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Abstract: Weather and climate forecasting, using climate models, have become essential
tools and life-savers in the West African region; in spite of the fact that climate models do
not fully comply with attributes of forecast qualities—RASAP: reliability, association, skill,
accuracy, and precision. The objective of this paper is to quantitatively evaluate, in com-
parison to CRU and ERAS5 datasets, the RASAP compliance-level of the weather@home?2
modeling system (w@h2). Findings from some statistical evaluations show that, to a mod-
erately significant extent, w@h2 model provides useful information during the monsoon
seasons; skills to capture the Little Dry Season over the Guinea zone; predictive skills for
the onset season; ability to reproduce all the annual characteristics of the surface maximum
air temperature over the region; as well as skill to detect heat waves that usually ravage
West Africa during the boreal spring. The model displays traces of attributes that are
needed for seasonal climate predictions and applications. Deficiencies in the quantitative
reproducibility point to the facts that the model does provide a reliability akin to that of
regional climate models. This paper further furnishes a prospective user with information
on whether the model might be “useful or not” for a particular application.

Keywords: West Africa; forecast quality; weather@home?2; seasonal climate; evaluation

1. Introduction

7

Over the years, especially in the West African region, researchers’ and stakeholders
confidence in the use of climate models is increasing. This is due to improvements in nearly
all aspects of climate models’ fidelity and skill, as well as more detailed understanding of
the degree of fidelity and skill [1-5]. Consequently, information from climate models is
extensively being used by the region’s policy makers and various socio-economic sectors
(e.g., water resources management, agriculture, engineering, environmental management,
health, insurance, researchers, etc.) either for risk management or for day-to-day, season-to-
season, or long-term strategies and planning [6-9]. Hence, there is a proliferation of climate
models, which calls for caution among researchers and stakeholders. To calm the fears and
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concerns of prospective users, thorough performance evaluations of climate models have
to be carried out before their eventual utilization.

The performance of a climate model can be evaluated according to these five attributes
of forecast qualities, hereafter known as RASAP: R (reliability), A (association), S (skill), A
(accuracy), and P (precision) [10-13]. In short terms, reliability can be referred to as the ability
of a forecast to provide an unbiased estimate. According to [12,14], it is a key quality of a
probabilistic long-range forecast. Refs. [15,16] described association as a measure of linear
relationship between forecast and observation. Skill is a comparative quantity that shows
if a set of forecasts is better than a reference set, e.g., climatology, persistence, etc. It is a
measure of the relative ability of a set of forecasts with respect to some set of standard
reference forecasts [14,17-19]. Accuracy can be referred to as the overall correspondence or
level of agreement between model and observation. According to [13] it summarizes the
overall quality of a forecast, while precision, a measure of uncertainty, is simply the absence
of random error, i.e., a measure of statistical variance of an estimation that is independent
of a true value [20]. Precision is described as the spread of the data whenever sampling is
involved [21].

Climate models do not fully pass thresholds for these measures over many regions
of the world, including the West African region, and hence they are not fully RASAP
compliant. Assessing their degree of RASAP compliance therefore provides a quantitative
evaluation of their ability to represent regional climate. Performances of several climate
models have been evaluated over the West African region. While some of these evaluations
have been motivated by the importance of the West African monsoon and its circulation
features, others have been interested in mechanisms and processes responsible for rainfall
regimes [2,3,22,23]. There have also been some evaluations to improve the understanding
of the nature of the interactions across the different dynamical systems within the West
African monsoon [1,4,5,24,25].

A major challenge in evaluating RASAP performance is that many of the measures
require large initial-condition ensembles of simulations, which can be computationally
prohibitive. In this paper, we focus on evaluating the RASAP performance of a modeling
system that has produced an exceptionally large number of simulations, thus providing
material for robust tests against the RASAP measures—the weather@home2 modeling
system (hereafter w@h2). w@h2 is a successor to the well-known weather@home modeling
system (hereafter w@h1) [26,27]. Generally, the w@h2 modeling system can generate very
large ensembles of simulations that allow denser sampling of the climate distributions. This
is corroborated by [28]; they are of the opinion that a single-model initial-condition large
ensemble (SMILE), if less than 30 members, may analytically underestimate precipitation
variability, vis-a-vis distribution.

The w@h2 modeling system has been designed for the investigation of the behavior
of extreme climate under anthropogenic climate change. This means that measures of the
performance of the model in terms of climate variability are more relevant than measures
of the mean climatology [29-31]. If the w@h2 modeling system is to be used to understand
changes in extreme climate over West Africa, then it is pertinent to evaluate the performance
of the w@h?2 simulations over the region. Therefore, this paper aims to utilize a series of
statistical metrics to calculate some selected attributes of forecast qualities, i.e., RASAP, to
provide insights on the nature of the w@h2 simulations. Specifically, we are asking the
following questions—1. Are the w@h2 simulations, over West Africa, reliable? 2. Does any
linear association exist between the simulations and observations/reanalysis over West
Africa? 3. Do these simulations have skill over West Africa? 4. Are the simulations accurate,
as well as precise over this region? These questions are asked with a view to understanding
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whether the w@h2 simulations may be useful for extreme event attribution analysis over
West Africa.

While this section introduces the motivations and concept of this study, including the
description of the study domain and its complexities, Section 2 will discuss the datasets
analyzed in this paper, and the adopted analysis procedures. Section 3 will describe the
results, while Section 4 will provide the summary and conclusions.

2. Materials and Methods
2.1. Description of Study Area

This study focuses on West Africa, a unique region of atmospheric complexities. It is a
tropical land mass located roughly within longitudes 20° W to 20° E, and latitudes 0° to
about 25° N of the African continent (Figure 1). The region comprises three climatic zones,
namely: Guinea—a tropical rain forest along the Atlantic coast; Savannah—a transition zone
of short trees and grasses; and the Sahel—an Arid desert in the northern inlands [32-34].
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Figure 1. The domain of West Africa showing the topography of the surface (shaded; meters) and
highlights of climatological zones—Guinea (green box), Savannah (blue box), and Sahel (red box).

West African climates result from the interactions of two migrating air masses: tropical
maritime and tropical continental air masses. At the surface, these two air masses meet at a
belt of variable width and stability called the Inter-Tropical Discontinuity (ITD) [35] or the
Inter-Tropical Convergence Zone (ITCZ) if at the upper level. The north and south migration
of ITD, which follows the annual cycle, influences the climate of the region [35,36]. Besides
ITD, there are other key climate modification mechanisms over West Africa. Most relevant
are the El Nifio Southern Oscillation (ENSO) [37-39], the sea surface temperature (SST)
anomalies over the Gulf of Guinea (GOG) [34,40], the African Easterly Jet (AE]) [41-43],
and the thermal lows [44—47]. The region’s climate is classified into two seasons driven
by the position of the ITD—the dry season and the rainy season. The period of the dry
season runs approximately from November to March/April. It is a time of hot and dry
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tropical continental air mass driven by the ridges from the northern hemispheric mid-
latitude high-pressure system. During these periods, the prevailing northeasterly winds,
north of the ITD, bring dry and dusty conditions across the region with the southernmost
extension of this air mass occurring in January between latitudes 5° and 7°N. A tropical
maritime southwesterly air mass is found at the southern ends of the ITD. The moist air
mass dominates during the periods of the rainy seasons. The region’s rainy seasons run
from April/May to October depending on the climatic zone of interest (Figure 1) [34,48,49].
The northernmost penetration of the wet air mass is in August, usually between latitudes
19° and 22°N. With all these atmospheric complexities, the use of dynamical climate models
for the forecasting of weather and projection of climate are indispensable over the region.
Therefore, performance evaluation of meteorological forecasts and /or simulations is crucial
for understanding the errors embedded within the modeling systems, and also to monitor
the accuracy attained and the progress made in the climate modeling systems [12].

2.2. Datasets—Observation, Reanalysis, and Simulation Datasets

This study used monthly precipitation and near-surface (2 m) maximum air tem-
perature from three categories of datasets—gridded observational, reanalysis, and w@h2
simulation. The observation datasets are from the University of East Anglia Climate
Research Unit (CRU TS version 4.03 (CRU-TS4) [50-52]). This is based on the analysis
of records of observations from over 4000 weather stations. The reanalysis datasets are
from the European Centre for Medium-Range Weather Forecasts (ECMWF—ERA version
5 (ERA5) [53-55]). Simulated datasets are from the w@h2 modeling system run by the
climateprediction.net project (CPDN) [56] at the University of Oxford. The w@h2 modeling
system uses a one-way nesting of atmospheric models with the global Had AM3P-N96
and regional HadRM3P models [57]. Had AM3P-N96 is run at ~150 km resolution globally
and drives HadRM3P at ~25 km resolution over a pan-African domain, that encompasses
West Africa. These hydrostatic models are both run with 19 vertical levels. As detailed
in [27], land surface processes are represented by the Met. Office Surface Exchange Scheme
2 (MOSES2) land surface scheme [58], while the greenhouse gas concentrations and aerosol
burdens are as prescribed in [26]. Daily sea surface temperatures are imposed from the
Operational Sea Surface Temperature and Ice Analysis (OSTIA) [59]. Simulations are made
possible by the enlistment of thousands of volunteers around the world who, on their per-
sonal computers, run simulations starting from different initial conditions. The results are
then uploaded onto the CPDN [56] server facility hosted by the University of Oxford [60].
Here, a prospective user of the datasets needs to register by creating an account and log-in
on the CPDN website (i.e., server) in order to gain controlled access to the datasets. This
distributed computing capacity is made possible by the Berkeley Open Infrastructure for
Network Computing (BOINC) open-source infrastructure [61]. Details of the improvements
made in w@h?2 in comparison to w@hl are discussed in [27].

These datasets have different spatial resolutions. The observed variables (CRU) are
on a horizontal grid resolution of 0.5° x 0.5° longitude-latitude, while the reanalysis
(ERAD) datasets have a horizontal resolution of 30 km grid. The horizontal resolution of
w@h?2 simulations is about 0.22° (25 km), compared to about 0.44° (50 km) in w@h1. For
uniformity, the horizontal resolutions of all the simulated (w@h2) and the reanalysis (ERA5)
datasets were re-gridded to match that of the observation (CRU) dataset before they were
analyzed. All monthly simulated variables from w@h2 used in this study are from a sub-set
of 71 ensemble members per year. Each ensemble member differs only slightly in their
injtial conditions and we focus on the 31-year period from January 1987 to December 2017.
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2.3. Methodology and Analysis Procedures

Recall that this paper aims to evaluate the performances of the w@h2 simulations
over West Africa in line with the qualities of selected forecast attributes—RASAP. In
comparison to CRU and ERA5 datasets, w@h2 simulations are therefore subjected to a
series of quantitative statistical metrics to calculate RASAP measures. As depicted in
Table 1, temporal and spatial analyses of these statistical metrics are carried out and then
presented in various graphical formats for interpretation. We also place some figures in the
supplementary domain of this paper for clarity of purpose.

Results and analyses from this study will be presented on the basis of calendar months,
in reflection of their common usage in climate services throughout the region and of the
typical monthly duration of noteworthy extreme events in the region (e.g., [62]).

Table 1. List of descriptive statistical metrics used to calculate the attributes of forecast qualities
in this study. ** A measure of statistical significance, such as p-value [63], is also assessed for the
correlations that were evaluated in this study. Statistical significance was estimated using a two-tailed
experiment at the p = 0.1 level, assuming uncorrelated Gaussian noise.

Attributes

Descriptive Statistics Inference

Reliability

Climatology

To determine the monthly, seasonal, or annual cycle of a
variable [64].

A measure of over- (positive bias) or under-estimations
(negative bias) of variables. Generally, bias gives marginal
distributions of variables [11].

A measure to estimate the average bias in the model. It is

Mean bias error (MBE) the average forecast or simulation error representing the

systematic error of a model to under- or over-forecast [11].

Scatter diagrams

Provides information on bias, outliers, error magnitude,
linear association, peculiar behaviors in extremes, misses,
and false alarms. Perfect simulation points in comparison
to observation should be on the 45° diagonal line [17,65].

Association

** Correlation coefficient (r)

A statistical measure of the strength of a linear relationship
between the paired variables, i.e., simulations and
observation/reanalysis datasets. By design, it is
constrained as —1 < r < 1. Positive values denote direct
linear association; negative values denote inverse linear
association; a value of 0 denotes no linear association;
while the closer the value is to 1 or —1, the stronger the
linear association. Perfect relationship is denoted by 1. It is
not sensitive to the bias but sensitive to outliers that may
be present in the simulations [10,15,16].

Coefficient of determination (CoD)

CoD is a measure of potential skill, i.e., the level of skill
attainable when the biases are eliminated. It is also a
measure of the fit of regression between forecast and
observation. It is a non-negative parameter with a
maximum value of 1. For a perfect regression, CoD = 1.
CoD tends zero for a non-useful forecast [10,16].

Skill

Measures the forecast accuracy with respect to a reference

Ranked probability skill forecast (e.g., observed climatology). Positive values
score (RPSS) (maximum of 1) have skill while negative values (up to

negative infinity) have no skill [10,14,17-19].
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Table 1. Cont.

Attributes Descriptive Statistics Inference

A measure of how big of an error we can expect from the
forecast on average, without considering their directions.
MAE measures the accuracy of a continuous variable.
Though, just like the root mean square error (RMSE), it also
measures the average magnitude of the errors in a set of
forecasts; however, while RMSE utilizes a quadratic
scoring rule, MAE is a linear score—which means that all
the individual differences are weighted equally in the
average. MAE ranges from zero to infinity. Lower values
are better [10,66,67].

It measures the magnitudes of the error, weighted on the
squares of the errors. Though, it does not indicate the
direction of the error; however, it is good in penalizing

Root mean square error (RMSE) large errors. It is sensitive to large values (e.g., in
precipitation) and outliers. This is very useful when large
errors are undesirable. Ranges from zero to infinity. Lower
values are better [10,68,69].

Mean absolute error (MAE)

Accuracy

Synchronization focuses on the predictive capabilities of a
model. It shows how much a simulated value agrees with
an observed value in the signs of their anomalies without

Synchronization (Syn) taking magnitudes into consideration. Therefore, the
evaluated synchronization, in a probabilistic sense, is
similar to accuracy. The best synchronization is 100%
[10,13,70,71].

Std helps to determine the spread of simulations and/or
observations from their respective means, i.e., how far
from the mean a group of numbers is. It has the same unit
as the mean [10,21,72,73].

It is used for comparing the degree of variation from one
data series to another (in this case between forecast or
simulation and observation where the means are
Coefficient of variation (CoV) significantly different from one another). A lower CoV
implies a low degree of variation while a higher CoV
implies a higher variation. Therefore, the higher the CoV,
the greater the level of spreading around the mean [10,21].

Standard deviation (Std)

Precision This makes it possible to access the statistics of different
fields (observations and simulations) on the same scale.
Here, Taylor diagrams are used to depict the normalized
standard deviation in line with correlation coefficients. The
diagrams are able to measure how well observations and

N lized standard . : . o
ormatizec siandar simulations match each other in terms of 1. similarity as

deviation (NSD) measured by correlation coefficients, and 2. deviation
factors as measured by normalized standard deviations.
Taylor diagrams are able to provide a summarizing
evaluation of model performance in simulating
atmospheric parameters [10,21].
3. Results

3.1. Seasonality (and Reliability)

Here, the ability of the w@h2 model to replicate seasonality and its deviations from
it are investigated, bearing in mind that the reliability of a probabilistic forecast is the
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Guinea Zone

statistical consistency between each class of forecasts and the corresponding distribution
of observations that follows such forecasts [12]. Statistical metrics used to support the
evaluation of reliability, in this paper, are climatology, mean bias, and the use of scatter
diagrams. More details are depicted in Table 1.

3.1.1. Precipitation

The w@h2 model is able to capture the monthly mean distributions of rainfall spatially
and temporally (Figures 2 and S1). As the rain band transverses hundreds of kilometers
from south inland to north during the first half of the calendar year, w@h?2 is able to capture
the maximum rainfall along the coastal Guinea areas as well as the tropical aridity climates
over the Sahel (Figures 2 and S2a—c). The spatial correlations (r) between w@h?2 simulations
and CRU/ERAS observations range from 0.68 to 0.85 (Figure Sla). While the model is able
to reliably simulate the characteristic of rainfall in August over both Savannah and Sahel,
when these zones normally experience their rainfall peaks, it is also able to capture the
pause in rainfall intensities along the coastal Guinea areas in August—the little dry season
(LDS: Figures 2 and Sla—c). However, the LDS as simulated by w@h?2 extends from Sierra
Leone to southern Cameroon (Figure Sla), contrary to the Cote d’Ivoire to southeastern
Nigeria extent as observed by CRU and ERA5 (Figure S1b,c).

$qunqoh ang IthgIang
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6.0
>
F =
©
. 4.0
E —
€
2.0 —_W@nh2 {Ensemble Mean)
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1OI°E 20°E 20°W 10°W 0° 1OI°E 20°E 20|°w 1o|°w 0° 10I"E 20°€

Figure 2. (Top panels) Areal averages of monthly mean distributions of rainfall (mm day~!) for each
climatological zone: (left) Guinea, (middle) Savannah, and (right) Sahel. (Bottom panels) Mean
spatial distributions of rainfall (shaded; mm dayfl) over West Africa for the month of August: (left)
w@h2 ensemble mean simulation, (middle) CRU-observation, (right) ERA5-reanalysis. Stippling on
the bottom panels indicate areas, over West Africa, that usually experience the little dry season (LDS)

in August.

Figure 52a shows that w@h2 rainfall over Guinea is consistently too low from June to
October. Savannah rainfall is too high during March-May and too low during June—October
(Figure 52b), while Sahel rainfall is too high from April to September (Figure S2c). The bias
ranges of +5 mm day ! (Figure S2d,e) are small in comparison to rainfall totals over most
of the region.
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Guinea Zone

3.1.2. Temperature

The spatial correlations (r) of the monthly temperature climatology between w@h?2
simulations and CRU/ERAD5 observations are generally greater than 0.9 (Figure S3a—c).
w@h2 under-estimates the temperature in all the climatic zones by 0.5-2.0 °C (Figure S4a-e),
though with patches of inconsistent over-estimations over the Sahel.

In addition, the w@h2 model captures the four main characteristics of the seasonal
cycle of near-surface maximum temperature over West Africa. First, the model captures the
two peaks of maximum air temperature exhibited annually in all the climatic zones, with
the primary peak being from February to May, and the secondary peak being in October—
November (Figures 3, S3a—c and S4a—c). Second, the model also agrees with observations
that the Sahel region is always warmer than both the Savannah and coastal Guinea regions,
except during the boreal winters. Third, the model agrees that there is a dip in the annual
maximum temperatures over all the climatic zones during the peak of the rainy season (i.e.,
in August: Figures 3 and S3a—c). Lastly, the annual north—south oscillation of the thermal
depression is also captured by the w@h2 model (Figure S3a—c), this being a large expanse of
areas where the lowest atmospheric pressure coincides with surface temperature maximum
(Figure 3) [44,46,47].

Sovonnoh Zone . Sohel Zone .

33.0

31.0

29.0

23.0

21.0

PR

_—____W@h2 (Ensemble Mean)
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©27.0
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Figure 3. (Top panels) Areal averages of monthly mean distributions of near-surface maximum
temperature (°C) for each climatological zone: (left) Guinea, (middle) Savannah, and (right) Sahel.
(Bottom panels) Mean spatial distributions of near-surface maximum temperature (shaded; °C)
over West Africa for the month of August: (left) w@h2 ensemble mean simulation, (middle) CRU-
observation, and (right) ERA5-reanalysis.

3.2. Association

Association, a statistical measure of the strength of a linear relationship between a
paired simulation and observation/reanalysis datasets, is evaluated here by the use of
spatio-temporal Pearson’s Product-Moment Correlation Coefficient (r) (Table 1). To a low
extent, we also utilize the coefficient of determination (CoD) which is simply the square of
r. CoD measures the level of skill attainable when the biases are eliminated.

The inter-annual variability of Savannah rainfall for August and Sahel near-surface
maximum temperature for May are shown in Figure 4 (see Figure S5 for other months and
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zones). The observed (CRU/ERAD) values generally fall within the spread, notably during
the unusually wet August 1999 over the Savannah and hot May 1998, 2010, and 2016 over
the Sahel. There are some cases though when observed values are outside the spread of the
ensemble members, such as the cool May 1991 over the Sahel.

we@ehnh2 (EnS Meon) o——6——5 ERAS (F\’eo) —

w@h2 (Ens Memb) A—a——A—a—A CRU (Obs) —

63.33%(0.62) 63.33%(0.43)

L
1990 1995 2000 2005 2010 2015
S U P U R S

w@h2 (Ens Mean) o oo o o ERAS5 (Rea)

wW@h2 (Ens Memb) CRU (Obs)

70%(0.43)
L AL

66.67%(0.5)
SASREEALIN- RSy

T T T T T T T T T T T

—
1990 1995 2000 2005 2010 2015

Figure 4. Areal averages of inter-annual variations of top panel—precipitation anomalies (mm day ')
over Savannah in August and bottom panel—near-surface maximum air temperature anomalies (°C)
Sahel in May. Values of synchronization (%) and the temporal correlation, r (in brackets), between the
w@h2 ensemble mean precipitation and temperature and CRU (left) and ERAS (right) are written at
the bottom of each panel.

The linear relationship between the w@h2 model’s temperature simulations and ob-
servations are strongly direct, while it is less strong for precipitation simulations. For
correlations, 7, values as large as 0.78 and 0.89 were evaluated for precipitation and tem-
perature, respectively (Figure 5); however, cases of weak relationships with r as low as
~—0.4 are also present for individual simulations (Figures 5 and S5-57). Cases of weak
relationships are more noticeable in the inter-annual variabilities of monthly precipitation
simulations than in temperature (Figures S5-57). For both precipitation and temperature
simulations, the strength of linear associations diminishes as we move to the drier north
towards the Sahel (Figures 5 and S5-58).
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Figure 5. Monthly spreads of the correlation coefficient, r, between the w@h2 simulations and the
observed and reanalyzed (a) area-averaged precipitation [ensemble mean (red circles) and ensemble
members (box and whisker plots)], and (b) areal-averaged near-surface maximum air temperature
[ensemble mean (blue stars) and ensemble members (box and whisker plots)] over the climatological
zones. Months are on the horizontal axes, e.g., 2.0 represents February.

Irrespective of the magnitudes, the ability of the ensemble means of the w@h2 model
to capture the anomaly sign of the observed precipitation and temperature is generally
greater than 40%, and at most 90% (Figure S5a—f). In other words, the model’s ensemble
mean will adequately predict the sign of 2 out of 5 observations correctly, and will, at most,
simulate about 9 out of 10 observations correctly (synchronization ~ 90%).

The normalized standard deviations (NSD) of the majority of the ensemble members
are greater than those of the ensemble means (Figures S6 and S7). This is because of the
averaging that filters out the simulated variabilities of the ensemble means [60,69]. These
imply that the discrepancies between the ensemble means and observations, CRU/ERAS,
are smaller than the discrepancies between individual ensemble members and observations.

Furthermore, there are noticeable differences and similarities in the way w@h2 model’s
precipitation and near-surface maximum temperature simulations associate with obser-
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vations (CRU/ERADS). Figure S8a—d shows that r between precipitation simulations and
observations contain both direct and weak linear relationships, while cases of strong direct
linear relationships dominate the r between the temperature simulations and observa-
tions. For instance, the correlations exhibited by the precipitation ensemble means are
—0.4 <1 < 0.78 while those of temperature are 0 < r < 0.8 (Figure 5a,b). Some of the precipi-
tation ensemble means and members exhibited weak linear relationship with observations
on monthly basis, except in July and August for CRU, and July, August, and September
for ERA5 over coastal Guinea (Figure 5a). This is, however, different for temperature
simulations where all the ensemble means exhibited direct linear relationship, of various
strength, with observations on monthly basis (Figure 5b). The best performance here is
over Guinea where none of the temperature ensemble members had a negative linear
relationship with observations, i.e,, 0 <r <1.

Four similarities are typical to the associations of the w@h2 model’s precipitation
and temperature simulations with observations. Firstly, the CoD for both precipitation
and temperature simulations are generally less than 0.5. Higher values, 0.5 < CoD < 0.8,
are recorded during the peaks of the monsoon seasons. This corroborates the values of r,
and implies that the w@h2 model may also be skillful when biases are absent. Secondly,
the spatio-temporal linear associations seem to strengthen with observations as rainfall
seasons set in and stabilize. These are very obvious during the months of July, August, and
September (Figure S8a—d). Thirdly, the strength of linear associations, for both precipitation
and temperature simulations, diminishes as we move north towards the Sahel. And lastly,
all values of the associations of the ensemble means are enveloped by the spreads of the
ensemble members’ associations (Figure 5). However, while the values of associations are
generally greater than the 75th percentiles of the spreads in temperature simulations, they
do not have any agreeably defined positions in precipitation simulations. The implications
here are that the w@h2 model exhibits more significant associations during the peak of the
West African monsoon seasons than the rest of the year. However, cautions are encouraged
in terms of significant associations when applying the simulations over the Sahel.

Summarily for temperature, the ensemble mean always has a stronger correlation
with observations than do most of the simulations; for precipitation, the rule seems to
hold but maintain the sign of the correlation, i.e., a stronger anti-correlation when most
simulations have negative r. The temperature’s positive correlation may be attributed to
the strong warming trend over the experimental period [74], while the weak correlations
for precipitation may primarily reflect the inter-annual variability [75,76].

3.3. Skill

The ranked probability skill score (RPSS) is used here to evaluate the ability of the
w@h2 model to reproduce the observed monthly inter-annual variations in precipitations
and near-surface maximum temperature over West Africa (Table 1). RPSS measures the
forecast accuracy with respect to a reference observation (e.g., observed climatology) as the
scores reflect discrimination, reliability, and resolution.

Positive skills, 0 < RPSS < 1, dominate Guinea and Savannah zones in all the months
for both precipitation and temperature. However, the reverse is the case over Sahel in
precipitation simulations (Figures 6 and S9). Nevertheless, all the values of RPSS from
the ensemble means are within the spreads of the ensemble members’ RPSS; though, the
spreads are of diverse thickness, the broadest being exhibited over Guinea zone. The
ensemble means of the w@h2 model, with reference to the two observations (CRU/ERAD),
returned positive values of RPSS for precipitation over Guinea throughout the year and
positive values of RPSS for temperature over all the climatological zones, also throughout
the year (except in January with reference to ERA5 over Sahel: Figure 6). Generally, while
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the skills of the w@h2 model with respect to precipitation simulations, over Sahel, may not
be significantly impressive, the model may however have skills to detect heat waves that
usually ravage West Africa during the boreal springs as well as skills to capture the LDS
over Guinea zone.
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Figure 6. Monthly spreads of the ranked probability skill score (RPSS) for w@h2 simulations with
respect to observed and reanalyzed (a) precipitation [ensemble mean (red circles) and ensemble
members (box and whisker plots)], and (b) near-surface maximum air temperature [ensemble mean
(blue stars) and ensemble members (box and whisker plots)] over the climatological zones. Months
are on the horizontal axes, e.g., 2.0 represents February. Missing red circles, blue stars, and/or error
bars (either in parts or wholly) indicate that RPSS < —1.0 for the month. Note the different vertical
scales for the precipitation and temperature panels.

3.4. Accuracy

As suggested by [10], we utilized mean absolute error (MAE), root mean square error
(RMSE), and synchronization as measures to estimate accuracy in this paper. As tabulated
in Table 1, MAE is a measure of the average magnitude of largest error that can be expected
from a forecast without considering their directions. It is a linear score, meaning that all
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the individual differences are weighted equally in the average. Similar to MAE, RMSE
also does not indicate the direction of the error, but it penalizes large errors. In contrast,
synchronization shows how much a simulated value agrees with an observed value in the
signs of their anomalies, without taking magnitudes into consideration.

The maximum average difference, as depicted by MAE, between the w@h2 model sim-
ulations and the observed (CRU/ERADB) precipitation over West Africa is about 5 mm day !
(Figure S10a,b). The average differences grow in values as rainfall season is setting in. High
values of MAE, like 3 to 5 mm day_l, are more vivid between the months of March to
October and are more present in the southern coast of Guinea. In line with annual char-
acteristics of rainfall, these high values migrate northward in a rainfall-like pattern and
annual oscillation. Interestingly, they start to retreat southward in August/September. The
relatively low values of MAE from November to February do not imply higher accuracy
in rainfall estimation by the w@h2 model than the other months (Figure S10a,b); these are
months of relatively very low precipitation (Figures 2 and S1). The error magnitudes in
precipitation do not represent up to 50% of over- or under-estimations in most parts of the
sub-region. Therefore, the w@h2 model cannot be labeled as a biased estimator of rainfall.
Nevertheless, as recommended by [77], we may need to apply caution when utilizing £30%
of rainfall estimations as an indicator of biasness and accuracy.

The maximum average difference between the w@h2 model simulations and the
observed (CRU/ERAD) near-surface maximum temperature over West Africa is about 4 °C
(Figure S10c,d). Generally, these differences are less than 2.8 °C. The higher values of MAE
tend to occur in the early monsoon months of May, June, July, and August, predominantly,
over northern Savannah and southern parts of Sahel. The lower differences, MAE, that
dominate the larger spatial expanse of West Africa, in all months, presumably make the
w@h2 model an accurate estimator of near-surface maximum temperature.

There are sharp differences in RMSE and MAE produced from the precipitation simu-
lations of the w@h2 model. For example, the maximum RMSE in precipitation simulation
is about 10 mm day ! (Figure S11a,b), while the maximum MAE is about 5 mm day !
(Figure S10a,b). This difference is, though, not large enough to indicate the presence of very
large errors in the simulation; it, nevertheless, signals that the precipitation simulations
have large variance in the individual errors of its samples due to the existence of extreme
precipitation values (the outliers). It is the outliers that introduces the random errors, i.e.,
the variability and/or noise in the internal system of the precipitation simulations.

All errors are possibly of the same magnitudes in the near-surface maximum temper-
ature simulated by the w@h2 model. This is because RMSE and MAE are almost equal
in magnitudes (panels ¢ and d of Figures S10 and S11). In similarity to MAE, RMSE is
generally <2.8 °C. This implies that it is the bias errors that are predominant here, meaning
that the deviations in the temperature simulations, from observations, are not due to chance
alone. They are, rather, systemic in nature. The exception here is in October-December
over Sahel (Figure S11d), where there are sharp disagreements between CRU and ERA5
datasets (RMSE > 4 °C). Investigating the causes of these disagreements is outside the scope
of this work.

While corroborating the depictions on Figure S5a—f, Figures 7 and 512 show that
the abilities of the w@h2 model to simulate the actual anomaly signs of the observed
precipitation and near-surface maximum temperature correctly is generally between 20
and 80% for precipitation ensemble members, and between 25 and 95% for temperature
ensemble members. These imply that any ensemble member of the w@h2 model, picked
at random, will at worst/best simulate 1 out of 5 (synchronization ~ 20%)/4 out of 5
(synchronization =~ 80%) actual signs of the anomalies correctly for precipitation, while,
also at random, they will simulate at least 1 out of 4 (synchronization ~ 25%) actual signs
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of the anomalies and at most more than 9 out of 10 (synchronization ~ 95%) actual signs of
the anomalies correctly for temperature. When combined, the model’s ensemble means
of precipitation and temperature synchronize between 40% and 90% (Figures 7 and 512).
This shows that at worst they (i.e., the ensemble means) will simulate 2 out of 5 actual
anomalies correctly, and will, at best, simulate 9 out of 10 actual signs of the anomalies
correctly. Conclusively, while the w@h2 model may not be accurate in terms of getting the
magnitudes of climate parameters right due to inherent presence of biases of different types,
it may however be accurate in simulating the actual anomaly signs of the climate parameters
rightly, to some significant extent. This is good because the ability to reliably /accurately
simulate the actual anomaly signs of observed climate parameters is one of the special
attributes of a model that is needed for seasonal climate predictions and applications.
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Figure 7. Monthly spreads of synchronization (%) of w@h2 simulations with the observed and
reanalyzed (a) precipitation [ensemble mean (red circles) and ensemble members (box and whisker
plots)], and (b) near-surface maximum air temperature [ensemble mean (blue stars) and ensemble
members (box and whisker plots)] over the climatological zones. Months are on the horizontal axes,
e.g., 2.0 represents February.
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3.5. Precision

As shown in Table 1, precision is here evaluated with the use of the coefficient of
variation (CoV) and the normalized standard deviations (NSD). CoV, the ratio of standard
deviations as measures of spreads to the mean of the sample populations, is used to deter-
mine the degrees of variability within the simulated and the observed climate parameters.
Specifically, we employed the bias produced by CoV (i.e., CoV nodel minus CoVgpservation) t0
really know which of the two (simulations or observations) produces more spatio-temporal
variabilities. NSD is used to measure the deviation factors between the simulations and
the observations.

The degrees of spatio-temporal variability within the simulated and the observed
climate parameters (precipitation and near-surface maximum temperature) are depicted
in Figure S13. The w@h2 model produces largely lesser spatio-temporal variabilities
in precipitation in comparison to observations and almost normal deviations in spatio-
temporal variabilities for temperature simulations. The largely sub-zero (~=—50%) spatio-
temporal variabilities are clearly evident in precipitation simulations as depicted by the
biases of CoV (Figure S13a,b) over Savannah and Sahel zones, except during the months of
July-August (peaks of raining season) when the CoV biases do not significantly deviate
from zero (+10%), meaning that, during the monsoon seasons, the degrees of spatio-
temporal variabilities around the mean is almost the same for precipitation simulations
and observations.

Biases of CoV in temperature simulations range between £1% (Figure S13c,d). Ex-
ceptions here are during the dry months of December-March, when largely negative CoV
biases are visible over Savannah and Sahel zones. The implications of CoV biases, here, are
that the degrees of spatio-temporal variabilities around the mean are almost the same for
both temperature simulations and their observations during the wet seasons. Therefore,
generally speaking, the w@h2 model simulations perform precisely well during monsoon
seasons in terms of simulating precipitation and near-surface maximum temperature. Sum-
marily, on the average, the inter-annual variabilities of simulated w@h2 precipitation and
near-surface maximum temperature do not significantly exceed those of observations.

The discrepancies, as depicted by NSD, are majorly less than a factor of 1.0. As
depicted in Figure 8 and Figures S6 and S7, the discrepancies between the ensemble means
and observations (i.e., CRU/ERAS) are smaller than the discrepancies between individual
ensemble members and observations. For precipitation simulations, NSD is growing larger
(>1) as we move northwards towards the Sahel zone (Figure 8a). Meanwhile, NSD tends
to a factor of 1.0 as the monsoon seasons are approached for temperature simulations
(Figure 8b). This shows that there are little or negligible deviations between simulated
and observed temperatures during the monsoon seasons. Generally, the majority of the
ensemble means’ NSD values are outside the spreads of the ensemble members’ NSD;
specifically, below the first percentiles (the minimum on the error bars). These behaviors
on the path of the ensemble means confirm the “precise nature” of the ensemble means
over the members as already documented, e.g., [78-83].
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Figure 8. Monthly spreads of normalized standard deviations (NSD) of w@h2 simulations with
respect to observed and reanalyzed (a) precipitation [ensemble mean (red circles) and ensemble
members (box and whisker plots)], and (b) near-surface maximum air temperature [ensemble mean
(blue stars) and ensemble members (box and whisker plots)] over the climatological zones. Months
are on the horizontal axes, e.g., 2.0 represents February. Missing red circles, blue stars, and/or error
bars (either in parts or wholly) indicate that NSD > 2.0 for the month.

4. Discussion

This study is motivated by the generation of a remarkably huge ensemble of sim-
ulations, from which a sub-set of 71 ensemble members per year were utilized. The
achievement allows denser sampling of the climate distributions, allowing more precise
calculation of climate model properties [84]. We seek to provide a performance evalua-
tion of the w@h2 simulations over West Africa using the framework of RASAP (reliability,
association, skill, accuracy, and precision) measures.

The results show that, to a moderately significant extent, w@h2 model provides little,
if any, predictive information for precipitation during the dry season, but may provide
useful information during the monsoon seasons. This means that a prospective user gets to
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decide whether it is “useful” for his/her particular application. This evaluation provides a
prospective user with information that he/she can use to decide whether the model might
be “useful or not”. For instance, a prospective user may ignore rainfall simulations during
the dry seasons (when there are no activities to predict), but consider it for the wet seasons.

Contrary to the results for precipitation, the w@h2 model provides sufficient predictive
information for the near-surface maximum temperature over West Africa throughout the
year. For example, the model is able to reproduce all the annual characteristics of maximum
air temperature, such as (1) the two peaks of maximum air temperature over all the climatic
zones; (2) the Sahel being the warmest of all the zones, except during the boreal winters;
(3) the dip in the annual maximum temperatures over all climatic zones during the peak of
the rainy season; and (4) the annual north-south oscillation of the thermal depression.

The analyses carried out in this paper have provided some statistical insights to the
nature of the w@h2 simulations over West African region. The w@h2 modeling system
was designed for the investigation of the behavior of extreme climate under anthropogenic
climate change, i.e., event attribution. For event attribution, as earlier stated, measures of the
performance of a model in terms of climate variability may be more relevant than measures
of the mean climatology [23,29-31]. In addition, ref. [28] opines that a single-model initial-
condition large ensemble (SMILE), if less than 30 members, may analytically underestimate
precipitation variability, vis-a-vis distribution. Therefore, the w@h2 model is unique in
being able to produce large sample sizes that are able to show that sampling quality of the
tails of the distribution is no longer the primary constraint/source of uncertainty.

Refs. [29,31] point out that if the unforced variability of a model, in comparison to
observation, is too small/large then the model will be too keen/not keen enough to attribute
an event’s occurrence to emissions. Here, the seemingly substantial bias and low variability
in its precipitation and temperature simulations present the model as too keen to attribute
an event to emissions. In addition, high skills, especially during the monsoon seasons,
probably mean that there is a lot of predictability in the system. Therefore, for an SST-forced
system like w@h?2, this means that event attribution conclusions are conditional on the
occurrence of the observed SST state [85].

Furthermore, the lack of obvious quality of the w@h2 model in terms of rainfall
simulations during the dry seasons may not mean that it has a bias for event attribution
analysis. It may only mean that there is no evidence that strongly supports the notion that
w@h?2 is accurately simulating the appropriate processes for extremes. But, on the contrary,
predictive skills for the onset season suggest that w@h2 may be getting processes right.

Opverall, the performance achieved in terms of RASAP suggests that the w@h2 model
could be suitable for forecasting in various socio-economic sectors, e.g., agriculture, water
resource management, health, etc. In addition, the model’s ability to robustly simulate
surface maximum temperatures is particularly important for adaptive ecosystem man-
agement and the protection of species sensitive to changing climate. With this moderate
performance, w@h?2 thus joins the growing population of models that may be utilized to
support science and decision-making [9]. However, the model’s deficiencies (in terms of
the underestimation of rainfall in the Guinea region and the overestimation in the Sahel)
are noted. These deficiencies, in terms of biases, in the quantitative reproducibility of
the temperature and precipitation point to the fact that the w@h2 model does provide a
reliability akin to that of the regional climate models [86]. Nevertheless, this calls for further
calibration and refinement of the model to better represent extreme climate conditions;
but, investigating the reasons for the model’s deficiencies is beyond the scope of this work.
The investigation shall be attended to in the second part of this work, where we intend to
consider the model’s reproducibility of atmospheric dynamics that influence and modulate
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West African weather and climate. Then, we will fully be able to say if the model is doing a
reasonable job of capturing processes over West Africa.

Supplementary Materials: The following supporting information can be downloaded at https://
www.mdpi.com/article/10.3390/atmos16040392 /s1: Figure S1. Monthly mean spatial distributions
of rainfall (shaded; mm dayfl) over West Africa for (a) w@h2 ensemble mean simulation, (b) CRU-
observation, and (c) ERA5-reanalysis. The values of the spatial correlation, r, between rainfall
distribution of the ensemble mean of w@h2 simulation and CRU (black texts) and ERA5 (red texts)
are written at the bottom of each sub-panel in panel a. Stippling in August of all panels indicate areas,
over West Africa, that usually experience the little dry season (LDS) in August; Figure S2. Scatter plots
of the monthly cycles of rainfall distributions over the climatological zones of West Africa: (a) Guinea,
(b) Savannah, and (c) Sahel, where observations (CRU/ERAS5) are expected to align on the 45°
diagonal lines in the case of a perfect simulation, and the monthly mean spatial distributions of
rainfall bias (shaded; mm dayfl) for (d) w@h2 minus CRU observation and e) w@h2 minus ERA5
reanalysis over West Africa; Figure S3. Monthly mean spatial distributions of near-surface maximum
temperature (shaded; °C) over West Africa for (a) w@h2 ensemble mean simulation, (b) CRU-
observation, and (c) ERA5-reanalysis. The values of the spatial correlation, r, between the temperature
distributions of the w@h2 ensemble mean simulation and CRU (black texts) and ERA5 (red texts)
are written at the bottom of each sub-panel in panel a. Figure S4. Scatter plots of the monthly cycles
of near-surface maximum temperature distributions over the climatological zones of West Africa:
(a) Guinea, (b) Savannah, and (c) Sahel, where observations (CRU/ERAD5) are expected to align on
the 45~ diagonal lines in the case of a perfect simulation, and the monthly mean distributions of
temperature bias (shaded; °C) for (d) w@h2 minus CRU observation and (e) w@h2 minus ERA5
reanalysis over West Africa. Figure S5. Areal averages of inter-annual variations of monthly: top
row—precipitation anomalies (mm dayfl) over (a) Guinea, (b) Savannah, and (c) Sahel; and bottom
row—near-surface maximum air temperature anomalies (°C) over (d) Guinea, (e) Savannah, and
(f) Sahel. Values of synchronization (%) and the temporal correlation, r (in brackets), between the
w@h2 ensemble mean precipitation and temperature and CRU (left) and ERAS (right) are written at
the bottom of each sub-panel. Figure S6. Taylor diagrams, of Figure S5a—c, showing the normalized
standard deviations (NSD: horizontal axes) and the correlation coefficients, r (curved axes), between
individual precipitation simulations (w@h2 ensemble mean: red circles, and ensemble members:
blue circles) and observations—top row: CRU (black semi-circle) over (a) Guinea, (b) Savannah, and
(c) Sahel; and bottom row: ERA5 (black semi-circle) over d) Guinea, (e) Savannah, and (f) Sahel.
Triangles represent correlations that are less than zero. NSD of November and December over Sahel
are to be multiplied by factors of 3 and 2 for CRU and ERADS, respectively, to get their true values.
Figure S7. Taylor diagrams, of Figure S5d—e, showing the normalized standard deviations (NSD:
horizontal axes) and the correlation coefficients, r (curved axes), between individual near-surface
maximum temperature simulations (w@h2 ensemble mean: red circles, and ensemble members:
blue circles) and observations—top row: CRU (black semi-circle) over (a) Guinea, (b) Savannah, and
(c) Sahel; and bottom row: ERA5 (black semi-circle) over (d) Guinea, (e) Savannah, and (f) Sahel.
Triangles represent correlations that are less than zero. Figure S8. Monthly spatial distributions of
correlation coefficients, r, between w@h2 ensemble means of (top panels) precipitation and (bottom
panels) near-surface maximum temperature and observations—(a,c) CRU, and b, d) ERA5 over West
Africa. Stippling in all the panels indicate areas with significant correlations at the 2-sided 10%
significance level. Figure S9. Monthly spatial distributions of ranked probability skill score (RPSS)
for w@h?2 ensemble means of (top panels) precipitation and (bottom panels) near-surface maximum
temperature and observations—(a,c) CRU, and (b,d) ERA5 over West Africa. Note the different
scale for temperature and precipitation panels. Figure S10. Monthly spatial distributions of mean
absolute errors (MAE) for w@h2 ensemble means of (top row) rainfall (mm day—!) and (bottom row)
near-surface maximum temperature (°C) simulations with respect to (a,c) CRU (w@h2 minus CRU
observations) and (b,d) ERA5 (w@h2 minus ERA5 reanalysis) over West Africa. Figure S11. Monthly
distributions of root mean square errors (RMSE) for w@h?2 ensemble means of (top row) rainfall
(mm dayfl) and (bottom row) near-surface maximum temperature (°C) simulations with respect
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to (a,c) CRU observations and (b,d) ERA5 reanalysis over West Africa. Figure S12. Monthly spatial
distributions of synchronization (%) for w@h2 ensemble means of (top row) rainfall and (bottom
row) near-surface maximum temperature simulations with respect to (a,c) CRU-observations and
(b,d) ERA5-reanalysis over West Africa. Figure S13. Monthly spatial distributions of the bias of
coefficient of variation (CoV) (CoVy,@n; minus CoVcry,/Eras) for (top row) rainfall and (bottom
row) near-surface maximum temperature simulations with respect to (a,c) CRU-observations and
(b,d) ERA5-reanalysis over West Africa.
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