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CHAPTER

INTRODUCTION

1.1 General hydroclimate and topography of the
study area

Tanzania, Somalia and Ethiopia. It is roughly located between lati-

tudes 12°S and 10°N and longitudes 35°E and 50°E, with a particular
focus here on the areas close to the Indian Ocean. In average, this region re-
ceives less rainfall than the other land surfaces of similar latitudes, which is
due to a generally divergent large-scale atmospheric flow (Lyon, 2014). This
makes it unique in the deep tropics (Yang et al., 2015). These overall dry con-
ditions conceal, however, very wide variations between sectors (Fig. 1.1-a.).
Some regions, as for instance much of the Horn of Africa, exhibit (semi-)-
desertic conditions with rainfall of less than 200 mm per year while others,
such as the Ethiopian Highlands, are characterized by a very wet climate with
rainfall above 2000 mm a year. One of the major factors driving this strong spa-
tial heterogeneity is the complex topography (e.g. Hession and Moore, 2011),
shown in Fig. 1.1-b.

EAST Africa, as defined in this study, comprises the countries of Kenya,
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Figure 1.1 — a. Mean annual rainfall over land surfaces over the period 1901-2010
based on the data set GPCC-v7 (Schneider et al., 2014) and b. Topographic elevation
in the study area from Amante and Eakins (2009).

The topography of East Africa consists essentially in a coastal plain in
the east bounded on the west by highlands. The latter are closely related to
the East African Rift, a zone characterized by a developing divergent tectonic
plate boundary, in which the African Plate is in the process of splitting into
two tectonic plates, called the Somali Plate and the Nubian Plate (e.g. Ebinger,
2005). The Ethiopian and the East African highlands are separated by a narrow
gap, called the Turkana channel (Fig. 1.1-b), which routes southeasterly flow
from over the Indian Ocean inland (Kinuthia, 1992). In addition to triggering
considerable orographic rainfall, the East African topography thus also con-
trols features of the local atmospheric circulation through the role played in
the low-level wind patterns and moisture transport (e.g. Viste and Sorteberg,
2013). The spatial heterogeneity of the East African hydroclimate is rein-
forced by the presence of numerous lakes, primarily in the valley of the East
African Rift. Those lakes are indeed recognized as important drivers of the
East African regional climate system (e.g. Anyah et al., 2006), although their
impact on atmospheric dynamics and the regional hydrological cycle remains
poorly understood (Thiery et al., 2015).
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The East African annual cycle of precipitation primarily depends on the
seasonal migration of the Intertropical Convergence Zone (ITCZ) back and
forth across the equator, following the apparent motion of the Sun. This merid-
ional translation leads to a bimodal distribution of the cycle over much of the
region, with a first rainy season occurring from March to May (the so-called
long rains) and a second from October to December (short rains). The north-
ward migration of the ITCZ is relatively slow and steady, bringing several
weeks of heavy rainfall over the region during the long rains. In contrast, the
southward migration in boreal autumn is more rapid and exhibits more vari-
ability, meaning that much of the interannual variability of the East African
rainfall is controlled by the short rains (e.g. Nicholson, 1996; Mutai and Ward,
2000; Nicholson, 2014). The regions located further away from the equator,
over the most southern and northwestern parts of the study area, are no more
characterized by a bimodal cycle of rainfall but rather by a unimodal distribu-
tion, with a peak during austral and boreal summer, respectively (Owiti and
Zhu, 2012; Yang et al., 2015).

1.2 Recent extreme meteorological events

Over the last few years, East Africa has been severely affected by both droughts
and floods (Fig. 1.2). Coupled to geopolitical and socioeconomic factors such
as poverty, conflicts, inflation or high population pressure, the humanitarian
consequences of these extreme weather events are often dramatic for the local
populations, the majority of whom being pastoralists and subsistence farmers.
As mentioned in the fifth assessment report of the Intergovernmental Panel
on Climate Change (IPCC), drought is a phenomena complex to define. It is
however always related to a period of abnormally dry weather, which is long
enough to cause a serious hydrological imbalance (Hartmann et al., 2013).
In East Africa, droughts usually result in increased water shortages that lead
to scarce pastures, reduced crop yields or even crop failures, and outbreaks
of contagious livestock diseases. This ultimately induces mass migration and
famine.

In 2005-2006, more than 11 million people were affected by critical food
shortage in East Africa, due to severe drought coupled by the effects of con-
flicts (FAO, 2006). In 2008-2009, a widespread famine and humanitarian crises
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Figure 1.2 — Occurrence of floods and droughts having affected the East African re-
gion over the past ten years.

were caused by another drought (Mwangi et al., 2014), that affected 23 mil-
lion East Africans (EMDAT, 2016). The drought that occurred in 2011-2012,
sometimes said to be the worst in 60 years (Byrs, 2011), also led to a dire food
security crisis in East Africa, affecting 13 million people IFRC, 2011).

East Africa has also been impacted over the past few years by episodes
of (flash) floods (Fig. 1.2). Paradoxically, the resulting humanitarian con-
sequences, although more localized, are relatively similar, with soil erosion,
damage to crops and infrastructures, and increases in human and livestock
waterborne diseases. The effect of flooding are furthermore exacerbated in
pastoral areas previously affected by droughts, where the absorption ability of
the soil has become poor. In 2007, more than 650,000 East Africans lost their
houses due to the worst floods in decades (IFRC, 2007). In 2012, tens of thou-
sands people were again affected (IRIN, 2012) and in 2013, 225,000 people
were displaced from their houses (OCHA, 2013). Finally, 2016 is character-
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ized by heavy rainfall that has already wrecked havocs in several East African
countries (Deutsche Welle, 2016; OCHA, 2016).

These extreme and opposite weather events underline the strong interan-
nual variability of East African rainfalls. Understanding the processes driving
these abnormally high/low rainfall is crucial to make accurate forecasts and
for preparing adaptation or mitigation plans to these extreme meteorological
events (e.g. Wilhite et al., 2014; Masih et al., 2014).

As already mentioned, the interannual variability of rainfall is dominated
by the short rains. It is well established that rainfall during this season is linked
to changes in sea-surface temperatures (SST) in the Pacific (e.g. Ropelewski
and Halpert, 1987; Mutai et al., 1998; Indeje et al., 2000; Schreck and Semazzi,
2004; Hoell et al., 2014) and Indian (e.g. Hastenrath et al., 1993; Goddard and
Graham, 1999; Hastenrath et al., 2007; Ummenhofer et al., 2009; Izumo et al.,
2014) Oceans. Those SST changes are mainly related on the interannual time
scale by two modes of variability that are described in the next section: El
Nifio-Southern Oscillation (ENSO) and the Indian Ocean Dipole (I0OD). Con-
sistently with this view, El Nifio (La Nifia) events often coincide with a high
number of East African people affected by floods (droughts) (Fig. 1.3). For in-
stance, the floods of 2007 and 2015-2016 were associated with El Nifio events.
Similarly, the droughts of 2008-2009 and 2010-2011 came with La Nifia, as
was the case for the most important drought in terms of affected people that
occurred in 1999.

However, the coincidence between the phases of ENSO and extreme events
in East Africa appears far from being systematic, as can be seen in Fig. 1.3.
The link between ENSO, the IOD and the East African rainfall is actually
complex, as explained in the following section.

1.3 Interannual variability of rainfall

ENSO is the most prominent mode of variability in the instrumental record
(Schott et al., 2009). It originates in the tropical Pacific, but affects weather
variability nearly worldwide, through atmospheric teleconnections. It is char-
acterized by fluctuations between unusually high (El Nifio) and low (La Nifia)
SSTs in the central and eastern equatorial Pacific, that occur every two to seven
years (e.g. Cane, 2005; McPhaden et al., 2006). Typically, ENSO phases de-
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Figure 1.3 — Number of people affected by drought and flood in East Africa (EM-
DAT, 2016), together with intensities of El Nifio and La Nifia events, based on
the Oceanic Nifio Index (ONL, http://www.cpc.noaa.gov/products/analysis_
monitoring/ensostuff/ensoyears.shtml)

velop during boreal summer, peak during winter (corresponding to the East
African short rains period) and decay the following spring (Xie et al., 2009).

Under neutral climatic state (neither El Nifio nor La Nifia), the trade winds
tend to pile-up relatively warm waters in the western tropical Pacific Ocean,
while the other side of the Ocean is affected by upwelling of relatively low
SSTs. The warm pool at the west induces deep atmospheric convection and
ascendant air motion, associated to low sea-level pressure. In the upper tropo-
sphere, the air returns eastward, and the loop is closed with sinking air motion
over the cool eastern Pacific, leading to high pressure at the surface. This atmo-
spheric circulation is referred to as the Walker circulation (e.g. Lau and Yang,
2002) (Fig. 1.4). It is associated to a positive feedback, called the Bjerknes
feedback (Bjerknes, 1969). Indeed, the enhanced SST gradient caused by the
winds leads to a reinforcement of the east-west sea-level air pressure difference
across the basin, that in turn reinforces the winds.

During an El Nifio event, the trade winds weaken while the gradient in
atmospheric sea level pressure decreases. This leads to a shift of the warm
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Figure 1.4 — Generalized Walker circulation under normal conditions (NOAA Cli-
mate.gov, drawing by Fiona Martin).

surface water eastward over the central to eastern equatorial Pacific, and thus of
the atmospheric convection zone. Consequently, negative anomalies of SSTs
and sea level are observed in the western Pacific (Wang and Fiedler, 2006).
By contrast, La Niifia refers to the situation when the Walker circulation is
enhanced, with stronger gradient of SST and of sea level pressure between the
eastern and the western tropical Pacific, the warm waters being then restricted
in the latter area.

Although interannual variations in East African rainfall have been linked to
ENSO (e.g. Mutai et al., 1998; Indeje et al., 2000; Mason and Goddard, 2001),
several studies suggest that this relationship is the result of an indirect forcing
of ENSO on the Indian Ocean (e.g. Goddard and Graham, 1999; Black et al.,
2003; Black, 2005). Indeed, the phases of ENSO involve zonal displacements
of the Walker circulation and variations of its strength, which affect the tropical
Indian Ocean.

Previous observation-based studies have identified two dominant patterns
of SST in the Indian basin associated with El Nifio events, from empirical or-
thogonal function (EOF) analyses (Weare, 1979; Tourre and White, 1995). The
first mode, that accounts for about 30-40% of the total variance, represents a
basin-wide warming over the tropical Indian Ocean, that reaches a maximum
in boreal spring, about one season after El Nifio has peaked (Klein et al., 1999;
Alexander et al., 2002). It is sometimes referred to as the Indian Ocean Basin
Mode (IOBM; Yang et al., 2007). Much of the warming is attributed to a re-
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duced cloud cover due to enhanced subsidence, leading to an increased incom-
ing solar radiation over the eastern part of the ocean (Klein et al., 1999; Ven-
zke et al., 2000; Alexander et al., 2002; Tokinaga and Tanimoto, 2004; Schott
et al., 2009), which generates a gradual warming towards the western part of
the basin (Xie et al., 2002; Jury and Huang, 2004; Schott et al., 2009). While
this basin wide-warming appears robust, it does not seem to affect greatly the
East African rainfall. Indeed, the teleconnection between interannual Indian
Ocean SSTs and East African rainfall in boreal spring, roughly corresponding
the long rains, is weak (e.g. Mutai and Ward, 2000; Pohl and Camberlin, 2006;
Nicholson, 2014).

The second mode found in Weare (1979) accounts for about 10% of the
variance. It displays a zonal SST dipole structure mostly dominant in boreal
autumn, with a weak warming over the western Indian Ocean and abnormally
cold SSTs in the East, off Java and Sumatra. This mode is now widely called
the IOD (Saji et al., 1999; Webster et al., 1999). The IOD is, as ENSO, an in-
terannual ocean-atmosphere coupled oscillation characterized by positive and
negative phases. During the positive events, the SSTs are abnormally low in the
southeastern Indian Ocean and abnormally high in the western Indian Ocean
(Fig. 1.5). This pattern of SST is closely associated with changes in surface
winds, the usually weak climatological equatorial westerlies over the tropical
Indian Ocean being replaced by easterly winds (Webster et al., 1999). This
produces upwelling and evaporative surface cooling off the west coasts of Java
and Sumatra (Behera et al., 1999; Saji et al., 1999), while the thermocline be-
comes deeper in the western Indian Ocean, which increases SSTs (Webster
et al., 1999; Yamagata et al., 2004). The resulting reversed SST gradient lead
to a Bjerknes feedback which persists until the easterly wind stops, or remote
forcing deepens the thermocline in the eastern Indian Ocean basin (Meyers
et al., 2007).

The origin of this mode and its link with ENSO is controversial. Until
the 1990s, the Indian Ocean interannual variability was mainly thought to be a
rather passive response to the Pacific variability (e.g. Tourre and White, 1995;
Latif and Barnett, 1995). In the late 90s, however, the IOD was first described
as an inherent mode of variability of the Indian Ocean, since it can occur while
the Pacific state is neutral (Saji et al., 1999; Webster et al., 1999). ENSO
and IOD have thus been considered as independent climate modes. However,
they often co-occur, the El Nifio-induced SST pattern predisposing the Indian
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Figure 1.5 — Typical patterns of SSTs and surface winds, mean position of convection,
and thermocline during a positive phase of the IOD (Figure from Cai et al., 2013).

Ocean to a positive phase of the IOD (Li et al., 2003; Black et al., 2003; Yam-
agata et al., 2004; Meyers et al., 2007; Schott et al., 2009).

The positive phases of the IOD are accompanied by enhanced short rains
over East Africa. Indeed, the westwards low-level wind induced by the higher
western Indian SSTs leads to a moisture flux convergence over the region (e.g.
Clark et al., 2003; Black et al., 2003; Ummenhofer et al., 2009; Bahaga et al.,
2015). By contrast, the negative events of the IOD are generally associated
with abnormally low rainfall in East Africa (e.g. Hastenrath et al., 2004, 2007).
Thanks to this relationship, the short rains can, to some extent, be predicted.
For instance, the failure of the short rains in 2010, that initiated a major drought
in 2011 in East Africa, was forecasted a few months in advance (Dutra et al.,
2013). However, the drought has much worsened due to the subsequent fail-
ure of the long rains (Lyon and DeWitt, 2012), whose predictability is lower
(Mwangi et al., 2014), or even nill (Funk et al., 2014). This long rains failure
is actually part of a long-term decline observed from 1999 (Lyon and DeWitt,
2012) or even earlier (Funk et al., 2008), which raises the question whether it
is linked to anthropogenic forcing or not (Lyon and DeWitt, 2012).
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1.4 Current and future hydroclimate trends in East
Africa

If the observed decline in the long rains is caused by anthropogenic forcing,
one would expect East Africa to continue drying, as suggested in Williams and
Funk (2011). However, there is no consensus about the causes of the observed
decline in the long rains. Funk et al. (2008), Williams and Funk (2011) and
Funk et al. (2014) attribute it to a general increase in the Indian Ocean SST,
induced by anthropogenic emissions of well-mixed greenhouse gases, that trig-
gers the westward extension of the warm pool over the Indian Ocean, while it
is normally restricted to the western Pacific. This is accompanied by an exten-
sion of the Walker circulation, which results in subsidence motions and drying
over East Africa. In contrast, Lyon and DeWitt (2012), Lyon (2014) and Yang
et al. (2014) have linked the decline in the long rains to changes in the Pacific
SSTs, namely to a La Nifa-like pattern, with higher SSTs over the western
tropical Pacific and lower ones over the central and eastern tropical Pacific.
These changes are thought to be part of the natural multidecadal variability in
Lyon (2014) and Yang et al. (2014).

Whatever the reason, this trend towards a drier climate in East Africa is
at the opposite of most climate models projections, but not all of them (Con-
way et al., 2007; Otieno and Anyah, 2013), that show an increasingly wetter
climate during the current century associated to anthropogenic forcing (e.g.
Shongwe et al., 2011; Yang et al., 2014). Shongwe et al. (2011) showed that,
in addition to an expected differential warming of the Indian Ocean produc-
ing a positive phase of the IOD-like pattern, which enhances the short rains,
the models simulate a weakening of the climatological subsidence over east-
ern Kenya during the 21st century, associated with increased rainfall. This
weakening of the Walker circulation is supported by other model-based studies
(McHugh, 2006; Kirtman et al., 2013), and has already been observed since the
mid-19th century (Vecchi et al., 2006). However, there is no general consensus
in the observation-based studies, since Compo and Sardeshmukh (2010) and
L’Heureux et al. (2013) suggested a strengthening of the Walker circulation
over the twentieth century.

This contrast between observed decline and simulated increased of the long
rains is sometimes referred to as the East African climate paradox (Rowell
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et al., 2015). The inability of the General Circulation Models (GCMs) to repro-
duce the downward trend could be due to model error representing the forced
change, potentially related to a biased representation of convection and cloud
processes. The simulation of these processes is indeed still one of the main
source of uncertainties in climate models (Flato et al., 2013), while most of the
East African rainfall arises from local convection, rather than from synoptic-
scale flows (Yang et al., 2015). This is related to the complex role of clouds to
the climate system but also to the GCM spatial and temporal resolution. It is far
too coarse to adequately represent explicitly the convective cells, which plays
an important role in climate feedbacks and regional to global climate change
(e.g. Zhang and Song, 2016). This thus requires the use of the parametriza-
tion of their effect, which is a long standing source of uncertainty (Flato et al.,
2013).

The mismatch between observed and simulated hydroclimate over the last
decades may also be legitimate if the observed trend is part of natural vari-
ability, as suggested in Yang et al. (2014) or in Lyon (2014). However, the
most recent study of Rowell et al. (2015) found that this trend is likely not
mostly driven by natural variability, although it may have contributed, while
the study stays open regarding the role of model errors. In this context, it is
thus crucial to assess the performance of GCM in simulating the East African
hydroclimate.

1.5 East African hydroclimate in climate models

The most logical way for assessing the GCM performance in simulating the
East african hydroclimate is to compare their results with instrumental datasets
or reanalyses. This has been achieved in several studies (e.g. Conway et al.,
2007; Anyah and Qiu, 2012; Otieno and Anyah, 2012; Yang et al., 2014; Row-
ell, 2013; Rowell et al., 2015). The overall conclusion which emerges is that
most GCMs can simulate a bimodal distribution of seasonal rainfall as ob-
served in the equatorial eastern Africa, but the cycle is misrepresented. The
long rains are underestimated, and their peak occurs in May instead of April.
In contrast, the short rains are overestimated, which might be linked to higher
western Indian Ocean SSTs in the model compared to observations (Yang
et al., 2015). These characteristics were observed with the Coupled Model
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Intercomparison Project phase 3 (CMIP3) models (Anyah and Qiu, 2012), and
persist with the subsequent generation, the CMIP5 models (Otieno and Anyah,
2012; Yang et al., 2014).

It is also important for the models to simulate well the teleconnections
between the East African rainfall and the Indian and Pacific Oceans SSTs,
which are the main driver of the interannual variability (e.g. Nicholson, 1996;
Liebmann et al., 2014). The resulting SST anomaly pattern is strongly model-
dependent, and has often large discrepancies with observations (Rowell, 2013;
Yang et al., 2014). Once again, no improvement is brought by using CMIP5
models rather than CMIP3 ones for this diagnostic (Rowell, 2013). As already
mentioned, the observed decline in long rains is not simulated by most mod-
els that show a wide variety of trends (Rowell et al., 2015). However, if the
SSTs are prescribed, some models have a reasonable skill in predicting the
long rains variability (Funk et al., 2014) and a good skill in reproducing the
East African short rains variability (Bahaga et al., 2015). In general, the per-
formance of current GCMs in simulating the East African hydroclimate and its
link to the large scale SSTs is therefore very limited, which leads Otieno and
Anyah (2012) and Yang et al. (2014) to conclude that the projections of these
models have to be considered with caution.

The above mentioned studies are based on the comparison between model
results and instrumental datasets. However, the latter only cover a few decades,
which does not allow taking into account the (multi-)decadal variability of the
East African climate. Yet it is thought to be an important component of the
regional climate dynamics (Verschuren, 2004; Tierney et al., 2013), as sug-
gested by the current downward trend of the long rains. This underlines the
importance of assessing climate models over longer periods.

1.6 Objectives and outline of the thesis

Climate models struggle at simulating the seasonal cycle, recent trends and
large-scale teleconnections of the East African rainfall. Furthermore, to our
knowledge, they have never been assessed over longer period than the instru-
mental one, meaning that their ability to simulate long-term climate variability
is unknown. This strongly hampers the reliability of climate projections in the
region, while they are particularly needed for preparing mitigation and atten-
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uation plans to extreme events that severely affect local populations. In this
context, the overarching scientific question that is addressed in this thesis is
the following:

How the East African rainfall is linked to the Indian Ocean SSTs at the
interannual to the multi-decadal time scale?

It is answered through the development of three points, that will be used to
structure the conclusion of this thesis:

1. Improving understanding of the link between the East African rainfall
and Indian Ocean SSTs and of the underlying mechanisms.

2. Assessing the ability of the state-of-the-art GCMs in simulating the link
between the East African rainfall and Indian SSTs, and the East African
hydroclimate variations over the last millennium.

3. Investigating the potential interest of using the link between the East
African rainfall and Indian SSTs to obtain better reconstructions of both
variables during the last millennium.

Specifically, the thesis is structured as follows. Chapter 2 focuses on the
performance of climate models in simulating hydroclimate changes over the
last millennium. A particular attention is given to distinguish the role played
by the external forcings and by internal variability in the model results. The
impact of the forcings on the last millennium teleconnections between the East
African hydroclimate and the tropical Indian and Pacific SSTs is also investi-
gated. The last millennium appears to be a good compromise between the
availability of sufficient materials - both model results and proxy data - and
a long enough period to account for low frequency hydroclimate variability.
Unfortunately, the East African region is not conducive to the formation of
archives allowing the reconstruction of past climate changes, the three tradi-
tionally ones being tree rings, ice cores and speleothems (Verschuren, 2003).
Indeed, very few East African trees develop distinct annual rings, ice cores are
only available on Mount Kilimanjaro and known high-quality speleothems are
mainly restricted to Africa’s extra-tropical north and south (Verschuren, 2003).
In contrast, some of the many East African lakes contain accumulations of sed-
iments that show great potential to document past climate change. Hence, all
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hydroclimate proxy records available from eastern Africa that meet the crite-
ria necessary for a meaningful model data comparison, ie. that are well dated
and that have a sufficient time resolution, are based on lake-sediment records
(Verschuren, 2004). In our analysis, we selected four proxy records that de-
scribe the water-balance history of Lake Challa and Lake Naivasha in eastern
equatorial Africa, and of Lake Masoko and Lake Malawi in southeastern (but
still inter-tropical) Africa. These reconstructions are part of the East African
hydroclimate synthesis achieved in Tierney et al. (2013).

The last millennium is also covered by several model simulations. The
period 850-1850 AD is indeed a target of the Paleoclimate Modelling Inter-
comparison Project Phase 3 (PMIP3; Otto-Bliesner et al., 2009), while the pe-
riod 1850-2005 is a key period of the Coupled Model Intercomparison Project
Phase 5 (CMIP5; Taylor et al., 2012). These projects aim at obtaining coordi-
nated model experiments by providing a precise framework under which the
model simulations have to be performed. One of the main tasks of PMIP3
and CMIPS is to provide the climate forcing for the different periods selected
(Schmidt et al., 2012). Some Earth System Models of Intermediate Complex-
ity (EMICs), such as LOVECLIM (Goosse et al., 2010), have provided exper-
iments for both PMIP3 and CMIPS5. These models include simplifications and
parametrisations of some physical processes, which allows enhancing com-
putational efficiency. However, given the complexity of hydroclimate-related
processes (e.g. Flato et al., 2013), we only focus on the simulations performed
with the most sophisticated models available, the GCMs.

Before comparing model results to the last millennium reconstructions, the
models are first tested against recent instrumental gridded datasets to assess
their biases in the mean state and seasonal cycle. Although similar analyses
have been performed previously (Section 1.5), it is important to repeat them
here focusing specifically on the areas where the four record sites are located,
with the models we use. Indeed, the conclusions of the studies assessing the
performance of climate models during the recent past over East Africa are
very sensitive to the model selected, but also to the study area and the variable
considered.

The reliability of the gridded precipitation products over East Africa has
been questioned (e.g. Otieno and Anyah, 2012). These products are mainly
based on rain-gauge stations, but the number of these stations is weak in the
region. The resulting observations thus suffer from an uneven spatial distribu-
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tion, but also from gaps in time due to maintenance issues (e.g. Dinku et al.,
2007; Sylla et al., 2013). To take these uncertainties into account, we use var-
ious gridded datasets, some of them also being based on model results and on
satellite-induced data.

In Chapter 3, we investigate the potential of using the covariance that
exists between East African rainfall and Indian Ocean SSTs to obtain better
reconstructions of both variables over the last millennium. The link between
these variables is well established, and Bahaga et al. (2015) have shown that
there is a substantial skill in reproducing the recent East African short rains
variability, as far as the SSTs are known. Improving the representation of a
variable based on another by using their covariance can be particularly inter-
esting over periods when instrumental observations are lacking and indirect
proxy records are scarce, as is the case for the last millennium in East Africa.
Here, this is achieved by means of a data assimilation method.

Climate models describe the evolution of many variables at any location
and at any time, as a function of their spatial and temporal resolutions. How-
ever, using them alone does not allow knowing how realistic are the simulated
results. The empirical information contained in proxy records gives an insight
about the real climate, but the spatial distribution of East African hydroclimate-
related proxy records covering the last millennium is scare, as is the case for
the Indian Ocean SST-related proxy records. Data assimilation is a technique
which aims to combine the information from climate models and proxy records
to find better estimates of past climates, that are consistent with the empirical
information contained in proxy data, the model physics, and the forcings used
to drive the model experiments. If such estimates are found, the proxy record
information is propagated to other climate variables and spatially spread, using
the dynamics of the climate model. Since the physics of the model is respected,
the choice of the model used is critical. Here, we selected the Community
Earth System Model version 1.1 (CESM1; Hurrell et al., 2013), that appears
to simulate a realistic teleconnection between East African rainfall and Indian
SSTs, as deduced from the comparison with recent observations (Chapter 2).

The East African hydroclimate data considered in the assimilation process
are the same as the ones used in Chapter 2. Added to that, six SSTs-related
records spread over the Indian Ocean are also used as constraints for the as-
similation. The choice of these latter records is based on the study of Tier-
ney et al. (2015), who compiled all published and publicly available marine
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paleoclimate data sets derived exclusively from tropical coral archives. Data
assimilation is still considered as relatively new in palaeoclimatology (Mat-
sikaris et al., 2015). It has been used to investigate the consistency between
proxy records and model results (e.g. Mairesse et al., 2013), or to study the
processes responsible for past climate changes as recorded by proxy data (e.g.
Crespin et al., 2009; Widmann et al., 2010; Goosse et al., 2011, 2012), but to
our knowledge, it is the first time that it is used to reconstruct East African
rainfall based on SSTs, and conversely, taking advantage of their covariance
over the last millennium.

The existing covariance between East African rainfall and tropical Indian
SSTs does not imply that these variables are dynamically linked, and the data
assimilation method does not allow identifying directly the underlying pro-
cesses. The vast majority of the studies dealing with the teleconnection be-
tween East African rainfall and tropical SSTs focuses on the existence of this
link by means of statistical tools, such as correlation coefficients (e.g. Ogallo
et al., 1988; Saji et al., 1999; Clark et al., 2003; Rowell, 2013; Klein et al.,
2016; Schubert et al., 2016), empirical orthogonal functions (Schreck and Se-
mazzi, 2004; Saji et al., 1999) and composite (Saji et al., 1999) or harmonic
(Nicholson and Selato, 2000) analyses. Only a few studies (Goddard and Gra-
ham, 1999; Ummenhofer et al., 2009) have examined the processes responsible
for this link, leading Lyon (2014) to conclude that more research is needed to
better understand the physical processes associated with the rainfall variability
in East Africa across multiple time scales.

In Chapter 4, we investigate whether the temperature dipole, ie. the gradi-
ent between the western and the eastern tropical Indian Ocean SSTs, is indeed
the proximate cause of enhanced rainfall in East Africa, or whether the local
warm SST anomalies are sufficient to induce the increased rainfall, while the
eastern cold pole is of lesser importance, as suggested in Ummenhofer et al.
(2009). This is achieved through the analyses of two sensitivity experiments
performed with the GCM EC-EARTH (Hazeleger et al., 2012). In the first ex-
periment, the western Indian Ocean surface is warmed by a constant artificial
flux of 100 W.m~2 while in the second one, the same area is still warmed but
to a lesser extent by a flux of 50 W.m~2, and the eastern Indian Ocean surface
is cooled by a flux of -50 W.m~2. In order to be confident with the results ob-
tained, the choice of the model selected is crucial. EC-EARTH is well suited
for our purpose, since it simulates very realistic teleconnections between East
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African rainfall and Indian SSTs, as deduced from the comparison with recent
instrumental datasets, while most GCMs fail to do so (Chapter 2). However, it
could not be used in Chapter 2 because, to our knowledge, there is no simula-
tion covering the last millennium performed with this model.

The general conclusions, the main contributions as well as some perspec-
tives of this thesis are discussed in Chapter 5.

Finally, due to reasons related to my employment contract, the first year
of my thesis has been dedicated to the study of the Arctic sea ice at the mid-
Holocene. This work has lead to an article published in the peer-reviewed
journal Climate of the Past (see Klein et al., 2014). Although it has used sim-
ilar methodologies than the ones used here, including model-data comparison
and data assimilation analyses, it is not included in this thesis given the quite
different topic.






CHAPTER

COMPARISON OF SIMULATED AND
RECONSTRUCTED VARIATIONS IN
EAST AFRICAN HYDROCLIMATE
OVER THE LAST MILLENNIUM

This chapter is based on the following published article:

Klein, F., Goosse, H., Graham, N. E. and Verschuren, D. (2016). Comparison
of simulated and reconstructed variations in East African hydroclimate over
the last millennium. Climate of the Past, 10(7), 1499-1518.

Abstract

The multi-decadal to centennial hydroclimate changes in East
Africa over the last millennium are studied by comparing the results of
forced transient simulations by six General Circulation Models (GCMs)
with published hydroclimate reconstructions from four lakes: Challa
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and Naivasha in equatorial East Africa, and Masoko and Malawi in
southeastern inter-tropical Africa. All GCMs simulate fairly well the
unimodal seasonal cycle of precipitation in the Masoko/Malawi region,
while the bimodal seasonal cycle characterizing the Challa/Naivasha re-
gion is generally less well captured by most models. Model results and
lake-based hydroclimate reconstructions display very different temporal
patterns over the last millennium. Additionally, there is no common sig-
nal among the model time series, at least until 1850. This suggests that
simulated hydroclimate fluctuations are mostly driven by internal vari-
ability rather than by external forcing. After 1850, half of the models
simulate a relatively clear response to forcing, the main one being the
anthropogenic forcing, but this response is different between the mod-
els. Overall, the link between precipitation and tropical sea surface tem-
peratures (SSTs) over the pre-industrial portion of the last millennium
is stronger and more robust for the Challa/Naivasha region than for the
Masoko/Malawi region. At the inter-annual time scale, last-millennium
Challa/Naivasha precipitation is positively (negatively) correlated with
western (eastern) Indian Ocean SST, while the influence of the Pacific
Ocean appears weak and unclear. Although most often not significant,
the same pattern of correlation between East African rainfall and the
Indian Ocean SST is still visible when using the last-millennium time
series smoothed to highlight centennial variability, but only in fixed-
forcing simulations. This means that, at the centennial time scale, the
effect of (natural) climate forcing can mask the imprint of internal cli-
mate variability in large-scale tele-connections.
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2.1 Introduction

decades, leading to severe humanitarian consequences including food

and water shortages, acute malnutrition, mass displacement and conflicts
(OCHA, 2011; Hillbruner and Moloney, 2012). This drought was followed
the next two years by strong pluvial events that triggered floods in Kenya and
some parts of Somalia (OCHA, 2012; IFRC, 2013a,b). These consecutive and
opposite extreme events illustrate the strong inter-annual variability character-
izing the East African rainfall (e.g. Nicholson et al., 2012). Due to the seasonal
migration of the Intertropical Convergence Zone (ITCZ) back and forth across
the equator, rainfall over a major portion of East Africa has a bimodal annual
cycle with a main rainy season during March-May (often referred as long rains)
and a weaker rainy season during October-December (often referred as short
rains) (e.g. Yang et al., 2015). The short rains are more variable from one year
to another, and thus drive most of the observed inter-annual variability (e.g.
Hastenrath et al., 1993; Nicholson, 1996, 2014). Numerous studies have em-
phasized the tele-connection between the East African short rains and either
the El Niflo/Southern Oscillation (ENSO, e.g. Ogallo et al., 1988; Hastenrath
et al., 1993; Nicholson and Selato, 2000; Schreck and Semazzi, 2004; Hoell
et al., 2014) or the Indian Ocean Dipole (IOD, e.g. Goddard and Graham, 1999;
Saji et al., 1999; Webster et al., 1999; Clark et al., 2003; Ummenhofer et al.,
2009; Izumo et al., 2014). However, the mechanisms involved are less clear.
Goddard and Graham (1999) and Ummenhofer et al. (2009) suggested that
an ocean driven change to the atmospheric Walker circulation impacts East
African rainfall, while Klein et al. (1999) mentioned an atmosphere driven
change affecting both SSTs and rainfall. In any case, the 2011 drought was
triggered by a strong La Nifia event (IRI, 2010; Hoell et al., 2014) associated
with a negative IOD (JAMSTEC, 2015) that resulted in drier than normal con-
ditions in East Africa during the short rains at the end of 2010. The drought
then worsened due to subsequent failure of the long rains in 2011 (Lyon and
DeWitt, 2012).

Unlike short rains, the tele-connection between inter-annual East African
long rains and the Indian and Pacific oceans is generally considered to be weak
(e.g. Mutai and Ward, 2000; Pohl and Camberlin, 2006; Nicholson, 2014).
However, failure of the long rains in 2011 was part of a progressive decline

IN 2011, the Horn of Africa was affected by the most serious drought in
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in long rains that has started around 1999 (Lyon and DeWitt, 2012) or even
earlier (Funk et al., 2008), was associated with abrupt warming of the Indian
Ocean (Funk et al., 2008; Williams and Funk, 2011) or of the western tropical
Pacific (Merrifield, 2011; Lyon and DeWitt, 2012), also altering the Walker
circulation. Merrifield (2011) and Lyon and DeWitt (2012) do not propose a
specific cause for this warming. By contrast, Funk et al. (2008) and Williams
and Funk (2011) attribute the large-scale shift in Indian Ocean SSTs to an-
thropogenic forcing, and suggest that a warmer future climate will bring an
increased frequency of drought conditions in tropical eastern Africa owing to
further reductions in the long rains.

This hypothesis is at odds with general circulation models (GCMs) show-
ing that a warmer climate is associated with an increase in precipitation minus
evaporation (P-E) in the intertropical convergence zone (ITCZ), including the
East African long rains (Seager et al., 2010; Lainé et al., 2014). Other model-
based studies (McHugh, 2005; Shongwe et al., 2011; Kirtman et al., 2013)
furthermore suggest that increasingly wetter rainy seasons in East Africa are
due to a weakening of the Walker circulation, likely linked to anthropogenic
warming (Vecchi et al., 2006; Vecchi and Soden, 2007). This is corroborated
by some observations which appear to show a weakening of the Walker circula-
tion already since the mid-19th century (Vecchi et al., 2006). However, there is
no agreement on that in observation-based studies, as illustrated by L’ Heureux
et al. (2013) who found a multi-decadal strengthening of the Walker circula-
tion over the same period. In addition, some regional climate models forced at
the boundaries by ensemble-mean GCM results are not consistent with GCMs
in that they show a reduction rather than increase in the long rains (Vizy and
Cook, 2012; Cook and Vizy, 2013).

The inability of the GCMs in simulating the observed recent downward
trend of the long rains implies either that it is part of (multi-)decadal natural
variability (Lyon and DeWitt, 2012; Yang et al., 2014; Lyon, 2014), or that
the GCMs inadequately represent the climate processes occurring in the re-
gion and the response to anthropogenic forcing. In this context, it is crucial
to assess the performance of GCMs in simulating East African rainfall. Ex-
isting studies on this subject (e.g. Conway et al., 2007; Anyah and Qiu, 2012;
Otieno and Anyah, 2012; Yang et al., 2014) have reached contrasting conclu-
sions depending on the region or spatial scale, or on the variables and models
considered. Specifically, they showed that the mean seasonal cycle of precipi-
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tation is reasonably well simulated by the majority of GCMs, but that there is
a large spread among them in capturing the actual dominant peaks where rain-
fall is bimodal (Anyah and Qiu, 2012; Otieno and Anyah, 2012). Additionally,
most models appear to have significant biases in monthly mean precipitation,
and the observed link between the East African rainfall and the Indian Ocean
SST is often not well represented (Conway et al., 2007; Yang et al., 2014).
All the above studies are limited to the recent past where direct measure-
ments of precipitation exist. However, the period considered, which ranges
from the last few decades to 150 years at most, is not sufficient to capture the
multi-decadal variability that is thought to be an important component of East
African hydroclimate (Verschuren, 2004; Tierney et al., 2013). Therefore, to
complement those studies, our goal is to extend this analysis to the last mil-
lennium by analyzing proxy records of past hydroclimatic change over this pe-
riod in conjunction with simulations performed in the framework of the third
phase of the Paleoclimate Modelling Intercomparison Project (PMIP3; Otto-
Bliesner et al., 2009) and of the fifth phase of Coupled Model Intercomparison
Project (CMIPS; Taylor et al., 2012). All hydroclimate proxy records avail-
able from eastern Africa that are both well-dated and span the last millennium
with sufficient time resolution are based on lake-sediment records (Verschuren,
2004). In this study, we consider proxy records describing the water-balance
history of four East African lakes: Lake Challa and Lake Naivasha in eastern
equatorial Africa, and Lake Masoko and Lake Malawi in southeastern (but still
inter-tropical) Africa (Fig. 2.1). These four lake records are part of the East
African hydroclimate synthesis recently achieved by Tierney et al. (2013), and
are all characterized by strong multi-decadal to centennial variability. As a
consequence, the present study focuses on relatively long-term hydroclimate
changes, and on variation in annual means rather than individual rainy seasons,
in contrast with model and observation-based studies about variation in recent
East African rainfall (e.g. Anyah and Qiu, 2012; Yang et al., 2014).
Specifically, our study analyzes GCM simulations of long-term hydro-
climate change relative to reconstructions over the last millennium to define
whether the simulated changes reflect the forcing of external climate drivers
and to assess the stability of large-scale tele-connections between East African
rainfall and global SSTs. This paper is structured as follows. In Section 2.2, we
introduce the model experiments and proxy-based reconstructions. In Section
2.3, we evaluate the comparative performance of six different GCMs to simu-



24 Model-data comparison over the last millennium

late the seasonal cycle of rainfall over the study regions and its tele-connection
to tropical SSTs over the recent period. In Section 2.4 we analyze the re-
sults of model simulations spanning the last millennium. The contribution of
forced and internal variability on those simulated hydroclimate changes and
the stability of large-scale tele-connections are finally investigated in Section
2.5, followed by a discussion and conclusions in Section 2.6.

2.2 Data and methods

2.2.1 PMIP3/CMIPS model experiments

Climate model simulations from PMIP3 (Otto-Bliesner et al., 2009)
and CMIP5 experiments (Taylor et al., 2012) were obtained from the
Program for Climate Model Diagnosis and Inter-comparison (PCMDI;
http://pcmdi9.1Inl.gov) and the Earth System Grid (www.earthsystemgrid.org)
archives. The six GCMs selected (Table 2.1) are those for which the diagnos-
tic variables of interest, i.e. precipitation, actual evaporation and SST, were
available at the time of our analysis, for both past1000 (850-1850 AD) and
historical (1850-2005) periods, as well as for pre-industrial control runs.

Table 2.1 — Modeling centers, parameters and references of the PMIP3/CMIPS models
used in this study.

Model name Institution Resolution (lat*lon)  Ensemble members  Reference
Ocean  Atm. past1000 historical

CCSM4 National Center  384%320 192%288 1 6 Landrum et al. (2013)
for Atmospheric
Research

CESM1 National Center  384%320 96*144 10 10 Otto-Bliesner et al.
for Atmospheric (2015)
Research

GISS-E2-R NASA Goddard Insti-  90%144  90*144 1 6 Schmidt et al. (2014)
tute for Space Studies

IPSL-CMS5A-LR  Institut Pierre-Simon 149*182 96*96 1 5 Dufresne et al. (2013)
Laplace

MPI-ESM-P Max Planck Institute  220%256 96*192 1 2 Giorgetta et al. (2013)
for Meteorology

BCC-CSM1-1 Beijing Climate ~ 232%360 64*128 1 3 Wu et al. (2014)

Center, China Meteo-
rological Administra-
tion

Although not continuous, except for CESM1 and MPI-ESM-P, the first en-
semble members (rlilpl) of past1000 runs were merged with the correspond-
ing historical simulations to obtain results spanning the period 850-2005 AD.
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The impact of the discontinuity is probably limited since it falls within the
range of internal climate variability for surface variables in all cases. The
simulations are driven through the last millennium by both natural (orbital,
solar, volcanic) and anthropogenic (well-mixed greenhouse gases, ozone, tro-
pospheric aerosols, land use) climate forcings. Earth’s orbital parameters vary
according to the calculations of Berger (1978). Depending on the model,
different reconstructions of solar irradiance variability are applied. All models
except, CESM1 and GISS-E2-R, use the reconstruction by Vieira and Solanki
(2009) from 850 to 1609 and by Wang et al. (2005) from 1610 to 2005. CESM1
uses the reconstruction by Vieira et al. (2011) with the spectral variations and
‘11-year’ solar cycle from Schmidt et al. (2012), whereas GISS-E2-R uses the
Steinhilber et al. (2009) reconstruction until 1849 and the Wang et al. (2005)
one from 1850 onwards.

The forcing related to volcanic aerosols is derived from Crowley and Un-
terman (2013) in GISS-E2-R, and MPI-ESM-P and from Gao et al. (2008)
in the four other GCMs. Reconstructed and observed changes in the major
greenhouse gases driving past1000 (Fliickiger et al., 2002; MacFarling Meure
et al., 2006) and historical (Hansen and Sato, 2004) simulations, ie. CO,, CHy
and N;O, are the same in all models. Anthropogenic changes in land use/land
cover over the last millennium are based on the reconstruction of Pongratz
et al. (2008) in MPI-ESM-P, of Pongratz et al. (2008) followed by the recon-
struction of Klein Goldewijk and van Drecht (2006) for the historical period
in GISS-E2-R and of Pongratz et al. (2009) followed by the reconstruction of
Hurtt et al. (2011) for historical time in CCSM4 and CESM1. BCC-CSM1-
1 and IPSL-CMS5A-LR do not consider any change in land use/land cover,
whose distribution is fixed to the pre-industrial value. Tropospheric ozone
and aerosols variations are also taken into account in historical experiments
in CCSM4, CESM1, GISS-E2-R, MPI-ESM-P and BCC-CSM1-1, and are all
based on the dataset described in Lamarque et al. (2010). These changes are
however neglected in IPSL-CMSA-LR, which considers a constant concentra-
tion fixed at the pre-industrial level. More information on the climate-forcing
reconstructions used to drive past/000 experiments and on their implementa-
tion can be found in Schmidt et al. (2011) and Schmidt et al. (2012).
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2.2.2 Proxy-based hydroclimate reconstructions

Despite the relatively large number of lakes present across East Africa,
only a small sub-set of them combine continuous sedimentation (and thus,
archiving) with hydrological sensitivity to climatic moisture-balance changes
(Verschuren, 2003). Recently, Tierney et al. (2013) selected seven East
African proxy records that are well-dated and meet the criteria of primarily
reflecting hydroclimate variation and of covering the last millennium with a
time resolution better than 50 years. Our present study focuses on four of these
records, originating from Lake Challa, Lake Naivasha, Lake Masoko and Lake
Malawi. The records from Lake Tanganyika and Lake Edward are not consid-
ered because they are located far from the Indian Ocean and thus to the west of
our region of interest. The record from Lake Victoria is not considered because
the representation of this large lake varies from one model to another, which
precludes a meaningful comparison between model results and proxy records
for this site. Indeed, while most GCMs ignore its presence, the MPI-ESM-P
model specifically recognizes it as a surface-water body surrounded by conti-
nent. It is well known that Lake Victoria itself strongly influences the regional
hydrological cycle (e.g. Thiery et al., 2015), but those effects cannot be ade-
quately reproduced in GCMs with relatively coarse spatial resolution. Several
other proxy records exist which describe East African hydroclimate variability
during the last millennium (Verschuren, 2004, see also http://t1p.de/mup).
The majority of these mostly lake-based records do not possess sufficient age
control to assess the regional coherence of (multi-) decadal and century-scale
hydroclimate variations. Since our goal here is not to extensively review the
strengths and weaknesses of those individual reconstructions, we follow Tier-
ney et al. (2013) to consider only the handful of records that do meet minimum
criteria of continuity and hydroclimate signal strength. However, a critical re-
view of all available records might nevertheless refine the spatial structure of
documented hydroclimate changes, and allow further assessment of the robust-
ness of broad-ranging climate-dynamic inferences.

The 1000-year time series representing hydroclimate variation in the Lake
Challa region developed by Tierney et al. (2013) is the first principal compo-
nent of the composite variation in three moisture-balance proxies, namely the
branched and isoprenoidal tetraether index BIT (a presumed indicator of total
annual rainfall: Verschuren et al., 2009; Buckles et al., 2016); 6D in the leaf
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waxes of terrestrial plants (an isotopic proxy for rainfall source and intensity:
Tierney et al., 2011); and varve thickness (a proxy for variation in dry-season
length and windiness: Wolff et al., 2011). This first principal component ac-
counts for 40% of the variance in the data (supplementary material of Tierney
et al., 2013). The time series from Lake Naivasha is a lake-level reconstruction
based on sediment lithostratigraphy (Verschuren, 2001), supported by salinity
reconstructions based on fossil diatom and midge assemblages (Verschuren
et al., 2000). The hydroclimate record from Lake Masoko is inferred from the
low-field magnetic susceptibility of the sediment, which is a proxy for lake-
level changes and/or wind stress. Two such records are available for this lake,
one that goes back to -43,300 AD (Garcin et al., 2006) and one that starts
around 1500 AD (Garcin et al., 2007). The Masoko time series in this paper
is obtained from Tierney et al. (2013), who used the last millennium of the
longer record but with age-depth tie-points translated from the shorter record
(Anchukaitis and Tierney, 2013). Finally, the hydroclimate record from Lake
Malawi is deduced from the mass accumulation rate of the terrigenous sed-
iment fraction, presumed to be a runoff proxy (Brown and Johnson, 2005;
Johnson and McCave, 2008). Table A1 provides more information about each
of these four proxy records. Although these records are derived from different
proxies, their time series can all be qualitatively viewed as smoothed versions
of the local moisture-balance history of the corresponding sites.

2.3 Evaluation of model performance over the period
1979-2005

2.3.1 Mean seasonal cycle of precipitation

This section assesses the ability of various GCMs to reproduce the observed
mean state and seasonal cycle of the East African rainfall. Although similar
analyses have been performed previously (e.g. Conway et al., 2007; Anyah
and Qiu, 2012; Otieno and Anyah, 2012; Yang et al., 2014), it is important to
repeat it here focusing specifically on the areas where our four study sites are
located (Fig. 2.1).

The number of rain-gauge stations in East Africa is small, and the obser-
vations suffer both from an uneven spatial distribution and from gaps in time
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Figure 2.1 — Location of lakes Challa, Naivasha, Masoko and Malawi in East Africa,
along with the individual grid cells containing each of these four sites in six different
CMIP5 models (dashed (plain) boxes for the grid cells that contain the lakes Naivasha
and Masoko (Challa and Malawi)), and the two larger regional domains over equato-
rial East Africa (Challa/Naivasha region) and southeastern inter-tropical Africa (Ma-
soko/Malawi region). Topography from Amante and Eakins (2009).

due to maintenance issues (Dinku et al., 2007; Sylla et al., 2013). We have
therefore used global gridded datasets that merge the information from rain-
gauge stations, remote sensing, and/or reanalysis results. However, these grid-
ded datasets have their own uncertainties, related for instance to the number
and the treatment of rain-gauge measurements or of radar precipitation esti-
mates (Otieno and Anyah, 2013). In order to estimate the effect of these un-
certainties on our conclusions, we used four global monthly gridded datasets
of precipitation. Version 6 of the Global Precipitation Climatology Centre
data set (GPCC-v6; Schneider et al., 2014) is a reanalysis using rain-gauge
data only. It spans the period from 1901 to the present with a spatial resolu-
tion of 0.5°x0.5°. Version 2.2 of the Global Precipitation Climatology Project
(GPCP-v2.2; Huffman et al., 2009) combines rain-gauge and satellite-based
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precipitation data on a 2.5°x2.5° grid from 1979 to the present. The Climate
Prediction Center (CPC) Merged Analysis of Precipitation data set (CMAP;
Xie and Arkin, 1997) covers the same period at identical spatial resolution but
combines rain-gauge data and different satellite estimates with NCEP/NCAR
reanalysis results in gaps. Finally, NOAA’s Precipitation Reconstruction over
Land data set (PREC/L Chen et al., 2002) is based only on rain-gauge data
and covers the period from 1948 to the present with a spatial resolution of
0.5°x0.5°.

Due to the seasonal north-south migration of the ITCZ across the equator,
the East African rainfall is characterized by a strong annual cycle that dif-
fers from one location to another (Nicholson, 1996; Otieno and Anyah, 2013;
Yang et al., 2015). The seasonality of rainfall is bimodal over equatorial sites
such as Lake Challa and Lake Naivasha, with two rainy seasons occurring in
March to May (long rains) and in October-December (short rains), while it
is unimodal in the southeastern lakes Masoko and Malawi, with a maximum
between November and April during the austral summer (bar charts in Fig.
2.2). The observed mean monthly rainfall in each of the four study areas over
the period 1979-2005 serves as our reference frame to compare the success of
individual GCMs in simulating the present-day seasonal cycle, using model
results from the individual grid cells which include the lakes (Fig. 2.1).

For Lake Naivasha (Fig. 2.2-a), simulated monthly mean precipitation is
characterized by a large spread among models. Observed short rains over
this lake are relatively well simulated by most models, except by GISS-E2-R
and IPSL-CM5A-LR which respectively strongly overestimate and underesti-
mate them. During the other seasons, the simulated precipitation over Lake
Naivasha is underestimated by all models except GISS-E2-R, including during
the main rainy season in boreal spring. Regarding the average of monthly mean
precipitation throughout the year at Lake Challa (Fig. 2.2-b), three models are
within the range of the observations: CCSM4, CESM1 and BCC-CSM1-1.
Most models underestimate the long rains except CESM1 and GISS-E2-R,
although in these two models, this rainy season is delayed by one month com-
pared to observations. In contrast with the observations, all models show high-
est rainfall in October or November rather than April, but the spread is again
large. These differences between models during the short rains are consistent
with biases at larger spatial scales noted in previous studies of the East African
region. Anyah and Qiu (2012) and Yang et al. (2014) indeed showed that, de-
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Figure 2.2 — Mean monthly rainfall over lakes Challa, Naivasha, Masoko and Malawi
(a-d) in observations (bar plots) and in six CMIP5 models (curves) over the period
1979-2005. The number of datasets (for the observations) or ensemble members (for
the models) used in each case is shown in brackets. Error bars and shaded areas
represent the range of those observations or ensemble member values.

spite a large spread among CMIP3 and CMIP5 models, most of them tend to
underestimate and to shift by one month the long rains, and to overestimate the
short rains. Agreement among models and between models and observations
is much higher in Lake Masoko and Malawi (Fig. 2.2-c and d). Both the rainy
and dry seasons are well simulated, although the amount of rain is overes-
timated by CCSM4 and IPSL-CMS5A-LR during the rainy season. Overall,
the climate models used in this study are thus able to represent the unimodal
rainfall seasonality characterizing the region encompassing lakes Masoko and
Malawi, while the timing and the magnitude of the two rainy seasons charac-
terizing the region encompassing lakes Challa and Naivasha are in general less
well captured.

Comparing model results and data at individual grid cells can be question-
able since model skill at this scale is often very limited. For instance, a small
shift in the spatial structure of the simulations compared to the observations
can lead to large difference in precipitation. Local topographic features not
well represented at the grid scale may also have a significant impact. Besides,
the surface areas of the grid cells which include the lake sites strongly dif-
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fer from one model to another (Fig. 2.1). To get rid of the problems linked
to differences in spatial resolution and to remove local noise in favour of more
regional patterns, it seems better to analyze, instead of individual grid cells,
larger regions presenting common characteristics as discussed in the next sec-
tion.

2.3.2 Link between individual grid cells and the larger spatial
domains selected for analysis

Lake Challa and Lake Naivasha on the one hand and Lake Masoko and Lake
Malawi on the other have a very similar climatology and seasonal cycle in the
recent period, both in models and observations (Fig. 2.2). We thus consider a
spatial domain which includes the first two lakes (0.2° N to 4.8° S and 34.2° E
to 40.2°E, referred to as the Challa/Naivasha region) and a second one which
includes the last two (7.2° S to 12.2°S and 31° E to 37°E, referred to as the
Masoko/Malawi region; Fig. 2.1). Note that shifting or changing the size of
these two regions to some extent does not produce substantial changes in the
results.

However, using larger grid boxes raises the issue of whether the proxy-
based reconstructions that are compared to model results over the last millen-
nium are representative of these larger spatial domains. Fig. 2.3 shows the
correlation between modeled mean annual rainfall in the individual grid cells
containing the four lake sites and the two larger domains defined for our analy-
sis, for both the recent period and the last millennium. Changes in precipitation
within the grid cell containing Lake Masoko, within the grid cell containing
Lake Malawi and within the larger box representing the Masoko/Malawi re-
gion are highly and significantly correlated for all models and observations,
and for both periods. the rainfall over Lake Challa, Lake Naivasha and the
Challa/Naivasha region is also positively correlated in both periods for each
source of information.

The observed recent rainfall over Lake Challa, Lake Naivasha, and the
Challa/Naivasha region shows no or only a weakly positive relationship with
rainfall over Lake Masoko, Lake Malawi and the Masoko/Malawi region, un-
derscoring the climatic dichotomy characterizing East Africa. Note that no
negative correlation is found except very weak ones in GISS-E2-R between
rainfall over Lake Challa and rainfall over Lake Masoko, LLake Malawi and
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Figure 2.3 — Pearson correlation coefficients between mean annual rainfall val-
ues at six different locations: the single GCM grid cells that contain lakes Challa,
Naivasha, Masoko and Malawi, and the two larger grid boxes which delineate the
Challa/Naivasha and Masoko/Malawi regions. The lower left half of the figure shows
these correlations for the period 1979-2005 in the six GCMs considered in this study
(CCSM4, CESM1, GISS-E2-R, IPSL-CM5A-LR, MPI-ESM-P, BCC-CSM1-1; only
the first ensemble member rlilpl is considered) plus the model mean, and in the aver-
age of four gridded observation datasets (GPCC-v6, GPCP-v2.2, CMAP and PREC/L,
see references in Section 2.3.1), in the order shown below the main panel. The up-
per right half of the figure shows the same results for the period 850-1850 AD (past
1000). Squares with a central white circle represent combinations for which the null
hypothesis of no correlation can be rejected at the 5% level.

the Masoko/Malawi region. The dipole between the eastern coastal ‘Horn of
Africa’ region and the interior rift-valley region highlighted in Tierney et al.
(2013) is thus not observed at the annual time scale considered here. Although
the correlations are quite similar for the recent period and the last millennium,
they are somewhat higher in the former. This may be caused by the present-day
anthropogenic forcing that induces a coherent response between the selected
locations within each model.

Overall, both observations and model results show that the two selected

regions are, on the one hand, characterized by different patterns of temporal
variability and, on the other hand, representative of the individual grid cells
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containing the lake sites, not only regarding annual precipitation changes over
the recent period and the last millennium, but also regarding seasonal cycles
and annual mean absolute values (not shown).

2.3.3 Mean seasonal cycle and recent trend of the Indian Ocean
SSTs

Before checking the ability of the climate models to reproduce the teleconnec-
tions between East African rainfall and Indian Ocean SSTs, the current section
deals with the estimation of the biases of these models in simulating the ob-
served seasonal cycle and recent trend of the Indian Ocean SSTs. Two differ-
ent SST datasets are used: version 3 of the Hadley Centre dataset (HadSST3;
Kennedy et al., 2011a,b), based on in-situ measurements covering the period
from 1850 to 2015 on a 5° x 5° grid, and version 3b of the Extended Re-
constructed Sea Surface Temperature dataset (ERSST-v3b; Smith et al., 2008),
also based only on in-situ data, which covers the period 1854 to 2015 on a 2°
x 2° grid.

Unlike the East African rainfall, GCMs are relatively consistent in their
representation of the mean annual cycle of the Indian Ocean SSTs, and agree
with recent observations (Fig 2.4). No model is significantly biased, although
the amplitude of the simulated cycle is slightly underestimated in the western
Indian Ocean (Fig. 2.4-a).
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Figure 2.4 — Mean seasonal cycle of SSTs over the western (-8 to 2°N and 40 to 65°E;
a.) and the eastern (-10 to 0°N and 80 to 105°E; b) Indian Ocean in observations (bar
plots, average of the datasets ERSST-v3b (Smith et al., 2008) and HadSST3 (Kennedy
et al., 2011a,b)) and in six CMIP5 models (curves) over the period 1900-2005. Only
the first ensemble member of each GCM is used (rlilpl).
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The climate models also simulate relatively well the observed recent up-
ward trend of the Indian Ocean SST (Fig. 2.5), with correlation coefficients
with observations ranging from 0.69 for MPI-ESM-P to 0.80 for CCSM4, the
correlation between the multimodel mean and the observations reaching 0.83.
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Figure 2.5 — Annual mean anomalies of the Indian Ocean SSTs (bounded by the
coordinates -50 to 20°N and 25 to 105°E) in observations (bar plots) and in six CMIP5
models (curves) over the period 1900-2005. Only the first ensemble member of each
GCM is used (rlilpl). The reference period used to compute the anomalies is 1900-
2005.

2.3.4 Large-scale tele-connections

In addition to the evaluation of the mean states, it is important to assess the
ability of climate models to represent the observed patterns associated with
the inter-annual variability of the East African rainfall. Although it is not our
goal here to study the mechanisms responsible for the simulated variability,
this is illustrated by analyzing the corrrelations between East African precipi-
tation and tropical SSTs, the latter being indeed considered as a direct driver of
precipitation over East Africa (e.g. Goddard and Graham, 1999; Ummenhofer
et al., 2009). Since the proxy-based reconstructions used in this study are con-
sidered to represent mean annual conditions, interest is here mainly on mean
annual results. However, mean annual results for East Africa’s hydroclimate
represent a combined picture, as the relative amplitudes and the strength and
character of tele-connections between the East African rainfall and tropical
SSTs at the inter-annual time scale are different from one season to another.
For both regions, the largest correlations between the observed rainfall and
SSTs are found during the boreal autumn (OND), with the well-known pattern
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of positive (negative) correlation between the East African rainfall and western
(eastern) Indian Ocean SSTs, as well as SSTs in the central/eastern (western)
equatorial Pacific (Fig. A2 and A4 OND), which resembles the SST pattern
during an El Nifio phase of ENSO and a positive phase of the IOD. This pe-
riod corresponds to the short rains season in Challa/Naivasha and to the start
of the single rainy season in Masoko/Malawi farther south (Fig. 2.2). For
the other seasons, the spatial pattern of correlations differs between the two
study areas, with the greatest difference occurring during boreal winter (JFEM).
In Challa/Naivasha, where rainfall is relatively low during this transition pe-
riod between the short rains and the long rains, it appears to be positively
correlated with SSTs over the central/north Indian Ocean (Fig. Al JFM). In
contrast, just a few isolated significant correlations are found between rain-
fall in boreal winter over Masoko/Malawi and tropical SSTs (Fig. A3 JFM),
although this period marks the annual maximum in precipitation (Fig. 2.2).
Tele-connections to tropical SSTs are weak in both regions during the boreal
spring (AMJ; Fig. Al and A3 AMJ), which corresponds to the long rains in
Challa/Naivasha and to the end of the rainy season in Masoko/Malawi; and are
also weak also during the boreal summer (JAS; Fig. A2 and A4 JAS), which is
the principal dry season in both regions (Fig. 2.2).

When considering mean annual results, the correlations between the ob-
served precipitation over the Challa/Naivasha region and SSTs show a pattern
similar to that during the short rains, although damped, with positive corre-
lations in the western Indian Ocean and central/eastern tropical Pacific and
negative ones centered on Indonesia (Fig. 2.6-a left). In contrast, the corre-
lations between the Masoko/Malawi rainfall and SSTs after computing annual
averages are mostly weak and non-significant in the Indian Ocean and nega-
tive over the Indonesian region while some zones in the Pacific show positive
correlations (Fig. 2.6-b left), even though the correlations pattern for bo-
real autumn (OND) rainfall is similar to that found using precipitation over
Challa/Naivasha. In both cases, the spatial pattern of correlations derived from
the different combinations of datasets show very similar results, with spatial
correlations of the obtained patterns always exceeding 0.80.

Out of the six GCMs, only CESM1 and MPI-ESM-P seem to simulate
relatively well the spatial pattern of correlations between the Challa/Naivasha
rainfall and SSTs (Fig. 2.4-a). However, the match with observations is far
from perfect as shown by the relatively low correlation coefficients between
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Figure 2.6 — Pearson correlation coefficients between the mean annual rainfall over
the Challa/Naivasha region (a, upper three rows) or Masoko/Malawi region (b, lower
three rows) and global SSTs in observations and climate models (here, only the first
member rlilpl is used) for the period 1950-2000. In areas overprinted with white
circles, a null hypothesis of no correlation can be rejected at the 5% level. No data are
available from grey areas.

simulated and observed rainfall-SST correlation maps, with values equal to
0.27 and 0.16, respectively (Table A2). GISS-E2-R, IPSL-CM5A-LR and
BCC-CSM1-1 display totally different patterns compared to observations, and
CCSM4 even simulates an opposite pattern, with positive (negative) correla-
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tions between the simulated precipitation over the Challa/Naivasha area and
the eastern Indian Ocean (central/eastern Pacific).

Model results show a wide range of tele-connections between the Ma-
soko/Malawi rainfall and SSTs (Fig. 2.6-b.). None of them shows the observed
pattern of correlations, which is weak but seems robust given that it is similar
regardless of the combinations of datasets used. GISS-E2-R, IPSL-CM5A-LR
and MPI-ESM-P correlations patterns are positively, although poorly, corre-
lated with the data (Table A2). However, the correlation coefficients obtained
by GISS-E2-R and IPSL-CMS5-LR are the result of a compensative effect be-
tween wrong seasonal tele-connection patterns (Fig. B3 and B4). CCSM4
simulates a strong relationship between Masoko/Malawi and Indian and Pa-
cific Ocean SSTs, but in an opposite sign than expected, with negative cor-
relations in the western Indian Ocean and central/eastern equatorial Pacific,
and positive correlations in the eastern Indian Ocean. Although CESM1 can
simulate the pattern observed in boreal winter, no correlation is found when
considering annual mean results.

Overall, most climate models fail to simulate observed tele-connections
of the Challa/Naivasha and Masoko/Malawi rainfall to large-scale SST
patterns at the inter-annual scale. Annual smoothing makes these tele-
connections complex and of relatively limited magnitude, especially for the
Masoko/Malawi rainfall. However, this cannot by itself explain the low model
performance since their skill is not greatly improved when only considering
the OND rainfall, shown to be strongly and robustly correlated to Indian and
Pacific SSTs in observations. Only CESM1, MPI-ESM-P and, to a lesser
extent, BCC-CSM1-1 simulate the observed patterns for both regions dur-
ing this season (Table A2). Inconsistent with the observations, IPSL-CMS5A-
LR and GISS-E2-R simulate a relatively homogeneous tele-connection pattern
throughout the year, while the strong seasonality depicted by CCSM4 has al-
most everywhere incorrect signs. MPI-ESM-P and CESM1 thus tend to stand
out by their positive correlation with annual observations in both regions and
only in Challa/Naivasha, respectively, for the right reasons. These mitigated
results are, to some extent, consistent with the study of Rowell (2013). In-
deed, although using different methodologies and selected areas, this author
has shown that the tele-connections between rainfall over central East Africa
(roughly corresponding to the Masoko/Malawi region) and both equatorial Pa-
cific and Indian Ocean SSTs are particularly hard for CMIP5 models to re-
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produce. Furthermore, Rowell (2013) reached a similar conclusion about the
tele-connections between rainfall over the greater Horn of Africa region, which
includes the Challa/Naivasha region, and equatorial Pacific SSTs.

2.4 Reconstructed and simulated hydroclimate over
the last millennium

2.4.1 Hydroclimate changes deduced from proxy-based
reconstructions

Notwithstanding chronological uncertainty, the Challa and Naivasha proxy
records display clear differences during the first four centuries of the last mil-
lennium. In particular, the former shows a general drying trend while the op-
posite is recorded in the latter (Fig. 2.7). However, from around 1400 AD the
conditions inferred from these two records are similar: both show relatively
dry conditions followed by a wetting trend peaking between about 1700 and
1750 AD. After this peak, both hydroclimate reconstructions depict an abrupt
transition towards a dry period in the early 19th century, followed by smaller-
scale hydroclimate fluctuations at Naivasha and a clear wetting trend at Challa.

g 5 2 Challa L B2 Masoko
2a | BS-1

x O 520
85 31
T o -2 @ 2[ 406
5 E 20[ Naivasha w» 8 Malawi
g = 10 3 4
=9 c

%0 L I
8 9. 5 4
55710 °g

-20 )
1000 1200 1400 1600 1800 2000 1000 1200 1400 1600 1800 2000

Figure 2.7 — Lake-based moisture-balance reconstructions used in this study; refer-
ences with details on the proxies are provided in Section 2.2.2. Ordinate axes for
each proxy are oriented such that wetter (drier) hydroclimate conditions point upward
(downward).
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Contrasting with Challa and Naivasha, lakes Masoko and Malawi both
show a general drying trend culminating around 1700 AD, before an increase
in humidity towards the present. However, (multi-) decadal hydroclimate
changes overlying these long-term trends often strongly differ between the two
records.

The differences between the Challa and Naivasha reconstructions on the
one hand and between the Masoko and Malawi reconstructions on the other
can be viewed as a measure of how representative these records are of hydro-
climatic variability within each region. Certainly, the differences partly reflect
real local features due to different exposure to the principal seasonal moisture
sources related to distance to the sea, topography etc. However, a significant
fraction of the difference observed within each pair of records is likely due
to uncertainty in the reconstructions themselves, due to the compound effects
of 1) dating uncertainty in these lake-based proxy records, ii) differences in
hydrology and local catchment processes influencing a lake’s (or in the case
of OD, its surrounding vegetation) sensitivity to climate, and/or iii) the fact
that the used hydroclimate proxies have a specific and different relationship
with temporal variation in our target of reconstruction, i.e. the climatic mois-
ture balance. Importantly, the point here is that the differences between the
two pairs of records are larger than those within each pair. Each pair can thus
be considered as representative of a distinct hydroclimatic region (cf. Tierney
et al., 2013).

2.4.2 Interpretation of proxy-based reconstructions from a model
perspective

Lakes are complex hydrological systems. To understand their dynamics, it is
necessary to account for the inflow and outflow from rivers and surface runoff,
rainfall on the lake surface, evaporation from the lake surface, groundwater
inflow and/or outflow, as well as interactions with the aquifer surrounding the
lake (e.g. Becht and Harper, 2002). These processes are not represented di-
rectly in relatively coarse-resolution GCMs. These models simulate the large-
scale moisture balance, i.e. precipitation minus actual evaporation (P-E), the
latter depending on potential evaporation and soil moisture content. Each of
the sedimentary proxies used in the lake-based climate reconstructions can be
qualitatively interpreted as smoothed versions of the local-to-regional climatic
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moisture balance, at least when considered on multi-decadal to centennial time
scales. P-E is thus the model variable that has been chosen here for comparison
with the reconstructed histories of lake-level fluctuation, catchment runoff or
drought-season severity, depending on the lake (see Section 2.2.2). This sec-
tion describes the relative contributions of rainfall and of evaporation in P-E,
which allows knowing whether the respective regions containing each record
are more influenced by precipitation or evaporation.

It was shown in Section 2.3.1 and in Section 2.3.2 that, despite their rel-
ative proximity, the two spatial domains used in this study, Challa/Naivasha
and Masoko/Malawi, are quite different in terms of precipitation amount and
seasonality as well as in precipitation trends through time. The study of P-
E balance confirms that. Indeed, climate models simulate mean P-E values
over Challa/Naivasha which are close to zero throughout the last millennium
(Fig. 2.8-a). In contrast, all models show positive P-E values for the Ma-
soko/Malawi region during the last millennium (Fig. 2.8-b). The higher P-E
for Masoko/Malawi compared to Challa/Naivasha is as expected due to higher
precipitation, which more than compensates for higher evaporation and thus
leads to larger river runoff.
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Figure 2.8 — Mean annual precipitation minus mean annual evaporation (horizontal
bars), and standard deviation of annual precipitation minus the standard deviation of
annual evaporation (vertical bars) using the entire last-millennium results (850-2005)
for each GCM. Red (blue) color means that evaporation (precipitation) dominates.

If we consider the standard deviation of variation in P and E through the
last millennium, there is a consensus among models that P is more variable
from year to year than E, for both regions (vertical bars in Fig. 2.8, which
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all plot upwards). This implies that most changes of P-E over time are due
to changes in precipitation. Differences between the standard deviation of P
and of E are also generally greater in Masoko/Malawi. This can be explained
in all models except GISS- E2-R by a weaker relationship between P and E
in this region than in Challa/Naivasha, as evidenced by weaker correlation
coefficients (Table 2.2). Higher correlations indeed mean that a change in P
is more often accompanied by a similar change in E, which tends to bring
variances closer.

Table 2.2 — Pearson correlation coefficients between simulated rainfall and simu-

lated evaporation in the Challa/Naivasha and Masoko/Malawi regions over the pre-
industrial portion of the last millennium (850-1850 AD).

Challa/Naivasha Masoko/Malawi

CCSM4 0.66* 0.09*
CESM1 0.57* 0.35*
GISS-E2-R 0.71* 0.95*
IPSL-CM5A-LR 0.91* 0.69*
MPI-ESM-P 0.68* 0.62*
BCC-CSM1-1 0.88* 0.70*

* significant at the 5% level

These results are robust throughout the last millennium where they remain
relatively stable over time, even during the recent past where one could expect
evaporation to increase relative to precipitation due to anthropogenic warming
(not shown). Moreover, rainfall still has a dominant role in explaining changes
in P-E when considering timescales longer than annual, since approximately
the same picture is observed when filtering model results using a loess method
with a window of 100 years (not shown).

2.4.3 Comparison between reconstructions and model results

As briefly discussed in Section 2.4.2, the link between simulated and recon-
structed variables is only indirect, which means that the magnitude of simu-
lated P-E that should best fit the reconstructions is unknown. Consequently,
the focus in this comparison is on common relative changes, rather than on
their magnitude in absolute values. For better readability of the figures, each
time series has been linearly standardized so that the maximum of the abso-
lute values equals 1. A 100-year smoothing is applied to the model results in
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order to resemble temporal variability in the reconstructions. Our choice of
a 100-year smoothing window is partly subjective, since the resolution of the
proxy-based reconstructions varies through time due to a non-linear relation-
ship between sediment depth and age. However, using other window widths
for this smoothing does not lead to major changes in the results.

Despite this smoothing, most model curves do not show any distinct long-
term trend in the past millennium as observed in the proxy-based reconstruc-
tions, and have weaker fluctuations at the centennial scale than the reconstruc-
tions (Fig. 2.9). The correlation coefficients between model results and recon-
structions, computed annually using interpolations for the reconstructed time
series, are presented in Table B3. Most coefficients are low and non-significant
at the 0.05% level, and can be for a same site either positive or negative de-
pending on the models, which implies that there is no common signal between
models and data but neither among models.

No individual site is characterized by an overall better agreement between
model and data since the averages of correlation coefficients for each lake are
close to zero. Furthermore, taking the four sites into account, no model appears
to match substantially better the reconstructions than another. Nevertheless,
some isolated positive correlations should be mentioned: CESM1 shows one
positively and statistically significant correlation of 0.43 with the average of
the reconstructions from Masoko and Malawi, and GISS-E2-R correlates with
the average Challa/Naivasha time series with a coefficient of 0.38.

This general model-data mismatch could arise from several reasons. First,
as discussed in Section 2.3.2, the results from climate models are selected
from the two regions Challa/Naivasha and Masoko/Malawi, that do not nec-
essarily match the spatial representativity of proxy data, or may have trouble
in representing the regional atmospheric dynamics responsible for changes in
lake hydrology. Note that if we consider only the individual grid cells which
contain the proxy data sites, the correlation coefficients are not substantially
affected (not shown). This is consistent with the high correlations found for
each model simulation between the individual grid cells and the larger spatial
domain which contains them (Fig. 2.3). Second, the variables compared are
different. Here, simulated regional P-E is indeed compared to reconstructed
lake level, catchment runoff, or seasonal drought severity depending on the
site (see Section 2.2.2). P-E, which mostly depends on variation in precipi-
tation (see Section 2.4.2), is certainly related to these reconstructed variables,
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Figure 2.9 — Comparison between last-millennium time series of the reconstruc-
tions (in grey) and of P-E simulated by six GCMs (in black) averaged over the
Challa/Naivasha region (a), with the Naivasha record shown as dashed line and the
Challa record as solid line; and over the Masoko/Malawi region (b), with the Malawi
record shown as dashed line and the Masoko record as solid line. In both regions, the
area between the between the two records is shaded in light grey. Both proxy-based
and simulated time series are presented as anomalies with respect to the whole period,
and are linearly standardized so that the absolute maximum equals 1. Ordinate axes
are oriented such that wetter (drier) conditions point upwards (downwards). Model
time series are annual mean values filtered using a loess method with a window of
100 years. For the CESM1 model, the black curve is the median of the ten ensemble
members previously standardized and smoothed.

but sometimes in an indirect way that is difficult to assess precisely. Third,
our model results only consider the immediate effect of P-E and do not ac-
count for long-term effects of a change in P-E. However, lake level during a
particular year strongly depends on lake level during previous years. To ad-
dress this issue, we applied a first-order autoregressive model (AR-1) to each
simulated time series. The AR-1 process is a simple persistence model where
a realization of the system depends on the value at one time step earlier. This
thus allows emulating a system with a chosen amount of memory. However,
although this produces time series with low-frequency changes that are sim-



44 Model-data comparison over the last millennium

ilar to the reconstructions, general model-data agreement is not substantially
improved (Section A3).

Simulations with different GCMs are driven by similar climate forcings
(see Section 2.1), which are thus expected to put a similar imprint on all time
series. However, all model results seem different, which raises the question
whether external forcing has any impact on the simulated hydroclimate. The
lack of common timing among models in the simulated events actually sug-
gests that the hydroclimate fluctuations are mostly or exclusively driven by
internal variability.

2.5 The contribution of forced and internal variability
in simulated hydroclimate change

2.5.1 Hydroclimate changes over the past millennium

Whether the simulated East African hydroclimate results from internal vari-
ability or from changes in forcing is assessed in two steps: first by investi-
gating potentially common signals among models, and second by comparing
variability of the last-millennium hydroclimate changes against control sim-
ulations. In the previous section we suggested that little or no link can be
established between last-millennium hydroclimate changes simulated by the
different models. Indeed, if we first consider the Challa/Naivasha region, most
correlations between P-E time series simulated by different models are not sta-
tistically significant and close to zero (Fig. 2.10). Actually, the fact that there
is no positive correlation between hydroclimate curves from different models
does not necessarily mean that there is no impact of forcing in each model.
Indeed, the effect of changes in forcing may be different from one GCM to
another, especially at the still relatively small spatial scale considered in this
study.

In this regard, it is of interest to note that for the only model for which mul-
tiple ensemble members were available (CESM1), there is also no correlation
between the different ensemble members that differ only in slightly different
air temperature at the start of the experiments (Otto-Bliesner et al., 2015).
This means that the forced response has a much smaller magnitude than inter-
nal variability for P-E in that region, even at the multi-decadal time scale.



2.5. The contribution of forced and internal variability 45

e - - - - - - - < B 5
o o o [e o o o [eR o - | o l‘.'
T = £z T = Zz =T Z = 5 T g T &
T ¥ ¢ § ¢ ¢ T 2 2 T q = = =
+ - — - - - - - - w o n un
= S 2 2 2 =2 =2 = = = = ¢ 3owQ
[} n n n n wn n n n wn wn %)) d — (@]
o L Ll Ll w (11} w w L Ll w = o Q
O O O O O O O O o o o 6 2 = na
CCSM4 -
CESM1 r1it1pi 5 51 o 5 o o o
CESM1 r2i1p1 o o 6 o o
CESM1 r3itp1 3 ) o -
CESMH r4it1p1 R g oo o S ;
CESM1 r5i1p1 o o o o o o :g
CESM1 r6i1pt §
CESM1 r7i1p1 o' ol o o e g
CESM1 r8itp1 e B 5 3
CESM1 r9i1p1 . I8 5 g
CESM1 r10i1p1 5 o B
GISS-E2-R 5
ci- %,
IPSL-CM5A-LR o s 2550
Q//Q/"-.'{'O/
MPI-ESM-P by, -
Vo Ry, !
BCC-CSM1-1 @/’e""'{_

Figure 2.10 — Pearson correlation coefficients between annual mean P-E over the last
millennium (850-2005) as simulated by the different GCMs. The results were filtered
using a loess method with a window of 100 years. The lower left half of the figure
shows the results for the Challa/Naivasha region, the upper right half the results for
Masoko/Malawi. Squares with a central white circle represent combinations for which
the null hypothesis of no correlation can be rejected at the 5% level.

For the Masoko/Malawi region, the link between the hydroclimate time
series produced by different models is also low. However, most ensemble
members of CESM1 show significantly positive correlations with each other,
mainly due to a common increase in P-E around 1800. This suggests an impact,
although limited, of external forcing on the Masoko/Malawi hydroclimate dur-
ing the last two centuries, as simulated by CESM1. For the other models,
if a significant response to forcing is present, it is too different between them
to be revealed by the correlation, except for IPSL-CMS5A-LR which correlates
positively with the ensemble members of CESM1.

To complement this diagnostic, Fig. 2.11 shows P-E time series for the
two regions from forced simulations, along with the variability in these time
series and in the pre-industrial control runs, represented by the +2 standard-
deviation envelope. It shows that the P-E variance simulated over the last mil-
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lennium is in most cases very similar to that of the control simulations. This
indicates that the radiative changes from GHGs, solar variability and relatively
short-lived volcanic effects have little influence on the selected variables com-
pared to internal variability. The only noticeable difference in these variances
is found for Masoko/Malawi in two of the models, CESM1 and IPSL-CM5A -
LR, which both show a P-E increase in recent time. The similarity of the
variances of P-E in fixed and time-varying forcing experiments, along with
the lack of common P-E changes in the last-millennium simulations among
models, obviates the possibility of general agreement with the proxy results,
and suggests that any apparent proxy-model agreement for this time period
and these regions is coincidental. To obtain more information on the processes
driving the simulated hydroclimate changes over the last millennium, the next
section deals with the stability of tele-connections at different frequencies, and
with the impact of changes in forcing on those tele-connections.

2.5.2 The stability of large-scale tele-connections

Since East African hydroclimate fluctuations in models are mostly driven by
rainfall (see Section 2.4.2), only rainfall is considered here. The present-
day large-scale tele-connections have already been studied in Section 2.3.4.
Hence, the period considered in this section is 850-1850 AD, which allows us
to focus on the last millennium without the influence of anthropogenic forcing.

Annual mean large-scale tele-connections between the simulated East
African rainfall and tropical SSTs over the (pre-industrial portion of the) last
millennium differ substantially among models. However, for rainfall over
the Challa/Naivasha region, all GCMs except CCSM4 agree in simulating a
dipole pattern over the Indian Ocean, with positive (negative) correlations in
the western (eastern) half of the basin (Fig. 2.12-a), i.e. consistent with the
IOD pattern and its effect on the East African precipitation. Interestingly,
while CCSM4, CESM1 and MPI-ESM-P do not show much difference be-
tween last-millennium and recent tele-connections, this dipole is not simulated
by GISS-E2-R, IPSL-CM5A-LR and BCC-CSM1-1 with recent rainfall data
(1950-2000; Fig. 2.6-a). The role of equatorial Pacific SSTs during the last
millennium is less clear among models, with both positive and negative cor-
relations depending on the model selected.
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Figure 2.11 — Simulated time series of P-E (black lines) over the Challa/Naivasha
and Masoko/Malawi regions throughout the last millennium (850-2005). Results are
mean annual values smoothed using a loess filter with a window of 100 years, and
are presented as anomalies with respect to the entire period. The horizontal red lines
are displayed on both sides of the zero line at two times standard deviation of the
smoothed time series. The horizontal blue lines also represent 2 standard deviations on
both sides of zero but based on the time series from pre-industrial control simulations.
The horizontal lines are dashed if the variance of the simulation with time-varying
forcing is significantly different (F-test, considering a 5% level) from the variance of
the simulation with fixed forcing; if not, it is solid. For the CESM1 model, the black

line is the median of the ten ensemble members, while their range is shown in grey
shading.

Patterns of correlations between the simulated Masoko/Malawi rainfall and
SSTs are more heterogeneous (Fig 2.12-b). CCSM4 and MPI-ESM-P show a
comparable picture as with Challa/Naivasha rainfall, which is also the case
for CESM1 but only for the Indian Ocean. GISS-E2-R and, to a lesser ex-
tent, IPSL-CMS5A-LR show an opposite pattern, and BCC-CSM1-1 suggests
almost no link between Masoko/Malawi rainfall and SSTs. For this region,
the pre-industrial last-millennium tele-connections differ strongly from the re-
cent ones in all models except CCSM4 and GISS-E2-R (Fig. 2.6-b). For this
pre-industrial last-millennium period, the effect of changes in forcing on inter-
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Figure 2.12 — Pearson correlation coefficients between global SSTs and the mean an-
nual rainfall over the Challa/Naivasha (a) and Masoko/Malawi (b) regions, in climate
models for the period 850-1850 AD. In areas overprinted by white circles the null
hypothesis of no correlation can be rejected at the 5% level.

annual rainfall tele-connections appears to be weak, given the very similar
results of the last millennium runs (Fig. 2.12) and of the pre-industrial con-
trol runs for both regions (Fig. BS5). It is thus likely that the difference in
tele-connection patterns between the pre-industrial period and recent decades,
observed in the models GISS-E2-R, IPSL-CMS5A-LR and BCC-CSM1-1, is
due to anthropogenic forcing. Based on the control runs of two global cli-
mate models, Tierney et al. (2013) showed that at longer than decadal time
scales, rainfall over the Horn of Africa region (including our Challa/Naivasha
domain) is mostly influenced by Indian Ocean SSTs. This is investigated here
using smoothed GCM-simulation results with a window of 100 years. Such a
smoothing decreases drastically the number of degrees of freedom resulting in
only a few statistically significant patterns of correlation in control simulations
(Fig. 2.13). As regards the simulated Challa/Naivasha rainfall, the correlation
with SSTs displays the characteristic Indian Ocean dipole in all models except
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CCSM4. The dipole is especially clear and robust in CESM1, the model that
best matches observations regarding recent large-scale tele-connections (Sec-
tion 2.3.4). By contrast, at this centennial time scale, the link between the
Masoko/Malawi rainfall and the Indian Ocean is neither consistent among
models nor robust in these control simulations. Additionally, for neither
Challa/Naivasha nor Masoko/Malawi a significant link is obtained with Pacific
SSTs.

a. Challa/Naivasha region

IPSL-CM5A-LR
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Figure 2.13 — Pearson correlation coefficients between global SSTs and the mean
annual rainfall over the Challa/Naivasha (a) and Masoko/Malawi (b) regions, using
the pre-industrial control runs of the climate models. Rainfall and SSTs are mean
annual values smoothed using a loess filter with a window of 100 years. In areas
overprinted by white circles the null hypothesis of no correlation can be rejected at
the 5% level.

The patterns of correlations become completely different when consider-
ing the smoothed last millennium simulations with changes in forcing (Fig.
2.14). Most correlations are not significant and relatively weak. Interestingly,
in the forced runs no Indian Ocean dipole is observed in most model results at
this centennial time scale and, more generally, there is substantial difference in
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modeled large-scale tele-connections between simulations with time-varying
forcing (Fig. 2.14) or fixed forcing (Fig. 2.13). This suggests that, at the cen-
tennial time scale, the forcing is able to mask the weak correlations associated
with natural variability throughout the pre-industrial portion of the last millen-
nium (850-1850 AD). Nevertheless, the response of the different models to the
same forcing strongly varies. Some models are characterized by a very ho-
mogeneous pattern of correlation that can be both negative or positive, while
some models show a more patchy pattern.
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Figure 2.14 — Pearson correlation coefficients between global SSTs and the mean
annual rainfall over the Challa/Naivasha (a) and Masoko/Malawi (b) regions in climate
models for the pre-industrial period 850-1850 AD. Rainfall and SSTs are mean annual
values smoothed using a loess filter with a window of 100 years. In areas overprinted
by white circles the null hypothesis of no correlation can be rejected at the 5% level.

2.6 General discussion and conclusions

Our analysis of East Africa’s hydroclimate over the last millennium is based on
recent observational data, lake-based proxy reconstructions and the results of
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six GCMs. When compared to recent observations (1979-2005), simulations
of all models represent the unimodal seasonality of precipitation characterizing
the Masoko/Malawi spatial domain rather well. The bimodal seasonality char-
acterizing the Challa/Naivasha domain is generally less well captured by the
GCMs, with a systematic underestimation of the long rains and overestimation
of the short rains. Model skill in simulating present-day (i.e., observed) large-
scale tele-connections between East African precipitation and tropical SSTs
strongly varies among the GCMs, with MPI-ESM-P and CESM1 generally
displaying the most consistent patterns.

Both model results and observations show that lakes Challa and Naivasha,
on the one hand, and Masoko and Malawi, on the other hand, are located
in hydroclimatically relatively homogeneous regions. However, these two
regions display a different rainfall seasonality and different large-scale tele-
connections with ocean SSTs. Furthermore, the lake-based proxy reconstruc-
tions from these two regions even show opposite moisture-balance changes
during the second half of the last millennium, highlighting the strong spatial
heterogeneity characterizing the East African hydroclimate dynamics. Com-
paring the simulated variable P-E with the available hydroclimate reconstruc-
tions, we found the contribution of rainfall to be dominant relative to actual
evaporation in both regions. Model results and reconstructions show a very
different timing of hydroclimate fluctuations over the past millennium. Fur-
thermore, there is no common signal among the time series modeled by dif-
ferent GCMs. This suggests that the simulated P-E in East Africa is largely
driven by internal variability rather than by common forcing, at least until
1850 AD. After that, half of the GCMs used simulate a relatively clear, but
model-specific, response to forcing. These results are in line with those of
Coats et al. (2015) who showed, using approximately the same set of GCMs,
that multi-decadal droughts in the North American Southwest over the last
millennium do not seem to be driven by external forcing. Similar conclusions
were also reached by Kelley et al. (2012) who used GCMs to investigate the
possibility that the late winter drying trend observed in the Mediterranean re-
gion could be explained by anthropogenic forcing. In contrast, Fallah and
Cubasch (2015) suggested an impact of forcing on multi-decadal droughts in
Asia over the last millennium, namely through alteration of atmosphere-ocean
interactions. These contrasting results could mean that some regions are more
sensitive to forcing than others.
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At the inter-annual time scale, models show robust tele-connections be-
tween mean annual Indian Ocean SSTs and rainfall over the Challa/Naivasha
region during the pre-industrial portion of the last millennium, with positive
(negative) correlation in the western (eastern) half of the basin. The link be-
tween rainfall over the Masoko/Malawi region and SSTs is less clear among
models. At this time scale, the effect of external forcing on large-scale tele-
connections appears negligible. Although most of times not significant, the
Indian Ocean dipole is still present using time series smoothed to highlight
centennial variations, but only in fixed-forcing simulations. When taking into
account the last millennium forcing, the result is completely different, with
relatively homogeneous patterns of correlation between precipitation in both
regions and tropical SSTs. This means that, although the correlation pattern
between the Challa/Naivasha rainfall and Indian Ocean SSTs remains rela-
tively similar for both inter-annual and centennial time scales when only nat-
ural variability is present, it is overwhelmed by the effect of forcing at the
centennial time scale. An interesting question is whether the forcing actually
alters the dynamical link between the East African rainfall and SSTs, or if it
only masks it because of a different impact on continental rainfall and SSTs.
Answering this question is out of the scope of this study, but it is of interest for
the interpretation of records used for reconstructing phenomena like the IOD.
Indeed, if dynamical relationships are not stable when considering different
time scales, a record calibrated in observations of the recent period may not be
representative of the studied phenomena over longer time scales.

Analyzing an ensemble of models was particularly useful here to test the
robustness of the results. Additionally, using individual models that contain
several ensemble members allows attributing the simulated change to internal
variability or to forcing, which is crucial in the present context of climate
change in the vulnerable East African region. On the other hand, using multi-
model mean results to study variation in local hydroclimate during the last
millennium should be avoided. It does not make sense to average hydroclimate
time series which are mostly driven by internal variability, since this would
only result in concealing already weak responses.
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RECONSTRUCTING EAST AFRICAN
RAINFALL AND INDIAN OCEAN SEA
SURFACE TEMPERATURES OVER THE
LAST CENTURIES USING DATA
ASSIMILATION

This chapter is based on the following submitted article:

Klein, F. and Goosse, H. (2016). Reconstructing East African rainfall and
Indian Ocean sea surface temperatures over the last centuries using data as-
similation. Submitted to Climate Dynamics.

Abstract
The relationship between the East African rainfall and Indian Ocean

sea-surface temperatures (SSTs) is well established. The potential in-
terest of this covariance to improve reconstructions of both variables

53



54

Reconstructing East African rainfall and Indian Ocean SSTs

over the last centuries is examined here. This is achieved through an
off-line method of data assimilation based on a particle filter, using
hydroclimate-related records at four East African sites (Lake Naivasha,
Lake Challa, Lake Malawi and Lake Masoko) and SSTs-related records
at six oceanic sites spread over the Indian Ocean to constrain the Last
Millennium Ensemble of simulations performed by CESM1. Skillful
reconstructions of the Indian SSTs and East African rainfall can be ob-
tained based on the assimilation of only one of these variables, when
assimilating pseudo-proxy data deduced from the model CESM1. The
skill of these reconstructions increases with the number of particles se-
lected in the particle filter, although the improvement becomes mod-
est beyond 99 particles. When considering a more realistic framework,
the skill of the reconstructions is strongly deteriorated because of the
model biases and the uncertainties of the real proxy-based reconstruc-
tions. However, it is still possible to obtain a skillful reconstruction of
the whole Indian Ocean SSTs based only on the assimilation of the six
SST-related proxy records selected, as far as a local calibration is ap-
plied at all individual sites. This underlines once more the critical role
of an adequate integration of the signal inferred from proxy records into
the climate models for reconstructions based on data assimilation.
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3.1 Introduction

tial distribution of precipitation due to local and regional meteorolog-

ical features, which are influenced by the presence of numerous lakes
and a complex topography. Consequently, this region supports a large vari-
ety of environments, ranging from deserts with rainfall less than 200 mm per
year to tropical rain forests with annual rainfall above 2000 mm (Nicholson,
1996). Due to the seasonal migration of the Intertropical Convergence Zone
(ITCZ) back and forth across the equator, the annual cycle of rainfall is bi-
modal over much of East Africa, with a first and main rainy season occurring
from March to May (the so-called long rains) and a second from October to
December (short rains). Nonetheless, this seasonal distribution of precipita-
tion can change rapidly over short distances and some regions, such as the
Ethiopian and the Eastern Highlands, only have one rainy season with a peak
during boreal and austral summer, respectively (e.g. Owiti and Zhu, 2012;
Yang et al., 2015).

Because of the influence of large-scale atmospheric and oceanic factors,
the temporal variability of rainfall tends to be more homogeneous than the
mean patterns over the region (Nicholson, 2014). At the inter-annual scale,
numerous observation-based (e.g. Ogallo et al., 1988; Hastenrath et al., 1993;
Saji et al., 1999; Webster et al., 1999; Nicholson and Selato, 2000; Clark et al.,
2003; Schreck and Semazzi, 2004; Izumo et al., 2014) and model-based (e.g.
Goddard and Graham, 1999; Ummenhofer et al., 2009; Rowell, 2013; Klein
et al., 2016; Schubert et al., 2016) studies have emphasised the teleconnec-
tions between the short rains, which are the main driver of the inter-annual
variability of the East African rainfall (e.g. Nicholson, 1996, 2014), and the
Indian and Pacific SSTs. Specifically, precipitation over East Africa during the
short rains correlates positively with the SSTs over the Western Indian Ocean
and the Central and Eastern Pacific Ocean, while the correlations are negative
over the Eastern Indian Ocean. This link appears robust and has been reported
using various techniques including correlation coefficients (Ogallo et al., 1988;
Goddard and Graham, 1999; Saji et al., 1999; Clark et al., 2003; Rowell, 2013;
Klein et al., 2016; Schubert et al., 2016), visual comparison of different 2D
fields (Webster et al., 1999; Ummenhofer et al., 2009), empirical orthogonal
functions (Schreck and Semazzi, 2004; Goddard and Graham, 1999; Saji et al.,

EQUATORIAL Eastern Africa is characterized by a heterogeneous spa-
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1999) and composite (Saji et al., 1999) or harmonic (Nicholson and Selato,
2000) analyses. However, such statistical methods do not allow for the iden-
tification of the physical nature of this link. For instance, they do not provide
insight as to whether the SSTs are responsible for the East African rainfall
variability, or whether both variables react to a common forcing.

The goal of this study is to perform reconstructions of the East African
rainfall and Indian Ocean SSTs over the last millennium, based on the co-
variance observed between those two variables, through a data assimilation
method. The covariance can indeed be used to potentially obtain better re-
constructions of the two variables considered, and can be particularly useful
over periods when instrumental observations are lacking and indirect proxy
records are scarce. In contrast to more classical statistical methods, data as-
similation has the advantage not to rely on the length of a calibration period
and on the quality of the records during this period, which could be a problem
in Africa. Furthermore, it can handle a potential non-stationarity of the co-
variance, related for instance to changes in the mean state, and ensure that the
reconstruction for both variables is compatible with the physics of the system
as represented by the model. Although a link between the East African rainfall
and SSTs in the Pacific has also been reported, it seems less robust than the
one in the Indian Ocean (Klein et al., 2016), and will thus no be considered in
the present study.

Since the early 1990s, data assimilation has been extensively employed
in various Earth science disciplines including meteorology, oceanography and
hydrology (e.g. Park and Xu, 2009; Dee et al., 2011; Balmaseda et al., 2015).
In palaeoclimatology, it is still considered as an emerging topic (e.g. Matsikaris
et al., 2015), despite growing interest over the past 15 years (e.g. von Storch
et al., 2000; Goosse et al., 2006; Crespin et al., 2009; Widmann et al., 2010;
Hakim et al., 2016). When applied to palaeoclimatology, data assimilation
aims to combine information from model results and proxy-based reconstruc-
tions to find estimates of past climate changes. Here, a particle filter method
has been preferred over other data assimilation methods such as forcing sin-
gular vectors (e.g. Barkmeijer et al., 2003) or pattern nudging (e.g. von Storch
et al., 2000). This ensemble filter method has the advantage to respect the
model physics by selecting a set of climate in agreement with observation
within the range of a finite ensemble, taking into account the uncertainties.
While this choice may potentially limit the skill of the reconstructions given
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that the real climate has a large state space with many degrees of freedom,
the method has already led to very satisfying results in conditions similar to
the ones of the problem studied here (e.g. Goosse et al., 2012; Mairesse et al.,
2013). Furthermore, ensemble particle filters are relatively easy to implement
and do not require any information about the model. If a satisfactory recon-
struction can be obtained where the constraint is applied, the empirical in-
formation will then be propagated to various climate variables and spatially
spread, based on the physics and the dynamics of the climate model used.

In the last decade, two types of ensemble-based methods of data assimi-
lation have been applied to study the past millennium climate (e.g. Matsikaris
et al., 2015). First, data assimilation can be used to update an ensemble of sim-
ulations at regular interval (on-line data assimilation). In this case, the ensem-
ble is generated sequentially, each period depending on the diagnostic made
by the data assimilation process on the previous ones. Second, data assimila-
tion can occur a posteriori, making use of an existing ensemble of simulations
(off-line data assimilation). The on-line method have advantages compared to
the off-line one. Indeed, it maintains the temporal consistency. Furthermore, it
is expected to bring better results than an off-line method as the slow compo-
nent of the climate system, such as the oceans, can propagate an information
forward in time (Matsikaris et al., 2015). However, if the predictability of
the variables of interest is limited between two assimilation steps because of a
dominant role of the chaotic nature of the system, an on-line technique would
not outperform an off-line one.

The main interest of an off-line method lies in the fact that we can use ex-
isting ensemble of simulations, saving a significant amount of computational
time. This allows applying a data assimilation scheme in higher resolution gen-
eral circulation models (GCMs) and considering larger ensembles, such as in
Bhend et al. (2012) or in Steiger et al. (2014). In contrast, on-line data assim-
ilation methods are usually used in palacoclimatology with simplified models
with a relatively coarse resolution such as in Crespin et al. (2009), Goosse et al.
(2012), or in Klein et al. (2013), or with relatively small ensembles (Matsikaris
etal., 2015). We do not expect a large predictability of the East African rainfall
on the interannual time-scale, meaning that the additional information brought
by an online method would be limited, as shown in previous works (e.g. An-
nan and Hargreaves, 2012). Furthermore, an off-line procedure is also much
more flexible as many tests can be performed on a single existing ensemble,



58 Reconstructing East African rainfall and Indian Ocean SSTs

while new simulations are required each time in the on-line approach. Hence,
an off-line method is preferred over an on-line one in the present study, using
the ensemble of ten simulations recently performed (Otto-Bliesner et al., 2015)
with the Community Earth System Model version 1.1 (CESM1; Hurrell et al.,
2013), which is the largest ensemble to date made with a GCM that covers
the last millennium. Moreover, CESM1 is adequate here since its correlations
pattern between the East African rainfall and large-scale SSTs over the recent
past is the closest to observations, compared to five other GCMs (Klein et al.,
2016).

To our knowledge, reconstructing simultaneously precipitation and SSTs
over long periods using data assimilation has never been attempted before.
Hence, in order to test the methodology and to identify the most critical is-
sues, this study contains several steps gradually increasing in complexity. The
most simple case is the assimilation of pseudo-proxies where the data used
to constrain model results are derived from the climate model CESM1 it-
self. The locations of the sites selected for the assimilation are the ones for
which actual proxy-based reconstructions are available. In this framework,
the model physics is supposed to be perfect as both the pseudo-observations
and the model ensemble originate from the same source. Furthermore, the re-
construction target and the uncertainty of the records are perfectly known, the
latter being given by the noise imposed on model results to obtain the pseudo-
proxies. This setup is thus ideal to assess precisely the performance of the data
assimilation method itself. Two sensitivity analyses are performed using this
framework, one assessing the effect of the size of the ensemble, and the other
looking at the individual effect of each site on the quality of the reconstruc-
tions. In a second step, pseudo-proxy data derived from other climate models
as well as from recent observations are considered. This allows studying how
sensitive the reconstructions are to biases in the model physics. Lastly, real
proxy-based reconstructions are used to constraint the model simulations. The
selected hydroclimate-related reconstructions describe the water-balance his-
tory during roughly the last millennium of Lake Challa, Lake Naivasha, Lake
Masoko and Lake Malawi, and are part of the East African hydroclimate syn-
thesis achieved by Tierney et al. (2013). The six SST-related records are de-
rived from the 5'80 content of coral archives spread over the Indian Ocean, the
choice of the records being based on the compilation of Tierney et al. (2015).
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This study is structured as follows. The next section describes the climate
model used (Section 3.2.1), the data assimilation method (Section 3.2.2), and
the different data assimilated, ie. the pseudo-proxies (Section 3.2.3) and the
proxy-based reconstructions (Section 3.2.4). Section 3.3 describes the recon-
structions of the East African precipitation and Indian Ocean SSTs based on
the assimilation of the pseudo-proxy data, Section 3.4 is focussed on the recon-
structions performed by assimilating the proxy-based reconstructions. Finally,
Section 3.5 presents the discussion and conclusions.

3.2 Methodology

3.2.1 Model results

Data assimilation is based on the ensemble of simulations performed over the
period 850-2005 AD with CESM1 (the CESM1 Last Millennium Ensemble
or CESM-LME; Otto-Bliesner et al., 2015). This model has an horizontal res-
olution of about two degrees for the atmosphere and land components, and
of about one degree for the ocean and sea-ice components. The CESM-LME
represents the largest ensemble to date performed with a GCM covering the
last millennium. The ensemble contains ten simulations, which only differ
from slightly different air temperatures at the start of the experiments. They
are driven through the last millennium by changes in both natural and anthro-
pogenic climate forcings. The solar irradiance variations follow the recon-
struction of Vieira et al. (2011), with the spectral variations and ‘11-year’ solar
cycle from Schmidt et al. (2012). Changes in the forcing related to volcanic
aerosols are derived from Gao et al. (2008). The evolution of the major green-
house gases (CO,, CHy and N;O) is based for the preindustrial period (850—
1850 AD) on Fliickiger et al. (2002) and MacFarling Meure et al. (2006), and
for the recent period on Hansen and Sato (2004). Anthropogenic changes in
land use/land cover are first derived from the reconstruction of Pongratz et al.
(2009) until 1850, and follow Hurtt et al. (2011) thereafter. Finally, Earth’s
orbital parameters are updated every year based on Berger et al. (1993).
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3.2.2 Data assimilation method

The off-line ensemble-based method of data assimilation applied here use a
particle filter (e.g. van Leeuwen, 2009), as described in Dubinkina et al. (2011).
This method has the advantage to be very general. It does not rely on hy-
potheses such as the Gaussian distribution of the error, as is the case for other
ensemble-based methods such as the Kalman filter (van Leeuwen, 2009), and
it enables the experiments to be performed off-line, which is needed here. The
frequency of the data assimilation is annual, meaning that annual mean val-
ues from every members of the ensemble of simulations, called particles, are
compared to data each year of the reconstruction period. Based on this com-
parison, the likelihood of every particles is computed, taking into account the
uncertainties of the data. The likelihood is a measure of the ability of the differ-
ent ensemble members to simulate the signal showed in the data. Depending
on the likelihood values, a weight is then attributed to the particles. When
the weights of each ensemble member are known for a given year, a weighted
mean is computed, which provides the reconstructions for that year.

Only the first nine simulations of the CESM-LME are used in the data
assimilation process, because pseudo-proxy data are, in some experiments, de-
rived from the tenth one. When mentioning the CESM-LME later in the text,
it thus refers to the first nine members of the ensemble only. An ensemble
of nine particles may be too small to obtain a good reconstruction since the
range of possible climate states covered by those simulations may not be large
enough to reproduce the signal present in the data assimilated (e.g. Goosse
et al., 2006). However, it is not possible to perform additional simulations
with CESM1 over this period. Hence, in order to increase the size of the en-
semble and thus the probability to find a good match between model results
and observations for a given year, other years, that will thus differ from the
one in observations, are also selected for the ensemble. This is only valid if
the forcings play a marginal role compared to natural variability, as appears
to be the case for interannual changes in East African precipitation and, to a
lesser extent, in Indian Ocean SSTs (Klein et al., 2016). There is thus a priori
no reason why the timing of events in observations and in a simulation should
be similar, meaning that any model year can be included in the ensemble. For
the CESM-LME, this means that the potential size of the ensemble can rise
up to 9 x 1156 members. Here, six ensemble sizes are considered contain-
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ing 9, 27, 99, 207, 1035 and 2079 particles. In the first case, the data for a
given year are only compared to the nine ensemble member results available
for this actual year. When 27 particles are selected, the model results of one
year out of 500 are added to the ensemble, besides the nine results of the ac-
tual year of the process. To increase the size of the ensemble to 99, 207, 1035
and 2079, one year out of 100, 50, 10 and 5 are considered, besides the actual
year of the experiments. Note that we keep using only the first nine ensemble
members of the CESM-LME even when real proxy records or results of other
models are assimilated, in order to have a meaningful comparison between all
experiments.

3.2.3 Pseudo-proxy data

This study starts with the assimilation of the results of the tenth ensemble
member of the CESM-LME over the last millennium, at the same locations
than the real proxy-based reconstructions that are described in the next sec-
tion. The cells of the atmospheric and oceanic grids containing the records
sites are shown in Fig. 3.1. The variables measured or reconstructed from the
proxy data, ie. §'80 for the oceanic ones and different hydroclimate-related
variables for the East African lakes, are not explicitly simulated by the cli-
mate model. Coral §'30 changes are directly linked to variations in SSTs (e.g.
Juillet-Leclerc and Schmidt, 2001; Stevenson et al., 2013), and East African
hydroclimate changes are mostly dependent on precipitation rather than on
evaporation in models (Klein et al., 2016). Thus, in a first step, the variable
assimilated at the locations of the six oceanic records is yearly averaged SST,
while it is yearly averaged precipitation at the locations of the four continental
grid cells containing the East African hydroclimate records. The pseudo-proxy
time series are generated by the addition to the results of the tenth ensemble
member of the CESM-LME of a white Gaussian noise with a standard devia-
tion of 5 mm.month~! for rainfall results and of 0.25°C for SST results, these
values corresponding to the data error estimates applied in the data assimilation
process. Note that changing these estimates by 20% positively or negatively
does not affect significantly the results.

In order to estimate the uncertainty associated to the model biases, the sec-
ond step of this study consists in assimilating pseudo-proxy data, but taken
from other GCMs, ie. MPI-ESM-P (Stevens et al., 2013) and GISS-E2-R
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Figure 3.1 — Grid cells of CESM1 containing the sites of the proxy-based reconstruc-
tions selected for data assimilation. The red cells belong to the atmospheric grid while
blue ones to the oceanic grid. The numbers correspond to the identifier of the recon-
structions as shown in Table 3.1.

(Schmidt et al., 2014), as well as from instrumental observations, using the
gridded precipitation data set GPCC-v7 (version 7 of the Global Precipitation
Climatology Centre data set; Schneider et al., 2014) and the SSTs data set
ERSST-v4 (version 4 of the Extended Reconstructed Sea Surface Tempera-
ture data set; Smith et al., 2008). The model MPI-ESM-P displays a strong
teleconnection between the East African rainfall and Indian SSTs, that is rel-
atively similar than the one simulated by CESM1, while GISS-E2-R shows
very weak link between both variables (Klein et al., 2016). These two models
are thus good candidates to assess the effect of uncertainties in model physics
and dynamics on the quality of the reconstructions. For instrumental obser-
vations, the data assimilation process is applied only over the period 1901-
2005. The same noise as above is added to the model time series to obtain
pseudo-proxies. These different models and gridded data sets do not have the
same spatial resolution than CESM1. All results are thus interpolated into the
CESM1 continental and oceanic grids before the data assimilation.



3.2. Methodology 63

3.2.4 Proxy-based reconstructions

The last, and most complex, step of this study consists in assimilating real
proxy-based reconstructions of East African hydroclimate and Indian Ocean
coral 8'30. The selection of the hydroclimate reconstructions is based on the
compilation achieved in Tierney et al. (2013), which contains seven lake-based
East African proxy records covering the last millennium with a time resolution
of at least 50 years. As in Klein et al. (2016), the reconstructions originat-
ing from Lake Challa, Lake Naivasha, Lake Masoko and Lake Malawi have
been selected here. The records from Lake Tanganyika and Lake Edward are
discarded because they are located far from the Indian Ocean, which has thus
potentially less influence on local hydroclimate. The reconstruction from Lake
Victoria is also not included because the representation of this lake is different
from one model to another. Indeed, CESM1 and GISS-E2-R simply ignore it,
while it is present in the model MPI-ESM-P as a single grid point lake, mean-
ing that the specific conditions imposed by the presence of the lake cannot be
reproduced in the simulations.

The hydroclimate reconstructions are based on different proxies, but the
four of them can be qualitatively seen as smoothed versions of the local
moisture-balance of the areas in which they originate. For Lake Challa, the
hydroclimate variation is derived in Tierney et al. (2013) from the first princi-
pal component of composite variation in three moisture-balance proxies, that
accounts for 40% of the variance in the data (supplementary material of Tier-
ney et al. (2013)). The three proxies are a presumed indicator of catchment
runoff (the branched and isoprenoidal tetraether index (BIT); Verschuren et al.,
2009), an isotopic proxy for rainfall source and intensity (8D in the leaf waxes
of terrestrial plants; Tierney et al., 2011), and a proxy for variation in dry-
season length and windiness (varve thickness; Wolff et al., 2011). Regarding
Lake Naivasha, the time series is a lake-level reconstruction derived from the
sediment lithostratigraphy (Verschuren, 2001), supported by salinity recon-
structions based on fossil diatom and midge assemblages (Verschuren et al.,
2000). In Lake Masoko, the hydroclimate reconstruction is inferred from the
low-field magnetic susceptibility of the sediment, which is a proxy for lake-
level changes and/or wind stress. Two such records are available for this lake,
one that goes back to -43,300 AD (Garcin et al., 2006) and one that starts
around 1500 AD (Garcin et al., 2007). The Masoko time series chosen here
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is obtained from Tierney et al. (2013), who used the last millennium of the
longer record but with age-depth tie-points translated from the shorter one
(Anchukaitis and Tierney, 2013). The hydroclimate reconstruction in Lake
Malawi is based on the mass accumulation rate of the terrigenous sediment
fraction, suggested to be a runoff proxy (Brown and Johnson, 2005; Johnson
and McCave, 2008).

The Indian Ocean coral §'30 time series selected in this study are taken
from the work of Tierney et al. (2015) who compiled 57 marine coral-based
archives in order to reconstruct SST in the tropics over the past four centuries.
Out of these 57 records, 13 belong to the Indian Ocean domain, including 12
oxygen isotopic composition of coral carbonate. However, six of them are dis-
carded because located on land in the grid of the CESM model. Thus six time
series of coral §'80 remain available for our analysis. They originate from
Malindi (Cole, 2000), Mayotte (Zinke et al., 2008, 2009), Houtman Abrolhos
(Kuhnert et al., 1999), Mentawai (Abram et al., 2008), Seychelles (Charles,
1997) and La Réunion (Pfeiffer et al., 2004). The exact geographic coordi-
nates of those reconstructions, as well as the period they cover, are given in
Table 3.1. Note that the comparison of model results and proxy-based recon-
structions during the process of data assimilation is made at the model grid cell
scale, which means that the spatial representativeness of the data is assumed to
match the area of the grid cells in which they are located, shown in Fig. 3.1.

Data assimilation involves an objective comparison between model results
and the data assimilated, meaning that both have to represent the same physical
quantity. Since the variables reconstructed from proxy records are not included
as such in the climate models, a processing is applied to the simulated variables
in order to emulate coral §'80 and East African hydroclimate. This may po-
tentially affect the quality of the reconstructions. Hence, before assimilating
the real proxy-based reconstructions, the impact of assimilating the measured
variables, ie. coral §'80 and East African hydroclimate, instead of SSTs and
precipitation, is investigated. This is done by considering once more the results
of the tenth ensemble member of the CESM-LME as the “reality”.

For each ensemble member of the CESM-LME, the model coral §'80 is
computed based on the linear function of SST and sea surface salinity (SSS)
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Table 3.1 — Geographic coordinates and period covered by the proxy time series used
in this study.

Id  Location Lat Long Period Reference

Hydroclimate proxy-based reconstructions

1 Naivasha -0.77 36.35 884-1993 Verschuren et al. (2000)

2 Challa -3.32 37.7 1031-2005  Time series computed in Tierney
et al. (2013) based on Verschuren
et al. (2009), Tierney et al. (2011)
and Wolff et al. (2011)

3 Masoko -9.33 33.76 452-1999 Time series computed in An-
chukaitis and Tierney (2013) based
on Garcin et al. (2006, 2007)

4 Malawi -10 34.22 1270-1978  Brown and Johnson (2005); John-
son and McCave (2008)
Coral 130
5 Malindi -3.20 40.10 1887-2002  Cole (2000)
6 Mayotte -12.65 45.10 1865-1994  Zinke et al. (2008, 2009)
7 Houtman Abrolhos  -28.47  113.77  1794-1994  Kuhnert et al. (1999)
8 Mentawai -0.13 98.52 1858-1998  Abram et al. (2008)
9 Seychelles -4.62 55 1846-1995  Charles (1997)
10  La réunion -21.03  55.25 1832-1995  Pfeiffer et al. (2004)

derived by Thompson et al. (2011):

8" 0 pspime 10 = —0.22 X SSTgeny v 10 + 0-16 X SSS cpsnLmE! 10

3.1
where SST is expressed in °C and SSS in PSU. The error chosen to obtain the
pseudo-proxies is 0.05%o.

It is not possible to apply the same approach for the four hydroclimate
proxy-based reconstructions because of the complex and not well understood
relationship between those proxies and the East African hydroclimate-related
variables, including lake level, catchment runoff or seasonal drought severity
depending on the site. In this final test, the model variable that is compared to
the data is annually averaged precipitation minus evaporation (P-E). The data
assimilation process is performed annually. However, to qualitatively match
the temporal resolution of the proxy-based reconstructions, the values consid-
ered each year are smoothed by performing averages over sub-periods of ten
years. Furthermore, since the reconstructions only provide common relative
changes in moisture balance, both the data assimilated (pseudo-proxy data or
real-world proxy-based reconstructions) and the model simulations time se-
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ries are standardized before the comparison by subtracting their mean over the
whole period and by dividing by their standard deviation. The data error taken
into account is here estimated to be 0.5, whatever the data considered for the
assimilation.

3.3 Reconstructions using pseudo-proxy data

3.3.1 Pseudo-proxies derived from CESM1

In this section, we focus on the experiments performed in the idealized setup,
with the assimilation of the tenth ensemble member of the CESM1-LME using
the first nine ensemble members as model ensemble.

3.3.1.1 Influence of the number of particles used

As expected, rainfall and SSTs after data assimilation get closer to the pseudo-
proxy at the grid points where data are available. For instance, Fig. 3.2-a
shows that the root-mean-square error (RMSE) computed from the results in
the four grid cells where rainfall is assimilated is much lower with assimila-
tion (red line) than the ensemble mean of the CESM1-LME (black cross), with
a decrease of at least 46%. Note that the RMSE is even larger for individ-
ual simulations of the CESM-LME than for the ensemble mean (not shown),
as classically observed in model-data comparison studies (e.g. Goosse et al.,
2005; PAGES 2k-PMIP3 group, 2015). Similarly, the assimilation of SST re-
sults improves the representation of SSTs, at least locally (blue line to be com-
pared to the black cross in Fig. 3.2-b), with a decrease in RMSE of 32% in the
experiment considering only nine ensemble members. Increasing the number
of particles from 9 to 27 and 99 leads to a significant reduction of the RMSE
for precipitation and SST. In both cases, using 99 particles allows reaching an
RMSE similar to the errors of the pseudo-proxy equals to 5 mm.month~! for
rainfall and 0.25°C for SST (horizontal dashed line in Fig. 3.2). Further in-
creasing the number of particles beyond 99 does not lead to significantly better
results.

The decrease in RMSE is much weaker on precipitation when assimilating
SSTs, and conversely. With an ensemble of nine simulations, the assimila-
tion of SSTs improves only very slightly the representation of rainfall over the
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Figure 3.2 — RMSE between rainfall (a) and SSTs (b) from the tenth ensemble mem-
ber of the CESM-LME (pseudo-proxy assimilated) and the CESM-LME without data
assimilation (black cross, ensemble mean) and with data assimilation considering dif-
ferent number of particles (dots, weighted mean of the ensemble). The experiments
assimilating only the four East African rainfall results are shown in blue, the experi-
ments that only consider the assimilation of the six Indian SST results are shown in
red, and the experiments with the assimilation of both variables in grey. The horizontal
black lines represent the data error.

four East African grid cells considered, while the representation of SSTs at
the six oceanic grid cells is not impacted by the assimilation of East African
rainfall. However, when taking into account a larger ensemble, data assimi-
lation of one variable (rainfall or SSTs) has an increasingly important effect,
although modest, on the other variable, at least until 99 particles. For the pre-
cipitation, the decrease in RMSE due to the assimilation of SSTs compared to
the ensemble mean reaches 15% and 27% with ensemble sizes of 27 and 99,
respectively. Similarly, assimilating precipitation improves the representation
of SSTs with a decrease in RMSE compared to the ensemble mean of 8% and
17% in the experiments considering 27 and 99 model simulations. As before,
the improvement of the results when further increasing the ensemble size be-
yond 99 particles is virtually nil. When assimilating both East African rainfall
and Indian Ocean SSTs (gray line in Fig. 3.2), the decrease in RMSE observed
on the East African rainfall is very similar than when assimilating only the
rainfall. In contrast, a larger ensemble of more than 207 model simulations
is needed to have an adequate representation of the SSTs and to reach similar
results than when assimilating the SSTs only.

It is interesting to estimate whether the improvement shown in Fig. 3.2
propagates over the whole Indian Ocean and eastern equatorial region of
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Africa, or whether it is restricted to the grid cells considered for the assimila-
tion. Hereafter, the diagnostic used to measure the skill of the reconstructions
based on data assimilation is the coefficient of efficiency (CE). Compared to
the RMSE, this allows removing the influence of the variance of the time series
on the diagnostic, and thus a more meaningful comparison of the quality of the
reconstruction at different grid cells. The CE was first proposed by Nash and
Sutcliffe (1970) for hydrological model assessment, and is classically used to
measure the skill of any reconstruction, in particular when using data assim-
ilation (e.g. Steiger et al., 2014). It is defined for a time series including n
samples as:

Yiy (i — &)
Yoy (ki —%)?
where x is the “true” time series, x is the “true” time series mean, and X is the
reconstructed time series, ie. the output after data assimilation. CE ranges from
one, corresponding to a perfect fit between the “true” and the reconstructed
time series, to —oo. It is negative when the mean of the “true” time series is a
better estimate than the reconstructed time series, meaning that the latter has
no skill.

Fig. 3.3 shows the CE for all the grid cells of our study area, computed
from rainfall and SST results, for three types of experiments performed (as-
similation of rainfall, of SST and of both variables). It first confirms that nine
particles are not sufficient to obtain a skillful reconstruction of the “true” spa-
tial patterns (six top panels in Fig. 3.3). In this case, the reconstruction skill
is restricted to the variable that is actually assimilated, and the improvement
is not propagated far away from the location where the constraint is applied
(crosses on the figure). In areas where no data is assimilated, the CE are often
negative, meaning that the reconstruction is worse than a climatological mean.
There are no more negative CE when increasing the number of particles to
2079 (six bottom panels in Fig. 3.3). In this case, the assimilation of rainfall
(first column in Fig. 3.3) provides a good reconstruction of rainfall as well as of
SSTs over the western and the eastern equatorial Indian Ocean. Assimilating
SSTs (second column in Fig. 3.3) leads to an improved representation of SSTs
and of rainfall all over the Indian Ocean, although the consistency between the
pseudo-observations and our reconstruction is weaker for precipitation in the
central Indian Ocean. It also leads to a skillful reconstruction of rainfall in East

CE=1- (3.2)
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Africa, over the south of the Horn of Africa and east of Lake Victoria. In con-
trast, values of CE are close to zero further south, including at the locations of
the lakes Masoko and Malawi. The reconstruction obtained when assimilating
both variables basically combines the positive effects of both single-variable
assimilation experiments (third column in Fig. 3.3).
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Figure 3.3 — Coefficients of efficiency in the reconstructions based on the CESM-
LME with data assimilation of the tenth ensemble member of the CESM-LME over
the whole last millennium period (850-2005 AD). For each experiment (assimilation
of the four rainfall results only (left), assimilation of the six SST results only (middle),
and assimilation of both (right)), the coefficients of efficiency for annual mean rainfall
and SSTs are shown. The six top panels show the results using 9 particles while the six
panels below show the results with 2079 particles. The crosses indicate the locations
where data are assimilated, and are red in case of rainfall and blue in case of SST.
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Since the best reconstructions are achieved using 2079 particles, and since
the computational cost of these experiments is relatively modest thanks to the
use of an off-line data assimilation method, this ensemble size will be used in
all the following experiments shown in this study.

3.3.1.2 How time-consistent is the data-assimilated model output?

Fig. 3.2 and 3.3 show that a sufficient number of particles is needed to obtain
skillful reconstructions. Besides the model results for the actual year consid-
ered, results of other years must thus also be included to have a large ensemble
and increase the range of available climate states. However, the drawback is
that the time may be disrupted in the reconstruction. In this section, we ana-
lyze if the filter preferentially select the model year corresponding to data or if
the time consistency has only a weak influence.

Fig. 3.4 shows the years of the particles selected in the reconstructions for
each year of experiment, grouped by periods of ten years for a better readabil-
ity. In the case of the assimilation of rainfall alone (Fig. 3.4-a), the particles
chosen for each year are distributed very homogeneously over the whole last
millennium. Every year appears thus interchangeable, which means that no
period is chatacterized by a substantial modification of annual precipitation
throughout the last millennium compared to others. In particular, the impact
of volcanic eruptions, whose the ten most important are represented by red
bars with a length proportional to the quantity of sulphate aerosols released, is
not visible.

The picture is different when the Indian Ocean SSTs are assimilated (Fig.
3.4-b). In this case, the particles selected by the filter come more often from
corresponding years of simulation than from other years, as depicted by the
dark diagonal line. Moreover, the impact of volcanic activity is visible. When
a volcanic eruption is observed, the probability to select a particle character-
ized by a high aerosol load is higher, although it does not necessary correspond
to the same period in the observation. Indeed, for the particle filter, the differ-
ent eruptions are interchangeable, meaning that their effect on Indian SSTs are
relatively similar, and goes beyond the natural variability of SSTs over the last
millennium. Finally, in the case of the assimilation of both rainfall and SSTs,
the situation becomes very noisy, the forced variability of the SSTs appear-
ing masked by the natural variability of the East African rainfall (Fig. 3.4-c).
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Figure 3.4 — Years of the particles selected in the data-assimilated model output versus
reconstructed years, for data assimilation constrained by precipitation (a), SSTs (b)
and both (c), using 2079 particles. The years are grouped by periods of ten years
for a better readability. The red bars are the ten largest volcanic eruptions of the last
millennium, with length proportional to the amount of sulphate aerosol released, based
on Gao et al. (2008).

Overall, the reconstructions are thus characterized by a strong time inconsis-
tency, although to a lesser extent in the reconstruction with data assimilation
of SSTs.

3.3.1.3 Sensitivity analysis to the pseudo-proxy data assimilated

Some of the pseudo-proxies have more influence on the skill of the reconstruc-
tions at the large-scale than others. To investigate the contribution of individual
records, we have performed data assimilation experiments constrained by each
pseudo-proxy time series separately, using 2079 particles. The assimilation
of rainfall over Naivasha and over Challa (id 1 and 2 in Fig. 3.1) yields very
similar results (Fig. 3.5). It allows obtaining a virtually perfect match between
the simulation with data assimilation and the pseudo-proxy assimilated over
those two grid cells. In contrast, the reconstruction has only little or even no
skill farther south, in the grid cells containing the lakes Masoko and Malawi
(id 3 and 4 in Fig. 3.1). This situation is valid the other way around, when
assimilating precipitation in Masoko and Malawi. This emphasizes the strong
heterogeneous nature of the East African hydroclimate, as already shown in
previous studies (e.g. Tierney et al., 2013; Klein et al., 2016). Assimilating
rainfall over Challa and Naivasha improves the representation of Indian SSTs
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over the six grid cells considered, the best skill being obtained over the Sey-
chelles (id 9 in Fig. 3.1) while the worse one, but still with a positive CE, in
the location which is the farthest away from East Africa, ie. in the Houtman
Abrolhos, located west of Australia (id 7). In contrast, rainfall over Masoko
and Malawi brings nearly no skill to reconstruct Indian Ocean SSTs, as shown
by the CE close to zero in every oceanic grid cells.
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Figure 3.5 — Coefficient of efficiency at the ten grid cells considered in this study (see
locations in Fig. 3.1), for each sensitivity experiment in which only one pseudo data
is assimilated, using 2079 particles.

The skill brought by the assimilation of individual SST records appears
more homogeneous than when considering the East African rainfall: the rep-
resentation of SSTs over all oceanic grid cells and of rainfall over Challa and
Naivasha grid cells is improved in every sensitivity experiments, as depicted
by the positive CE. In contrast, there is no experiment with data assimilation of
SST that provides skillful reconstruction of rainfall over Masoko and Malawi.
Despites these similarities, some differences are also visible among the six ex-
periments. The Houtman Abrolhos and Mentawai sites (id 7 and 8) seem to be
the most isolated. Indeed, the values of the CE of the reconstructions achieved
by assimilation of these results at the other sites are the lowest, and the im-
provements lead by the assimilation of the results of the other sites is weaker
there than elsewhere. This can be easily explained by the fact that Houtman
Abrolhos and Mentawai are located very far from the other records (id 7 and
8 in Fig. 3.1). On the contrary, out of the six oceanic sites considered, the
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Seychelles is characterized by the largest impact on the reconstruction skill,
which can be explained by its central localization within the Indian Ocean.

In summary, the SSTs reconstructions performed by the assimilation of
rainfall in Challa and in Naivasha are skillful in all the oceanic sites considered,
although the quality of the reconstructions decreases with the distance. Sym-
metrically, rainfall over Challa and Naivasha are improved when assimilating
Indian Ocean SSTs. In contrast, rainfall over Masoko and Malawi appears to
be isolated from the rainfall farther north but also from the Indian Ocean SSTs.

3.3.2 Pseudo-proxies derived from other GCMs and recent
observational data

This section focuses on the assimilation of time series derived from the GCMs
MPI-ESM-P and GISS-E2-R, and from instrumental observations over the
20th century, which is an intermediary step before assimilating the real proxy-
based reconstructions throughout the last millennium. The physics of MPI-
ESM-P, GISS-E2-R and of the reality being different than the one in CESM1,
the ensemble of particles may not be able to adequately reproduce the covari-
ance present in the data. The resulting reconstructions are thus expected to be
less skillful than when assimilating the tenth ensemble member of the CESM-
LME. Only the reconstructions using 2079 particles, ie. the best ones (Fig.
B1, B2 and B3), are shown. A study of the time distribution of the particles
selected for each year of reconstruction has been done for these experiments.
The results are roughly similar to the ones obtained with the assimilation of
the tenth ensemble member of the CESM-LME (Fig. 3.4), although the ef-
fect of forcings is more marked here in the simulations with data assimilation
of SSTs. These results are available in the supplementary material in Section
B.2.

Despite the similarities in the teleconnections between the East African
rainfall and Indian SSTs simulated by MPI-ESM-P and CESM1 (Klein et al.,
2016), the reconstruction based on the assimilation of MPI-ESM-P has a lower
performance than when assimilating the tenth ensemble member of the CESM-
LME (Fig. 3.6). The assimilation of precipitation alone leads only to a very
local improvement in the representation of the East African rainfall. The skill
of the reconstruction rapidly decreases away from the data locations, to reach
values of CE close to zero in most of the regions displayed in Fig. 3.6, or even
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negative, for instance in the south of the Horn of Africa. Furthermore, the
assimilation of precipitation has virtually no positive effect on Indian SSTs.
In contrast, assimilating SSTs over the six grid cells considered allows hav-
ing a good reconstruction of the SSTs over all the Indian Ocean, but does not
improve the representation of rainfall with often negative CE values. Finally,
assimilating both the East African rainfall and SSTs basically leads to the ad-
dition of the effects of the single-variable assimilations.
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Figure 3.6 — Coefficients of efficiency in the reconstructions based on the CESM-
LME with data assimilation of pseudo-proxies derived from the last millennium sim-
ulation performed by MPI-ESM-P over the whole last millennium period (850-2005
AD), using 2079 particles. For each experiment (assimilation of the four rainfall re-
sults only (left), assimilation of the six SST results only (middle), and assimilation
of both (right)), the coefficients of efficiency for annual mean rainfall and SSTs are
shown. The crosses indicate the locations where data are assimilated, and are red in
case of rainfall and blue in case of SST.

The situation is relatively similar when considering the simulation with
data assimilation of the results from the model GISS-E2-R (Fig. 3.7), char-
acterized by a very weak relationship between the East African rainfall and
Indian SSTs (Klein et al., 2016). Using the SSTs from six grid cells only as
a constraint for the assimilation is sufficient to have a good reconstruction of
SSTs over the whole Indian Ocean, but this does not lead to any improvement
in the representation of rainfall, some regions being even characterized by re-
constructions worse than a climatological mean. Once again, the assimilation
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of East African rainfall does not lead to a propagation of the information away
from the locations where the constraint is applied. There is, however, a dif-
ference with the results of the model MPI-ESM-P. When assimilating pseudo-
proxies of both rainfall and SSTs derived from GISS-E2-R, the quality of the
SST reconstruction decreases compared to the case in which only SST is as-
similated. This illustrates the inconsistency of the representation of the link
between rainfall and SSTs in the models CESM1 and GISS-E2-R.
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Figure 3.7 — Coefficients of efficiency in the reconstructions based on the CESM-
LME with data assimilation of pseudo-proxies derived from the last millennium sim-
ulation performed by GISS-E2-R over the whole last millennium period (850-2005
AD), using 2079 particles. For each experiment (assimilation of the four rainfall re-
sults only (left), assimilation of the six SST results only (middle), and assimilation
of both (right)), the coefficients of efficiency for annual mean rainfall and SSTs are
shown. The crosses indicate the locations where data are assimilated, and are red in
case of rainfall and blue in case of SST.

GPCC-v7, the data set selected for rainfall, only covers the land-surface.
This prevents any assessment of the reconstruction skill of precipitation over
the Indian Ocean. Nevertheless, we can see in Fig. 3.8 that the results ob-
tained when assimilating instrumental observations over the last century are
very similar to those when assimilating GISS-E2-R time series. Indeed, only
taking into account the four rainfall results does not improve the representa-
tion of precipitation elsewhere than where the constraint is applied, while, in
contrast, the six assimilated time series of SSTs appear to be enough to re-
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construct SSTs over the whole the Indian Ocean. However, the quality of this
reconstruction is substantially decreased when also assimilating rainfall time
series.
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Figure 3.8 — Coefficients of efficiency in the reconstructions based on the CESM-
LME with data assimilation of the time series derived from the data sets ERSST-v4
(for SSTs) and GPCC-v7 (for rainfall) over the period 1900-2005 AD, using 2079
particles. For each experiment (assimilation of the four rainfall results only (left),
assimilation of the six SST results only (middle), and assimilation of both (right)), the
coefficients of efficiency for annual mean rainfall and SSTs are shown. The crosses
indicate the locations where data are assimilated, and are red in case of rainfall and
blue in case of SST. The data set of rainfall only covers the land-surface.

Compared to the perfect model experiments, assimilating rainfall time se-
ries from other sources than CESM1 no longer provides valuable reconstruc-
tions of rainfall and of SSTs over the Indian Ocean. In fact, the reconstructions
are often worse than a climatological mean, characterizing contradictions in
the physics and the dynamics represented in the different data sets. Further-
more, assimilating both rainfall and SST tends to worsen the reconstructions
obtained when assimilating the SSTs alone, illustrating the inconsistent covari-
ances of rainfall and SSTs compared to CESM1. In contrast, it is still possible
to obtain a skillful reconstruction of the Indian SSTs, based on six time series
only.
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3.4 Reconstructions using real proxy-based
reconstructions

Before using available proxy-based reconstructions over the last millennium,
the next section investigates the impact of assimilating the reconstructed vari-
ables as defined in Section 3.2.4, ie. the East African hydroclimate and Indian
Ocean coral §'30, instead of rainfall and SSTs, respectively.

3.4.1 From the simulated towards the reconstructed variables

In order to focus on the loss in reconstruction skill due only to the assimi-
lation of different variables, the results from the tenth ensemble member of
the CESM-LME are used for the generation of the pseudo-proxy data, such as
in Section 3.3.1. Decadal mean precipitation minus evaporation is the model
version of what is reconstructed from hydroclimate-related records. Assimilat-
ing this variable instead of annual mean precipitation does not allow obtaining
skillful reconstructions of annual rainfall or SST (not shown), which is not sur-
prising giving the strong interannual variability of East African rainfall that is
smoothed at the decadal time scale. However, the resulting decadal reconstruc-
tions of rainfall and of Indian Ocean SSTs have some skill (Fig. 3.9-a and b),
with spatial pattern of CE similar to the ones found in the annual reconstruc-
tions achieved with the assimilation of annual mean rainfall. Nevertheless, the
skill is somewhat diminished, with a mean CE (averaged over the region shown
in Fig. 3.9) of 0.12 instead of 0.19 for rainfall, and of 0.11 instead of 0.19 for
SSTs (Fig 3.9-a and b to be compared to Fig. 3.3). The assimilation of annual
mean coral §'80 instead of annual mean SST does not lead to any substantial
decline in the reconstruction skill, the mean CE even being unchanged with
values of 0.30 and of 0.48 for pr and of SST, respectively (Fig. 3.9-c and d).
As expected given the previous results, there is a loss of skill in the annual
reconstructions of rainfall when assimilating together coral §'0 and hydrocli-
mate instead of SST and precipitation, with a mean CE of 0.21 (Fig. 3.9-e) in-
stead of 0.27. This is due to the lack of information on annual rainfall brought
by the assimilation of hydroclimate variables. Actually, also considering hy-
droclimate in addition to coral §'30 for the assimilation tends to decrease uni-
formly the CE of the reconstruction of rainfall compared to the ones obtained
with the assimilation of coral §'80 alone. By contrast, the skill of the recon-
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Figure 3.9 — Coefficients of efficiency in the reconstructions based on the CESM-
LME with data assimilation of pseudo-proxies derived from the tenth ensemble mem-
ber of the CESM-LME over the whole last millennium period (850-2005 AD), using
2079 particles. From the left to the right, the panels show the coefficients of efficiency
based on rainfall and SSTs from the experiments with data assimilation of the four hy-
droclimate results only, of the six coral 8180 results only, and of both for the last two
columns. The temporal frequency on which the coefficients of efficiency are computed
is shown in brackets. The crosses indicate the locations where data are assimilated,
and are red in case of hydroclimate and blue in case of coral §'30.

struction of annual SST is very similar when also assimilating hydroclimate
variables together with coral §'30 (Fig. 3.9-f), which was also the case when
assimilating both annual rainfall and annual SST instead of annual SST alone.
Finally, assimilating model-versions of both reconstructed variables also al-
lows having a good reconstruction of decadal mean SSTs (Fig. 3.9-h), with a
mean CE of 0.24, and a relatively good reconstruction of decadal mean rainfall
(Fig. 3.9-g), with a mean CE of 0.12. In the latter reconstructions, however,
the CE over the East African lakes are not as high as in the experiment with
data assimilation of hydroclimate only (Fig. 3.9-a).

Overall, no loss of skill in reconstructing rainfall and SSTs is observed
when assimilating coral §'80 instead of SST. There is a difference in the re-
constructions of annual rainfall and SSTs when assimilating hydroclimate in-
stead of rainfall, but which lies on the difference in the time resolution of the
records.
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3.4.2 Assimilation of proxy-based reconstructions

In this section, we first check if the reconstruction based on data assimilation
is in agreement with the data that is assimilated in order to identify potential
incompatibilities between the proxy records and model results, before looking
at spatial reconstructions. We only consider the experiments with the assim-
ilation of hydroclimate and coral §'80 separately, given the negative impact
on the reconstructions brought by the assimilation of the combination of those
two variables. The large-scale skill of the reconstructions of rainfall and SSTs
is assessed hereafter from the difference to recent observational data sets. As
before, we show the reconstructions using 2079 particles.

Despite discrepancies between Naivasha and Challa hydroclimate proxy-
based reconstructions over the first four centuries of the last millennium, both
time series agree from 1400 AD onward on relatively dry conditions followed
by a wetting trend peaking between about 1700 and 1750 AD (blue curves in
Fig. 3.10-1 and 2). This wet period is followed in both hydroclimate recon-
structions by a short dry period before some smaller scale fluctuations. The hy-
droclimate time series inferred from the Masoko and Malawi records are also
characterized by some similar long term changes over the last millennium, but
that differ from the Naivasha/Challa pattern (blue curves in Fig. 3.10-3 and
4). Indeed, they agree on a drying trend until about 1700, that is followed by a
gradual increase in humidity towards the present time.

Except during the last two centuries at Masoko and Malawi where the
model mean shows a trend towards a wetter climate that is consistent with
the reconstructed signal, there is no common signal between the proxy-based
reconstructed and the simulated hydroclimate without data assimilation. With
data assimilation, however, the model time series get much closer to the four
reconstructions (green curves to be compared to blue curves in Fig. 3.10),
leading to a significative reduction of the RMSE (Table 3.2).

Out of the six coral §'80 proxy-based reconstructions, only the one from
Houtman Abrolhos goes back to the early 1800s. It shows that this period was
characterized by high values of coral §'80 relative to the last two centuries
(blue curve in Fig. 3.11-7). This is associated with low temperatures, likely
due to the multiple tropical volcanic eruptions that occurred during this period
(Tierney et al., 2015), as can be seen in Fig. 3.4. The values of §'30 then
gradually decreases to reach their lowest level at the end of the 20th century,
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Figure 3.10 — Evolution of lake-based hydroclimate throughout the last millennium at
the four continental sites considered (see Fig. 3.1), according to the first nine ensemble
members of the CESM-LME (black curve is the mean surrounded by the ensemble
range in grey), the proxy-based reconstructions described in Section 3.2.4 (in blue),
and the data-assimilated model output (in green). The axe are oriented such that wetter
conditions point upward.

Table 3.2 — RMSE between simulated and reconstructed time series without (third
column) and with (fourth column) data assimilation, at each East African site consid-
ered.

id Site RMSE: data vs RMSE: data vs  Difference (in %)
model output data-assimilated
(ensemble mean) model output
1 Naivasha 1.08 0.62 —43.05
2 Challa 1.10 0.57 —57.08
3 Masoko 0.62 0.47 —47.40
4  Malawi 0.43 0.58 —57.74

following the warming of the Indian Ocean. This decreasing trend is observed
in all reconstructions, although it is less marked in Mentawai. The ensemble
mean of the simulations without data assimilation (black curves in Fig. 3.11)
usually agrees with these reconstructed downward trends, although the simu-
lated trend is less pronounced. Both reconstructed and simulated changes in
coral §'30 show a relatively high variability at the interannual time scales, but
as can be expected, the temporal changes do not coincide.

Data assimilation improves the consistency between reconstructed and
simulated time series (green curves in Fig. 3.11), as shown by the smaller
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Figure 3.11 — Evolution of coral §'30 throughout the last two centuries at the six
oceanic sites considered (see Fig. 3.1), according to the first nine ensemble members
of the CESM-LME (black curve is the mean surrounded by the ensemble range in
grey), the proxy-based reconstructions described in Section 3.2.4 (in blue), and the
data-assimilated model output (in green). Results are shown as anomalies with respect
to the whole period covered.

values of RMSE after assimilation (Table 3.3). The biggest improvement is
achieved at Malindi, where data assimilation allows matching very well the ob-
served interannual changes. Data assimilation also makes the simulated trends
over the last two centuries closer to the reconstructed ones, although the slope
is still too weak in La Réunion.

Data assimilation provides thus skillful local reconstructions compared to
the time series that are assimilated, which is the minimum requirement. The
goal here is to obtain spatial reconstructions of precipitation and SSTs, whose
skill will depend on the propagation of the information contained in the ten
proxy-based reconstructions considered. There is no spatial proxy-based re-
construction available over the full period investigated that would allow assess-
ing the skill of our reconstructions. Hence, it is achieved here by comparing
our results with the observational data sets ERSST-v4 and GPCC-v7, over the
20th century (Fig. 3.12).
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Table 3.3 — RMSE between simulated and reconstructed time series without (third
column) and with (fourth column) data assimilation, at each oceanic site considered.

id  Site RMSE: data vs RMSE: datavs  Difference (in %)
model output data-assimilated
(ensemble mean) model output
5 Malindi 0.123 0.052 —58.00
6 Mayotte 0.096 0.055 —42.51
7 Houtman Abrolhos 0.124 0.053 —56.92
8 Mentawai 0.120 0.054 —54.89
9 Seychelles 0.106 0.071 —32.78
10 Laréunion 0.222 0.168 —24.36

The skill of the reconstruction of rainfall performed by assimilating hy-
droclimate is limited, with only a thin strip of slightly positive CE observed
in East Africa, containing the lakes Masoko and Malawi (Fig. 3.12). How-
ever, these positive CE are actually due to the common recent trend between
simulated and observed hydroclimate rather than to the data assimilation pro-
cess. The data set for rainfall covers only the land-surface, which prevents the
estimation of the reconstruction skill over the Indian Ocean. Nevertheless, it
is likely close to zero or even negative as deduced from the experiments per-
formed in an idealized framework. As expected again from the pseudo-proxy
experiments, the assimilation of hydroclimate does not lead to any skill in re-
constructing SSTs. The skill of the reconstruction of Indian Ocean SSTs is,
to some extent, higher when assimilating coral §'80, with positive CE in the
north of the ocean as well as along the east coast of Africa, an area that in-
cludes three sites where data is assimilated, ie. Malindi (id 5), Mayotte (id 6)
and the Seychelles (id 9). However, the latter experiment does not allow to
obtain skillful reconstructions of rainfall over Africa, and the CE of the recon-
structions of SSTs are negative in a large part of the Central and Eastern Indian
Ocean.

The lack of skill even at some of the record sites may seem surprising at
first sight. Indeed, the data assimilation process is able to bring the simulated
hydroclimate and coral §'80 close to the proxy time series (Fig. 3.10 and
3.11), as shown by the decreased RMSE. Furthermore, measured coral §'80
and hydroclimate-related proxy records should be, by construction, closely
related to local SST and rainfall, respectively. However, the correlation coef-
ficients between observed decadal rainfall and proxy-based reconstructed hy-
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Figure 3.12 — Coefficients of efficiency computed from the difference between the
CESM-LME with data assimilation of the real-world proxy-based reconstructions and
the data sets ERSST-v4 (for SSTs) and GPCC-v7 (for rainfall, only covering the land-
surface) over the period 1900-2005 AD, using 2079 particles. The two left panels
show the coefficients of efficiency based on the reconstructions of decadal mean rain-
fall and SSTs from the experiments with data assimilation of the four hydroclimate
results only, and the two right panels show the coefficients of efficiency based on the
reconstructions of annual mean rainfall and SSTs from the experiments with data as-
similation of the six coral §'30 time series only. The crosses indicate the locations
where data are assimilated, and are red in case of hydroclimate and blue in case of
coral §'%0.

droclimate at the four East African sites are weak (not shown). This is prob-
ably due to the quite indirect nature of the link between the hydroclimate-
related reconstructed and simulated variables. Indeed, the model variable is
smoothed precipitation minus evaporation while the reconstructed hydrocli-
mate variables depend on numerous other elements such as the inflow and
outflow from and to rivers, surface runoff and ground water, the evaporation
from the lakes, as well as interactions with the aquifer (e.g. Becht and Harper,
2002), that may obscure the signal brought by actual precipitation minus evap-
oration. Actually, the skillful reconstructions of rainfall in a few locations of
East Africa is attributable to a common trend that exists between the observed
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and the simulated rainfall time series (not shown), rather than to the data as-
similation process.

The negative CE at some of the oceanic records cannot be explained by a
low correlation between SSTs and coral §'80. Indeed, although other environ-
mental variables also play a role, the relationship between those two variables
is robust and well-known (e.g. Brown et al., 2006; Stevenson et al., 2013).
However, the coefficient binding the two variables in Equation 3.1 may vary
significantly from site to site (Evans et al., 2000). In our data assimilation
experiment, we have applied at each location the value of -0.22%,,.°C~!, as
proposed in Thompson et al. (2011) as a mean estimate. Ideally, the forward
model should be calibrated at each individual site. However, this requires to
take into account changes in SSS, while there is no reliable instrumental data
set of salinity for the whole period considered. The changes in SST dominate
on changes in SSS to produce the coral §'80. Hence, the impact of a local cal-
ibration is investigated here by estimating coral §'80 from model results using
a linear regression based on local observed SSTs from the instrumental data set
ERSST-v4, instead of the forward model proposed in Thompson et al. (2011).
In this case, the error considered in the data assimilation process is different
at the six records sites depending on the regression model. This was not the
case in the experiments using the forward model where only the error of the
measurement is considered, while the error related to the relationship between
coral 5'0 on the one hand and SST and SSS on the other was neglected.

This approach allows having skillful reconstructions of SSTs over the In-
dian Ocean (Fig. 3.13). However, as might be expected, the skill is not as
high as when assimilating instrumental observations (Fig. 3.8), with a mean
CE over the Indian Ocean of 0.19 instead of 0.32. Also, as in the previous
experiments, the representation of precipitation on land is not improved.

3.5 Discussion and conclusions

The focus of this paper is to improve reconstructions of the East African rain-
fall and Indian Ocean SSTs based on their covariance. This is achieved by
means of an off-line method of data assimilation, using the recently available
ensemble of last millennium simulations performed with the model CESM1.
Hydroclimate-related records at four East African sites, Lake Naivasha, Lake
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Figure 3.13 — Coefficients of efficiency computed from the difference between rainfall
(a.) and SSTs (b.) of CESM-LME with data assimilation of measured coral 80 and
the data sets GPCC-v7 (for rainfall, only covering the land-surface) and ERSST-v4
(for SSTs). The period covered is 1900-2005 AD. The ensemble size is 2079. During
the data assimilation process, the model coral §'30 is induced from the parameters of
the linear regression computed between measured coral §'80 and local observed SSTs
(data set ERSST-v4). The CE are computed from annual mean results. The crosses
indicate the locations where data are assimilated, and are red in case of hydroclimate
and blue in case of coral §'80.

Challa, Lake Malawi and Lake Masoko, as well as SSTs-related records at six
oceanic sites spread over the Indian Ocean, are selected as constraints for the
assimilation.

The assimilation of pseudo-proxy data derived from the tenth ensemble
member of the CESM-LME allows having skillful reconstructions of the In-
dian SSTs based on the East African rainfall, and vice versa. The reconstruc-
tions obtained when assimilating both variables basically combine the benefits
obtained in each single-variable assimilation experiment. The quality of the
reconstructions is however strongly dependent on the number of particles con-
sidered. Only using 9 particles is usually not sufficient to spread spatially the
information contained in the record sites selected. Hence, most reconstruc-
tions based on data assimilation showed in this paper use more particles than
actually available for each year of assimilation, by also selecting particles be-
longing to other years than the one considered. This increases the range of
possible climate states and thus allows improving the agreement between the
data-assimilated model output and the data. Beyond 99 particles, however, the
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improvement brought by further increasing the size of the ensemble becomes
modest in our experimental set up.

The four East African records selected for the assimilation do not con-
tribute equally in providing skillful reconstructions of the East African rainfall
and of Indian SSTs. Indeed, precipitation over the lakes Masoko and Malawi
appears to be isolated from the large-scale since neither the assimilation of In-
dian SSTs nor the assimilation of rainfall further north in East Africa provides
skillful reconstruction of rainfall over the these sites, and conversely. Hence,
Challa and Naivasha are much better candidates to reconstruct large-scale pat-
terns of climate than Masoko and Malawi, according to the physics of CESM1.
This heterogeneity is consistent with the very different patterns of correlations
between East African rainfall and Indian Ocean SSTs obtained when consid-
ering the rainfall averaged, on the one hand, over the region including Challa
and Naivasha, and on the other hand, over the region containing Masoko and
Malawi (Klein et al., 2016). This may appear contradictory with the recent
study of Nicholson (2014), who shows that changes in the East African rain-
fall over the last two centuries are relatively coherent over the region. The
latter study is based on a principal component analysis, the objective of such
tool being to highlight common patterns of variability. Here, we suggest that
the common signals in the East African rainfall found in Nicholson (2014) do
not explain a fraction of the total variance that is large enough to obtain skillful
reconstruction of rainfall over an area of East Africa based on the rainfall over
another area.

Unfortunately, reconstructing Indian SSTs based on the East African rain-
fall or the East African rainfall based on Indian ocean SSTs is only possible
in idealized conditions when the model physics is supposed to be perfect. If
the pseudo-proxies are derived from another model, this ability is lost because
of the differences in model physics. This is also the case if real observations
are used. Furthermore, assimilating precipitation no more improves regional
rainfall, but only local precipitation. In contrast, these experiments show that a
reconstruction of the whole Indian Ocean SSTs can be obtained by only assim-
ilating the SST results of six sites spread over the Ocean. However, this does
not constrain enough the evolution of the East African rainfall. The represen-
tation of the covariance of the Indian Ocean SSTs seems thus to be relatively
consistent among models and between models and recent instrumental data
sets, unlike the one between the East African rainfall at different locations and
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of the teleconnection between the two variables. In addition to the different
patterns associated with the modes of natural variability in models and obser-
vations, this may be related to the differential impact of volcanic events and,
to a lesser extent, of anthropogenic forcings, on the variables assimilated. In
the reconstructions based on the assimilation of SSTs results, most large erup-
tions are followed by similar changes in the pattern of SSTs that go beyond the
natural variability. In contrast, if there is an effect of the eruptions on the East
African hydroclimate, it is not visible in our experiments, meaning that the
effect of the volcanism on the East African hydroclimate does not overwhelm
the internal variability.

Assimilating real proxy-based reconstructions is not straightforward, given
that the physical quantity that is reconstructed from proxy records is not di-
rectly simulated by the climate model. Here, the model variables are pro-
cessed to match the reconstructed variables as closely as possible. For oceanic
records, it is done through the use of a linear bivariate model that computes the
model coral §'80 based on simulated SSS and SSTs (Thompson et al., 2011).
This is harder for the East African hydroclimate proxy records, since the vari-
ables reconstructed as well as the lakes from which they originate are different.
However, all proxy-based reconstructions can be qualitatively interpreted as
smoothed versions of local-moisture balance, that is translated in the model by
smoothed precipitation minus evaporation. Within the ideal framework con-
sidering the assimilation of the results of the tenth ensemble member of the
CESM-LME, assimilating these model versions of the reconstructed variables
has only little impact on the quality of the reconstructions of rainfall and of
SSTs, the overall spatial patterns of the reconstructions skill being similar than
when assimilation rainfall and SSTs.

The situation is different with real proxy-based reconstructions. The as-
similation technically works: compared to the model ensemble mean, the
model results with data assimilation are characterized by strongly decreased
RMSE with the reconstructed or measured time series at all record sites se-
lected. However, the skill of the resulting reconstructions, as derived from
recent instrumental data set, is limited. A first issue for the experiments with
data assimilation of hydroclimate-related records is the very indirect link be-
tween the proxy-based reconstructed variables and the model version of these
variables. But even if the discrepancy was reduced, this experiment is not ex-
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pected to bring skillful spatial reconstructions of SSTs or even of rainfall, as
deduced from pseudo-proxies experiments.

Assimilating coral §'30 is a priori more straightforward. A simple and
robust forward proxy model can be used to estimate this variable from model
results, which allows a meaningful comparison with proxy records. However,
using the forward model with standard (spatially constant) coefficients pro-
vides SST reconstructions with only modest skill. The issue here is that the
relationship between coral §'80 and SSTs varies between the individual sites.
When this spatial variability is taken into account, skillful reconstructions of
the SSTs over the whole Indian Ocean can be achieved with the assimilation
of only six records, such as when assimilating pseudo-proxies, but this does
not lead to a better representation of the East African rainfall compared to the
model mean.

Two critical points that tend to decrease the capacity to obtain skillful re-
constructions have thus been highlighted in this study. First, the biases in the
physics of the model do not allow to take advantage of the correlation be-
tween SSTs and precipitation. By construction, the data assimilation method
employed in this study leads to reconstructions that are consistent with the
physics of the model used, ie. CESM1. However, all climate models show very
different teleconnections between the East African rainfall and tropical SSTs.
Although CESM1 is one of the closest to the observations regarding this diag-
nostic over the recent past (Klein et al., 2016), the differences between the ob-
served and simulated teleconnection is still large, as demonstrated by the much
poorer reconstructions achieved when assimilating recent observations com-
pared to the assimilation of the tenth ensemble member of the CESM-LME.
The results of this study highlight the importance of the model errors, showing
the strong relevance to continue improving the GCMs. This appears particu-
larly critical for precipitation, the simulation of SST covariance being already
good enough to provide useful information for the reconstruction of this vari-
able. The second critical point is the interpretation of the proxy-records in
order to have a coherent model-data comparison. The variables that are in-
cluded in climate models are often different from the ones reconstructed from
proxy records, and the link between simulated variables and proxy may vary
significantly between locations. Hence, the effort to reconcile both sources of
information, for instance through forward modelling, has to be pursued.



CHAPTER

MECHANISMS EXPLAINING THE
LINKS BETWEEN INDIAN OCEAN
SSTS AND THE EAST AFRICAN
RAINFALL: A SENSITIVITY STUDY
WITH THE CLIMATE MODEL
EC-EARTH

Abstract

This study assesses the impact of two different patterns of Indian
Ocean SST anomalies on the East African rainfall, using sensitivity ex-
periments with the fully coupled GCM EC-EARTH. The first pattern
consists in higher SSTs in the western tropical Indian Ocean, and the
second in a higher gradient of SSTs between the western and the eastern
tropical Indian Ocean, with warmer surface water in the west and cooler
in the east. Although higher western Indian Ocean SSTs can, alone, lead
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to a slight increase in the East African rainfall, the effect of the enhanced
gradient of SSTs on the precipitation over East Africa is much higher.
This is related to a reorganization of the surface winds with low-level
easterly anomalies over the tropical Indian Ocean and weak westerly
anomalies over equatorial central and eastern Africa, that is present only
in the simulation with a prescribed enhanced SST gradient. These wind
anomalies create a convergence zone over the East African region, asso-
ciated with ascending motion and increased convective activity.
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4.1 Introduction

Africa is associated with positive SST anomalies in the western Indian

Ocean and negative anomalies in the eastern Indian Ocean, pattern that
resembles a positive phase of the IOD (e.g. Clark et al., 2003; Black et al.,
2003; Ummenhofer et al., 2009). As seen in the general introduction and in the
introduction of Chapter 3, this relationship has been highlighted in many stud-
ies using various statistical methods. Most of these studies discuss hypotheses
about the physical processes involved in this link, but the statistical methods
do not allow identifying precisely and directly the underlying mechanisms.

IT has been observed that enhanced rainfall during the short rains in East

To achieve this, a systematic assessment of the potential factors driving
the observed relationship between the Indian Ocean SST pattern and the East
African rainfall is needed. This can be done by performing sensitivity exper-
iments using climate models specifically designed for that purpose. In this
framework, Goddard and Graham (1999) have assessed the relative contribu-
tion of the Indian and the Pacific Oceans to the rainfall variability over East
Africa, among other regions. They performed several model experiments with
the atmospheric general circulation model (AGCM) ECHAM3.2 (Roeckner
et al.,, 1992), in which the atmosphere is forced by realistic SST anomalies
globally, only in the Indian Ocean basin and only in the tropical Pacific. They
found that, although the Pacific plays a role, it is the Indian Ocean variability
that is essential to reproduce well the observed rainfall variability over east-
ern Africa. In the simulation forced by anomalous SST in the Indian Ocean
only, positive SST anomalies in the western tropical Indian Ocean drive con-
vergent westerlies over East Africa, which enhances moisture flux and leads
to more convection over the region. Similar results were found in Latif et al.
(1999), who have investigated using the same AGCM the origin of the east-
ern equatorial African positive rainfall anomalies during December-January
1997/98, a period characterized by a strong El Nifio event (Fig. 1.3). More re-
cently, Ummenhofer et al. (2009) have studied the link between enhanced East
African rainfall in October-November, the so-called short rains, and different
configurations of Indian Ocean SST pattern, using the GCM CCSM3 (Collins
et al., 2006), run in the atmosphere-only mode. Consistently with the previous
studies, they found that the major factor driving positive rainfall anomalies is
the warm waters in the western Indian Ocean. Indeed, abnormally high west-
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ern Indian Ocean SSTs are sufficient to induce a local reduction in sea level
pressure, that is associated with converging wind anomalies over East Africa,
leading to increased convective activity over the region (Ummenhofer et al.,
2009).

The above studies thus agree on the major and direct role of the western In-
dian Ocean SSTs in driving the East African rainfall variability, while the east-
ern Indian Ocean SSTs and the Pacific variability are suggested to be of less
importance. However, this conclusion is only based on two different AGCMs.
Yet GCMs widely differ in their representation of the teleconnections between
the East African rainfall and tropical SSTs, only a few being approximately
in agreement with recent instrumental data sets (Chapter 2). The goal of this
chapter is to confirm or infirm the above conclusion, by performing sensitivity
experiments with the fully coupled GCM EC-EARTH (Hazeleger et al., 2012),
that simulates very realistically the interannual link between East African rain-
fall and Indian SSTs. Specifically, we investigate which of the following two
Indian Ocean SST anomalies configurations leads to the largest increase in
the East African rainfall, and why. In the first configuration, only the western
Indian Ocean surface is artificially warmed. In the second one, the western
Indian Ocean surface is also warmed, but to a lesser extent, and the eastern In-
dian Ocean surface is cooled down, which creates a dipole pattern resembling
a positive phase of the IOD.

This chapter is structured as follows. The next section describes the model
used, its performance over the recent past, and the design of the two sensitiv-
ity experiments. Section 4.3 shows the changes in SSTs and rainfall patterns
prescribed in the two sensitivity experiments. Section 4.4 investigates the pro-
cesses involved in the changes of rainfall patterns, and, finally, Section 4.5
presents a summary of the main findings and some concluding remarks.

4.2 Methodologies

4.2.1 Model description

The experiments have been performed with the state-of-the-art numerical
earth system model EC-EARTH (Hazeleger et al., 2012), version 3.1. Its
atmosphere model is the Integrated Forecasting System (IFS), developed
by the European Centre for Medium-Range Weather Forecast (ECMWEF).
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A detailed description of the dynamics and physics of IFS can be found at:
http://www.ecmwf.int/en/forecasts/documentation-and-support/
changes-ecmwf-model/ifs-documentation. The horizontal resolution of
this model, in the configuration selected here, corresponds to about 0.7°x0.7°
latitude-longitude, with 11 vertical levels up to 10 hPa. The land surface
component is an improved version of the Tiled ECMWF Scheme for Surface
Exchanges over Land (H-TESSEL; Balsamo et al., 2009), that is directly
integrated into IFS. The ocean is simulated by the GCM Nucleus for European
Modelling of the Ocean (NEMO), version 2 (Madec, 2008), that is coupled
to the Louvain-la-Neuve Ice Model version 2 (LIM2) sea ice model (Fichefet
and Maqueda, 1997). The grid used for the ocean and the sea ice is ORCA3.2,
corresponding to an horizontal resolution of about 1 degree and 42 levels of
depth. The IFS/H-TESSEL and NEMO/LIM?2 components are coupled by the
Ocean Atmosphere Sea Ice Soil version 3 (OASIS3; Valcke, 2006) coupler.
Details of the model components and their coupling can be found in Hazeleger
et al. (2012).

4.2.2 Performance of EC-EARTH over the recent past
4.2.2.1 Mean seasonal cycle of precipitation

EC-EARTH is able to simulate the bimodal cycle of rainfall observed in Equa-
torial East Africa (Fig. 4.1-a). The long rains are underestimated, but this is
the case for all GCMs (e.g. Yang et al., 2015, Chapter 2). Furthermore, the
unimodal cycle of rainfall observed in southeastern Africa is also well sim-
ulated (Fig. 4.1-b). The influence of the forcings on these seasonal patterns
seems weak, as suggested by the very similar curves obtained in the preindus-
trial control run and in an experiment of EC-EARTH driven by time-evolving
forcings over the years, which uses the version 2.3 of the model.

4.2.2.2 Mean seasonal cycle of the Indian Ocean SSTs

The control simulation performed with the version of EC-EARTH used in this
study (version 3.1) shows a very similar seasonal cycle of SSTs in the western
Indian Ocean than the observations over the 20th century, although it has a
very slight cold bias during the warmer season (from December to May, Fig.
4.2-a). In the eastern Indian Ocean, the amplitude of the cycle of SSTs is over-
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Figure 4.1 — Mean monthly rainfall over Equatorial East Africa (a., bounded by the
coordinates 4.8°S to 0.2°N and 34.2 to 40.2°E) and over Southeastern Africa (b., de-
limited by the coordinates 7.2 to 12.2°S and 31 to 37°E) in observations (bar plots)
and in two versions of EC-EARTH (curves). The period considered for the obser-
vations and for EC-EARTH 2.3 is 1979-2005. The observation values are based on
the average of four instrumental datasets (GPCC-v6 (Schneider et al., 2014), GPCP-
v2.2 (Huffman et al., 2009), CMAP (Xie and Arkin, 1997) and PREC/L (Chen et al.,
2002)), whose range is represented by error bars.

estimated in the same simulation, and the SSTs are slightly lower compared
to the recent observations. (Fig. 4.2-b). This difference is not surprising: the
forcings are kept fixed at their preindustrial level in the control simulation,
while the anthropogenic forcing has warmed the SSTs over the last decades
(see Fig. 2.5). EC-EARTH 3.1 seems thus to perform relatively well in simu-
lating the Indian Ocean seasonal cycle.

The transient simulation of EC-EARTH (version 2.3) appears to have a
more realistic seasonal cycle of SSTs over the eastern Indian Ocean compared
to the control simulation, but shows a similar cold bias (Fig. 4.2-b). Surpris-
ingly, the cold bias is more pronounced in the transient simulation than in the
control simulation in the western Indian Ocean (Fig. 4.2-a), while the for-
mer simulation takes into account the anthropogenic forcing. In this case, the
changes operated between the models version has thus a significant impact on
the results.
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Figure 4.2 — Mean seasonal cycle of SSTs over the western (-8 to 2°N and 40 to 65°E;
a.) and the eastern (-10 to 0°N and 80 to 105°E; b) Indian Ocean in observations (bar
plots, average of the datasets ERSST-v3b (Smith et al., 2008) and HadSST3 (Kennedy
et al., 2011a,b)) and in two versions of EC-EARTH (curves). Only the first ensemble
member of each GCM is used (rlilpl). The period considered for the observations
and for EC-EARTH 2.3 is 1900-2005.

4.2.2.3 Large-scale tele-connections

Regarding the link between the East African rainfall and Indian Ocean SSTs,
the correlation coefficients pattern between those two variables as simulated
by EC-EARTH is the closest to the observations compared to six other GCMs
analyzed in Chapter 2 (Fig. 4.3), which makes this model well suited for the
analyses performed in this study. In this case, the effect of the recent forcings
and of the model version seems limited, given the similar results obtained in
the control run and in the forced run over the period 1950-2005.

As expected, the correlations between the observed East African rainfall
and Indian Ocean SSTs strongly vary over the year. The strongest values
are found during the short rains, in OND, which is consistent with observa-
tions. During this season, a dipole is clearly observed in the Indian Ocean,
with positive correlations in the west and negative ones in the east. These
correlation coefficients are statistically significant according to t tests. The bo-
real winter (JEM) is characterized by positive and significant correlations over
the whole Indian Ocean, while the link between the East African rainfall and
Indian Ocean SSTs is weak or non-existant during the boreal spring (AMJ)
and summer (JAS). All of these patterns are relatively well simulated by EC-
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Figure 4.3 — Pearson correlation coefficients between mean seasonal rainfall over the
Equatorial East Africa (4.8°S to 0.2°N and 34.2 to 40.2°E, white frame) and Indian
SSTs in observations and in two versions of the model EC-EARTH for the period
1950-2000. In areas overprinted with white circles, a null hypothesis of no correlation
can be rejected at the 5% level. No data are available from grey areas.

EARTH, although differences are present especially when the correlations are
low.

4.2.3 Sensitivity experiments

Two sensitivity experiments are analyzed in this paper, and compared to a
control run. The latter consists in the average of ten 30-year long simula-
tions using preindustrial initial conditions. The initial conditions of those
ten runs are based on the results of a 100 year-long preindustrial control
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run performed on our computer. This experiment is itself initialized from a
1800 year-long preindustrial control run performed by Paolo Davini (Insti-
tute of Atmospheric Sciences and Climate, Italy), whose restarts are available
online at http://sansone.to.isac.cnr.it/ecearth/init/year1850_
tome/15010101/. To have different realisation of the ten 30 year-long simu-
lations, a gaussian noise with a standard deviation of 0.0001°C is added to the
SSTs at the start of each experiment.

For the two sensitivity experiments, height ten year-long simulations using
the same initial conditions as the preindustrial control runs of 30 years have
been performed. In this study, we discuss the average over these height ex-
periments, in order to maximize the signal associated with the response to the
perturbation rather than to the natural variability of the system. In the first
sensitivity experiment, called WST, a constant artificial flux of 100 W.m~? is
applied at the ocean surface in the area of the western Indian Ocean bounded
by the coordinates -8 to 2°N and 40 to 65°E. In the second experiment, called
BIP, the same area in the western Indian Ocean SSTs is warmed up by a con-
stant flux of 50 W.m~2, while the Eastern Indian Ocean included between the
coordinates -10 to 0°N and 80 to 105°E is cooled down by applying a surface
heat flux of -50 W.m~2. Hereafter in the Chapter, western Indian Ocean and
eastern Indian Ocean refer to the regions defined above. The boundaries of
those two regions are drawn in all figures shown in this chapter.

4.3 Impact of the perturbation on SSTs and rainfall

4.3.1 Simulated SST anomalies

The constant perturbation of 100 W.m~2 leads to a local increase in SST of
0.75 °C in average over the area where the perturbation is applied (Fig. 4.4-
a). Within this area, the SSTs are quickly adjusted to the perturbation, and
appear to be already at the equilibrium after one month, as shown by the rel-
atively stable time series if seasonal variation is removed (red curve in Fig.
4.4-a). The warming is rapidly propagated to the whole Indian Ocean, except
its southwestern part, and the SST anomaly patterns are very similar each year
of the experiment (not shown), highlighting that the simulation is in a quasi-
equilibrium.
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Figure 4.4 — a. Spatial annual mean SST anomalies in the WST experiment, with
the time series of the 8 WST experiments (light red), their mean (dark red), and the
mean annual cycle of the control runs (black) averaged over the box in which the
perturbation of 100 W.m~? is applied. b. Same as in a., but for the BIP experiment,
with the addition of the time series corresponding to the average of SSTs over the
box where a negative flux of -50 W.m~? is applied, that are shown in light blue while
their mean in darker blue. The average annual cycle of the control run is drawn in
black. In the spatial maps, the null hypothesis of no difference between the sensitivity
experiments and the control run can be rejected at the 5% level in areas overprinted
with white circles.

In the BIP experiment, the increase in SSTs associated with the perturba-
tion of 50 W.m~? is in average over the box where the flux is applied equal
to 0.67°C (Fig. 4.4-b), ie. slightly smaller as in the WST experiment. Once
again, the perturbation has a very rapid impact on the SSTs that appear at the
quasi-equilibrium after less than one month. In the eastern Indian Ocean, the
negative flux of -50 W.m~2 leads to a decrease in SST of about 0.69°C in av-
erage over the region where it is applied. In this case, one year is necessary
for the SSTs to stabilize the difference between the sensitivity and the control
experiments. Hence, in the following of the study, the first year of each sensi-
tivity experiments is removed to make sure that the results analyzed are at the
quasi-equilibrium.

Unlike in Goddard and Graham (1999), Latif et al. (1999) and Ummen-
hofer et al. (2009) which performed sensitivity experiments by forcing their at-
mosphere model with realistic SST variability, the simulated changes in SSTs
are induced here indirectly by a external forcing. This forcing has to be strong
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enough to generate substantial changes in the SSTs in order to detect their
impact, but not too strong so that the patterns obtained are close enough to
situations that might occur in the real world, as simulated by EC-EARTH.

In the WST experiment, the 100 W.m~2 imposed on the western Indian
Ocean induces an increase of the annual mean SSTs over the region corre-
sponding to a bit more than three standard deviations of the control run, as
can be seen in Fig. 4.5-a. In the BIP experiment, the annual mean change in
the western Indian Ocean SSTs resulting from the positive flux of 50 W.m~2 is
larger than three standard deviations of the control run (Fig. 4.5-a). In contrast,
the decrease in SST in the eastern Indian Ocean due to the flux of -50 W.m 2
falls within the range of the distribution of the annual mean SSTs of the control
run. It still corresponds to a rare event since it is 2.5 standard deviations away
from the average of the distribution (Fig. 4.5-b). Finally, the gradient of SST
between the western Indian Ocean and the eastern Indian Ocean obtained by
the combination of both perturbations represents a very unusual case since it
exceeds 4 standard deviations from the average (Fig. 4.5-c).
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Figure 4.5 — Frequency distributions of annual mean SSTs in the control simulation
averaged over the western Indian Ocean (a.), the eastern Indian Ocean (b.), and the
difference between the western and the eastern areas (c.). The vertical black lines are
the averages of the distributions. The bars representing the samples of the distributions
are colored as a function to their distances to the averages, as computed in standard
deviation. If they are smaller than the average & 1 standard deviation, they are colored
in light gray, between the average + 1 and 2 standard deviations, they are colored in
a darker gray, and beyond the average £ 2 standard deviations, they are colored in a
very dark gray. The vertical colored lines show the annual mean SST changes in the
sensitivity experiments.

The changes in annual mean SST obtained in the two sensitivity experi-
ments thus generally fall at the edge or slightly beyond the variations driven
by natural variability as simulated in the control run of EC-EARTH. The re-
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quirements of the experimental design are thus fulfilled. Furthermore, the re-
sulting gradient is of the same order of magnitude as the one obtained in the
observations during years characterized by a strong positive phase of the IOD
(not shown).

The link between the East African rainfall and Indian SST is strongest dur-
ing the short rains, ie. during OND (Fig. 4.3). Hence, in addition to the annual
mean values, this study will also focus on the results averaged over this period.
In the WST experiment, the OND mean SSTs increase by about 0.90°C in the
western Indian Ocean, while in the BIP experiment, the increase is of about
0.68°C in the same area and the SSTs decrease by about 1.11°C in the eastern
Indian Ocean (Fig. 4.6). This is thus very similar than the annual mean val-
ues, although the changes are slightly larger during this season. Actually, the
changes in surface temperature due to the perturbations are relatively homo-
geneous over the year in the two Indian Ocean study areas selected (Fig. 4.4),
which is not surprising given that the perturbation is constant throughout the
year.
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Figure 4.6 — Spatial OND mean SST anomalies in the WST (a.) and in the BIP (b.)
experiments. The null hypothesis of no difference between the sensitivity experiments
and the control run can be rejected at the 5% level in areas overprinted with white
circles.

4.3.2 Simulated rainfall anomalies

Overall, the higher (lower) SSTs are, as expected, associated to increased (de-
creased) local rainfall (Fig. 4.7). In the WST experiment, an increase in annual
mean rainfall of over 44 mm.month~! is observed in the western Indian Ocean.
Interestingly, the increase in rainfall in the western Indian Ocean is larger in
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the BIP experiment, reaching 74 mm.month~!. As this area is characterized by
a more modest increase in SST, this suggests a contribution of large-scale pro-
cesses in addition to the local convective rainfall. The decrease in rainfall in the
eastern Indian Ocean due to cooler surface water is of about 70 mm.month~!
in average.
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Figure 4.7 — a. Spatial annual mean rainfall anomalies in the WST experiment, to-
gether with the time series of the 8 WST experiments (light red), their mean (dark
red), and the mean annual cycle of the control runs (black) averaged over the box in
which the perturbation of 100 W.m~? is applied. b. Same as in a., but for the BIP
experiment, and with the addition of the time series corresponding to the average of
rainfall over the box where a negative flux of -50 W.m~2 is applied, that are shown
in light blue while their mean in darker blue. The average annual cycle of the control
run is still drawn in black. In the spatial maps, the null hypothesis of no difference
between the sensitivity experiments and the control run can be rejected at the 5% level
in areas overprinted with white circles.

Both sensitivity experiments lead to enhanced rainfall over East Africa.
The increase in annual mean rainfall in the East African region bounded by
the coordinates 10°S to 5°N and 30 to 40°E reaches 4 mm.month~! and 17
mm.month~! in the WST and BIP experiments, respectively. The dipole in
SST thus drives a larger increase in the East African rainfall than the local
positive SST anomalies. This increase in rainfall is not constant throughout
the year (not shown). The changes are very weak in JAS, and reach a clear
maximum during the months OND, with an increase of 8 mm.month~" in the
WST experiment and of 38 mm.month~! in the BIP experiment (Fig. 4.8).
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Figure 4.8 — Spatial OND mean rainfall anomalies in the WST (a.) and in the BIP (b.)
experiments. The null hypothesis of no difference between the sensitivity experiments
and the control run can be rejected at the 5% level in areas overprinted with white
circles.

These increases in rainfall over the East African region are statistically sig-
nificant, according to t tests. This means that the time series analyzed here are
long enough to detect the influence of the perturbations. It is, however, in-
teresting to compare these changes with the interannual variability of the East
African rainfall. Is the magnitude of the changes induced by the imposed SST
anomalies larger/smaller than the natural fluctuations of precipitation as mea-
sured by the variance of the control run? For the annually averaged changes,
the increase in rainfall in East Africa in the WST experiment are smaller than
0.5 standard deviation of the rainfall time series of the control run (Fig. 4.9-a).

In the BIP experiment, the changes resulting from the perturbations are
larger, with some areas in East Africa being characterized by an increase cor-
responding to between 0.5 and 1 standard deviation of the control run (Fig.
4.9-b). The increase in rainfall over East Africa is clearer when the results
are averaged over the OND months. Although it does not exceed, except very
locally, 1 standard deviation of the rainfall time series from the control run in
the WST experiment (Fig. 4.9-c), much of East Africa is characterized in the
BIP experiment by an increase in rainfall that strongly exceeds 1 standard de-
viation of the control experiment series (Fig. 4.9-d). Hence, according to the
physics of EC-EARTH, if a dipole pattern of SSTs as in Fig. 4.6-b is observed
in OND, there is great chance that the short rains will be unusually wet.

The enhanced East African rainfall appears thus predominantly driven by
the gradient of SST between the western and the eastern Indian Ocean, rather
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Figure 4.9 — Spatial annual and OND mean rainfall anomalies in the WST (left panels)
and in the BIP (right panels) experiments, divided by the standard deviations of the
control run .

than by local warmer SSTs, which contradicts the findings of Ummenhofer
et al. (2009). In the next section, the cause of this behaviour is investigated by
studying the processes responsible for these rainfall change patterns.

4.4 Causes of the simulated changes in rainfall

As one might expect, positive (negative) SST anomalies are accompanied
with enhanced (decreased) local evaporation (Fig. 4.10). In the WST experi-
ment, the western Indian Ocean is characterized, in average in the area where
the perturbation is applied, by an annual mean increase in evaporation of 17
mm.month™! (about 16 W.m~?) compared to the control run (Fig. 4.10-a). As
noticed for SSTs, the increase in annual mean evaporation is less marked in the
BIP experiment, in which it reaches 13 mm.month~! (12.3 W.m~2) over the
same area (Fig. 4.10-b). This mean annual pattern remains relatively constant
all year long (not shown), including in OND (Fig. 4.10-c and d).
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Figure 4.10 — Spatial annual and OND mean evaporation anomalies in mm.month ™!
in the WST (left panels) and the BIP (right panels) experiments.

In the WST experiment, the enhanced evaporation mostly remains confined
in the area where the perturbation is applied, although a thin strip between the
lakes Malawi and Turkana is also characterized by positive anomalies. In con-
trast, in the BIP experiment, the positive anomalies of evaporation are spread
over the whole western part of the Indian Ocean, as well as over most of the
East African region, including the great Horn of Africa. This increased evap-
oration over East Africa can be observed during the entire year, but is slightly
more pronounced in OND in the BIP experiment.

These different patterns of evaporation anomaly give some insights on the
underlying processes. In the WST experiment, most changes in rainfall ap-
pear primarily governed by local thermodynamic. Indeed, higher SSTs in the
western Indian Ocean induce increased local evaporation and rainfall, which
slightly impacts the adjacent regions, including a part of East Africa. Those
thermodynamics effects alone cannot explain the much higher and far more
widespread positive anomalies of rainfall over East Africa in the BIP experi-
ment, where dynamical phenomena have likely played a role in addition to the
local increased convection.
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The rainfall increase over East Africa in the BIP experiment is actually
caused by low-level easterly anomalies that occur over the whole equatorial
Indian Ocean, while weak westerly anomalies are observed in central Africa
(Fig. 4.11 right). This is seen with annual mean results, but these wind anoma-
lies are especially pronounced in OND, where a shift in prevailing wind di-
rection is observed: the climatological westerlies are then indeed replaced by
easterlies around the equator (not shown). This creates an anomalous con-
vergence zone over the western Indian Ocean and the East African region,
associated with ascending motions and enhanced convection.
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Figure 4.11 — Spatial annual and OND mean geopotential height anomalies and wind
anomalies (vectors proportional to the wind speed anomalies) at 850 hPa (in m) in the
WST (left panels) and the BIP (right panels) experiments.

The easterly anomalies observed in the BIP experiment are linked to a
zonal gradient of pressure over the Indian Ocean. The western part of the basin
is indeed dominated by abnormally low geopotential heights at the 850 hPa
level, while the eastern Indian Ocean is characterized by positive anomalies
(Fig. 4.11 right). The same pattern is observed at the 1000 hPa level (not
shown). Although some differences exist, it is persistent all year long, and
clearer in OND compared to the other seasons (Fig. 4.11-d). This anomalous



106 Link between Indian Ocean SST patterns and East African rainfall

zonal pressure gradient over the equatorial Indian Ocean is not observed in
the WST experiment, nor the easterly anomalies (Fig. 4.11 left). Hence, the
local warm SST anomalies over the western Indian Ocean are not sufficient to
induce significant wind anomalies in EC-EARTH, which contrasts once again
with the results of Ummenhofer et al. (2009).

The areas in East Africa characterized by increased rainfall coincide with
negative 2-meter air temperature anomalies, in both experiments (Fig. 4.12),
consistently with Latif et al. (1999). The latent heat required for the evapora-
tion that is taken out of the surface may play a role in this cooling. However,
it is probably mostly due to reduced incoming solar radiation resulting from
increased cloud cover associated to enhanced convective activity (Fig. 4.13),
as discussed in Ummenhofer et al. (2009).
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Figure 4.12 — Spatial annual and OND mean 2-meter air temperature anomalies (in
°C) in the WST (left panels) and the BIP (right panels) experiments. The null hypoth-
esis of no difference between the sensitivity experiments and the control run can be
rejected at the 5% level in areas overprinted with white circles.

Nearly no decrease in 2-meter air temperature is observed over the western
part of the Indian Ocean, while this area is also characterized by increased
evaporation and cloud cover. Actually, the negative anomalies in latent heat
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flux and surface net radiation are not able to offset the constant flux of 50
W.m~? artificially imposed at the surface of the western Indian Ocean in the
BIP experiment. In the WST experiment, a relatively slight increase in the
2-meter air temperature is observed homogeneously over the Indian Ocean.
However, the relatively modest warming of the air close to the surface in the
western Indian Ocean, despite the flux of 100 W.m~? that is applied in the
WST experiment, illustrates the large role of the negative feedback initiated by
the evaporative cooling and by the clouds, mitigating the warming artificially
imposed.
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Figure 4.13 — Spatial annual and OND mean cloud cover anomalies (in %) in the
WST (left panels) and the BIP (right panels) experiments.

4.5 Summary and conclusions

The goal of this chapter is to assess the mechanisms responsible of the cor-
relation between Indian Ocean SST and the East African rainfall. To do so,
the impact of two different spatial distributions of SST anomalies has been
estimated. The first pattern considered consists in warmer surface water in
the western tropical Indian Ocean. The second one is characterized by an
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enhanced SST gradient between the western and the eastern tropical Indian
Ocean, with warmer surface temperature in the west and cooler in the east,
reminiscent of a positive phase of the IOD.

The first case leads to increased evaporation and convective rainfall within
the area where the SSTs are higher, but also slightly beyond, including some
parts of East Africa. The increase in rainfall in East Africa is, however, modest
and barely detectable relative to the natural fluctuations. Furthermore, some
East African regions, such as the Great Horn, are instead characterized by
decrease in rainfall.

The increase in the East African rainfall resulting from the enhanced gra-
dient over the tropical Indian Ocean is much larger and covers the whole of
East Africa. It is related to the convergence of winds over the area. Indeed, the
SST anomalies over the tropical Indian Ocean induce a gradient of low-level
pressure, which drives easterly anomalies over the entire width of the basin,
while weak westerly anomalies are present in central Africa. This effect is
clearly maximum during the short rains, known to be closely teleconnected to
Indian Ocean SSTs.

The role played by the easterly anomalies in the tropical Indian Ocean
in the enhancement of rainfall over East Africa has been highlighted in sev-
eral studies (e.g. Black et al., 2003; Goddard and Graham, 1999; Ummenhofer
et al., 2009). However, although observations show that increased East African
rainfall often coincides with a SST dipole with warmer surface water in the
west and cooler in the east (e.g. Black et al., 2003; Clark et al., 2003), only the
western pole is suggested to be of importance to produce the convergent flow
in the region in Goddard and Graham (1999) and Ummenhofer et al. (2009).
Here, we show that, on the contrary, only the dipole can initiate this circulation
pattern change bringing enhanced East African rainfall.

This discrepancy with previous studies can be explained by the use of dif-
ferent models and experimental designs. The model used here, EC-EARTH,
simulates quite well the climatological East African rainfall and its link with
the Indian Ocean SSTs that are the main driver of its interannual variability.
This may partly be explained by its high spatial resolution, reaching about
0.70° in latitude and longitude, as it has been shown that an increased reso-
lution improves the representation of major features of the general circulation
such as, among other things, the positioning and seasonal migration of the
ITCZ (Gao et al., 2006). This is related to a better representation of the to-
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pography, but also to the direct sensitivity of the model physics and dynamics
to the resolution (Gao et al., 2006). In comparison, the spatial resolution of
the atmosphere models used in the studies of Ummenhofer et al. (2009) and
Goddard and Graham (1999) is of about 2.8°.

Another part of the discrepancy between our results and the ones of God-
dard and Graham (1999) and Ummenhofer et al. (2009) probably arises from
differences in the experimental design. Here, an artificial flux is applied to the
western and eastern Indian Ocean SSTs in a fully coupled GCM to generate the
anomalies. Goddard and Graham (1999) and Ummenhofer et al. (2009) have
used atmosphere models driven by prescribed SSTs derived from observations.
While this allows them to better control the pattern and the magnitude of the
SST anomalies, they cannot take into account the impact of the atmosphere on
the SSTs, and they can potentially impose to the atmosphere a pattern that is
not consistent with the physics of the atmosphere models used.

Assessing the robustness of the results obtained here and the impact of the
model selected and of the experimental design of the experiment would require
additional sensitivity experiments with EC-EARTH, using the same experi-
ments design as in Ummenhofer et al. (2009), and to repeat the same analysis
with other climate models. While this is out of the scope of this chapter, this is
clearly an interesting perspective of the study. This discussion illustrates that it
is not possible yet to obtain robust conclusion from the available experiments
as the results of a study focusing on the East African rainfall using the results
of one single model are likely very dependent of the behaviour of the particular
model selected. Such studies must thus be considered with caution.






CHAPTER

CONCLUSIONS

HE overarching scientific question of this thesis is “How the East

I African rainfall is linked to the Indian Ocean SSTs at the interannual

to the multi-decadal time scale?”. It has been answered in the different
chapters using various complementary methodologies. This section sumarizes
the main outcomes of the thesis through the development of the three main

points presented in the general introduction.

5.1 Improving understanding of the link between East
African rainfall and Indian Ocean SSTs and of
the underlying mechanisms

The interannual variability of the East African rainfall is mainly controlled
by the short rains, that are strongly correlated with the Indian Ocean SSTs.
Observations show that increased East African rainfall often coincides with a
dipole in the tropical Indian Ocean SSTs, with anomalous cold surface water
in the eastern tropical Indian Ocean and anomalous warm water in the western
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part of the basin, a pattern reminiscent of a positive phase of the Indian Ocean
dipole.

However, before mentioning the main findings relative to this relationship
between the East African rainfall and Indian Ocean SSTs, it is important to
stress that the whole East African region, as defined in the general introduction,
is not characterized by the same link with the Indian Ocean. This heterogeneity
has actually been emphasized in each chapter of this work. In Chapter 2, we
have shown that the correlation coefficients between rainfall averaged over the
equatorial East Africa and the Indian Ocean SSTs are high, while the are very
low and non-statistically significant when considering rainfall averaged over
the southeastern, but still inter-tropical, East Africa. Also, the heterogeneity
of those two East African sub-regions regarding their link with Indian SSTs
has also been highlighted in Chapter 3, using a data assimilation method with
the GCM CESMI1. Indeed, we have shown in this chapter that precipitation
over southeastern inter-tropical East Africa is very isolated from the large-
scale SSTs, unlike rainfall over the equatorial East African region. In the same
vein, the impact of different imposed patterns of SSTs anomalies in the Indian
Ocean on the East African rainfall is clearly not homogeneous over the region,
as illustrated in the Chapter 4 based on sensitivity experiments using the GCM
EC-EARTH.

Where the link between rainfall and Indian Ocean SSTs is strong, as for
instance in equatorial East Africa, the last millennium simulations performed
by several GCMs suggest that the teleconnection is controlled at the interan-
nual time scale by internal variability, the impact of external forcings being
negligible. However, the role played by the forcings on this link increases
when considering lower frequency variability. Indeed, the dipole pattern in the
Indian Ocean is still present in the time series smoothed to highlight decadal
to centennial variations, but only in fixed-forcing simulations. If the last mil-
lennium forcings are taking into account, the East African rainfall are no more
associated with a dipole in the Indian Ocean but rather by a monopole, with
relatively homogeneous positive correlations between rainfall and SSTs over
the whole basin.

In Chapter 4, sensitivity analyses performed with the GCM EC-EARTH
allow studying the processes involved in the statistical link between the East
African rainfall and Indian SSTs. We have shown that both poles of the In-
dian Ocean dipole — warmer surface water in the west and cooler in the east
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— are crucial to drive enhanced East African rainfall, while only the western
Indian Ocean warmer surface water was suggested to be of importance in pre-
vious studies (e.g. Goddard and Graham, 1999; Ummenhofer et al., 2009). Yet
the processes involved are roughly similar as suggested earlier. The anoma-
lous pattern of SST leads to an alteration of the atmospheric circulation, with
enhanced low-level easterly anomalies over the tropical Indian Ocean. Equa-
torial central and eastern Africa being characterized by weak westerly anoma-
lies, these winds converge over the western Indian Ocean and the East African
region. This is associated with ascending motion and increased convective ac-
tivity over the region leading to enhanced precipitation. These changes are
maximum in boreal autumn, during the East African short rains. In our ex-
perimental setup, this reorganisation of the atmospheric circulation cannot be
driven only with increased SSTs over the western Indian Ocean, which thus
contrasts with previous similar model-based studies. This illustrates the wide
range of behaviour of the climate models regarding their representation of the
East African hydroclimate and the related physical processes, as explained in
the following section.

5.2 Assessing the ability of the state-of-the-art GCMs
in simulating the link between the East African
rainfall and Indian SSTs, and the East African
hydroclimate variations over the last millennium

The results mentioned above relies on the capability of the GCMs to simu-
late realistically the East African hydroclimate and its link to the large scale
SSTs. As seen in Chapter 2, climate models generally struggle to reproduce
well these features. The climatological unimodal seasonal cycle of rainfall ob-
served in the southeastern inter-tropical Africa is in general relatively well sim-
ulated, but the bimodal seasonality characterizing the equatorial East Africa is
less well captured, with a systematic underestimation of the long rains and
overestimation of the short rains.

Comparing model results and available proxy-based reconstructions of hy-
droclimate over the last millennium could be of great interest to place the
current East African hydroclimate trends in a broader context. However, we
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suggest in Chapter 2 that the simulated changes over the last millennium are
mostly driven by internal variability rather than by external forcings. Indeed,
the variances of the simulated hydroclimate are very similar in fixed and time-
varying forcing experiments for the GCMs used, and no common hydroclimate
changes are found throughout the last millennium among models, while they
are driven by comparable forcings. This obviates the possibility of general
agreement between the time series of model results and proxy-based recon-
structions, and makes this model-data comparison exercise meaningless. Note
that, however, some GCMs show a response to the forcings after 1850, but this
response is not consistent among these models.

In this context, the assessment of the climate model performance in sim-
ulating the right timing of the past millennium wet or dry events relative to
reconstructions or observations cannot be achieved. However, the realism of
their mean pattern of correlations between East African rainfall and Indian
Ocean SSTs can be assessed. We have shown in Chapter 2 that most GCMs
do not represent the observed relationship between the East African rainfall
and Indian and Pacific SSTs over the recent past, while its importance to drive
the interannual variability of the East African rainfall is well established. Nev-
ertheless, CESM1, EC-EARTH and, to a lesser extent, MPI-ESM-P, simulate
realistic patterns of correlations. Together with the availability of a last millen-
nium ensemble of ten simulations, the relatively good performance of CESM1
relative to recent observations is the reason why this model is deemed a par-
ticularly suitable GCM to study whether the observed covariance between the
East African rainfall and Indian Ocean SSTs can be used to improve the recon-
structions of both variables, which is described in the next point.

5.3 Investigating the potential interest of using the
link between the East African rainfall and Indian
SSTs to obtain better reconstructions of both
variables during the last millennium

Using the covariance observed between Indian Ocean SSTs and the East
African rainfall through a method of data assimilation allows obtaining im-
proved reconstructions of both variables over the last millennium, as shown in
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Chapter 3. However, this is true only when considering an ideal framework,
when assimilating pseudo-proxy data deduced from the same model than the
one that has provided the ensemble of simulations, ie. here CESM1. With a
more realistic -but still simplified- framework, two limitations lead to a strong
deterioration of the reconstructions skill. First, considering biases in model
physics by assimilating pseudo-proxies derived from other GCMs or from in-
strumental data sets prevents obtaining skillful reconstructions of one variable
based on the assimilation of the other. Furthermore, when assimilating the
East African rainfall, the information is no more spatially spread, which re-
sults in the improvement of only local precipitation. In contrast, the whole
Indian Ocean SST can still be reconstructed only based on the assimilation of
the information contained in a few grid cells spread over the Ocean.

The assimilation of real proxy-based reconstructions brings new issues
that make the data assimilation process more complex. First, the variable re-
constructed from proxy record is often not explicitly simulated in the climate
model, while the data assimilation involves a direct comparison between the
variables derived from the two sources. Second, the uncertainty of the data has
to be taken into account, but is sometimes hard to define. In Chapter 3, besides
the use of a forward model to estimate the model version of the proxy record
time series, a local calibration had to be applied to each proxy-based recon-
struction assimilated to take into account the differences in the link between
simulated variables and proxy depending on the location. This allows obtain-
ing skillful reconstructions of the Indian Ocean SSTs based on the assimilation
of the §'80 content of six coral archives spread over the Indian Ocean.

5.4 General conclusion

In all the analyses achieved in this work, we were confronted with the difficul-
ties met by the climate models to simulate the East African hydroclimate and
its link to the Indian Ocean SSTs. In this regard, one of the key message here is
that one should be extremely careful when interpreting the model results over
East Africa. Although all diagnostics performed here are model-dependent, we
are convinced that the climate models are essential tools to establish the plau-
sible causes for hydroclimate variations in the region, especially over periods
when observations are scarce or non-existent.
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However, before using the models, they should be carefully tested against
available observations to make sure they fit as much as possible the needs re-
quired for the analyses performed. Also, the robustness of the results obtained
using one climate model should be validated by replicating the same analyses
using other climate models. On the other hand, using multi-model mean results
should be avoided. In our case, it would only mask the wide range of varia-
tions observed among models regarding the East African hydroclimate over
the last millennium and the teleconnections between the East African rainfall
and the Indian ocean SSTs. In this context, the initiatives allowing integrat-
ing the empirical information from observations or proxy-based reconstruction
into climate models, such as data assimilation, are of great interest to improve
the reliability of the simulated changes, as for instance demonstrated in Klein
et al. (2014). In this case, however, a particular attention has to be given to
the uncertainties of these data, and to their inclusion in the data assimilation
process.

Given the above information, some further work could certainly be useful
to refine and to go beyond the results obtained in this thesis, as presented in
the next section.

5.5 Perspectives

A logical follow-up to this study would be to replicate the analyses achieved
in Chapter 4 using other GCMs to assess the robustness of our findings, and
the sensitivity of the results to the experimental design. Identifying the right
pattern of Indian Ocean SST anomalies and the underlying processes that ac-
tually influence the variability of the East African rainfall is crucial to improve
forecasts of the incoming extreme events. Yet the results found here are not
consistent with previous published studies, showing the interest to systemat-
ically repeat such analyses using the same experimental design but different
climate models.

We have seen in Chapter 2 and 3 how useful the ensemble of simulations
performed by the model CESM1 is. It has allowed, among other things, distin-
guishing the internal to the forced variability and performing data assimilation
analyses. Yet, to our knowledge, only two last millennium ensembles of sim-
ulations performed with GCM exist: the one performed with the model MPI-
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ESM (Jungclaus et al., 2010) and the one we have used, which is the largest
with ten simulations. Making available newly-performed ensemble of simula-
tions using other GCMs would help assessing the robustness of the conclusions
of Chapter 2 and 3.

Data assimilation requires a direct comparison between the reconstructed
and the simulated variable. However, the empirical information derived from
proxy records are often not included explicitly in climate models. The diffi-
culties met when comparing these variables in Chapter 3 show the importance
to continue the ongoing effort to reconcile the variables from both sources of
information, through forward modelling for instance.

The analyses performed in this study have not specifically adressed the
changes in extreme meteorological events. We have underlined and character-
ized the link between the East African rainfall and the Indian Ocean surface
water at different time scales, analysing the full time series. An interesting
perspective would be to repeat the same kind of analyses but focusing on the
extremes events, by only selecting the abnormally wet or dry years, and to
investigate wheter a specific oceanic dynamics is associated to those extreme
events.

A more general - and complicated - perspective would be to identify the
causes behind the wide range of performance characterizing the GCMs in sim-
ulating the East African rainfall and its link with the Indian Ocean. Why some
models perform relatively well while others don’t? This question is very broad,
given the multiple physical but also technical potential origins of the discrep-
ancy. The resolution of the different models likely plays a role, often too coarse
to represent small-scale processes such as the convection and cloud processes,
which forces the models to use quite uncertain parameterizations. Further-
more, the spatial resolution also has a strong influence on larger-scale circu-
lation features such as the positioning and seasonal migration of the ITCZ,
which is directly linked to the East African rainfall. Answering this question
would require multiple sensitivity experiments, while producing new experi-
ments with GCMs is very demanding in terms of computer resources. Yet the
precise identification of the limitations of climate models as illustrated here
could serve as the basis for improving the dynamics of these models, whose
limitations have to be kept in mind when interpreting the results of this thesis.
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A.1 Supplementary figures
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Figure A1 — Pearson correlation coefficients between mean JFM and AMI rainfall
over the Challa/Naivasha region and global SSTs in observations and climate models
(here, only the first member rlilpl is used) for the period 1950-2000. In areas over-
printed with white circles, a null hypothesis of no correlation can be rejected at the
5% level. No data are available from grey areas.
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Figure A2 — Same as in Fig. A1 but for the results averaged over the months JAS and

OND.
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Figure A3 — Pearson correlation coefficients between mean JFM and AMJ rainfall
over the Masoko/Malawi region and global SSTs in observations and climate models
(here, only the first member rlilpl is used) for the period 1950-2000. In areas over-
printed with white circles, a null hypothesis of no correlation can be rejected at the
5% level. No data are available from grey areas.
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Figure A4 — Same as in Fig. A3 but for the results averaged over the months JAS and
OND.
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MPI-ESM-P
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Figure A5 — Pearson correlation coefficients between mean annual rainfall over the
Challa/Naivasha region (a, upper two rows) or Masoko/Malawi region (b, lower two
rows) and global SSTs in the pre-industrial control runs of the climate models. In
areas overprinted with white circles, a null hypothesis of no correlation can be rejected
at the 5% level. No data are available from grey areas.
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Table A2 — Pearson correlation coefficients between observed and simulated rainfall-
SSTs correlation maps for the Challa/Naivasha region (Fig. 2.6a.) and the Ma-
soko/Malawi region (Fig. 2.6b.), for annual mean results and October-November-
December (OND) mean results.

Challa-Naivasha Masoko-Malawi
annual OND annual OND

CCSM4 -0.36%  -0.30* 0.07%  -0.26*
CESM1 0.27%* 0.61* -0.01 0.51%
GISS-E2-R -0.01 -0.18* 0.24*  -0.16%
IPSL-CM5A-LR  -0.10*  -0.08* 0.10% 0.08%*
MPI-ESM-P 0.16* 0.39* 0.15% 0.43%*
BCC-CSM1-1 0.00 0.17* 0.05% 0.12%

* significant at the 5% level

Table A3 — Pearson correlation coefficients between simulated and reconstructed
hydroclimate time series. Model results over the region Challa/Naivasha (Ma-
soko/Malawi) are compared to proxy-based reconstruction of Challa (Masoko),
Naivasha (Malawi), and the mean between the two. The coefficients are computed
over the periods covered by the data at annual resolution. Model time series are filtered
using a loess method with a window of 100 years. The autocorrelation introduced in
the model and reconstructions curves in response, respectively, to the smoothing and
to the interpolation is taken into account when assessing the significance of the corre-
lations (t-Test).

Variable: P-E Challa Naivasha Challa/ Masoko Malawi Masoko/
Naivasha Malawi
CCSM4 -0.03 0.22 -0.01 -0.03 0.12 -0.00
CESM1 -0.07 -0.16 -0.26 0.33 0.15 0.43%*
GISS-E2-R 0.08 0.35 0.38* -0.02 0.10 0.14
IPSL-CMS5A-LR 0.01 -0.03 0.01 0.02 0.01 0.18
MPI-ESM-P -0.05 -0.22 -0.23 -0.11 -0.13 -0.13
BCC-CSM1-1 0.26 -0.10 0.03 -0.28 -0.01 -0.03

* significant at the 5% level

A.3 Supplementary discussion

Supplementary discussion: comparison between reconstructions and the inte-
gration of simulated P-E

To address the issue concerning the memory mismatch between the simu-
lated and the reconstructed hydroclimate variables, we have used a first order



A.3. Supplementary discussion 127

autoregressive model (AR-1) model driven by the simulated P-E time series,
which introduces some memory in the system depending on the parameter o
(Eq. A.1):

X(t+1)=aX()+P—E)() (A.1)

where X is the emulated system and ¢ the autocorrelation parameter. Note that
to be represented by an autoregressive model, the process has to be stochastic.
Although P-E is not fully stochastic, it can be considered as not far to so this
is not a strong violation of the assumption. All four sites have time scales of
variability from a few decades to a century. We have thus chosen a similar ¢
equal to 0.98, which means that 2% of the signal will be lost each year. We also
have done the test with an o of 1, which represents the integration of the time
series through the whole period. This is equivalent to the estimation of the level
of a bucket with no runoff which is increasing if P-E is positive and decreasing
if it is negative. This is an extreme case, since the long-term impact of any
perturbation will be overestimated, but this provides useful upper bound to test
the influence of the memory of the lake on model-data comparison. The AR-1
model with an o of 0.98 (Fig. A6) and the full integration of P-E (Fig. A7)
emphasizes the low-frequency changes that lead time series to appear more
similar to reconstructions.

Although the absolute values of the correlation coefficients are generally
higher, especially for the integrated time series (Tables A4 and AS), the model-
data agreement is not substantially improved. Most models do not simulate
any reconstructed time series, and the ones that show some skills at simulating
reconstructed hydroclimate in one region perform badly in the other region.
This is because, although they show different curves in Masoko/Malawi and in
Challa/Naivasha they are unable to simulate the dipole between these regions
as observed in reconstructions between 1400 to around 1800.
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Figure A6 — Comparison between last-millennium time series of the reconstructions
(in grey) and of the AR1 model applied to P-E simulated by six GCMs (in black,
using an a equal to 0.98) averaged over the Challa/Naivasha region (a), with the
Naivasha record shown as dashed line and the Challa record as solid line; and over
the Masoko/Malawi region (b), with the Malawi record shown as dashed line and the
Masoko record as solid line. In both regions, the area between the between the two
records is shaded in light grey. Both proxy-based and simulated time series are pre-
sented as anomalies with respect to the whole period, and are linearly standardized
so that the absolute maximum equals 1. Ordinate axes are oriented such that wetter
(drier) conditions point upwards (downwards). Model time series are annual mean val-
ues filtered using a loess method with a window of 100 years. For the CESM1 model,
the black curve is the median of the ten ensemble members previously standardized
and smoothed.
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Figure A7 — Same as in Fig. A6, but using the integration over the whole period of
simulated P-E of models (AR1 model with an ¢ of 1).

Table A4 — Same as in Table A3, but using the AR1 model applied to the simulated
time series of P-E in models, with o equal to 0.98.

Variable: P-E Challa Naivasha Challa/ Masoko Malawi Masoko/
Naivasha Malawi
CCSM4 -0.17 0.18 -0.12 -0.06 0.13 -0.13
CESM1 0.08 -0.37* -0.24 0.29 0.29 0.43%
GISS-E2-R 0.05 0.33 0.27 0.11 0.11 0.31
IPSL-CM5A-LR  -0.18 0.14 0.08 0.11 0.30 0.52%
MPI-ESM-P -0.14 -0.13 -0.38 -0.10 -0.04 -0.11
BCC-CSM1-1 0.07 -0.43* -0.28 -0.32 -0.20 -0.06

* significant at the 5% level



Table AS — Same as in Table A3, but using the integration of simulated P-E in models

over the whole period.

Variable: P-E Challa Naivasha Challa/ Masoko Malawi Masoko/
Naivasha Malawi
CCSM4 0.23 0.33 0.39% -0.33 -0.10 -0.42
CESM1 -0.28 -0.35 -0.46* -0.08 0.56%* 0.14%*
GISS-E2-R 0.02 -0.33 -0.28 0.22 -0.15 0.06
IPSL-CMS5A-LR 0.14 0.52% 0.47% 0.42% 0.81% 0.60%*
MPI-ESM-P -0.18 0.56* 0.19 -0.06 -0.27 0.04
BCC-CSM1-1 -0.23 -0.54%* -0.52% 0.43% 0.30 0.55%

* significant at the 5% level
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B.1 Supplementary figures
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Figure B1 — RMSE between rainfall (a) and SSTs (b) from MPI-ESM-P (pseudo-
proxy assimilated) and from the CESM-LME without data assimilation (black cross,
ensemble mean) and with data assimilation considering different number of particles
(dots, weighted mean of the ensemble). The experiments assimilating only the four
East African rainfall results are shown in blue, the experiments that only consider the
assimilation of the six Indian SST results are shown in red, and the experiments with
the assimilation of both variables in grey. The horizontal black lines represent the data
eITOr.
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Figure B2 — RMSE between rainfall (a) and SSTs (b) from GISS-E2-R (pseudo-proxy
assimilated) and from the CESM-LME without data assimilation (black cross, ensem-
ble mean) and with data assimilation considering different number of particles (dots,
weighted mean of the ensemble). The experiments assimilating only the four East
African rainfall results are shown in blue, the experiments that only consider the as-
similation of the six Indian SST results are shown in red, and the experiments with the
assimilation of both variables in grey. The horizontal black lines represent the data
erTor.
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Figure B3 — RMSE between rainfall (a) and SSTs (b) from the assimilated observation
data sets (GPCC-v7 for rainfall and ERSST-v4 for SSTs) and from the CESM-LME
without data assimilation (black cross, ensemble mean) and with data assimilation
considering different number of particles (dots, weighted mean of the ensemble). The
experiments assimilating only the four East African rainfall results are shown in blue,
the experiments that only consider the assimilation of the six Indian SST results are
shown in red, and the experiments with the assimilation of both variables in grey. The
horizontal black lines represent the data error.

B.2 Study of the distribution over time of the particles
selected in the experiments with data assimilation
of pseudo-proxies derived from MPI-ESM-P and
GISS-E2-R

The assimilation of the time series of MPI-ESM-P and of GISS-E2-R shows
very similar results regarding the distribution of the calendar years for the par-
ticles selected (Fig. B4). As in the case with CESMI, the particles selected
are very homogeneously distributed over time in the experiments with the as-
similation of rainfall only (not shown), which means that if there is a forced
variability driving the precipitations, it is much weaker than the internal vari-
ability. By contrast, when assimilating SSTs only, the effect of forcing is even
stronger than in the case of the assimilation of the tenth ensemble member of
CESM1. The actual years of simulation tend to be more represented (the di-
agonal line is marked), and the effect of volcanic activity is clearly evidenced.
However, instead of choosing the actual volcanic eruptions, only the episodes
around 1250 and, to a lesser extent, around 1810 are selected by the particle fil-
ter to represent all last millennium volcanic eruptions. The last century warm-
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ing is also well visible in both cases, with a darker patch closely surrounding
the diagonal at the end of the experiments. This warmer period is, however,
sometimes confused with other warm periods over the last millennium, such
as the one around 1200-1250. Once again, the combined effect of assimilating
both rainfall and SSTs results gives a very noisy picture (not shown).
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Figure B4 — Years of the particles selected in the data-assimilated model output versus
reconstructed years, in the experiments with data assimilation of SSTs from MPI-
ESM-P (a) and from GISS-E2-R (b), using 2079 particles.The years are grouped by
periods of ten years for a better readability. The red bars are the ten largest volcanic
eruptions of the last millennium, with length proportional to the amount of sulphate
aerosol released, based on Gao et al. (2008).
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