined sum over pairwise Wasserstein distances
Region — All (global) Tropical NH SH NH-Tropical SH-Tropical
Order | JRA-55 (0) JRA-55 (0) JRA-55 (0) JRA-55 (0) JRA-55 (0) JRA-55 (0)
1 NNR1 (36.2) NNR1 (17.0) NNR1 (11.4) NNRI (7.9) NNR1 (28.4) NNR1 (24.8)
2 HadGEM2-CC (75.1) HadGEM2-CC (28.3) HadGEM2-CC (30.5) MIROCS5 (12.9) HadGEM2-CC (58.8) HadGEM2-CC (42.7)
3 ACCESS1-0 (76.0) CanESM2 (28.6) ACCESS1-0 (32.9) CanESM2 (15.6) ACCESS1-0 (63.1) ACCESS1-0 (44.6)
4 CanESM2 (80.8) NorESM1-M (29.3) NorESM1-M (33.3) ACCESS1-0 (16.3) CanESM2 (63.2) MIROCS5 (44.9)
5 NorESM1-M (80.9) ACCESS1-0 (29.8) CanESM2 (35.6) HadGEM2-CC (16.6) NorESM1-M (64.2) CanESM2 (45.2)
6 MIROCS5 (81.5) MIROCS5 (30.3) MIROCS5 (35.9) CNRM-CM5 (16.6) MIROCS5 (65.9) NorESM1-M (48.0)
7 CNRM-CMS5 (84.5) CNRM-CMS5 (32.0) CNRM-CMS5 (36.6) NorESM1-M (17.7) CNRM-CMS5 (68.0) CNRM-CMS5 (48.6)
8 GFDL-ESM2M (96.9) GFDL-ESM2M (40.2) GFDL-ESM2M (38.2) | GFDL-ESM2M (18.5) GFDL-ESM2M (78.4) GFDL-ESM2M (58.7)
Models ordered by geographically determined Kullback-Leibler divergence
Region — All (global) Tropical NH SH NH-Tropical SH-Tropical
Order | JRA-55 (0) JRA-55 (0) JRA-55 (0) JRA-55 (0) JRA-55 (0) JRA-55 (0)
1 NNRI1 (30.2) NNR1 (17.0) NNRI (8.0) NNRI (5.3) NNRI1 (24.9) NNR1 (22.3)
2 MIROCS5 (132.7) NorESM1-M (52.4) GFDL-ESM2M (45.7) CanESM2 (15.0) MIROCS5 (114.5) HadGEM2-C (70.4)
3 ACCESS1-0 (146.7) CanESM2 (55.4) HadGEM2-CC (47.1) ACCESS1-0 (18.2) HadGEM2-CC (125.7) NorESM1-M (72.0)
4 HadGEM2-CC (153.9) CNRM-CMS5 (67.1) CanESM2 (55.1) NorESM1-M (19.5) NorESM1-M (127.9) ACCESS1-0 (85.6)
5 NorESM1-M (157.2) ACCESS1-0 (67.4) MIROCS5 (60.8) MIROCS5 (22.0) ACCESS1-0 (131.7) CNRM-CMS5 (96.4)
6 CanESM2 (172.6) MIROCS5 (80.1) NorESM1-M (69.6) CNRM-CM5 (28.2) CanESM2 (153.1) MIROCS5 (108.2)
7 CNRM-CMS5 (178.2) HadGEM2-CC (86.6) ACCESS1-0 (76.3) HadGEM2-CC (29.3) CNRM-CM5 (156.2) CanESM2 (108.6)
8 GFDL-ESM2M (206.2) | GFDL-ESM2M (117.9) CNRM-CM5 (100.7) GFDL-ESM2M (33.2) | GFDL-ESM2M (173.0) | GFDL-ESM2M (151.1)
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Table 3.

connections between regions. The distance of each model referenced to JRA-55 is shown in the bracketed values. Here the model ordering was determined such that

the distance between adjacent models is minimized rather than simply ranking by the distance to the reference model.

Wasserstein distance and Kullback-Leibler divergences. Calculations are over posterior weights for indices related to specific regions and describing tele-

Models ordered by geographically determined Wasserstein distance
Region — All (global) Tropical NH SH NH-Tropical SH-Tropical
Order | JRA-55 (0) JRA-55 (0) JRA-55 (0) JRA-55 (0) JRA-55 (0) JRA-55 (0)
1 NNRI1 (10.0) NNR1 (5.8) NNR1 (4.8) NNR1 (3.2) NNR1 (5.6) NNR1 (7.3)
2 HadGEM2-CC (10.9) MIROCS5 (6.7) MIROCS5 (6.7) HadGEM2-CC (7.5) HadGEM2-CC (6.7) HadGEM2-CC (7.6)
3 CNRM-CM5 (16.9) HadGEM2-C (10.7) CNRM-CMS5 (8.2) NorESM1-M (11.0) CNRM-CM5 (11.3) CanESM2 (9.1)
4 NorESM1-M (19.0) CanESM2 (11.1) HadGEM2-CC (9.3) ACCESS1-0 (8.8) GFDL-ESM2M (10.9) MIROCS5 (12.9)
5 GFDL-ESM2M (23.0) NorESM1-M (10.0) GFDL-ESM2M (7.5) CNRM-CMS5 (9.6) CanESM2 (12.3) NorESM1-M (9.7)
6 MIROCS5 (26.4) ACCESS1-0 (6.0) ACCESS1-0 (5.3) GFDL-ESM2M (11.6) ACCESS1-0 (19.2) CNRM-CMS5 (11.9)
7 CanESM2 (19.7) GFDL-ESM2M (8.8) CanESM2 (8.4) CanESM2 (10.9) MIROC (15.5) GFDL-ESM2M (12.6)
8 ACCESS1-0 (36.2) CNRM-CM5 (12.2) NorESM1-M (9.8) MIROCS5 (7.9) NorESM1-M (14.2) ACCESS1-0 (21.5)
Models ordered by geographically determined sum over pairwise Wasserstein distances
Region — All (global) Tropical NH SH NH-Tropical SH-Tropical
Order | JRA-55 (0) JRA-55 (0) JRA-55 (0) JRA-55 (0) JRA-55 (0) JRA-55 (0)
1 NNR1 (36.2) NNR1 (17.0) NNR1 (11.4) NNR1 (7.9) NNR1 (28.4) NNR1 (24.8)
2 HadGEM2-CC (75.1) HadGEM2-CC (28.3) HadGEM2-CC (30.5) ACCESS1-0 (16.3) HadGEM2-CC (58.8) ACCESS1-0 (44.6)
3 ACCESS1-0 (76.0) ACCESS1-0 (29.8) NorESM1-M (33.3) MIROCS5 (12.9) ACCESS1-0 (63.1) HadGEM2-CC (42.7)
4 CanESM2 (80.8) CanESM2 (28.6) CanESM2 (35.6) HadGEM2-CC (16.6) NorESM1-M (64.2) CanESM2 (45.2)
5 NorESM1-M (80.9) MIROCS5 (30.3) ACCESS1-0 (32.9) NorESM1-M (17.7) CanESM2 (63.2) NorESM1-M (48.0)
6 MIROCS5 (81.5) NorESM1-M (29.3) CNRM-CMS5 (36.6) CanESM2 (15.6) MIROCS5 (65.9) MIROCS5 (44.9)
7 CNRM-CMS5 (84.5) CNRM-CMS5 (32.0) MIROCS5 (35.9) CNRM-CMS5 (16.6) CNRM-CMS5 (68.0) CNRM-CMS5 (48.6)
8 GFDL-ESM2M (96.9) GFDL-ESM2M (40.2) GFDL-ESM2M (38.2) | GFDL-ESM2M (18.5) GFDL-ESM2M (78.4) GFDL-ESM2M (58.7)
Models ordered by geographically determined Kullback-Leibler divergence
Region — All (global) Tropical NH SH NH-Tropical SH-Tropical
Order | JRA-55 (0) JRA-55 (0) JRA-55 (0) JRA-55 (0) JRA-55 (0) JRA-55 (0)
1 NNR1 (30.2) NNR1 (17.0) NNR1 (8.0) NNRI (5.3) NNR1 (24.9) NNR1 (22.3)
2 MIROCS5 (132.7) ACCESS1-0 (67.4) HadGEM2-CC (47.1) ACCESS1-0 (18.2) MIROCS5 (114.5) ACCESS1-0 (85.6)
3 CNRM-CMS5 (178.2) HadGEM2-CC (86.6) NorESM1-M (69.6) MIROCS5 (22.0) CNRM-CMS5 (156.2) CanESM2 (108.6)
4 ACCESS1-0 (146.7) CanESM2 (55.4) ACCESS1-0 (76.3) CanESM2 (15.0) ACCESS1-0 (131.7) HadGEM2-C (70.4)
5 HadGEM2-CC (153.9) MIROCS5 (80.1) GFDL-ESM2M (45.7) CNRM-CM5 (28.2) HadGEM2-CC (125.7) MIROCS5 (108.2)
6 NorESM1-M (157.2) CNRM-CMS5 (67.1) MIROCS5 (60.8) HadGEM2-CC (29.3) NorESM1-M (127.9) CNRM-CM5 (96.4)
e CanESM2 (172.6) NorESM1-M (52.4) CNRM-CM5 (100.7) NorESM1-M (19.5) CanESM2 (153.1) NorESM1-M (72.0)
8 GFDL-ESM2M (206.2) | GFDL-ESM2M (117.9) CanESM2 (55.1) GFDL-ESM2M (33.2) | GFDL-ESM2M (173.0) | GFDL-ESM2M (151.1)
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Figure 4. Heat map for the posterior weights between Southern Hemisphere (SH) indices at

t = 0 and time-lagged tropical indices calculated over all seasons. Here the respective models
shown in the rows are ordered by calculating the Wasserstein distance between models based on
all posterior edge weights between the tropics and the SH simultaneously, not just the subset
shown here. In this and all subsequent heatmap figures, the model ordering was determined such
that the distance between adjacent models is minimized, allowing for the ordering of successive

rows according to their similarity and corresponding to table 3.

In figure 4 we show the heat map for a small subset of the total posterior edge weights
between the three chosen SH indices at ¢ = 0 and time-lagged tropical indices calcu-
lated over all seasons. The respective models indicated in the rows are ordered based on
the earthmover’s distance measure summing over all tropical-SH posterior edge weights.
We can see that important lagged relationships between the SH extratropics and the trop-
ics present in the reanalyses are not captured by the CMIP5 models. In particular, both

reanalyses show the known influence of ENSO on the frequency of occurrence and per-

27—



577

578

579

580

581

582

583

584

585

586

587

588

589

590

591

592

593

594

595

596

597

598

599

600

601

602

603

604

605

606

607

608

609

sistence of coherent synoptic scale features in the SH mid-troposphere as represented by
the PSA1 mode at lags 1 through to lag 3 (Mo, 2000; O’Kane et al., 2017) and the higher
latitude westerly winds via the SAM at lags 4 through 6. While a subset of CMIP5 mod-
els have edges indicating a relationship between ENSO and the PSA1, there is very much
weaker evidence for the presence of these edges than found in the reanalyses. In contrast,
none of the CMIP5 models capture the time lagged influence of ENSO on the SAM apart
from ACCESS1-0 where the evidence of dependence is weak and at shorter lag i.e., t—

(r = 3,4). MIROC5 and GFDL-ESM2M have the ENSO-SAM teleconnection at ¢ —

(7 = 1) and decaying thereafter. While we can readily describe these particular cases

of model biases due to their occurrence across a range of models and their ready phys-
ical interpretation, other biases represented in figure 4 are more generally model specific
requiring detailed examination of the posterior weights across a number of DAGs spe-
cific to a particular model to inform where biased teleconnections may be caused by, or

the cause of, related biases.

Further examples of what appear to be systematic biases across CMIP5 models oc-
cur for the tropical-NH teleconnections. As an example, all models, with the exception
of CanESM2, have notable posterior edge weights for the ENSO (MEI) teleconnection
to the AO extending in most cases from t—(7 =1, ...,4). This teleconnection is largely
absent in the reanalyses over lags 1 to 3, and is only weakly supported at longer lags.
The tendency for the CMIP5 models considered here to overemphasize ENSO-AOQO tele-
connections has been previously observed in seasonal predictions using the North Amer-
ican Multimodel ensemble (L’'Heureux et al., 2017). With some studies pointing to im-
portant regional effects on climate extremes due to specific combinations of El Nifo /
La Nifla and the phases of the AO, and in particular over China (Chen et al., 2013), ex-
amination of this poorly understood teleconnection is becoming of increasing importance.
A similar systematic bias occurs for the tropical Pacific influence on NH blocking as de-
scribed by the SCAND and AR indices. Here we see for the reanalyses that this telecon-
nection is most strongly supported at longer lags, however, for five of the CMIP5 mod-
els an interaction with a lag of 1 month is more strongly favoured. The models and re-
analyses generally are in much better agreement on the MEI-PNA teleconnection over
lags up to 3 months with the exceptions of CNRM-CM5 where it is little evidenced and

for NorESM1-M where the MEI influence on the PNA occurs mainly at lag t — (7 =

1).
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Figure 6 shows summary DAGs for the three SH teleconnections considered namely,
the PSA1 & 2 and SAM. The DAGs for both reanalyses contain the well known influ-
ence of ENSO on the PSA1 on intraseasonal timescales and on SAM at seasonal timescales.
Both also show strong support for SAM autocorrelation at lag 1. Relative to JRA-55,
in NNRI1 there is evidence of a number of additional Granger causal relationships such
as a lagged influence of the PSA2 onto the PSA1, which itself has an increased autocor-
relation. NNR1 shows additional teleconnections between the NAO+ and the PSA1 at
lag 4 and between the AR and SAM at lag 5. In figure 6 and the associated heat map
figure 7, it is readily apparent that the CMIP5 models are diverse with only general agree-

ment found for the SH indices autocorrelations.

Overall, and as expected, NNRI1 is closest to JRA-55 with the ordering of the CMIP5
models varying according to geographic location. That said, if one considers only pos-
terior weights > 0.5, i.e., those teleconnections between indices for which we have a high
degree of confidence, then the ordering of the CMIP5 models can change markedly again.
In general, it is sufficient to say that the free running CMIP5 models all exhibit system-
atic biases in their representation of the internal modes of variability over the recent past
relative to the two reanalyses considered, both of which are quantitatively shown to be
in broad agreement. In figure 8 we show the complete map of estimated posterior prob-
abilities for the parent sets of all 13 indices, for all models and lags and where the mod-
els are ordered by their Wasserstein distances calculated over all posterior edge proba-
bilities without thresholding. In figure 9 we show the corresponding heat map for the
posterior mean ,5’ associated with the MAP structure for each reanalysis and CMIP5 model.
As each MAP structure contains only a subset of the potential edges, these maps are nec-
essarily sparser than those showing the posterior probabilities for each edge. Generally,
the edges present in each MAP structure correspond to those with high posterior prob-
ability overall. This suggests that the edges with high posterior weight largely correspond
to strong associations between parents and the respective child node, hence indicating
either a strong autocorrelation or Granger causal relationship. We again emphasize that
differences in a particular feature i.e., bias, requires confirmation via close examination
of the representation of the processes in question in both the particular selected model

and chosen reference reanalysis.
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4.2 Seasonal networks for monthly indices

Harries and O’Kane (2021) previously discussed a number of seemingly spurious
inter-hemispheric teleconnections in the NNR1 and JRA-55 reanalyses and the processes
by which they could occur when data from all seasons is considered. Differences in the
DAGs from one model to another may occur where confounding or spurious associations
are generated through a failure of causal sufficiency i.e., omission of relevant variables
in the fit. Seasonal variations in the background flow also profoundly influence the mech-
anisms that determine the variability and spatial structures of the various climate modes
and their teleconnections, and in particular those at the mid- to high latitudes. This sea-
sonal dependence should be treated appropriately by including a systematic seasonal com-
ponent together with seasonal indicators as nodes within the graph (Harwood et al., 2021).
Alternately one might consider time-varying network structures but this is an exceed-

ingly challenging task and beyond the scope of the current study.

To better account for seasonality we now restrict the analysis to the boreal win-
ter in order to capture the largest component of the interseasonal variations of the NH.
We account for seasonality by restricting our analysis to data between December through
to February (DJF), while still allowing for lags of up to six months such that observa-
tions entering into the fits include lagged values of the indices during the previous Au-
tumn (SON). Previously, Harries and O’Kane (2021) showed the estimated posterior prob-
abilities for the parent sets of the NAOT and NAO™ indices during DJF. In figures 10,
11 & 12 we show the DAGs associated with all of the NH indices considered namely, the
NAO™ and NAO—, PNA, SCAND, AR and AO for both reanalyses and CMIP5 mod-
els during the boreal winter. Once again, the summarized DAGs exhibit close correspon-
dence between JRA-55 and NNR1 apart from the parents of the NAO—. The CMIP5
models in general reproduce the AO autocorrelation and posterior edge weights from AO
parents to the NAO™ and NAO™ child nodes. However, the preferred parent sets of the
other CMIP5 NH child nodes differ substantially with many of these differences arising
from a general tendency to a long autocorrelation and strong lagged influence of the PNA
in four of the CMIP5 models (HadGEM-CC, NorESM1, MIROC5 & CNRM-CM5) con-

sidered.
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5 Summary

Recent approaches to inferring the complex interactions of the climate have largely
been constraint-based (Runge, 2015; Runge et al., 2015, 2019; Spirtes et al., 2000; Nowack
et al., 2020) with the advantage that it allows efficient inference for high-dimensional sys-
tems with memory. One possible drawback of the constraint-based approach is that it
is hard to estimate uncertainties associated with any particular choice of structure. Un-
certainty quantification on the other hand is an inherent part of Bayesian structure learn-
ing whereby the posterior distribution is learned over many possible structures rather
than a single graph estimate. In the Bayesian approach, averages are taken over the set
of possible models sampled from the model posterior distribution therefore allowing iden-
tification of those edges that are well supported by the data. One can then straightfor-
wardly estimate the model parameters conditional on a given structure thereby provid-
ing a basis for comparing both the structure of the graphs and their associated param-
eters. Here we use MCMC algorithms to sample from the set of possible models to gen-
erate posterior probabilities and determine robust edges for which there is high confi-

dence as a basis for climate model evaluation.

The approach we have outlined for climate model evaluation consists of three sep-
arate stages. The first stage is one of dimension reduction whereby empirical indices of
the various climate modes of variability are extracted from climate model data and or
observational estimates. The second stage, given a set of priors, deploys Bayesian MCMC
methods to sample from the posterior distribution over possible structures followed by
the third stage, where we evaluate the resulting posterior distributions for the presence
of individual edges between nodes of the DAGs and the associated MAP estimates for
the graph structure. Given the nodes of the resulting probabilistic graphical models are
entirely specified in terms of physically observable climate modes, the graphs are at once
intuitive and easily interpretable in terms of interactions between the various climate pro-

cesses.

Previously Harries and O’Kane (2021) showed qualitatively that the network fea-
tures derived from NNR1 and JRA-55 data with high estimated posterior probabilities
are overall in good agreement. In this study we have found that this agreement is sub-
stantially better than that found when comparing any of the CMIP5 models to reanal-

yses, by comparing the estimated posterior probabilities for individual edges. Given the
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reanalyses are constrained by observations, this is to be expected and allows for free run-

ning climate models of the historical period to be objectively compared.

Whereas differences between the models estimated from the two reanalyses are in
the majority of cases limited to edges with low posterior mass, this is not the case for
the CMIP5 models. For the tropical climate modes with autocorrelations that extend
beyond a season (ENSO, MJO) and their parent associations, we find that the CMIP5
models are in reasonable quantitative agreement with the reanalyses. We see this gen-
eral agreement start to breakdown as tropical-extratropical teleconnections are consid-
ered. The greatest diversity amongst CMIP5 models occurred when considering the mid-
and high latitudes climate modes. This latitudinal dependence also corresponded to the
largest divergences between the CMIP5 models and the JRA-55 reference reanalysis. While
some of these feature differences in the full year fits (ALL) may arise as a result of the
seasonal cycle and other common drivers, such as for periods when the midlatitude jets
covary, we can test for this by observing if the apparently spurious cross-equatorial de-

pendencies disappear when the fitting is based on seasonally dependent data.

A detailed evaluation of the mechanisms by which the identified potential biases
in the respective CMIP5 model representations of the internal climate modes of variabil-
ity arise is beyond the scope of the present discussion. Modeling centers conduct exten-
sive characterization of the performance and biases of their various model configurations
as part of their model development process. Having said that, the typical approach by
which model biases and performance is assessed is via systematic comparison of individ-
ual metrics, usually focused on the mean climate and the large scale climate modes based
on sea surface temperature differences between CMIP model and reanalysis products such
as ENSO, IOD, interdecadal Pacific oscillation (IPO) and the Atlantic multidecadal os-
cillation (AMO) (Stoner et al., 2009; Rashid et al., 2013). Alternate common approaches
include estimating the influence of temporal biases in given climate modes on specific
variables e.e., precipitation and temperature (Chung et al., 2023). Due to the maturity
of the data and range of available intercomparisons, we have chosen to focus on a sub-
set of CMIP5 models however, in common with CMIP3 (Stoner et al., 2009) and CMIP5
(Rashid et al., 2013), the most recent phase 6 of CMIP (Rashid et al., 2022) reveals that,
whereas the spatial structures of the large scale oceanic climate modes (ENSO, I0D, IPO
and AMO) compare favourably with the structures of their observed counterparts, there

remain major and systematic differences in the simulated temporal variability. As we have

—32—



736

737

739

740

742

743

744

745

746

747

748

749

750

751

752

753

754

755

756

757

758

759

760

761

762

764

765

767

768

seen in the results presented here, these biases in the temporal variability of the trop-
ical modes and their teleconnections to the midlatitude atmospheric modes are a ma-

jor source of model error.

Building on the previous initial application of DBNs to reanalysis data by Harries
and O’Kane (2021), we have shown additional evidence for consistency across the JRA-
55 and NNR1 reanalyses confirming that a score-based approach recovers the expected
teleconnections between the climate modes through estimation of the posterior distri-
bution over models and features. The DBN models obtained for the NNR1 and JRA-

55 reanalyses have been used as a set of ground truth results against which free-running
CMIP5 models have been compared over the historical period. The results presented here
further indicate that systematic biases exist across a broad range of climate model con-
figurations largely in the temporal variability of the major atmospheric modes of vari-
ability and their teleconnections. These biases tend to be somewhat mitigated where there
are well defined teleconnections from the tropics to the extratropics. The tropical modes,
defined in terms of indices based on sea surface temperature with the longest autocor-

relation are in the best agreement to the reanalyses.

It is important to distinguish between systematic model error and temporally de-
pendent differences due to the phases of the large scale background state. Shown in fig-
ure 13 are the dependencies (parents) for the tropical indices (children) present in the
JRA-55 data over the period 1958-10-01 to 1998-12-31 (including all seasons) encompass-
ing two phases of the inter-decadal Pacific oscillation IPO: (Power et al., 1999). Specif-
ically we show dependencies for the corresponding negative (-IPO: 1958-10-01 to 1976-
12-31) and positive (+IPO: 1977-01-01 to 1998-12-31) IPO phases. Here we see very sim-
ilar dependencies between those calculated over the entire period and those over the +IPO
phase. For the earlier period corresponding to the -IPO phase, we observed increased
auto-correlations for ENSO (MEI) but significantly weaker auto-correlations for the MJO,
and in particular for the RMM2 component of the real-time multivariate Madden-Julian
oscillation index, relative to the full period. In addition, a significant teleconnection emerges
between the SAM and tropics in this latter period consistent with observed increased
strength of the mid- to high latitude westerly winds in the SH. Similarly, we observe the
emergence of a stronger PSA1 teleconnection to the tropics. Overall, the +IPO phase
DAG more closely resembles that of the full period. On the basis of this and associated

investigations, we posit that the largest differences between the dependency structures
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of the reanalyses and climate models are in fact due to model errors and biases. There
is however undoubtedly an additional component due to temporal variations due to sys-
tematic changes in the background state resulting in the aforementioned structural dif-
ferences between the -IPO and +IPO DAGs. Whereas, the free-running models are un-
constrained and not able to reproduce the observed temporal changes due to the phase

relationships within a given regime, the models will diverge from the true trajectory.

Here we have considered the restricted case of homogeneous models derived from
monthly mean data and in doing so ignore secular trends in the spatio-temporal evolu-
tion of the modes. O’Kane et al. (2016) have shown that the SH midlatitude atmospheric
modes in the SH have undergone systematic changes in their structure, frequency of oc-
currence and persistence over the recent historical record. In order to understand the
impact of structural changes in the persistent states of the observed or future anthro-
pogenically forced troposphere, on teleconnections to the wider climate system requires
models that are inherently constructed to handle nonstationarity and with regime iden-
tification. Saggioro et al. (2020) proposed a potentially useful framework for embedding
homogeneous network models within a variational approach to regime identification. In
the future we intend to extend homogeneous network models through the inclusion of
regime identification to better understand the response of the simulated climate system
to changes in radiative forcing, be they slow systematic variations or abrupt changes in
the underlying network structure indicative of regime transitions. Furthermore, the con-
sidered random variables, be they climate indices or any other time series, should be cho-
sen with care as the “important/main” variables for the phenomena under investigation
as with any causal algorithm it is possible that the inferred structural causal model would

change when adding more indices to the analysis (Baldovin et al., 2020).

Our purpose here is not simply to demonstrate how Bayesian structure learning
can be of utility as a tool for process-based model evaluation, but that it affords a unique
approach whereby one can assess biases in the temporal behaviour of individual climate
modes and identify and assess the teleconnections between those modes. As the analytic
posterior distributions can be factorized, the associated DAGs can be fitted simultane-
ously and computationally efficiently across a large representative sample of climate model
simulations. In summary, Bayesian structural causal models naturally afford uncertainty
estimation in order to ascertain the robustness of differences across models and obser-

vations and hence identify genuine model biases.
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Appendix A Sampling algorithms

As noted in the main text, inference for DBNs with a priori unknown structure may
be separated into two phases, based on decomposing the joint posterior distribution for
the model structure G and parameters 6. To account for model uncertainty, we aim to
generate a sample of structures G from the posterior distribution

P(D|G)P(G)

P(GID) = =5,

—35—



832

833

834

835

836

837

838

839

840

841

842

844

845

846

847

848

849

850

851

852

853

854

855

856

857

858

859

given data D. The marginal likelihood, Eq. (4), is obtained by integrating out the model
parameters. For the DBN models used in this study, the likelihood under a given struc-

ture G, corresponding to a particular choice of the parent sets

pag(Yy) = {Y{ |G contains an edge from Y/ _ to Y;'}, (A2)
can be written
T n
P(DIG,0) = [ ] P(Y/Ipag(Y7), 6:); (A3)
t=11i=1

we assume that a sufficiently large set of pre-sample values have been held out to con-
dition on. Assuming that the priors appearing in Eq. (4) for the model parameters sat-

isfy the properties of parameter independence (Heckerman et al., 1995),
p@|a) =[] P@:la), (A4)
i=1

and modularity (that is, for any two graphs G' and G’, if Y;' has the same parent set in
G and G’, then the priors for the parameters 6; characterizing the conditional PDF of
Y} satisfy P(6;|G) = P(0;|G’)), the marginal likelihood may be written as the prod-

uct of local marginal likelihoods ¥;(D, G) (Grzegorczyk & Husmeier, 2011):

Pi6) = [ [ @b [T PO pac vy ep@ilc) = [[wmiG). (as)

For structurally modular priors of the form

P(G) = H P(pag(Yy)) (A6)

the posterior over graphs also factorizes,

P(@1D) = TR = iy L[ w0: ) Poag ) (A7

so that each factor can be computed independently, up to an overall normalization.

For general choices of the conditional densities P(Y}|pag(Y}),0;), it is not possi-
ble to analytically marginalize out the model parameters (i.e., evaluate ¥;(D; G) in closed-
form), as would be required to sample from the marginal posterior distribution P(G|D)
directly. Instead, it is necessary to construct a MCMC sampler that samples from the
joint posterior P(#, G|D) using, e.g., reversible jump Markov Chain Monte Carlo (RJM-
CMC) (Green, 1995) or related methods (Carlin & Chib, 1995; Godsill, 2001).

Methods for sampling from the space of possible structures may be neatly formu-

lated in terms of the composite parameter space formulation of Godsill (2001). From the
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collection of parameters associated with all allowable models, 6, any given model G will

depend only on some subset 67(¢). Sampling from the joint posterior distribution for

model structures and parameters can be performed using a Metropolis-Hastings type scheme

on a composite parameter space. Briefly, at each iteration either: 1) with probability jy(G, 07z(q)),

a new set of parameters associated with the graph structure G is proposed, or 2) an up-
date to the current structure is proposed with probability 1—js(G,0z(c)). Where the
model structure is left unchanged, G’ = G, and a new set of parameter values O/I(G)

is drawn from a proposal density gy (O/I(G); 0z(c)). The new state, consisting of the struc-
ture G and proposed new parameter values O'I(G), is accepted with probability

o —mind1 jO(Gv 0&(@)) (JH(OI(G)Q 9%(@)) P(G, OII(G)|D)
" Jo(G, 01(6)) 46071 01(c)) P(G, 07| D) |

(A8)

Alternatively, if an update to the current structure is to be made, a new structure G’

is drawn according to a proposal distribution ¢g(G’; G), and any new parameters required
to fully specify G, O’I(G,)\I(G), are drawn from a proposal density Gy (O’I(G,)\I(G)). All
other parameters are retained at their previous values. The new state is accepted with

probability

o =min< 1 J16(G"076) qa(G; G') do(0zanz(ar) PG 076 |D) (A9)
" Ja(G, 1)) 4c(G;G) @007y 1(c)) P(G.0z(c)|D)

For models where the conditional posterior distribution for all parameters admits
analytic evaluation the above scheme reduces to the MC? scheme of Madigan et al. (1995)
(see Algorithm 2 of Harries and O’Kane (2021)). The acceptance ratio for a structure
drawn according to gg(G’; G) is in this case given by Eq. (5). We use this sampling al-
gorithm for all of the results presented in this study. The required closed-form expres-
sions for the prior and posterior densities for the parameters of the node conditional dis-
tributions, and the resulting marginal likelihoods or local scores, for the models used are

detailed in Appendix B of Harries and O’Kane (2021).
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Figure 5. As for figure 4 but for the NH-tropical indices.
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the JRA-55 and NNRI1 reanalyses and for the historical CMIP5 model simulations. Only edges

with an estimated posterior weight greater than 0.5 are shown.
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