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Abstract

During the COVID-19 pandemic, authorities paid particular attention to
the number of hospitalized individuals and had an interest in forecasting
the evolution of the situation, especially at the hospital level. In this con-
text, we propose a model that is a simplified version of the well-known
SIR compartmental model of infectious diseases. On several occasions,
with optimized parameters and initial conditions, this time-invariant two
parameter two-dimensional model is able to fit COVID-19 hospitalization
data over several months with high accuracy (e.g., the root relative squared
error is below 10% for Belgium over the period from 2020-03-15 to 2020-
07-15). We also investigate three methods such as stochastic uncertainty,
parameter uncertainty and model uncertainty to produce confidence inter-
vals for the SH model. Moreover, we observed that, when the model is
trained on a suitable three-week period around the hospitalization peak
for Belgium, it forecasts the subsequent two months with mean absolute
percentage error (MAPE) under 4%. We repeated the experiment for each
French department and found 14 of them where the MAPE was below 20%.
However, when the model is trained in the increase phase, it is less success-
ful at forecasting the subsequent evolution.

Malaria disease is endemic in Senegal and is the cause of most cases of
hospital visits during the rainy season. We use generalized linear models
(GLMs) with probability distributions such as Poisson, negative binomial
and Gaussian to forecast malaria incidence taking into account climatic
variables such as rainfall, average temperature and relative humidity, and
the history of malaria incidence in Dakar, Fatick and Kedougou, three dif-
ferent endemic regions of Senegal. Forecasting algorithm methods are de-
veloped by considering protocols: (1) the meteorological explanatory vari-
able X; is taken at time t — /;, where f represents the time of the forecasts,
{;is the lag in X; that maximizes its correlation with the malaria incidence;
(2) the meteorological explanatory variables are assumed to be available at
time t. We investigate the efficiency of the scipy.optimize.fmin solver
as an alternative to the default method for GLMs, Newton-Raphson. Pa-
rameter uncertainty was studied in order to produce confidence intervals
for forecasts. In addition, a saturation method is introduced on the rain-
fall variable to remedy some overestimations observed during the fore-
casts. As results, the lowest MASE_test’s are observed with the protocol
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(2), which gives 0.94 in Dakar, 0.92 in Fatick and 0.8 in Kedougou. These
values indicate an excellent accuracy of the model with our datasets. The
application of the saturated rainfall has reduced by 4% in the sense of
MARE the over-estimation occurring at the end of 2015 only with proto-
col (1), in Dakar.
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Abbreviations and glossary

UCAD: “Université Cheikh Anta Diop”.
PNLP: “programme national de lutte contre le paludisme".
WHO: world heath organization.
GLM: generalized linear model.
SARIMAX: seasonal autoregressive integrated moving average with ex-
planatory variables.
RDT: rapid diagnostic test.
lid: independent and identically distributed.
PCR: polymerase chain reaction.

Important terms [VW10, WHOHMO03].
Beta () The rate at which two specific individuals come into effective con-
tact per unit time. Technically it is the per capita rate at which two specific
individuals come into effective contact per unit time. It is also sometimes
referred to using other names, such as the transmission coefficient, trans-
mission rate, contact parameter, etc.
Compartmental model A model in which individuals in the population
are subdivided into broad subgroups (compartments) and the model tracts
individuals collectively.
Examples of compartmental model’s structures:

* SI: Susceptible-infectious.

¢ SIS: Susceptible-infectious—susceptible.

¢ SIR: Susceptible-infectious-recovered.

* SIRS: Susceptible-infectious-recovered—susceptible.

* SEIRS: Susceptible—pre-infectious—infectious-recovered—susceptible.

Deterministic model A model which describes what happens on average
in a population and does not incorporate the effects of chance.

Endemic infection An infection that is present in a population at a similar
level over a prolonged period.

Epidemic The increase and subsequent decrease in incidence following the
(re) introduction of an infection in a population. Also refers to the occur-
rence of cases in a given locality at a frequency which greatly exceeds that
expected.
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Epidemiology This term is used to refer to the study of patterns of diseases
(including those which are non-communicable) or infections in a popula-
tion.

Fitting Fitting refers to the process of finding the best parameters for a
model to solve a specific real problem with a high level of accuracy (ac-
cessed on 2023/07/17 at: https://www.datarobot.com/wiki/fitting/).
Forecast It is an estimate of what future observations will be if the under-
lying process continues as it has in the recent past [Bro04].

Hyperendemic areas Intense seasonal transmission but not sufficient enough
for a very high proportion of the population to develop protective immu-
nity.

Hypoendemic areas A very little transmission and low risk of infection to
the population.

Holoendemic areas Year round transmission with a high degree of immu-
nity among the population of all age groups, particularly adults.
Incidence (rate) The number of new events, such as infections or cases in
the population at risk (usually susceptibles), per unit person per unit time.
Note that the number of new events per person in the general population
per unit time is also frequently referred to as the “incidence” in epidemio-
logical and medical literature and surveillance reports. For rare events, this
measure is identically to the incidence defined using the strict epidemio-
logical definition.

Infection An infection may be defined as the invasion of an organism by a
smaller (infecting) organism.

Mesoendemic areas Typically rural villages mainly in subtropical regions
with varying intensity of transmission and often prone to malaria epi-
demics.

Pandemic An epidemic that occurs worldwide.

Susceptible An individual who has not yet been infected and is at risk of
infection.

Time Series A time series is a sequential set of data points, measured typi-
cally over successive times. It is mathematically defined as a set of vectors
x(t),t =0,1,2,... where t represents the time elapsed [AA13]. The vari-
able x(t) is treated as a random variable. The measurements taken during
an event in a time series are arranged in a proper chronological order.
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Notations

Y, (#): malaria incidence at month t. Consequently, the history of malaria
incidence is denoted by Y, (t —6),6 > 1.

Rfo(t): rainfall variable on month t.

RH,(t): relative humidity variable on month ¢.

Tpo(t): average temperature variable on month ¢.

I,(t): number of COVID-19 confirmed cases on day ¢.

H, (t): number of COVID-19 hospitalized patients on day .

E,(t): number of COVID-19 patients entering the hospital (number of lab-
confirmed hospital intakes) on day t.

Lo (t): number of COVID-19 patients discharged from the hospital on day
t.

Ry (t): number of COVID-19 patients recovered on day t.

D, (t): number of COVID-19 patients deaths from the hospital on day .
B, (t): insecticide-treated bed-nets (ITNs).

Ao (t): artemisinin-based combination therapy (ACT).

The subscript ,, stands for “observed”.

viii
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1.1

Introduction

Context

Modelling is to convert a real-world problem into a problem of a math-
ematical nature in order to enable us to understand and predict. Under-
standing the transmission characteristics of infectious diseases in commu-
nities, regions, and countries can lead to better approaches to decreasing
the transmission of these diseases [Het00].

Indeed, mathematical models are used in comparing, planning, im-
plementing, evaluating, optimizing various detection, prevention, ther-
apy, and control programs. Epidemiology modeling can contribute to the
design and analysis of epidemiological surveys, suggest crucial data that
should be collected, identify trends, make general forecasts, and estimate
the uncertainty in forecasts [Het89]. Examples of data can be the number
of infected persons, the number of hospitalized, the recovered time, the
mortality rate etc.

In this thesis, we are interested in two infectious diseases: COVID-19
pandemic in Belgium and malaria endemic in Senegal.
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1.2 About COVID-19

1.2.1 Epidemiological situation

He coronavirus (SARS-CoV-2) is a pathogenic infectious agent caus-

ing severe acute respiratory syndrome. It was originally identified

in Wuhan (China) [AWS'21] and was officially declared a pan-
demic by the WHO on March 11, 2020.

Its origin is not very sure, and has been intensely debated between the
scientists. According to [VS22], SARS-CoV-2 would come from a form of
coronavirus that exists on bats. Through zoonotic transmission, this virus
has then evolved into a "human coronavirus", known today as COVID-
19. Different animals could have been the host of the virus, transmitting it
from the bats to the humans. However, the pangolin is the most suspected
host, even if there still are some ongoing investigations on other possible
host animals of this virus.

The SARS-CoV-2 virus is known to spread between people in several
different ways [Who21].

* Current evidence suggests that the virus spreads mainly between
people who are in close contact with each other, for example at a con-
versational distance. The virus can spread from an infected person’s
mouth or nose in small liquid particles when they cough, sneeze,
speak, sing or breathe. Another person can then contract the virus
when infectious particles that pass through the air are inhaled at
short range (this is often called short-range aerosol or short-range air-
borne transmission) or if infectious particles come into direct contact
with the eyes, nose, or mouth (droplet transmission).

* The virus can also spread in poorly ventilated and/or crowded in-
door settings, where people tend to spend longer periods of time.
This is because aerosols can remain suspended in the air or travel
farther than conversational distance (this is often called long-range
aerosol or long-range airborne transmission).

* People may also become infected when touching their eyes, nose or
mouth after touching surfaces or objects that have been contaminated
by the virus.
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Laboratory data suggests that infected people appear to be most infectious
just before they develop symptoms (namely 2 days before they develop
symptoms) and early in their illness. People who develop severe disease
can be infectious for longer.

The spread of the disease occurred so quickly that no one was prepared
for it. A consequence of this has been the difficulty to manage the situation
in the hospitals, and especially in the intensive care units. The hospital
staff had to deal with an extremely large number of patients in need of
intensive care, without either extra workforce nor extra material [WK]JB20].
Hospital staff faced a lack of beds in the intensive care units, as well as a
lack of oxygen masks and oxygen cylinders. The care units thus became
rapidly overcrowded and the staff overwhelmed [GWT*20]. The situation
generally became highly critical.

To relieve the situation, the governments of many countries put a num-
ber of measures in place with the most prominent ones being social distanc-
ing, quarantines, and testing with various tests, such as PCR and antigen
tests. These measures have been considered short-term solutions. Soon,
more durable solutions where introduced, among which five vaccines ap-
proved by the European Commission [Com22], which are BioNTech and
Pfizer, Moderna, AstraZeneca, Janssen Pharmaceutica SA and Novavax.
The main goal was to reduce the number of deaths caused by COVID-
19 and to reduce the number of hospitalized patients. Therefore, lock-
down was imposed which means that people weren't allowed to travel
anymore and that almost every public place was closed: schools, restau-
rants, unessential shops, companies, cultural places.

Regarding this situation, it was judged very important to develop fore-
casting models in order to plan measures against the future evolution of
this pandemic.

State of art

Many methods of modelling the transmission of the COVID-19 have been
developed. These methods where based on compartmental models, and in
particular the well-known SIR model [KMW27], used since the early 20th
century to model infectious diseases; see [Het00] and references therein.
Certain methods are related to the prediction of the future of this pan-
demic. In [AWS™21], an SEIR model is proposed to predict hospitalization
cases, based on real data, and to predict the resurgence of the COVID-19

I3
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epidemic taking into account the age structure of the population, and dif-
ferent government strategies (physical distancing, quarantine, lockdown,
school closure, work at home and transport closure) to fight the pandemic.
[Gab20] uses the common SIR model to show how the cumulative number
of deaths can be regarded as a master variable to estimate some epidemi-
ological parameters such as the reproduction number Ry, the size of the
susceptible population and the infection rate. In this study, the data ex-
plored come from Spain, Italy, New York and Hubei Province.

In Belgium, some transmission models were developed during the pan-
demic of COVID-19.

Michel Rigo in “Modeles mathématiques et confinement" [Rig20] has
studied the evolution of the epidemiological curves of S and R related to
the COVID-19 spread through an SIR model.

Then, Niel Hens and al. [AWS*21] used a stochastic discrete time com-
partmental model to describe the transmission of COVID-19 in Belgium.
In this study, the authors take into account the age-structure by integrat-
ing data on social contacts to (i) assess the impact of the lockdown as im-
plemented on March 13, 2020 on the number of new hospitalizations in
Belgium; (ii) conduct a scenario analysis estimating the impact of pos-
sible exit strategies on potential future COVID-19 waves. More specifi-
cally, their model is fitted to hospital admission data, data on the daily
number of COVID-19 deaths and serial serological survey data informing
the (sero)prevalence of the disease in the population while relying on a
Bayesian MCMC approach. The Authors declare that despite an extensive
exploration of various projections for the future course of the epidemic,
based on the impact of adherence to measures of physical distancing and
a potential increase in contacts as a result of the relaxation of the stringent
lockdown measures, a lot of uncertainty remains about the evolution of the
epidemic in the next months.

In [CLP*21], the authors developed a stochastic compartmental model
(SEIR), data-informed, meta-population model that accounts for mixing
and mobility of the age-structured population of Belgium. The model is
calibrated to daily hospitalization data and is able to reproduce the out-
break at the national level. This model is able to successfully describe (fit)
the initial wave of COVID-19 in Belgium and identifies interactions dur-
ing leisure/other activities as pivotal in the exit strategy. According to
the authors, scenarios predicting a second wave of hospitalizations were
not observed, suggesting that the per-contact probability of infection has
changed with respect to the pre-lockdown period.

4 |
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The main difference between these studies and our work remains the
approach related to the parameter estimation method, the data assimila-
tion (for the generation of the initial conditions) defined in Section 3.2
and the machine learning (for the train-test approach) presented in Sec-
tion 1.5.5.

About malaria

ALARIA is an infectious disease caused by a parasite called Plas-

modium transmitted by a mosquito (female Anophele). It can also

be passed to human by blood transfusion, sharing needle or con-
genitally [P]B14].

Life cycle of anopheline mosquitoes

Mosquitoes have four different stages in their life cycle: eggs, larva, pupa
and adult [WHOHMO3]. The time taken for the various stages to develop
depends on temperature and nutritional factors in their environment. De-
velopment is shorter at higher temperatures.

Eggs: A female anopheline mosquito normally mates only once in her life-
time. She usually requires a blood meal after mating before the eggs can
develop. Blood meals are generally taken every two to three days; be-
fore the next batch of eggs is laid. About 100 to 150 eggs are laid on the
water surface during oviposition. Oviposition sites vary from small hoof
prints and rain pools to streams, swamps, canals, rivers, ponds, lakes and
rice fields. Each species of mosquito prefers different types of habitats to
lay eggs. Under the best conditions in the tropics, the average lifespan
of female anopheline mosquitoes is about three to four weeks. A female
mosquito continues to lay eggs throughout her lifetime. Most females will
lay between one and three batches of eggs during their life, though some
may lay as many as seven batches.

Larva: A larva hatches from the egg after about one or two days and gen-
erally floats parallel under the water surface, since it needs to breathe air.
It feeds by taking up food from the water. When disturbed, the larva
quickly swims towards the bottom but soon needs to return to the surface
to breathe. There are four larval stages or instars. The small larva emerg-
ing from the egg is called the first instar. After one or two days it sheds
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its skin and becomes the second instar, followed by the third and fourth
instars at further intervals of about two days each. The larva remains in
the fourth instar stage for three or four more days before changing to a
pupa. The total time spent in the larval stage is generally eight to ten days
at normal tropical water temperatures. At lower temperatures, the aquatic
stages take longer to develop.
Pupa: The pupa is the stage during which a major transformation takes
place, from living in water to becoming a flying adult mosquito. The pupa
is shaped like a comma. It stays under the surface and swims down when
disturbed but does not feed. The pupal stage lasts for two to three days
after which the skin of the pupa splits. Then the adult mosquito emerges
and rests temporarily on the water’s surface until it is able to fly.
Adult: Mating takes place soon after the adult emerges from the pupa. The
female usually mates only once because she receives sufficient sperm from
a single mating for all subsequent egg batches. Normally the female takes
her first blood meal only after mating, but sometimes the first blood meal
can be taken by young virgin females. The first batch of eggs develops
after one or two blood meals (depending on the species), while succes-
sive batches usually require only one blood meal. The feeding and resting
habits of mosquitoes are of great importance in control programmes and
for this reason they must be well understood. Most anopheline mosquitoes
bite at night. Some bite shortly after sunset while others bite later, around
midnight or the early morning. Some mosquitoes enter houses to bite
and are described as being endophagic; others bite mostly outside and are
called exophagic. After the mosquito takes a blood meal she usually rests
for a short period. Mosquitoes that enter a house usually rest on a wall,
under furniture or on clothes hanging in the house after they bite and are
said to be endophilic. Mosquitoes that bite outside usually rest on plants,
in holes, in trees or on the ground or in other cool dark places and are
called exophilic.

Authors in [GBMM16, OG17] have defined parameters related to mosquito
development (growth) and activity as function of temperature and rainfall.

* Mosquito’s biting rate (per day) defined as:
a(T,R) = B;(T,R)/2.325. (1.1)

¢ Birth rate of juveniles (per day) defined as:
Bi(T,R) =10B,(T, R). (1.2)
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* Adult mosquito birth rate (per day) defined as:
Bo(T,R) = ngPe(R)PL(T,R)Pp(R)/ (1 + 1.(T) + 1p). (1.3)
¢ Daily survival probability of eggs defined as:
Pe(R) = (4 x 0.9/R?)R(R; — R). (1.4)
* Daily survival probability of larvae defined as:

Pr(T,R) = (4 x 0.25/R?)R(Ry, — R) x ¢~ 0:00554T=0.06737 = (1 5

* Daily survival probability of pupae defined as:

Pp(R) = (4 x 0.75/R?)R(R, — R). (1.6)

® Duration of larvae development defined as:

7.(T) = 1/(0.00554T — 0.06737) (days). (1.7)

* Juvenile mosquito death defined as:

u;(T) = 0.0025T2 — 0.094T + 1.0257. (1.8)

* Progression rate of mosquitoes death defined as:

2o (T) = e—l/(—0.03T2+1.31T—4.4). 1.9)

¢ Adult mosquito death defined as:

u(T) = —Inay(T). (1.10)

But the estimation of the parameters contained in these equations is
possible only with adequate and reliable collected data.

1.3.2 Epidemiological situation

According to the 2020 World Health Organization (WHO) report, malaria
caused 627,000 deaths, 95% of which were registered in the African Re-
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gion. The number of malaria cases reduced from 2000 (238 millions re-
ported cases) to 2019 (229 millions reported cases). In spite of this diminu-
tion, malaria is still endemic in many countries in the world, particularly
in Africa.

In Senegal, the most of malaria cases occur during the rain season and
in the entire country, from June to November. This disease constitutes a
major public health problem according to the PNLP.

However, to reduce the vector density, the morbidity and the mortal-
ity due to malaria, several strategies have been developed in recent years,
namely insecticide-treated bed-nets (ITNs), Vaccines, Anti-Malarial Drugs
(mainly the artemisinin-based combination therapy (ACT)) and indoor resid-
ual spraying (IRS) [Mal15].

In Senegal, the following strategies are adopted for malaria control ac-
cording to [dLcIP16, FCG18]:

* Long-lasting insecticide-treated nets (LLINs): the national strategy
includes a goal of universal coverage of LLINs through mass cam-
paigns and routine distribution during antenatal clinics and immu-
nization campaigns.

¢ Indoor residual spraying (IRS): based on the malaria incidence and
entomological data, spraying with the IRS is conducted by the se-
lected district level administration. The districts are chosen in zones
where the incidence was greater than 15 malaria cases per 1000.

¢ Intermittent preventive treatment for pregnant women (IPT): at least
80 % of pregnant women are protected by the IPT according to na-
tional guidelines. It is conducted at all health facilities offering ante-
natal care (ANC) nationwide. Moreover, all pregnant women should
receive at least three doses of sulfadoxine-pyrimethamine (SP) start-
ing in the second trimester, with at least 1 month between doses.

* Rapid diagnostic tests (RDTs): the malaria cases are confirmed on 100
% by RDT or “goutte épaisse”, in accordance with national guide-
lines.

¢ Artemisinin combination therapy (ACT): any malaria case must be
confirmed with sure and effective anti-malaria drugs accordance with
national guidelines. The provision of drugs such as ACT, SP, Qui-
nine, Arthésunate, Artemether, Rectocaps up to 99 % is taken care of
by public services.
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¢ “Prise en charge a domicile" (PECADOM): home-based management
of malaria is implemented at the community level, where community
health workers (“Dispensateur de soins a domicile-DSDOM") con-
firm malaria cases with RDTs, provide treatment with ACTs and refer
complicated cases to health facilities.

* Focal test and treat (FTAT): it is a form of reactive case investigation
(RCI) carried out in one northern district (Richard Toll).

® Seasonal malaria chemoprevention (SMC): at least 95 % of children
between 3 to 120 months in the targeted zones are protected by the
CPS. It is currently implemented in 16 high transmission districts
meeting WHO SMC criteria.

* Case management: all patients receive RTDs and ACT free of charge
at all levels of the health system. Testing with microscopy is available
at health centers and hospital laboratories.

Some combinations named scale-up for impact are also developed for ef-
fective interventions in the form of targeted packages: (1) SUFI = bed nets,
intermittent preventive treatment in pregnancy, rapid diagnostic tests and
artemisinin combination therapy; (2) SUFI + reactive case investigation (fo-
cal test and treat); (3) SUFI + indoor residual spraying (IRS); (4) SUFI +
seasonal malaria chemoprophylaxis (SMC) and (5) SUFI + SMC + IRS.

To meet the challenge of eradicating this infectious disease mathemati-
cal modelling can be a precious tool.

State of art

The first important contribution in mathematical modelling on malaria dis-
ease comes from the works of R. Ross (a medical doctor, a mathematician,
and an epidemiologist) in 1911 [BN16]. He models the human (host) pop-
ulation divided into two compartments (S: susceptibles and I: infectious),
and mosquito (vector) population divided into two compartments (S: sus-
ceptibles and I: infectious). Then, Kermack et McKendrick proposed an SIR
model to explain the rise and the rapid decline in the number of infected
patients observed during outbreaks such as plague (to London in 1665, in
Bombay in 1906) or cholera (in London in 1865). It was brought in the fore-
front in the late 1970s by Anderson and May [Rig20]. Since then, several
mathematical models have been used to provide an explicit framework for
understanding disease transmission dynamics in human population.
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In [ADB"13], an SI-SI model is proposed to show that the use of insec-
ticide treated Nets (ITNs) would lead to the elimination of malaria if and
only if, 75% of the population used them. For this, authors model how the
bed-net limits the contact between vector (mosquito) and host (human),
and also how it kills mosquitoes due to the insecticide applied on the bed-
net. They define the transmission rate as B(b) = Bumax — b(Bmax — Bmin),
where b is the proportion of bed-net use (0 < b < 1), and Byax and By, are
the maximum and the minimum transmission rates, respectively. More-
over, they define the death rate of the mosquitoes as i, (b) = po, + Dpimax
where j1y, is the natural death rate for mosquitoes, and b,y is the death
rate due to pesticide on treated bed-net. The usage of bed nets and in-
door residual spraying is also studied in [OSJF13], to show the level impact
of their combination into the community. Then, authors in [Res17], used
an SEIR-SEI model to show how the increase of Vaccine or Anti-malarial
Drugs effectiveness can reduce the number of female Anopheles. The dis-
ease disappears from the population within a certain time.

Some studies incorporate the climate change. In [GBMM16], the ef-
fect of the temperature and the rainfall is taken into account in a compart-
mental transmission model. Results reveal that malaria burden is likely
to increase in the tropics, the highland regions, and East Africa and along
the northern limit of falciparum malaria. Then, in [DDAAB20a], authors
developed an SEIR-SEI mathematical model with seasonal mosquito life-
history traits in Mpumalanga province in South Africa. A global analysis
of the model was provided and it was concluded that there was an accor-
dance to the simulation results with the seasonal variation of the reported
cases.

But estimating parameters, with this kind of model, can be difficult,
even relying as much as possible on data from the literature. That can jus-
tify a priori the use of simple statistical models, such as generalized linear
models (GLMs) [P]83, Lin97, GS93] or seasonal autoregressive moving av-
erage with exogenous variables (SARIMAX) [LAA17, KPT*10].

Examples of GLM includes the Poisson regression developed first in
1997 by Nelder and Wedderburn [Lee20]. But also, the negative bino-
mial (NB) [AMA19], the quasi-Poisson [Nak97], and the zero-inflated re-
gression [AMA"19]. In general, the Poisson regression model is the most
used discrete distribution for data fitting. But, the assumption of equality
in observations mean and variance can limit its application on the over-
dispersed data [Lee20, AMA ™19, Nak97].

In [BVGT08], a study has been conducted to compare the performance
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of three time series models such as the exponentially weighted moving av-
erage, the autoregressive integrated moving average (ARIMA) and the sea-
sonal autoregressive integrated moving average (SARIMA), on monthly
malaria cases at district level. In that study, the number of malaria cases
in neighbouring districts and rainfall in the same district was used as a
covariate to improve the predictions. The authors used the train-test ap-
proach and they defined the prediction criterion which is the mean ab-
solute relative error (MARE) to evaluate the model’s accuracy. As result
in [BVG"08], the best model (without extrinsic explanatory variables) var-
ied by district and forecasting horizon.

In another study [ALPP16], these model types are also used for malaria
incidence fitting data in Afghanistan. In that work, Bayesian variable se-
lection within a geostatistical model was employed to identify important
environmental and climatic risk factors of parasitaemia. The fitting result
of the models with the different values of the order parameters (p, d, 4) was
compared [ALPP16].

A GLM is applied in [GGK ™ 12] where authors provide spatially explicit
burden estimates of malaria in Senegal using the Senegal Malaria Indica-
tor Survey (SMIS) data and Bayesian geostatistical Zero-Inflated Binomial
models based on variable selection methods for spatial data.

A comparative work of existing models is made in [NPC21]. In these
studies, a SARIMA model has been considered to work best with time se-
ries data that exhibited periodic or seasonal characteristics and was able to
predict the seasonal trend of malaria. That model type is only suitable for
a stationary or seasonal process. As for a NB regression model, it correctly
identified the association between climate variables (taken as explanatory
variables) and the rate of malaria transmission. That last model type can
make good forecasts, but is not ideal for prediction in subsequent months
or years.

The novelties of our work in relation to these studies are the use of
the Machine Learning approach presented in Section 1.5.5, the saturation
of the rainfall explanatory variable defined in Section 6.1.3 and the use of
the history of the falciparum malaria incidence count as an explanatory
variable defined in Section 6.4.1.
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Thesis objectives

This thesis intervenes in the modelling of two infectious diseases: COVID-
19 in Belgium and malaria in Senegal with the following objectives.

1. To make forecasts from COVID-19 data a few weeks or months ahead.
We used data from Belgium due to the online open access of data by
Sciensano and the reporting quality of these data. We also used data
from France, the United Kingdom and Luxembourg for comparison
analyses and model consistency analysis. All data sources are re-
ported in Appendix A and Section A.2.

2. To propose models that produce h-days-ahead forecasts (with /1 a
forecast horizon) and confidence intervals of the falciparum malaria
incidence count per month in various locations in Senegal. To assess
the accuracy of such forecasts.

3. To provide governments or public health officials with a model ca-
pable of forecasting the number of patients who would be infected
at a given date with the aim of setting up an alert system for effec-
tive anticipatory decision-making, adequate and proportional to the
evolution of an epidemic or pandemic.

It benefits from a collaboration between UCLouvain (Louvain-la-Neuve,
Belgium) and UCAD (Dakar, Senegal).

In Section 1.5, we will present the different methods or models used in
this thesis without a full description of their use.

Methodology

Transmission models

Let’s consider a deterministic SIR model based on [KMW?27, Het00], when
population is divided on tree groups: S(t) is the number of susceptible at
time ¢, I(t) is the number of infectives (all infected people are infectious),
R(t) is the number of recovered people with permanent immunity. If we
do not take account the births, deaths and migration, the total population
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size N is fixed. Thus, we can have a very simple model where the differen-
tial equations which describe the rate of change in the number of suscep-
tible, infectious and immune individuals at time ¢ are represented in the
following system:

$(t) = —Ls(n)1(t) s(0)>0
i(t) = §S(OI(H) —y1(t) 1(0) >0 (111)
R(t) = ~I(t) R(0) >0

where N = S(t) + I(t) + R(t), B is the contact parameter and 7 is the
specific rate at which infected individuals recover from the disease. By
comparison, we have the difference equations which describe the number
of susceptible, infectious and immune individuals at time t [VW10]

S(t+1) =S(t) — £S()I(t) S(0) >0
I(t+1) = I(t) + £S(8)1(1) = y1(t) 1(0) > 0. (1.12)
R(t+1) = R(t) +I(t) R(0)>0

Because of the assumptions in the SIR model in equation (1.11), it is
not possible to model an endemic situation (the rebounds or waves). To
take into account the endemic situation of a disease we have to consider
immigration, reproduction and reinfection, arriving to the so-called SIR
endemic model [Het76, JKKPS21].

Generalized Linear Models

One of the most important developments in statistics in the last few years
has been the introduction and widespread use of generalized linear models
(GLMs), as formulated by Nelder and Wedderburn [Lee20], [GS93] (chap-
ter 5) and [CT13] (Section 2.4).

A GLM respects the following steps:

e Random variable (R-v)

Y ~ f(Ye me), (1.13)

where Y; is the explained variable with mean y, f is the probability
density or mass of an exponential family, and ¢ is the observation
time.

| 13
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¢ Deterministic component (D-c)

k
n(Xe) =Y BiXyj, (1.14)
j=1

where 7 represents the linear predictor, X; is the vector of explana-
tory variables at time ¢, with X}; denoting the jth explanatory variable
at time ¢, f; is a regression coefficient and k represents the number of
explanatory variables.

e Link function (L-f)
g(pue) = n(Xe), (1.15)

where g represents a transformer function and

we=g (X B) (1.16)
=g " (B1Xn + -+ B Xu)-
According to [Lin97] (Section 1.4.3), the link function g permits to relate the
mean (y) of the tth observation and its linear predictor (7). Welet Xy =1,
t =1,...,n making B, the intercept. In the D-c step (equation (1.14)), the
regression coefficients B, . .., Bx are to be estimated on the train-set.
We now define the Poisson, negative binomial and Gaussian distribu-
tions, which we will consider for the density f in (1.13).

Poisson distribution

The Poisson distribution is probably the most used discrete distribution
because of its simplicity [ADA20]. Often used to model the number of
events occurring in a fixed period of time when the times at which events
occur are independent.

Its conditional probability mass function is defined as in [ADA20] and
also in [CT13, p. 71] by

Yy
oy Metexp(—p)
p(Yis ) = Y;! (1.17)

= exp[Yilog(pt) — pr — log(Yi!)].

Negative Binomial (NB) distribution

The negative binomial distribution describes a Poisson random variable
whose rate parameter is gamma distributed. That’s why it is called the
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Poisson-Gamma mixture distribution [AMAT19].
If we have x ~ Poisson(f) and 6 ~ gamma(a, b) then their probability
density functions are, respectively, defined by

gxe—?
x!

p1(x]0) =

(1.18)

and

pa(0) = Flzz)eﬂleb". (1.19)

Therefore, the probability density function of this Poisson-Gamma mixture
distribution is defined as follows

p(xl6,a,b) = [ pr(x16)pa(6) do

_ *6%e - b a—1 —bB
_/O R SOl

bﬂ
— / 9x+a716797h9 de
x!T(a) Jo

b'T'(x+a ®(14b)** 1
- x!F(a)((1+b))x+”/ (F(x+>a) o+ dg
b T(x+a)
x!T(a) (14 b)xta
I'(x+a) b?
x!T(a) (14 b)x+e
I'(x+a b* .
- JE!F(a)) TrmrassE W Ty =n
I'(x+a) b ., 1
F(x+1)F(a)(1+b) (1—|—b) '

Let’s denote by Y; = x, « = 1/a and ay; = b. In this case, the prob-
ability density function of the negative binomial distribution is given as
in [AMA™19, Lee20, Nak97] by

2=

“HE v 1.20
(THe%, a2

)?

I'(Y: + 1
p(Yt;Vt/“) l( t zx)
«

T(OT(Y;+1) 1+ap:
where I is the gamma function. Its mean is y; and its variance is y; +

ap?, where a is termed the dispersion parameter. Note that, if « — 0, the
negative binomial converges to the Poisson distribution [CT13, p. 85].
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Still in [CT13, p. 87], the GLM literature suggests choosing & so that
the Pearson statistic or deviance statistic equals n — k. In [CT13, p. 90],
authors suggest a advanced means to compute « using a technique they
call auxiliary ordinary least squares (OLS) regression without a constant
and described in capture 1.1. The principle is to fit the Poisson regression
model (defined in Section 1.5.2) on the dataset to get the fitted values de-
noted by A. Then, fitting the OLS regression model on the dataset with
these A values to get the estimate a.

The it"
outcome

Dependent Coefficient of Intercept of
variable of OLSR regression regression

Y = B,x + By

Auxiliary OLS regression to find d for the NB2 model (Image by Author)

Fig. 1.1 Estimating the dispersion parameter « for negative binomial re-
gression model by ordinary least squares (OLS) method [Dat20].

Normal distribution

Its probability density function is defined as in [Wik23] by

p(Ye | pt, T) = \/%eXp{—%(Yt _Vt)2}, (1.21)

where y defined in equation (1.16).

According to the PyMC3 Python package, the normal distribution can
be parameterized either in terms of precision (1) or standard deviation (¢).

The link between the two parametrizations is givenby 7 = —.
g
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1.5.3 Optimization methods

Maximum likelihood estimator (MLE)

According to [RC04, p. 6], the method maximum likelihood estimation is
quite a popular technique for deriving estimators. Starting from an iid
sample x = (x1,...,x,) from a population with density p(x|6y,...,6), the
likelihood function is

L(B|x) =L(61,...,0k|x1,--.,xn)

n (1.22)
= Hp(xilﬂl, .. .,Gk).
i=1

More generally, when the x;’s are not iid, the likelihood is defined as
the joint density p(xy, ..., x,|0) taken as a function of 6. The value of 6, de-
noted by 6, which is the parameter value at which L(6|x) attains its maxi-
mum as a function of 6, with x held fixed, is known as a maximum likelihood
estimator.

Newton-Raphson algorithm

When the goal is to solve an equation of the form f(6) = 0, a common
approach is to use a Newton-Raphson algorithm [RC04, p. 19] presented in
Algorithm 1, which produces a sequence x, such that

st = O — (L log,) £ (60n) (1.23)

until it stabilizes around a solution of f(f) = 0. Optimization problems
associated with smooth functions F are then based on this technique, using
the equation VF(0) = 0, where VF denotes the gradient (or score function)
of F, that is, the vector of derivatives of F. The corresponding techniques
are then gradient methods, where the sequence 6, is such that

0,01 =0, — (VV'E)"1(6,)VF(6,), (1.24)
where VV!F denotes the matrix of second derivatives of F.

Least squares estimator (LSE)

According to [con22], the objective consists of adjusting the parameters of
a model function to best fit a data set. A simple data set consists of # points
(data pairs) (X¢, Y;), t = 1,...,n, where X; is an independent variable and
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Algorithm 1: Newton-Raphson [Cle19]

1 Choose initial parameter estimate 9p = 0p;

2 Calculate score VF(0) [o—g,;

3 Calculate derivative of the function for which you want to calculate
the roots;

4 Walk along first derivative until line (plane) of the derivative
Crosses zero;

5 Update the betas Op11;

6 Iterate from step 2 - 5 until convergence.

Y} is a dependent variable whose value is found by observation. The model
function has the form f(X, p), where k adjustable parameters are held in
the vector B. The goal is to find the parameter values for the model that
“best” fits the data. The fit of a model to a data point is measured by its
errors and residuals in statistics residual, defined as the difference between
the observed value of the dependent variable and the value predicted by
the model: ry = Yt — f(Xt, ‘B)

The least-squares method finds the optimal parameter values by mini-
mizing the sum of squared residuals noted by S and defined by

S=Y rh (1.25)

Time series models: seasonal autoregressive integrated moving av-
erage with exogenous variables (SARIMAX)

The previous sections focus on examples of GLMs. This section presents
the SARIMAX model. This model will be used as an alternative model to
these GLMs for malaria incidence forecasting in chapter 7. The purpose
of using a time series model is that it generates autocorrelated data se-
quences [CT13, p. 264]. Therefore, the history of malaria data will not be
considered as an explanatory variable.
This model, whose concept was first developed by Box-Jenkins [LAA17],

is obtained by the following process, according to [doc] and [Chal6] (chap-
ter 3: Some Time Series Models):

+ — — — — .
AR +MA ARMA — ARIMA i?{%?( SARIMAX
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]

For k exogenous variables defined at each time step ¢, denoted by XtU
for j < k, with coefficients ;, the ARIMAX(p, d, q) model is defined by

k ,
O(L)PAY; = ®(L)1A%; + Y BiX], (1.26)
j=1

and the SARIMAX(p, d, q)(P, D, Q,s) model by

k .
O(L)PO(LS)PATAPY; = @(L)1¢p(L)CA AP e + Y B;X]. (1.27)
j=1

It can be denoted by ARIMA(p,d, q)(P, D, Q,s) [LAA17].

For non-seasonal data, p, d and g, respectively, represent the order of
the AR term (i.e, the number of lag observations the model will use), the
order of the MA term (i.e the number of times that the raw observations
are differenced till stationarity) and the number of differencing required
to make the time series stationary. While for seasonal data, we need to
add also the terms P, D, Q and s, respectively, corresponding to the num-
ber of seasonal lag observations the model will use, the number of times
that the seasonal observations are differenced till stationarity, the size of
the seasonal moving average window and the seasonal order meaning the
number of observations of one season.

Machine Learning principle

Machine Learning concerns the study and development of quantitative
models that allow a computer to perform tasks without it being explicitly
programmed to do them [MR20].

New example

Y

Training set — ’ Learning algorithm ‘ — ‘ Prediction function ‘

4

Predicted output
In the training phase (schematized by one-line arrows), a function mini-

mizing empirical error on a training set is found among a class of prede-
fined functions. In the test phase (schematized by two-line arrows), the
outputs of new examples are predicted by the prediction function.

| 19



1.5.6

1.6

1 | Introduction

The relevant choice of models for each disease

For COVID-19 modelling we used an SIR model because of its adaptability
to model the transmission of this disease and the data availability for each
of the compartments S: Susceptible, I: Infectious and R: Recovered. We
have not used GLMs with this disease as the external factors influencing
its transmission are not clearly identified. For example, in contrast with
malaria a climatic influence on the development of the virus (SARS-CoV-
2) responsible for its transmission is not fully proved. There is a lack of
well-identified explanatory variables for COVID-19, unlike malaria. The
emergence of variants and vaccination campaigns could be explanatory
variables, but their rather binary nature lends itself poorly to be taken into
account in a GLM with an explanatory variable of the count type (number
of infected or hospitalized persons).

As for malaria modelling, we did not use an SIR type model due to
the need to model the population of the vector (mosquito) because these
entomological data were not available. Instead, we opted for GLMs and
the SARIMAX time series as alternative model. They allow for explana-
tory variables, a crucial asset since pluviometry is known to have a major
influence on the malaria incidence. The meteorological explanatory vari-
ables such as the rainfall, the average temperature and the relative humid-
ity are known to influence the mosquitoes (Anopheles) ecology by affect-
ing its distribution, seasonality, and transmission intensity [LAA17, OG17].
Moreover, in contrast with an ordinary linear regression, GLMs allow the
explained variable to follow an arbitrary distribution. In particular, GLMs
subsume Poisson regression, which is a popular choice to model disease
incidence expressed as count.

Main contributions

We propose a method to learn the parameters and initial conditions of a
basic two-compartment epidemiological model. We show that, on the Bel-
gian data, when trained during a two-week period around the first peak,
this basic two-compartment model is able to predict the subsequent de-
crease over several months with a remarkably high accuracy (Section 3.4.2).
Unsurprisingly, predicting the start of the subsequent waves is much more
challenging. Perhaps more surprisingly, the prediction quality is signifi-
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cantly lower when the model is trained around the other peaks. We also
investigate alternative methods such as fitting a polynomial or an expo-
nential, which give less accurate forecasts than the proposed method.

As for malaria, we propose a method to forecast the falciparum malaria
incidence count a few months ahead taking into account explanatory vari-
ables such as rainfall, average temperature, relative humidity and history
of falciparum malaria incidence count per month, where each of them is
taken from a well determined lag (Section 6.2.1), in Dakar, Fatick and Ke-
dougou. We show that removing the history of falciparum malaria inci-
dence count per month from explanatory variables (Section 6.4.4) has a
strong adverse effect on the forecast accuracy. We develop algorithms (Sec-
tions 6.1.2, and 7.1) through a machine learning approach based on a sep-
aration of the data into a train-set to estimate the parameters and a test-set
to assess the forecast accuracy. In order to remedy the overestimations ob-
served during the forecasts, we develop a saturation method (Section 6.1.3)
where an increasing of the forecast quality in Dakar and Kedougou is ob-
served.

Contents of the thesis

Chapter 2: Data and indicators of measures

In this chapter, we present the datasets used in this thesis. We had the
COVID-19 data in Belgium, but also in France, Luxembourg and the United
Kingdom. We also had epidemiological data of malaria disease in three re-
gions of Senegal and meteorological data such as rainfall, temperature and
relative humidity in these regions. We present the discussion of these data.

Chapter 3: Assessment of COVID-19 hospitalization forecasts from
a simplified SIR model

This chapter contains the formulation of the SH model and describes sev-
eral methods to estimate the parameters and initial conditions. It also
presents all experimental results.
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Chapter 4: Alternative models

In this chapter, we use fatalities and patients discharged from the hospital
data in Belgium to propose an estimation of parameters such as the propor-
tion p, and vy, N and j, defined in chapter 3. We also present alternative
models to the SH model such as the polynomial model and the exponential
model, and the results associated.

Chapter 5: Producing confidence intervals

In this chapter, we present three methods of producing confidence inter-
vals for the SH model. We have a stochastic uncertainty method, a param-
eter uncertainty method and a model uncertainty method. We also present
the results of each method in local and global test with the data from Bel-
gium and France.

Chapter 6: Generalized linear models to forecast malaria incidence
in three endemic regions of Senegal

In this chapter, we describe the models by presenting the estimation and
the forecasting methods. We also present the saturation method. Finally,
we present the experimental results and the discussion of these results.

Chapter 7: Alternative forecasting methods of malaria incidence

In this chapter, we investigate the SARIMAX model and a second fore-
casting method by considering the GLM with Poisson distribution. We
also study a generalized parameter method for the three regions and we
present their results associated.

Chapter 8: Producing confidence intervals for GLM

In this chapter, we use methods: the stochastic uncertainty and the pa-
rameter uncertainty, defined in chapter 5, and a GLM default method to
produce confidence intervals for GLMs.
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Chapter 9: Mosquito density forecasting based on weather factors

In this chapter, we present data collected by the Pasteur institute of Sene-
gal such as the mosquito density, and the climatic variables: rainfall, tem-
perature and relative humidity in four village in Senegal. We apply the
GLM with Gaussian distribution and log as the link function to forecast
the mosquito density based on this above cited climatic variables.
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2.1.1

Data and indicators of
measures

HIS chapter is organized as follows. We present the data such as the

daily reported cases, the number of hospitalized patients at the mo-

ment of reporting (prevalence), the number of new hospital intakes
in the last 24h (incidence), the number of new hospital discharges (alive)
in the last 24h (incidence), the number of deaths, related to COVID-19 pan-
demic in Section 2.1 and we discuss them in Section 2.1.2. The data related
to malaria epidemic (the monthly malaria cases, the ITNs distributed, the
ACT distributed, the rainfall, the temperature, the humidity) are presented
in Section 2.2 and discussed in Section 2.2.2. These data are needed to
validate the proposed models. The accuracy measures are defined in Sec-
tion 2.3.

COVID-19 data

Data origin

The COVID-19 dataset (Figure 2.1) for Belgium and the data related to
COVID-19 death for Belgium are provided from ¢ to te, where t; is 2020-
03-15 and ¢, is 2020-07-15. The data related to the COVID-19 disease are
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presented in Figure 2.3. We will also mention results obtained with the
datasets (Figure 2.2) for France where f¢ is 2020-03-18 and ¢, is 2020-07-
17, for Luxembourg where £ is 2020-03-19 and ¢, is 2020-06-26 and for the
United Kingdom where t; is 2020-03-27 and ¢, is 2020-07-09. All datasets
URL links are presented in Appendix A.

DATE IPROV\NCEREG\ON NR_REPOFTOTAL_IN TOTAL_IN TOTAL_IN TOTAL_IN NEW_IN  NEW_OUT

1

2| 3/15/2020 Antwerper Flanders 14 50 9 4 0 8 8
31 3/15/2000 Brussels  Brussels 14 58 1 8 0 7 )
4| 3/15/2020 Hainaut  Wallonia 15 56 3 1 1 26 1
5| 3/15/2020 Limburg  Flanders 7 20 6 ] 0 9 ]
6| 3/15/2000 Lif\"ge Wallonia 12 n 1 1 0 4 1
7| 3/15/2020 Luxembou Wallonia ] 4 0 0 0 ] 0
8 | 3/15/2020 Namur ~ Wallonia 6 1 1 1 0 0 0
9 | 3/15/2020 QostVlaan Flanders 14 16 5 1 0 5 1
10| 3/15/2020 ViaamsBraFlanders 6 14 1 0 0 1 0
11| 3/15/2020 BrabantW: Wallonia 1 5 1 1 0 1 0
12| 3/15/2020 WestVlaar Flanders 1 19 3 1 0 f 1

Fig. 2.1 Data base structure (Excel screenshot) for Belgium.

1 |dep _Isexe jour hosp rea rad dc

2 1 0 3/18/2020 2 0 1 0
3 1 1 3/18/2020 1 0 1 0
4 1 2 3/18/2020 1 0 0 0
5 2 0 3/18/2020 41 10 18 11
(2] 2 1 3/18/2020 19 4 11 [
7 2 2 3/18/2020 22 5] 7 5
8 3 0 3/18/2020 aq 0 1 0
5 3 1 3/18/2020 1 o] (o] o]
10 3 2 3/18/2020 3 0 1 0
11 4 0 3/18/2020 3 1 2 0
12 4 1 3/18/2020 3 1 (0] 0
13 4 2 3/18/2020 0 0 2 0
14 5 0 3/18/2020 8 1 a 0
15 5 1 3/18/2020 1 0 7 0
16 > 2 3/18/2020 7 1 2 0
17 5} 0 3/18/2020 25 1 a7 2
18 e 1 3/18/2020 15 1 19 0
19 6 2 3/18/2020 10 0 28 2

Fig. 2.2 Data base structure (Excel screenshot) for France.
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Fig. 2.3 Evolution of the COVID-19 epidemiological data from 2020-03-
15 to 2020-07-15 in Belgium. We show the daily reported cases in (A), the
number of hospitalized patients at the moment of reporting (prevalence)
in (B), the number of new hospital intakes in the last 24h (incidence) in
(C) and the number of new hospital discharges (alive) in the last 24h (inci-
dence) in (D). We denote by cum_new_delta the cumulative of new_delta,
total_in_chg the difference between the hospitalized a time t and the hos-
pitalized at time ¢ — 1, new_out the difference between new_in and to-
tal_in_chg.

Discussion

In the data for Belgium (Figure 2.3), there is a mismatch between H, (t) and
Ho(t—1) 4+ Eo(t) — Lo(t) for most t, and Hoy(ts) + Z:e=t5+1 Eo(t) — Lo(t) is
significantly larger than Hy(fe). This can be due to the patients who get
infected at the hospital (they would be counted in H, without appearing
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in E,) and to the patients who die at the hospital (they would be removed
from H, without appearing in L,). In order to remedy this mismatch, we
redefine Lo(t) by Lo (t) := —Ho(t) + Ho(t — 1) + Eo(#).

For the French data, we sum the “rad” (daily number of new home
returns) and “dc” (daily number of newly deceased persons) columns to
get Lo(t). Since there is no column for E,, we define E,(t) = Ho(t) —
Ho(t - 1) + Lo(t)'

Several other COVID-19-related data are also available for Belgium and
France. In particular, the daily number of infected individuals, I,(t), is also
reported by health authorities. However, a visual inspection reveals that
the graph of I, (in Figure 2.3 A) looks less smooth than the graph of H, (in
Figure 2.3 B). Moreover, for the authorities, predicting H is more crucial
than predicting I. Therefore, as in [Koz20], we focus on H.

Malaria data

Data origin

We conducted this study because Senegal is a large laboratory of data re-
lated to malaria disease. Malaria has been endemic there for many years
with a high weather variability between regions due to the presence of the
ocean in the West country part, but also the variation of vegetation between
regions, from West (Dakar) and South-East (Kegoudou).

There are two principal malaria transmission zones in Senegal:

* Facies tropical: corresponding the regions of Ziguinchor, Kolda, Tam-
bacounda and Kedougou. In that zone, the raining season is the
longest and most intensive in the country and covers 5 to 6 months.
Malaria cases are observed between 4 to 6 months and the transmis-
sion is high (20 to 100 infected bites/ human/ year).

* Facies sahélien: corresponding the regions such as Kaolack, Fatick,
Diourbel, Dakar, Thies, Louga, Saint-Louis and Matam with a less
intensive rainy season and covers 2 to 3 months. The transmission is
very low in general (0 to 20 infected bites/ human/ year).

The historical data, such as the monthly malaria cases in the big sani-
tary districts in Dakar, Fatick and Kedougou (three regions of Senegal) and
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Fig. 2.4 Location of Dakar, Fatick and Kedougou, three regions in Sene-
gal (western Africa). The choice of these three regions is motivated by
data availability (notably the presence of villages where longitudinal stud-
ies have been conducted), but also by geographical differences: influence
of the ocean in the Dakar peninsula, tropical climate in Kedougou, and
savanna landscape in Fatick. These fundamental geographical differences
allow us to test the applicability of GLMs under drastically different evolu-
tions of the climate variables. Senegal is bordered by the Atlantic Ocean to
the west, Mauritania to the north, Mali to the east, and Guinea and Guinea-
Bissau to the south.

located in Figure 2.4, the (ITNs) distributed and the (ACT) distributed, be-
tween 2008 and 2016, come from the PNLP of Senegal (see Appendix A).

These data are registered in Excel folders where each of them contains
the following informations: “fiche récapitulative de la situation des malades
vus en consultation externe", “Fiche récapitulative des données du TPI",
“Fiche récapitulative des MILDA distribuées", “Fiche récapitulative traite-
ments ACT dispensés", “Fiche récapitulative de la situation des malades
hospitalisés" and “Fiche récapitulative des patients décédés en hospitalisa-

tion".
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We consider as malaria cases, the cumulative number of confirmed tests
by RDTs during the month, in all individual groups [dLcIP16, FCG™18].
For data by region, we grouped the data from all the different big sanitary
districts.

The hourly meteorological data, such as the temperature, the relative
humidity and the rainfall, between 2008 and 2016, come from meteoblue
(see Appendix A). To obtain adequate meteorological data for our study
(monthly time unit) we add up all the measured values of the month for
rainfall, we calculate the mean of all the measured values of the month for
temperature and humidity.

The districts in the three regions are

e Dakar: Centre, Ouest, Sud, Nord, Mbao and Pikine,
¢ Fatick: Foundiougne, Sokone, Passy, Diofior, Gossas and Fatick city,
¢ Kedougou: Kedougou city and Saraya.

Within each region, other districts different from those mentioned may ex-
ist, but we noticed some missing observations from 2008 to 2016.

Response variable

In this study, the response variable (or explained variable) is the falciparum
malaria incidence count per month (Y, (t)).

Independent variables

The available explanatory variables of this study are the malaria cases
count per month in the past (Y,(t — ¢)), the rainfall measured in millime-
tres (Rfo (t — J), mm), the average temperature measured in degree Celsius
(Tpo(t —9), °C), the relative humidity measured in percentages (RH, (t —
), %), the number of insecticide treated bednets distributed per month
(Bo(t — ¢)), and the number of antimalarial drugs distributed per month
(Ao(t — 6)) where we consider 6 = h,h+1,...,6, (h represents a forecast
horizon) and an artificial vector that we call intercept vector I equal to 1
for all t. These notations are explained in section called notations.
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Discussion

We are interested in the meteorological explanatory variables such as the
rainfall, the average temperature and the relative humidity because they
are known to influence the mosquitoes (Anopheles) ecology by affecting its
distribution, seasonality, and transmission intensity [LAA17, OG17]. For
example, the temperature influences the sporogonic development duration
of the parasite and many parameters related to the mosquitoes such as the
biting rate, the egg deposition rate and the death rate of immature and
adult [OG17]. The rainfall influences the availability and the quality of
the larval breeding grounds [NHE"01] and the maturation of immature
mosquitoes [OG17].

As for the bed-net and the drugs distributed, we took them because we
suppose that they constitute the main factors fighting against malaria dis-
ease [FCG"18], reducing its morbidity and its mortality. Needless to say,
the number of bed-nets actually used would be a more suitable explana-
tory variable, but this data is not available. Note that, in contrast with the
physical explanatory variables (Rf,, Tpo, and RH,), the human explana-
tory variables (B, and A,) may depend on the incidence in the past, and
they may also be influenced by models used by the health authorities. For
this reason, in most of our experiments, we only consider the physical ex-
planatory variables.

Our experiments use the epidemiological data from PNLP and the me-
teorological data from meteoblue from 2008-01-31 to 2016-12-31, in Dakar,
Fatick and Kedougou. In Figure 2.5-2.13, we present the plots of the vari-
ables in order to illustrate their annual distribution.

Accuracy measures

Since plotting all the results is out of the question, we have to return mea-
sures that give an account of the accuracy of the predictions. We denote
by Z the variable to measure. Among the many possibilities, we will favor
the measures defined as follows for an arbitrary period from ¢, to #y:

* Root mean square error (RMSE):

ty -
RMSE = \/ Lt B0~ ZOF, 1)
fp — fa + 1
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Fig. 2.5 Evolution of the monthly falciparum malaria incidence count
(black), the rainfall (mm, green), the relative humidity (%, cyan) and the
average temperature (°C, red) in Dakar. We make the following transfor-
mations in order to have a better display: Y, (f)/ min{Y,}, Tpo(t) * 2 and
RH,(t) * 2. Hence be mindful that the curves for humidity, temperature
and falciparum malaria incidence count are scaled.
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Fig. 2.6 Evolution of the monthly falciparum malaria incidence count
(black) the rainfall (mm, green), the relative humidity (%, cyan) and the
average temperature (°C, red) in Fatick. We make the following transfor-
mations in order to have a better display: Y, (t)/ min{Y,}, Tpo(t) * 2 and
RH,(t) * 2. Hence be mindful that the curves for humidity, temperature
and falciparum malaria incidence count are scaled.
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Fig. 2.7 Evolution of the monthly falciparum malaria incidence count
(black) the rainfall (mm, green), the relative humidity (%, cyan) and the
average temperature (°C, red) in Kedougou. We make the following trans-
formations in order to have a better display: Y,(t)/ min{Yo}, Tpo(t) * 2
and RH,(t) * 2. Hence be mindful that the curves for humidity, tempera-
ture and falciparum malaria incidence count are scaled.

16000
25000
L 14000
20000 - - 12000
8 L 10000 4
C 15000 - Q
Q Feooo C
o *]
'O 10000 - 6000 g
cC
—= - 4000
5000 1 - 2000

D_
2008 2009 2010 2011 2012 2013 2014 2015 2016 2017

Fig. 2.8 Falciparum malaria incidence count per month and the number
of insecticide treated bednets distributed per month in Dakar.

* Root relative squared error (RRSE):

P, (Zo(t) = Z(1))2

RRSE = ;
th:ta (Zo(t) — mean(Zo))z

2.2)
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Fig. 2.9 Falciparum malaria incidence count per month and the number
of insecticide treated bednets distributed per month in Fatick.
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Fig. 2.10 Falciparum malaria incidence count per month and the number
of insecticide treated bednets distributed per month in Kedougou.

where mean(Z,) = fb—ﬁ Z:b:ta Zo(t). This measure can be inter-
preted as the ratio between the RMSE of Z and the RMSE of mean(Z,).

¢ Mean absolute error (MAE):

1 o
MAE= —— Y |Z,(t) — Z()] . 23
%*%+h;ﬂd) (t)] (2.3)
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Fig. 2.11 Falciparum malaria incidence count per month and the number
of ACT distributed per month in Dakar.
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Fig. 2.12 Falciparum malaria incidence count per month and the number
of ACT distributed per month in Fatick.

The MAE is considered to have a better interpretability than the RMSE.
However, for comparisons between datasets, scale-invariant versions,
given next, should be favored.
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Fig. 2.13 Falciparum malaria incidence count per month and the number
of ACT distributed per month in Kedougou.

Mean absolute scaled error (MASE):

MASE = MAE . 2.4)

fp—1
tb%ta thzta |Zo(tL + 1) - ZO(t)|

This measure is inspired from [HKO06]. It consists of the ratio between
the MAE and the mean monthly variation of the observed values. A
MASE value around 1 or below indicates an excellent accuracy.

Mean absolute percentage error (MAPE):

NP ACEA0])

MAPE =
b tat 15 |Zo(t)]

(2.5)

While easy to interpret, this measure may be considered to give an
undue importance to errors on small values. Moreover, in the case,
encountered in practice, where Z,(t) = 0 for some ¢, it is undefined.

Symmetric mean absolute percentage error (sSMAPE):

1 o [Zo(t) — Z(1)]

sMAPE = :
b —ta+ 1,5 (IZo(t)] +12(1)])/2

(2.6)
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e Scatter index (SI) [SMNM?20]:

o VUMD, (2 -2)  (Z(t) - Z0)
VA £, Zo(t)

2.7)

¢ Reliability analysis [SMNM20]:
It is a statistical method for measuring the overall consistency of a
model by determining if this suggested model achieves a permissible
level of performance.

100% i3
RA=(—2° k(t), 238
(fb—fa+1)t;ta (t) (2.8)

where k’s are determined through two steps. First, the relative aver-

age error (RAE) is defined as a vector whose tth component is

Zo(t) = Z(t)
Zo(t)

Next, if RAE(t) < A, then k(t) = 1, otherwise k(t) = 0, where A is a
threshold value that is 0.2 (20%) based on Chinese standards.

RAE(t) = | . 2.9)

Partial conclusion

In this chapter, we presented all data related to COVID-19 and malaria dis-
eases. We used Belgium data because of open access and the quality of
reporting. As for malaria data, we considered the data in Dakar (hypoen-
demic zone), Fatick (endemic zone) and Kedougou (hyperendemic zone)
because of their availability, the variability of epidemiological variables
and climatic variables, and the diversity of malaria transmission zones be-
tween these regions.
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Assessment of COVID-19
hospitalization forecasts
from a simplified SIR model

HIS chapter is adapted from a published article [ADD21]. We fur-
ther add experiments with data from Luxembourg and the United
Kingdom.
The goal of this chapter is to use a simplified SH model for COVID-19
hospitalization forecasts.

The progression of an epidemic such as COVID-19 can be modeled by
rate processes

BSI
. B . I
Susceptible ==  Infectious L, Recovered

Letting S(t), I(t), and R(t) denote the number of susceptible, infectious
and removed (or recovered) individuals at time ¢, and letting S(t), [(t), and
R(t) denote their time derivatives, the SIR model consists in the following
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three-dimensional continuous-time autonomous dynamical system

$(t) = —%S(t)l(t) (3.1a)
1) = L5100 10 (3.1b)
R(t) = yI(t), (3.1c)

where N = S(t) + I(t) + R(t) is the constant total population and p and 7y
are parameters. The SIR model, and several (sometimes deep) variations
thereof, have been applied in several works to model the COVID-19 dy-
namics (see, e.g., [LGWR20, Atk20, FP20, CFP20, Koz20, Nes20b, Nes20a])
with known limitations [RVHL20, BEG™20, WF20, CGG20]. In [BD20], an
SIR-like model is used to make long-term forecasts. However, at the time
of writing this paper, it appears that studies are still rare (see [SM20, GC20,
GBAS20]) where the SIR-like model parameters and initial conditions are
learned on a “train” part of the available data in order to predict a sub-
sequent “test” part, making it possible to assess the forecast accuracy of
the model. We adapt the SIR model to the situation where (i) S, I and R
are hidden variables but I(t) is observed through a “proxy” H(t) = «al(t),
where « is unknown but constant, and (ii) not only § and -y but also the to-
tal concerned population N are unknown. In the context of the COVID-19
application, the proxy H will be the total number of lab-confirmed hos-
pitalized patients; the equation H(t) = aI(t) thus posits that a constant
fraction of the infected people is hospitalized. The proposed adapted SIR
model, which we term SH model, is given in equation (3.8). It has two state
variables (S—a scaled version S—and H) and two parameters (B—which
lumps together the parameters g, N, and a—and 7).

We leverage the proposed SH model as follows in order to make hospi-
talization forecasts. Given observed values (Ho(t))¢=s,...t., we estimate the
parameters f3, 7, and the initial conditions $(¢;) and H(#;) of the SH model.
Then we simulate the SH model in order to predict (H (t))t:tc+1,m,tf for a
specified final prediction time #;. This approach thus relates to the areas of
parameter estimation (for obvious reasons), data assimilation (for the gen-
eration of the initial conditions) and machine learning (for the train-test
approach).

The chapter is organized as follows. The SH model is derived in Sec-
tion 3.1. Several methods to estimate the parameters and initial conditions
are presented in Sections 3.2 and 3.3. Experimental results are reported in
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Section 3.4 and conclusions are drawn in Section 3.5.

Models

Case hospitalization ratio

We assume that, for all ¢,
H(t) = al(t) (3.2)

where « is unknown but constant over time. As already mentioned, equa-
tion (3.2) posits that a constant fraction of the infected people is hospital-
ized.

Equation (3.2) is reminiscent of [CFP20, (3)], where the number of dead
individuals plays the role of H and « is time dependent.

The relation H(t) = aI(t — A), where A is a delay, might be considered
more realistic than equation (3.2). We point out anticipatively that, in this
case, we can replace equation (3.6) by S(t) := aS(t — A), and we still get
equation (3.8). It follows that the forecasts produced by the forthcoming
model are independent of A, and we can thus restrict to A = 0, i.e., equa-
tion (3.2), without loss of generality.

Observation models

We assume the following observation models with additive noise:

Ho(t) = H(t) +en(t) (3.3a)
Eo(t) = E(t) +€g(t) (3.3b)
Lo(t) = L(t) +er(t) (3.3c)

The variables with the subscript , stand for the values provided in the
datasets; see chapter 2 and Section 2.1. The variables without the subscript
stand for the values given by the forthcoming model. The € variables ac-
count for the discrepancies between the former and the latter.

We do not make any explicit statistical assumption on the € variables in
this work. However, we point out that if we (questionably) assume them
to be independent Gaussian centered random variables, then some subse-
quent estimators admit a maximum likelihood interpretation.
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Proposed SH model
Multiplying equation (3.1a) and equation (3.1b) by «, and further multi-

plying the numerators and denominators by &, we obtain the equivalent
system

aS(t) = —% aS(t) al(t) (3.4)
wl(t) = % wS(8) al(£) — yal(t). (35)
Letting
5= as (3.6)
=t (37)

and using equation (3.2), we obtain the simplified SIR model

S(t) = —BS(HH(t) (3.8a)
H(t) = BS(H)H(t) — vH(t) (3.8b)

which we term the SH model. The “S” in this SH model can be interpreted
as the number of individuals susceptible of being hospitalized. The SH
model has only two parameters (B and 1), one hidden state variable (S) and
one observed state variable (H) with observation model equation (3.3a).

Note that, in the SH model equation (3.8), the number of patients enter-
ing the hospital by unit of time is

E(t) := BS(t)H(t) (3.9)
and the number of patients leaving the hospital by unit of time is

L(t) := yH(b). (3.10)

Estimation and prediction method

The goal is now to leverage the SH model equation (3.8) in order to predict
future values of H based on its past and current observations (Ho (t) )t=¢.,... t.-
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To this end, we have to estimate (or “learn”) four variables, which we term
estimands: the two parameters  and -y and the two initial values S(t;) and
H(t;), where t; is the chosen initial time for the SH model equation (3.8).
One possible approach is to minimize some error measure between the
simulated values (H(t))¢s,...t. and the observed values (Ho(t)):—,.. . as
a function of the four estimands. However, the error measure is not avail-
able as a closed-form expression of the four estimands, and this makes this
four-variable optimization problem challenging. We show in this section
that it is possible to estimate H(t;) and -y separately. This leaves us with an
optimization problem in the two remaining estimands B and S(#;), making
it possible to visualize the objective function by means of a contour plot.

Train and test sets

To recap, we have t; < t; < t. < to. The provided dataset goes from t;
to te. The test set, (Ho(t), Eo(t), Lo(t))te[t.+1,), IS not available to the fore-
casting algorithm; it is revealed only to compute the forecasting error (see
chapter 2 and Section 2.3). The SH model is initialized at t;, and we refer to
the data (Ho(t), Eo(t), Lo(t))efs, 1] as the train set, though it is legitimate to
widenitto t € [, t].

Estimation of H(#)

We simply take
H(t;) := Ho(t).

In view of equation (3.3a), this amounts to ey (t;) = 0.

Estimation of

We have L(t) = yH(f), see (3.10). In view of the observation model (3.3),
we can estimate y by a ratio of means:

te
/)\/RM _ Zt:ti LO(t)

. 3.11
', Holt) 1
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Several other estimators are possible, such as the least square estimator,

e T (L)
Z?:ti Ho (t)Ho(t)

Note that ¢; in the expression of 4 can legitimately be replaced by any
time between ts and t.. Only data in the test set, i.e., occurring after ¢, are
unavailable in the variable estimation phase.

Joint estimation of B and S(t;)

Now we have to estimate the two remaining estimands, namely B and
S(t;). We choose the following sum-of-squared-errors objective function

¢(B,S(ti)) = cu tg(H(f) — Ho(1))? +cp ) (E(t) — Eo(1))?

where the c coefficients are parameters, all set to 1 in our experiments un-
less otherwise stated. In equation (3.12), the values of H(t), E(t) (see equa-
tion (3.9)), and L(t) (see equation (3.10)) are given by the (approximate)
solution of the SH model equation (3.8) in which (i) H(#;) and vy take the
values estimated as above, and (ii) B and S(t;) take the values specified in
the argument of ¢.

Several methods exist to compute the required (approximate) solution
of the SH model equation (3.8); see [BW20]. Since the method will have to
be repeatedly called by the optimization solver, we opt for the simplicity
of the explicit Euler method with a time step of one day, yielding, for t =
t,...,tc—1,

S(t+1) = S(t) — BS(t)H(t) (3.13a)

H(t+1) = H(t) + BS(t)H(t) — vH(t). (3.13b)

Now that the objective function ¢ (also termed “cost function” or “loss
function”) is defined, we let the estimated (B, S(t;)) be the (approximate)

minimizer of ¢ returned by some optimization solver. The initial guess that
we give to the solver is the outcome of the successive estimation method
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that we will present in Section 3.3.1. If this proposed initial guess is nega-
tive, a situation that we observed on rare occasions in the late part of the
decrease phase, then we take its opposite.

Prediction of H

Recall that the time range between t; and f. is the train period and the
time range between t. 4 1 and t. is the test period. In order to predict (i.e.,
forecast) the values of H over the test period, we apply the above proce-
dure to estimate the four estimand variables B, 7, S(t;), and H(t;), and we
compute the solution H(t) of equation (3.13) for ¢ from #; to te. The pre-
diction is then (H(t));—¢_+1,t.- The discrepancy between (H())¢—t.+1,.t.
and (Ho(t))¢=t.+1,.t. reveals the accuracy of the prediction.

Alternative estimation and prediction methods

Successive estimation of B and S(#;)

As an alternative to Section 3.2.4, we now present a method to estimate
B independently. We do not recommend this alternative, as we have ob-
served that it usually yields less accurate forecasts. However, it provides
a convenient initial guess for Section 3.2.4, and it also sheds light on the
various forecast accuracies observed in Section 3.4. From equation (3.8a)
and equation (3.9), we obtain

Since %% HE EH , this yields

We have
X(t+6t) — X(¥)

X(t) = 5

(3.14)
The finite-difference approximation with a time step of one day X(t) ~
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X(t+1) — X(t) yields

H(t+1) - H(t) E(t+1)—E(t)

S 1) OV O 1)
and a ratio-of-mean approach leads to the estimation
'/B\ _ tE_l)( HO(tl) _ EO(tC) — E0<t1) (316)

Ho(t)? iy, Eo(t)Ho(t)

From equation (3.9), a possible simple estimator for the remaining esti-

mand is §(t ) = L)
BH(t)’
We can now investigate how the € error terms in the observation model

defined in equation (3.3) impact E We assume throughout that the errors
in Ho(t 4+ 1) — Ho(t) and Eo(t + 1) — Eo(t) are comparable. Except at the
very beginning of the outbreak, E,(t)H,(t) is considerably smaller than
(Ho(t))?, and thus the second term of equation (3.15) drives the error.

Consequently, the estimation of B should be the most accurate when
Eo(t)Ho(t) is the largest. This occurs slightly before the peak of Hy(t).
This means that the estimation of 3 should be the most accurate for a train
period slightly before the peak. However, this does not mean that this
position of the train period gives the most accurate forecasts, as we will
see below.

Let us consider the situation where the train period is located before
the peak. Then the estimation of f is less accurate, and this impacts §(ti).
At the initial time f;, this does not impact the right-hand term of equa-
tion (3.8b) in view of the definition of §(ti). However, an overestimation of
B will induce an underestimation of 5(#;) and, in view of equation (3.8a), a
subsequent even stronger underestimation of S(t). Hence the first term of
equation (3.8b) will be underestimated. As a consequence, the peak in H
will appear sooner and lower. The case of an underestimation of 3 leads to
the opposite conclusion, namely a peak in H that appears later and higher.
In summary, the further before the peak the train period is located, the
more inaccurate the position and height of the peak is expected to be.

Finally, let us consider the situation where the train period is located
after the peak. Then we can make the same observations as in the previous
paragraph, except that predicting the peak is now irrelevant. Moreover,
we are in the decrease phase, where the first term of equation (3.8b) (which
involves B and S(t)) is smaller than the second term (which does not in-
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volve these quantities). Consequently, the possibly large estimation errors
on B and S(t) will only slightly affect the forecast of H(t).

Joint estimation of the four estimands

An alternative to Sections 3.2.2-3.2.4 is to reconsider equation (3.12) as a
function of all four estimands: K; = i;ti (H(t) — Ho(t))?,

Ky = Yy (E(t) — Eo(t))?, and K3 = Ly, (L(t) — Lo(t))?
¢(B,S(t), v, H(t)) = cuKy + cgKp + cLKs. (3.17)

In equation (3.17), variables H(t), E(t) (see equation (3.9)), and L(t) (see
equation (3.10)) are given by the solution of the discrete-time SH model
equation (3.13) where the parameters B and 7 and the initial conditions
S(t;) and H(t;) take the values specified in the argument of ¢. Minimizing
¢ is a more challenging problem than mimizing ¢ equation (3.12) in view
of the larger number of optimization variables. It may be essential to give
a good initial guess to the optimization solver, and a natural candidate for
this is the values obtained by the procedure described in Sections 3.2.2—
3.2.4.

In our preliminary experiments, we have found that this alternative
does not present a clear advantage in terms of the prediction mean absolute
percentage error (MAPE). The results reported in Section 3.4 are obtained
with the prediction approach of Section 3.2, unless otherwise specified.

Results

We now apply the method of Section 3.2 (by default) or Section 3.3.2 (when
specified) to the data of chapter 2 and Section 2.1.

Fitting experiment

We first check how well the SH model equation (3.8) can fit the available
data. For this experiment, we use the method of Section 3.3.2 with cg =
cL = 0in order to get the best possible fit (in the least squares sense) to the
H, time series. The results are shown in Figure 3.1 for Belgium and France.
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We also present the results for Luxembourg and the United Kingdom in

Figure 3.2.
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Fig. 3.1 Fitting the SH model to the H, (Total_in: total hospitalized)
curve. In this experiment, the train set is the whole dataset, hence there

is no test (i.e., forecast) curve. Top: Belgium. Bottom: France.

For Belgium, the RRSE is 9% and the MAPE 14%. For France, the RRSE
is 6% and the MAPE 3%. For Luxembourg, the RRSE is 13% and the MAPE
11%. For the United kingdom, the RRSE is 6% and the MAPE 3%. The com-
paratively large value of the MAPE for Belgium illustrates the comment

made about MAPE in chapter 2 and Section 2.3.
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Fig. 3.2 Fitting the SH model to the H, (Total_in: total hospitalized)
curve. In this experiment, the train set is the whole dataset, hence there
is no test (i.e., forecast) curve. Top: Luxembourg. Bottom: the United
Kingdom.

The fitting error is remarkably small in view of the fact that there are
some 120 data points for only 4 estimands. Recall indeed that the parame-
ters of the SH model are constant with respect to time in our experiments.
This contrasts with [Koz20] where there are two phases, and with [Nes20b]
where the infection rate is piecewise constant with several pieces.

We stress that Figure (3.1 and 3.2) in itself does not imply that the model
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leads to accurate forecasts. If the optimal fit over some period is bad, then
forecasts over that period can only be bad. But if the fit is good (as it is the
case here), forecasts can still be bad due to their sensitivity with respect to
the data preceding the to-be-forecasted period. For example, a better fit (in
the RMSE sense) than in Figure 3.1 (left) can be obtained with a polynomial
of degree between 8 and 15; however, its forecast accuracy is abysmal.

In order to assess the forecast accuracy of the model, we have to learn
the estimand variables over a train period that we make available to the
algorithm, then use the learned estimands in order to predict H over a
subsequent fest period whose data is not available to the algorithm, and
finally compare the prediction with the data on the test period. This is
what we proceed to do in the rest of this Section 3.4.

Forecasts from a hand-picked train period chosen around the peak

We start with a forecast experiment where the train period is chosen around
the peak. According to Section 3.3.1, this is a promising location.

Note that this proof-of-concept experiment is affected by a form of data
leakage since we look at the whole data—including the to-become test
part—in order to choose the train period. This flaw will be remedied in
Section 3.4.3.

A contour plot of the objective function ¢ equation (3.12) is given in Fig-
ure 3.3. In order to make the minimizer easier to visualize, the plot shows
equispaced-level curves of log(¢ — 0.90 ¢..), where ¢, is the approximation
of the minimal value of ¢ provided by the optimization solver. The red
circle shows the initial guess obtained from Section 3.3.1 and the red star
shows the approximate minimizer returned by the optimization solver. In
our experiments, we use the optimization solver scipy.optimize.fmin with
its default parameters.

The bottom plot of Figure 3.3 shows (H,(t)):—,,..t. (observed hospi-
talizations, gray solid line), (H(t)):—,. + (hospitalizations given by the
model over the train period, blue dashed line), and (H(t))¢=¢ 11, +, (hos-
pitalizations forecasted over the test period, in red dash-dot line). In order
to give a sense of the sensitivity of the results, we superpose the curves
obtained for three slightly different train periods. The test MASE values
for the three curves are 3.16, 0.77, and 1.15. These values are compatible
with the remark in chapter 2 and Section 2.3 that MASE values around 1
or lower indicate an excellent accuracy. The test MAPE values for the three
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Fig. 3.3 Belgium, train period around the peak. Top: contour plot of ¢
equation (3.12). Bottom: fitting and predictions with the SH model.

curves are 27%, 7%, and 8%.

The right-hand plot of Figure 3.3 shows the evolution of S(#).

In summary, Figure 3.3 has shown that a high forecast accuracy can
be achieved for the Belgian data with suitably chosen train periods. The
next step is to investigate if this finding generalizes to other datasets (Sec-
tion 3.4.3) and to other positions of the train period (Section 3.4.4).
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Forecasts from an automatically chosen region around the peak

In order to conduct experiments on a large number of datasets, we have
to automatize the selection of the train period around the peak. Moreover,
the procedure has to be free of data leakage, i.e., it has to select the end
time f. of the train period without ever reading the data for t > t..

The proposed train-period selection procedure goes as follows. We first
select a time span N; in our experiments, we choose N = 7. In order to
robustify the procedure, we smooth out the H, time series by compting its
moving average (MA):

HMA(t) = mean(Ho(t — N), ..., Ho(t + N)). (3.18)

Then we compte f = min{t : argmax ., HA(t) = t — N}. This f is
computed by letting  increase until the argmax condition is satisfied. In
view of equation (3.18), the data for t > f + N remains unseen, hence we
choose t. := f+ N as the end time of the train period, thereby avoiding
data leakage. The start of the train period is chosen as t; = f — 2N.

The test accuracies are measured over the 60-day period [fc 4+ 1, min(t. +
60, te)].

The results obtained for each district (province in Belgium and depart-
ment in France) are summarized in Table 3.1 (Belgium) and Table 3.2 (France).
Moreover, for the whole of Belgium, we obtain the excellent MASE_test =
0.72, and for the whole of France, we get a considerably poorer MASE_test
=14.07. The tables reveal that none of the districts admits an MASE_test as
low as the 0.72 obtained for the whole of Belgium. However, Section 3.4.2
has shown that an MASE_test around 3 is still appreciably low. In view
of Table 3.1, more than half of the Belgian provinces have an MASE_test
below 3. Table 3.2 indicates that an MASE_test below 3 occurs for at least
10% of the French departments.

Forecasts from various train periods

We now restrict to the total hospitalization numbers for Belgium, France,
Luxembourg and the United Kingdom, and we investigate the impact of
the position of the train period on the forecast accuracy. In Figure 3.4 we
superpose the results obtained with various train periods of 14 days for
Belgium. The figure corroborates the comments of Section 3.3.1. In partic-
ular, if the train period is fully located before the peak, then the forecasts

54 |



3.5

Partial conclusion | 3.5

Percentiles min Py P» Py Prs Py max
RRSE_train | 0.30 033 033 042 051 055 0.60
RRSE_test 013 017 018 029 036 038 0.75
Ratio_RRSE | 024 033 054 071 090 115 1.25
MASE 061 079 110 131 175 260 6.69
MASE_train | 0.65 0.75 0.76 0.85 094 098 127
MASE _test 1.51 181 220 284 330 473 11.18
Ratio_ MASE | 154 219 251 328 399 6.08 14.44
SMAPE_train | 0.02 0.02 0.02 003 0.03 004 0.06
sMAPE_test | 0.09 0.11 0.17 021 047 048 071
Ratio_sMAPE | 436 520 6.05 734 1025 20.01 35.55

Table 3.1 Belgian provinces. The ratio means that test/train values are
reported.

are rather inaccurate. Placing the train period around the peak gives excel-
lent forecast results. When the train period is fully located in the decrease
phase, the estimation of B and S(#;) is seen to be very sensitive, but this
does not affect much the quality of the forecast of H(t). Figure 3.5 is the
equivalent of Figure 3.4 for France. Again, the experiments are compatible
with the comments of Section 3.3.1. In experiments not reported here, we
also considered some departments separately, with fairly similar results.
In Figure 3.6, and 3.7, we observe the same results with data from Luxem-
bourg and UK compared to various train periods. A disconcerting aspect
is the evolution of the estimated -y as a function of the location of the train
period. In Figure 3.4 and 3.6 (Belgium and Luxembourg), the estimation of
7 is grouped around 0.08 for several train periods. However, in Figure 3.5
and 3.7 (France and UK)), the estimation of 7y keeps decreasing (not too for
UK), indicating that the daily number of patients leaving the hospital is
an increasingly small fraction of the number of patients at the hospital. In
view of equation (3.11), this casts doubt on the L, values (see chapter 2 and
Section 2.1).

Partial conclusion

The experiments in Section 3.4 have shown that the proposed method has
a remarkably good fitting accuracy over the whole available data. It also
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Percentiles min Py P Ps5 Pss Py max
RMSE_train | 0.69 234 344 547 10.05 1819 3794
RMSE _test 078 3.80 7.60 2151 41.03 93.60 369.17
Rati_RMSE 047 110 193 334 687 9.65 21.38
RRSE_train 017 035 040 052 067 0.86 1.27
RRSE_test 013 031 045 0.77 133 212 5.79
Rati_RRSE 033 051 078 137 294 452 1185
MAE_train 059 1.84 267 434 8.09 1529 30.21
MAE_test 066 3.01 695 1794 3776 8736 351.34
Rati_MAE 047 111 212 3.81 810 1145 26.11
MASE 037 127 210 416 763 11.36 2295
MASE_train | 0.50 0.75 087 100 120 1.41 1.89
MASE_test 1.88 296 442 842 14.05 18.75 90.10
Rati_MASE | 2.05 284 407 751 16.05 21.11 68.08
RelMAE_train | 0.10 0.18 0.28 037 050 0.67 0.98
RelMAE_test | 0.04 0.10 0.17 033 070 1.15 4.95
Rati_ReIMAE | 0.13 0.22 041 090 215 4.07 2122
nMAE_train | 0.01 0.01 0.02 0.04 0.05 0.08 0.34
nMAE_test 005 014 020 030 051 0.66 1.00
Rati_nMAE 121 340 502 760 1421 2091 48.18
rmMAE_train | 0.03 0.08 009 0.12 015 0.19 0.31
rmMAE_test | 0.04 0.08 0.10 021 036 055 1.68
Rati_rmMAE | 031 055 078 176 343 522 14.31
SMAPE_train | 0.01 0.01 0.02 0.04 005 0.08 0.36
sMAPE_test | 0.06 0.18 026 045 0.79 1.09 1.80
Rati_sMAPE | 1.33 4.17 6.64 1245 2295 3333 5645

Table 3.2 French departments. The ratio means that test/train values are
reported.

produces remarkably accurate forecasts over certain time ranges for some
areas (Belgium, some Belgian provinces, and a few French departments).
However, there are also time ranges and areas where the forecasts are very
inaccurate. In particular, when it is trained before the peak, the model pro-
duces rather poor forecasts for the position and height of the peak and for
the subsequent decrease. Because of how it is constructed, the model is also
unable to produce multiple peaks in order to fit or forecast rebounds. The
forecasts returned by the model should thus be taken with much caution.
Another source of caution is that we cannot rule out the situation where
the considered objective function would be multimodal. The optimization
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solver might thus get stuck in a local nonglobal minimum, yielding a sub-
optimal fit of the train data and possibly poorer forecasts than what the
global minimum would achieve. Moreover, even if the objective function
is unimodal, the stopping criterion of the solver may trigger before a suit-
ably accurate approximation of the minimum is reached. If the proposed
model is used to guide prevention policies, then further caveats are in or-
der. We have seen that the estimation of f is very sensitive. Hence the
proposed model can hardly help assess the impact of prevention measures
on B. Without knowing sufficiently accurately the impact of prevention
measures on 3, we may not aptly use the model to predict their impact on
the evolution of the hospitalizations. Yet another caveat is that it may be
tempting to deduce from the excellent fit with a constant-parameter model
(Figure 3.1) that the evolution of the prevention measures over the dataset
period has had no impact on B. But the deduction is flawed. Indeed, in
view of the comments made in Section 3.3.1, the available data could also
be very well explained with fairly large jumps in B during the decrease
phase.

In spite of all these caveats, the hospitalization forecasts returned by
the method, and also the evolution of S(t), might be of practical use in
the context of various disease outbreaks, e.g., for resource planning. To
this end, it will be important to understand which specific features of the
COVID-19 outbreak in Belgium made it possible to forecast so accurately
the hospitalization decrease several months ahead.






Alternative models

4.1 SH-D model

N this chapter, we present some alternative models to the SH model de-

fined in the above chapter 3. First, we investigate a parameter estima-

tion method by least squares with fatalities data denoted by D and pa-
tients discharged from the hospital alive (meaning the patients who leave
the hospital after being recovered) denoted by R in order to predict hospi-
talizations cases. Second, we present polynomial and exponential decrease
models.

The number of new deaths and the patients discharged alive from the
hospital in Belgium are presented in Figure 4.1 where the weekly pattern
can be explained by the fact that fewer patients were discharged on Sat-
urdays and Sundays. The following sections 4.1.1 and 4.1.2 are inspired
from [Gab20], and are related to the estimation of p (defined below), v,
N and B (remain the parameters defined in chapter 3) with fatalities and
patients discharged from the hospital data.
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Fig. 4.1 Daily number of deaths and patients leaving alive from the hos-
pital in Belgium.

Estimation of p, 7, N and B with fatalities and patients discharged
from the hospital data.

It is assumed that the number of recovered and the number of deaths have
a fix ratio

D(t) = pR(H), (@.1)

where p can be determined like in estimation method of 7 (ratio means)
defined in chapter 3 and Section 3.2.3. Then, we can estimate p by a ratio
of means: -
rv Ly Do(t)
- &7_'
t=t; RU (t)

By considering the two equations in system (3.8) defined in chapter 3 that
are S(t) = —BS(t)H(t) and R(t) = yH(t), we can write

4.2)

S(t) = —BS(HH(?)
4.3)
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By using the equation (4.1), we obtain

§(t) = —p’if)(t)s_(t) or S_(lt)di(t” - _;ﬁd[:z;t)' (4.4)

S(t) = Nexp(—@), 4.5)

where we assumed that at the beginning of the epidemic, the whole pop-
ulation was susceptible being hospitalized $(0) = N and nobody died of
yet D = 0.

From equations D(t) = pR(t) and dlz—l(f) = yH(t) we can write

dD(t)  dR(t)
at P ar (4.6)

Thus, by combining the equations (4.6) and (4.5), and % (t) = BS(t)H(t) —
YH(t) (defined in system (3.8) in chapter 3), we write the following equa-
tion in terms of the cumulative number of fatalities

= [P’VﬁNexp(—El;’(yt)) ~ p2H(®)

= [p7BN eXP(—ﬁ;;t)) — py*] x rly””;tt) (4.7)
- BD(t) 1dD(t)

= [P,BNeXp(—Tp) _ p,Y] % ET

— BN BD(t) dD(t)

= BN exp(—==" ) — 71—~

The right hand side of this equation can be simplified to

2D dF(D(t))

a2 =g (*8)
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Integrating both sides we have

25 = ED() + (49)
and setting the boundary condition % =0whenD =0— F(0)+c=0
— ¢ = 0. Finally,

FD() = N —exp(~E0) 9D, @0
representing the daily number of deaths as in [Gab20].

We compute the parameters in equation (4.10) by performing the least
squares estimation described in capture 4.2 and the statistics results are
presented in Table 4.1, the fitting in Figure 4.3 and the forecast results in
Figure 4.4. This y estimate with Belgium data is compatible to the estimates
in Spain and Italy if we compare the Table 4.1 and the Table 1 in [Gab20].

In Figure 4.4, in order to give a sense to the sensitivity of the results,
we superpose the curves obtained for three slightly different train periods.
With the discharged patients from the hospital data (in left) the MASE_test
values for the three curves are 1.15, 1.21, and 1.28. These MASE values are
around 1 indicating an excellent accuracy. With the number of deaths data
(in right) the RMSE_test values are 15.81, 23.87 and 34.11. These RMSE
values are low and indicate a good accuracy.

In Figure 4.5, these estimates give bad quality of forecasts around the
peak and perform better in the decreasing phase.

p [ v+ [ N ] B |
0482 | 0.072 | 20417588 | 1.4017906318051884¢ ™ |

Table 4.1 Estimation of p, 7, N and B with data related to deaths and
patients discharged from the hospital, Belgium.
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def modell(x, u):
return x[0]*x[1]*x[2]*(1-np.exp(-(x[3]*u)/(x[@]*x[1])))-x[1]*u
def funn(x, u, y):
return modell(x, u) -y
y=death
u=np. cumsum(death)
x0=[p,gamma, N _bar,beta bar opt]
res = least squares(funn,x@, args=(u, y), verbose=1)
p_estimate=res.x[0]
gamma_estimate = res.x[1]
N bar estimate = res.x[2]
beta bar_estimate = res.x[3]

Fig. 4.2 Pseudocode of computing of p, 7, N and B by least squares

using scipy.optimize Python library, where D is represented by u and y
represents the daily number of observed deaths.

Real data
Fitted model

Daily fatalities
= = N N w
o wu o w o
o o o o o

w
o
+

#

0 2000 4000 6000 8000 10000
Cumulative number of fatalities

Fig. 4.3 Fitting result of the daily number of deaths as function of the
cumulative number of deaths, with the estimates in Table 4.1, Belgium.
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Fig. 4.4 Predictions and forecasts, with the estimates in Table 4.1, of the
daily number of deaths and the daily number of patients discharged from
the hospital, Belgium.
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Fig. 4.5 Predictions and forecasts, with estimates in Table 4.1, of daily
hospitalized of COVID-19 and S values, in Belgium.

4.1.2 Estimation of 7y, N and B with discharged individuals from the
hospital data.

By analogy with Section 4.1.1, we have

SO —ffz(t)s'(t) or - 381 __BdR()

S(t) dt v odt (*11)
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By integrating the equation (4.11), we obtain as in [Gab20]
S(t) = Nexp(—ﬁi(t)), (4.12)

where we assumed that at the beginning of the epidemic, the whole popu-
lation was susceptible being hospitalized $(0) = N and nobody discharges

from the hospital yet R = 0. For that, by deriving % = yH(t), we can
have B
TR () =2
az = Va
= 7[BS(H(t) —vH(1)]
BN exp( PRy 2 1dR (4.13)
= BN exp(==—) =771_ 5 (V)
BR(t dR(t
= [PRexp(~ PR ) AR

The right hand side of this equation can be simplified yo

N ]
%% () = %t(f» (4.14)

Integrating both sides
dR _

and setting the boundary condition %(t) =0whenR=0— F(0)+c=
0 — ¢ = 0. Finally,

F(R(H)) = 7N(1 - exp(—Rj”)) CaR(E), (4.16)

=i

representing the daily discharged individuals from the hospital.

We already use the optimization method (capture 4.2) to compute the
parameters in equation (4.16). We present the results in Table 4.2, the fitting
in Figure 4.6, and the forecast results in Figures 4.7 and 4.8. In Table 4.2,
the values of 7 and N are smaller than the values obtain in Table 4.1.

In Figure 4.7, in order to give a sense of the sensitivity of the results,
we superpose the curves obtained for three slightly different train periods.
With the discharged patients from the hospital data (in left) the MASE_test
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values for the three curves are 0.91, 0.88, and 0.89 and the MAPE_test val-
ues are 104%, 111.6% and 121.5%. These MASE values are around 1 indi-
cating an excellent accuracy with these estimates even if this forecast curve
doesn’t reflect the weekly variability of the real data.

v N B
0.0387427 | 18525.15804 | 1.613671e-05

Table 4.2 Estimation of 7y, N and B with the discharged individuals from
the hospital in Belgium.
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Fig. 4.6 Fitting result, with estimates in Table 4.2, of the daily number
of patients discharged from the hospital as a function of the cumulative
number of the patients discharged from the hospital, Belgium.
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Fig. 4.7 Predictions and forecasts, with estimates in Table 4.2, of the daily
number of patients discharged from the hospital in Belgium.
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Fig. 4.8 Predictions and forecasts, with estimates in Table 4.2, of the daily
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Polynomial method

We use the function numpy.polyld(numpy.polyfit(Xuain, Yirain, 1)) in Python,
where n is the degree of the polynomial function, Xi,in is the period of
days, Yirain is the hospitalized cases, to fit the observed hospitalization data.
Consider a candidate list of integers for 1 representing polynomial degrees,
we take the one that gives the best fit in the direction of MAPE. Thus, by
visual inspection of Figure 4.9 (top), we observe a very nice fit curve with
the whole dataset (MAPE=3.806) when n = 15. But the forecasts displayed
in Figures 4.9-4.12 (in bottom, red curve) are extremely bad.

Train interval | MAPE_train MAPE _test
20 0.71 225408243065299238912.00
40 0.99 1172675279413422.75
60 1.81 280792312941.52
80 2.32 564484412.66
100 3.63 2194481.87

Table 4.3 Statistics for polynomial model (n = 15) with Belgium data.

In Table 4.3, an anti-correlation between MAPE_train (with small val-
ues) and MAPE_test (with very high values) is noticed when the train set is
increasing (i.e., the test set is decreasing). These observations clearly reveal
the incapacity of the polynomial method to forecast.

In conclusion, we have observed that polynomials of sufficiently high
degree are able to accurately fit the data. This was expected in view of the
Weierstrass approximation theorem. However, polynomials produce very
poor forecasts. This was also expected, as epidemiological models do not
yield a polynomial evolution of the compartment populations with respect
to time.
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Fig. 4.9 Predictions and forecasts for polynomial method with various
train periods, Belgium.
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Fig. 4.11 Predictions and forecasts for polynomial method with various

train periods, Luxembourg.
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Exponential method

We consider the simple exponential (two parameters: initial value and de-
cay rate) model for the decreasing exponential that can be defined as

H(t) = H(t) exp(—(t — ;) /7). (4.17)

The estimands are H(t;) and 7. In order to provide a first guess to the

optimization solver, we can take the following initial parameters H(t;) =

Ho(ti) and T = —(t. — ;) / (log(Ho(tc)) —log(H(t;)). The log has to be the

natural logarithm (numpy.log, not the base-10 logarithm numpy.log10).
We compute the two estimands by minimizing

P(H(t),7) = Y (H(t) — Ho(t))™ (4.18)

In order to give a sense of the sensitivity of the results, we superpose the
curves obtained for different train periods where t. = t; +7 and t; is chosen
arbitrary. We define the test periods in intervals form [f, te] where ¢, is the
end time of the dataset.

Based on the forecast results in Figures 4.13—4.16, we can conclude that
with an exponential model we get rather good results in the decreasing
phase.

MAPE_test results in Table 4.4 show that in Belgium we have a fitting
error (MAPE_test) which is remarkably small (about 12.8%) when the train
period is taken just after three weeks (interval [43,50]) of the peak (22" to
the beginning). For France in Table 4.5, we have a fitting error (MAPE_test)
remarkably small (under 30%) when the beginning of the train period is
taken after two weeks (> 43) of the peak (27" to the beginning). As for
Luxembourg in Table 4.6, we have a fitting error (MAPE_test) remark-
ably small (about 14%) when the train period is taken after one week of
the peak (16" to the beginning) in the interval [22,29]. Finally for UK in
Table 4.7, we have all MAPE_test’s remarkably small (under 17.2%). We
observe that this method makes very good predictions on the decreasing
phase in all graphs of three countries (Belgium, France, and UK) while the
predictions are not good in all decreasing phase from Luxembourg because
of the curve irregularity (or the small population in this country).

In Figures 4.13-4.16, we see that the forecasts are rather good in the
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ascending and descending phases, but not at the peak level. Some expla-
nations of these results can be based on the SH model. Let’s recall the
system (3.1) defined in chapter 3 where we replace I by H

$(t) = —%S(t)H(t) (4.19)
H(t) = %S(t)H(t) — yH(t) (4.19b)
R(t) = yH(t), (4.19¢)

where § and v are parameters. Equation (4.19b) can be re-written as fol-
lows )
H(t) = BS(H)H(t) — rH(?)
= (BS(t) = 7H() (4.20)
= A¢H(t) where Ay = BS(t) — 1.

If A; = A constant, then H(t) = AH(t). Thus,
H(t) = exp(At)H(0). (4.21)
There are two periods where S varies little, leading to A almost constant.

* At the beginning of a wave, few people are hospitalized (H ~ 0), so
from equation (4.19a) S is small then S varies little.

e Atthe end of a wave, a very small number of patients is hospitalized
(H = 0), so from equation (4.19a) S is small then S varies little.

Partial conclusion

We investigated the polynomial model and the exponential decrease model
as alternative models to the SH model defined in chapter 3. Results show
that the SH model gives more accurate forecasts than the two other models
especially when the train period is chosen around the peak.

We also used the fatalities and the patients discharged from the hospi-
tal data in Belgium to compute parameters included in the SH model in
the sense of least squares estimation. Due to the weekly variability of the
data the least squares method is not very accurate, then it gives less good
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Train interval

MAPE_test (%)

[22,29]

501.8

[29, 36]

166.8

[36, 43]

14.5

[43, 50]

12.8

[50, 57]

35.07

[57, 64]

28.9

[64, 71]

32.5

[71, 78]

56.09

[78, 85]

35.9

[85,92]

35.5

Table 4.4 Statistics for exponential method, Belgium (120 days).

Train interval

MAPE_test (%)

[22,29]

278.4

[29, 36]

61.03

[36, 43]

35.8

[43,50]

29.1

[50, 57]

20.5

[57, 64]

4.2

[64, 71]

4.9

[71, 78]

41

[78, 85]

1.8

[85,92]

1.7

Table 4.5 Statistics for exponential method, France (122 days).

forecasts than the parameter estimation method defined in chapter 3 and
Section 3.2 with the SH model, compare Figures 4.5, 4.8 and 3.3 (in chap-

ter 3).
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Fig. 4.13 Fitting and forecasting result of H, with no optimized (in top)
and optimized parameters (in bottom), Belgium total hospitalized.

Train interval

MAPE_test (%)

[22,29] 14

[29, 36] 2135
[36, 43] 32.6
[43,50] 90.7
[50, 57] 16.84
[57, 64] 90.8
[64, 71] 154

Table 4.6 Statistics for exponential method, Luxembourg (99 days).
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Fig. 4.14 Fitting and forecasting result of H, with no optimized (in top)
and optimized parameters (in bottom), French total hospitalized.

Train interval | MAPE_test (%)
[15, 22] 15.8
[22, 29] 10.7
[29, 36] 9.11
[36, 43] 17.2
[43, 50] 16.1
[50, 57] 15.3
[57, 64] 12.7
[64, 71] 10.8
[71, 78] 12.2

Table 4.7 Statistics for exponential method, UK (105 days).



4 | Alternative models

i /
i /
! /
250 i F;
1 Vi
] / -
i 7 e T
i 7 e T T
200 i N -
Y SEPE—
] .
i —— Total_in
/ .
150 i~ WS~ H_train
——= H_pred
100
50
0 =y
2020-03-19 2020-04-20 2020-05-23 2020-06-25
T 7
! / —— Total_in
250 " _/ ----- H_train
H /
'A 25 H_pred
200 i
150
100
50
0
2020-03-19 2020-04-20 2020-05-23 2020-06-25

Fig. 4.15 Fitting and forecasting result of H, with no optimized (in top)
and optimized parameters (in bottom), Luxembourg total hospitalized.



Partial conclusion | 4.4

—— Total_in
H_train
H_pred

2020-07-09

25000
20000
15000
10000
5000
0,
2020-03-27 2020-04-30 2020-06-04 2020-07-09
] ] .
i s —— Total_in
i s -
25000 /
20000
15000
10000
5000
2020-06-04

2020-04-30

0,
2020-03-27

ized data.
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Producing confidence
intervals

HIS work is the outcome of a collaboration with Sylvie Van Schen-

del in the context of her master’s thesis [VS22]. When forecast-

ing an infectious disease such as COVID-19, we are facing uncer-
tainty. Let us explain three possible sources of this uncertainty, according
to [ZREG21]:

¢ Stochastic uncertainty: stochastic uncertainty arises from the uncer-
tainty that an event may occur. In particular, the event that an infec-
tious individual will contaminate a susceptible individual if they are
in contact. The event that an infectious individual will be hospital-
ized. Or, the event that an infectious individual will recover.

* Parameter uncertainty: parameter uncertainty arises from the esti-
mation of the two parameters of the SH model: 8 and .

* Model uncertainty: model uncertainty arises from the assumptions
that have been made to build a model. For instance, to build the
SH model, we have assumed that a constant fraction of the infected
individuals will be hospitalized (see Section 3.1.1 in chapter 3). And,
this is actually uncertain.
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Therefore, while forecasting the hospitalizations due to COVID-19 with
the SH model, it is very interesting to consider those different sources of
uncertainty. To do so, we will produce confidence intervals, also called
uncertainty intervals or credible intervals. When running the SH model
several times, each time modifying the available data or the parameters
that are given to the forecasting algorithm, the confidence interval corre-
sponds to a range of values in which we expect the forecasts to fall. We
will use different methods to produce those confidence intervals, accord-
ing to the three sources of uncertainty. In the scientific literature, it is quite
complicated to find out how the confidence intervals of the forecasts are
produced, while using an SIR model or a derivative of it. Most of the time,
no particular method is used but the statistical formula of a confidence in-
terval, which is the following:

s
Cl=x*z— 51
v 1)
where * is the sample mean, s is the standard deviation, # is the sample
size and z has to be chosen according to the confidence level (e.g., z = 1.96
for a 95 % confidence interval).

However, in a paper about traffic forecasts [dJDP ' 07], some interesting
information about the study of uncertainty is given. It is explained that
different types of uncertainty exist, coming from either the model or the
model inputs. Therefore, we will investigate the stochastic, the parame-
ter and the model uncertainty. Moreover, to study the uncertainty coming
from the model inputs, the most used method is based on a repeated model
simulation. For each simulation of the model, the inputs are modified and
give thus different output forecasts. Most of the time, this method ignores
the correlation that exists between the inputs. And, even though this was
about traffic forecasts and about a model that is totally different from the
SH model, the repeated model simulation is the method we will use to
measure uncertainty in the next two sections, to study stochastic and pa-
rameter uncertainty.

Finally, for the third method of this chapter, we will study the model
uncertainty. This method consists to consider B non-constant. In a paper
written by G. M. de Athayde and R. M. Damido [dAD20], we could find
something similar. They have developed a derivative of the SIR model by
considering deaths and by using time-varying parameters. Unfortunately,
they didn’t explain how the 95% confidence intervals are computed.
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Stochastic uncertainty - method 1: a noised initial data set

Let us start by considering the stochastic uncertainty. This means consid-
ering the uncertainty that events may occur or not. To translate this uncer-
tainty source into our SH model, we have to slightly modify the initial data
given to the forecasting algorithm.

So, the first method we will use to produce confidence intervals is the
following. Choosing the train period in the initial data set, we will do a
first forecast of the COVID-19 hospitalizations. Then, we will choose new
data points. Each new point will be chosen randomly, under a uniform dis-
tribution, in the interval build around the initial data point plus and minus
¢. Then, we will produce a new forecasting curve, using a new train period
based on those new noised data points. And finally, we will repeat this
several times, using the same value for e. Each time, the noise is randomly
chosen to noisy the initial data points, and we will thus obtain a different
forecasting curve. By doing this, we will see a confidence interval appear
which will contain all those forecasting curves.

Now, the question is "how do we choose the value of €?". The idea
is to think about of how much we could slightly modify each initial data
point, so that we still have data that follow the initial shape of the curve
representing the initial data set. Therefore, let us choose the average gap
between two adjacent data points:

g:= ! til |Ho(k+1) — Ho(K)],

n—lk:ts

where 7 is the total number of initial data points.

Using this idea, the obtained values of € are: 69.161 for Belgium and
272.966 for France. The noised data points will thus be randomly chosen,
under a uniform distribution, in the interval [Hy(t) — ¢, Ho(t) +€] YVt €
[ti, tc] and with a value for ¢ that is different according to the country.

Local tests

From [ADD21], we know that the SH model gives better forecasts when the
train period is located around a peak of the pandemic. Therefore, let us first
try to obtain confidence intervals for train periods located around peaks.
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For both countries, Belgium and France, we will use the data summed up
over all districts, and choose a train period around the first peak of the pan-
demic, and then around the second to last peak. As a reference, let us con-
sider the forecasting curves produced by the algorithm without modifying
the initial data at all. Those are represented on Figures 5.1 and 5.2. We
observe that the forecasts are slightly better for Belgium than for France.
However, for both countries, let us see if we obtain confidence intervals
that are preferably tight around those initial forecasting curves.

Belgian forecasts: Number of hospitalizations due to COVID-19 French forecasts: Number of hospitalizations due to COVID-19
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Fig. 5.1 Belgian and French COVID-19 hospitalization forecasts. Train
period around the first peak.

French forecasts: Number of hospitalizations due to COVID-19
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Fig. 5.2 Belgian and French COVID-19 hospitalization forecasts. Train
period around the second to last peak.

On Figure 5.3 and 5.4, we can observe the results for Belgium and for
France, choosing a train period around the first peak of the pandemic.
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Belgium: Confidence interval - Method 1 with epsilon Belgium: Confidence interval - Method 1 with epsilon - Percentiles
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Fig. 5.3 Confidence interval and percentiles for the Belgian data, using
method 1 with e. Train period around the first peak.

France: Confidence interval - Method 1 with epsilon - Percentiles

France: Confidence interval - Method 1 with epsilon
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Fig. 5.4 Confidence interval and percentiles for the French data, using
method 1 with e. Train period around the first peak.

And, on Figures 5.5 and 5.6, we can observe the results for Belgium and
for France, choosing a train period around the second to last peak of the

pandemic.

The values of ¢, equal to 69.161 for Belgium and to 272.966 for France,

are small compared nation-wide which means that the initial data points
are only slightly noised. As a result, the forecasting curves are close to each
other as we can see on the left-side figures. The confidence interval is thus
tight, as we had hoped for. Moreover, on the right-side figures, we can see
the percentiles 10, 50 and 90. Note that a percentile is a value below which a
percentage of data falls. For instance, the green curve pgg on the right-side
figures is the value below which 90% of the forecasts fall. The percentiles
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Belgium: Confidence interval - Method 1 with epsilon

Belgium: Confidence interval - Method 1 with epsilon - Percentiles
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Fig. 5.5 Confidence interval and percentiles for the Belgian data, using
method 1 with e. Train period around the second to last peak.

France: Confidence interval - Method 1 with epsilon
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Fig. 5.6 Confidence interval and percentiles for the French data, using
method 1 with e. Train period around the second to last peak.

10, 50 and 90 are also very close to each other since the confidence interval

is tight.

Global results

Now that we have done some tests on particular peaks of the pandemic,
let us have a look at the entire data set in order to have a more global
view of the SH model and its confidence intervals. We would like to know
how the forecasts given by our SH model behave when considering the
stochastic uncertainty, and even when choosing train periods that are not
located around peaks.
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So, the idea is the following. We will consider a train period of 14 days
long, and a test period of 60 days. Then, we will have a particular look at
a point that is 15 days after the end of the train period, and thus located
in the test period. This 15 days period is called the horizon. Based on the
chosen train period, we will produce several forecasting curves with the
method explained previously. For our particular point located at a horizon
from the train period, we will thus obtain several forecasts and will thus
be able to produce the percentiles of those results. This will be done for the
entire data set, and gives us a recapitulating graph about the confidence
intervals of the forecasts produced by the SH model. For execution time
reasons, the forecasts and their percentiles have not been computed for
every single day of the data set but for one day a week.

The obtained results for Belgium are represented on Figures 5.7, 5.8 and
5.9.
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Fig. 5.7 Confidence intervals for the Belgian data, using method 1 with
¢. Percentiles 10, 50 and 90.

On Figure 5.7, the percentiles 10, 50 and 90 of the hospitalization fore-
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Belgium: Confidence interval - Method 1 with epsilon
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Fig. 5.8 Confidence intervals for the Belgian data, using method 1 with
&. Minimum and maximum.

casts are represented, and on Figure 5.8, the minimum and maximum fore-
casts. The results are quite good except for the second peak of the pan-
demic where the forecasts are much higher than what they should be. This
is actually not really surprising since those forecasts are based on train peri-
ods located in an increasing phase of the number of hospitalizations. And,
from [ADD21], we know that those train periods don’t give accurate fore-
casts. Note that 30.69% of the real data are under pgg, 26.73% of the real
data are between p1p and pgp, and 34.65% of the real data are between the
minimum and the maximum curves. And finally, on Figure 5.9, we can
observe the standard deviation between the initial data set and the me-
dian of the forecasts produced by the SH model, which corresponds to
the percentile 50 represented on Figure 5.7. This last figure confirms what
has been observed earlier. We have small values for the standard devia-
tion, which means that the forecasts are close to the real data, except for
the peaks of the pandemic in particular for the second peak which is very
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high.
Belgium: Standard deviation between initial data and p_50
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Fig. 5.9 Confidence intervals for the Belgian data, using method 1 with e.
Standard deviation between the median forecasts and the initial data set.

Now, let us observe the obtained results for France, represented on Fig-
ures 5.10, 5.11 and 5.12.

On Figure 5.10, the percentiles 10, 50 and 90 of the hospitalization fore-
casts are represented, and on Figure 5.11, the minimum and maximum
forecasts. Similarly to Belgium, the results are quite good except for the
peaks of the pandemic where the forecasts are higher than what they should
be. Note that 34.65% of the real data are under pgg, 16.83% of the real data
are between p19 and pog, and 25.74% of the real data are between the min-
imum and the maximum curves. And finally, on Figure 5.12, we can ob-
serve the standard deviation between the initial data set and the median of
the forecasts. Once again, this last figure confirms what has been observed
earlier. We have higher values for the standard deviation at the different
peaks of the pandemic, meaning that the gap between the median forecasts
and the real data is larger when using a train period in an increasing phase.
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France: Confidence interval - Method 1 with epsilon
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Fig. 5.10 Confidence intervals for the French data, using method 1 with
¢. Percentiles 10, 50 and 90.

Parameter uncertainty - method 2: a sliding train period

Now, let us consider another source of uncertainty: the parameter uncer-
tainty, which arises from the estimation of the two parameters of the SH
model, v and B.

For this second method, let us have a closer look on the impact that
the parameter estimation has on the COVID-19 hospitalization forecasts.
Therefore, we will use a method that works with a sliding train period. The
idea is the following. We consider a first train period, on which we estimate
the model parameters vy and B, and we observe the first forecasting curve
produced by our algorithm. Then, we shift the train period by one day.
This new train period will give us a new set of estimated parameters (-y, B)
and thus a new forecasting curve. Repeating this several times, each time

90 |



52.1

Parameter uncertainty - method 2: a sliding train period | 5.2

France: Confidence interval - Method 1 with epsilon
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Fig. 5.11 Confidence intervals for the French data, using method 1 with
&. Minimum and maximum.

shifting the train period by one day, we will obtain an interval of values
for the estimated parameters y and B of the SH model, and a confidence
interval for the COVID-19 hospitalization forecasts on the test set.

Local tests

As we did for the first method, let us first try to obtain confidence intervals
with a train period located around the first peak of the pandemic. And for
both countries, Belgium and France, we will use the data summed up over
all districts.

The obtained results for Belgium are represented on Figure 5.13. On the
left-side figure, we can observe the forecasting curves. Each curve corre-
sponds to one train period, and thus to one set (-, B) of parameters. The
train period is sliding. And, on the right-side figure, we observe the per-
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France: Standard deviation between initial data and p_50
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Fig. 5.12 Confidence intervals for the French data, using method 1 with
¢. Standard deviation between the median forecasts and the initial data set.

centiles 10, 50 and 90 of the forecasting curves. Those percentiles are repre-
sented only on the time period that is common to all the forecasting curves.
This time period is shorter than the two-months test set since we use a slid-
ing train period. However, it is sufficient to observe that the confidence
interval containing the forecasting curves is really tight.

Now, let us see how the model parameters behave with this sliding
train period. The values of y are in between 0.0713 and 0.0783, and the val-
ues of f are in between 4.769 - 107% and 9.201 - 10~°. The values of the pa-
rameters don’t vary a lot. They are not very impacted by the exact location
of the train period. And so, the forecasting curves are neither impacted.
Moreover, the MAE on the test set, between forecasts and real data, has
its value in between 52.363 and 136.087. In other words, the value of the
MAE remains low compared nation-wide, and thus the confidence interval
containing the forecasting curves is very tight and close to the real data.

Afterwards, let us observe the results obtained for France that are rep-
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Fig. 5.13 Confidence interval and percentiles for the Belgian data, using

method 2. Train period around the first peak.

resented on Figure 5.14.
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Fig. 5.14 Confidence interval and percentiles for the French data, using

method 2. Train period around the first peak.

Once again, we observe the forecasting curves on the left-side figure,
and their percentiles on the right-side figure. Contrary to Belgium, we
can observe that the confidence interval containing the COVID-19 hospi-
talization forecasts is much larger. This comes from the estimated param-
eters of the SH model which are more sensitive to the sliding train period.
The value of vy varies in between 0.0399 and 0.0569, and B varies between
2.866 - 1077 and 1.212 - 10~°. This variation has an impact on the forecast-

ing curves, and has for consequence a larger confidence interval.
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5.2.2 Global results

Now, let us have a more global view of the SH model and its confidence in-
tervals by looking at the entire data set. As for the first method, we would
like to know how the forecasts behave when considering the uncertainty
source, here caused by parameter estimation, and even when choosing
train periods that are not located around peaks.

So, once again, we will consider a train set of 14 days long, and a test
set of 60 days. Then, we will have a particular look at a point that is at a
horizon of 15 days after the end of the train period. Based on the chosen
train period that will slide by one day each time, we will produce several
forecasting curves. For our particular point located at a horizon from the
train period, we will thus obtain several forecasts and will thus be able to
produce the percentiles of those results. This will be done for the entire
data set, and gives us a recapitulating graph about the confidence intervals
of the forecasts produced by the SH model. And for the same reasons as
those for the first method, the forecasts and their percentiles have not been
computed for every single day of the data set but for one day a week.

The obtained results for Belgium are represented on Figures 5.15, 5.16
and 5.17.

Note that 40.59% of the real Belgian data are under the percentile 90,
and 37.62% are between the percentiles 10 and 90, represented on Fig-
ure 5.15. 49.50% of the real data are between the minimum and maximum
forecasting curves, represented on Figure 5.16. And, the average gap be-
tween the real data and the percentile 50 is equal to 498.957. Once again,
on Figure 5.17, we can observe a low standard deviation between the real
data and the percentile 50, except for the peaks of the pandemic, especially
the second peak which is very high.

Now, for France, the results are represented on Figures 5.18, 5.19 and
5.20.

For France, 38.61% of the real data are under the percentile 90, and
32.67% are between the percentiles 10 and 90, represented on Figure 5.18.
42.57% of the real data are between the minimum and maximum forecast-
ing curves, represented on Figure 5.19. And, the average gap between
the real data and the percentile 50 is equal to 2165.970. Moreover, on Fig-
ure 5.20, we can notice that the standard deviation between the real data
and the percentile 50 remains low, even for the second peak of the pan-
demic. This actually confirms what we observe on Figure 5.18: the median
of the hospitalization forecasts remains close to the real data.
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Fig. 5.15 Confidence intervals for the Belgian data, using method 2. Per-
centiles 10, 50 and 90.

Model uncertainty - method 3: a non-constant value for j3

Now, let us take into account the model uncertainty which is probably the
most difficult uncertainty source to handle. Indeed, it could question ev-
ery assumption that has been done to build our SH model. In this section,
we conduct proof-of-concept experiments where f is allowed to vary lin-
early with ¢. Further work could consider other laws for the variation of B,
variations of other parameters, and even other models than the SH model,
such as those mentioned in Section 1.2.2.

For this third method, the first idea would be to change the following
assumption defined in Section 3.1.1 (chapter 3):

H(t) = al(t), a = cst, Vt,
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Belgium: Confidence interval - Method 2
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Fig. 5.16 Confidence intervals for the Belgian data, using method 2. Min-
imum and maximum.

meaning that a constant fraction of the infected individuals will be hospi-
talized. To do so, we could choose a non-constant value for a by consider-
ing & as a linear time-dependent value:

a(t) = ag + aqt (5.2)

which means that the number of infected individuals that will be hospital-
ized depends on time.

However, this isn’t so simple since « is involved in the definition of the
parameter B with N which is unknown to the SH model:

= B
‘B.—m.

So, instead of considering a non-constant value for «, let us try to choose
a non-constant value for B by considering a linear-time dependent value
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Fig. 5.17 Confidence intervals for the Belgian data, using method 2. Stan-
dard deviation between the median forecasts and the initial data set.

for it:
B(t) = o+ Put, Vt. (5.3)

Taking this new assumption into account, the SH model can be rewrit-
ten as:

5(t) = —B(D)S(t)H(t) (5.4)
H(t) = B(t)S(t)H(t) — vH(t) (5.5)

with B(t) = Bo + B1t  Vt

The initial state H(t;) and the parameter 7y can both be estimated as
previously (see Sections 3.2.2 and 3.2.3, in chapter 3). However, for S(#;)
and B, we will have to estimate S(t;), Bp and B1, giving us to minimize
¢ with those 3 estimands as arguments of the function. The optimization
solver that will minimize ¢ needs convenient initial guesses for those 3 ar-
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France: Confidence interval - Method 2
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Fig. 5.18 Confidence intervals for the French data, using method 2. Per-
centiles 10, 50 and 90.

guments. To do so, we will use the values of B considered in the initial SH
model with a constant f; its initial guess computed as explained in Sec-
tion 3.3.1 (chapter 3) and its optimal value computed by the optimization
solver. So, for By, we have chosen the initial guess of j:

,BO = ,Bir\itial guess* (5.6)

And, using the optimal value of the constant § and using (5.3), we have
chosen the initial guess of B as:

Boptimal - ,BO

3 (5.7)

pr=
Finally, using those initial guesses of By and 81, we could obtain the initial
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France: Confidence interval - Method 2
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Fig. 5.19 Confidence intervals for the French data, using method 2. Min-
imum and maximum.

guess of S(t;):

(5.8)

Local tests

Now, let us try to obtain confidence intervals with a train period located
around the first peak of the pandemic. For both countries, Belgium and
France, we will use the data summed up over all districts.

So, as explained in the method, the first step is to estimate H(t;) and
7; then, to find initial guesses for By, B1 and S(t;); and finally to obtain
the optimal values of By, 1 and S(#;) by minimizing the function ¢ with
an optimization solver. After that, we are able to produce a confidence
interval. Indeed, knowing By and B1, we obtain a different value of A(t) for
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France: Standard deviation between initial data and p_50
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Fig. 5.20 Confidence intervals for the French data, using method 2. Stan-
dard deviation between the median forecasts and the initial data set.

each different t (t € [t;, t.]). So, each value of B(t) will produce a different
forecasting curve and the confidence interval will contain all those curves.

The obtained results for Belgium are represented on Figure 5.21. On the
left-side figure, we can observe the forecasting curves. And, on the right-

side figure, we observe the percentiles 10, 50 and 90 of those forecasting
curves.

For Belgium, the optimal values of B and f; are:

Bo = 6.996-107°,
B1=1.646-10"".

Because the value of B is so small, the value of B(t) don’t vary a lot and is
close to the value of By. Indeed, B(t) varies between:

6.995957786616053 - 107% < B(t) < 6.995957786619511 - 10~°.
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method 3. Train period around the first peak.

90 from each other.

Fig. 5.21 Confidence interval and percentiles for the Belgian data, using

This explains what we can observe on Figure 5.21. The forecasting curves
are almost identical, and we cannot distinguish the percentiles 10, 50 and

For France, we obtain similar results. Those are represented on Fig-

ure 5.22, with the forecasting curves on the left-side figure and its per-

centiles on the right-side figure.
France: Confidence interval - Method 3 France: Confidence interval - Method 3
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method 3. Train period around the first peak.

For France, the optimal values of B and B are:
Bo=1.103-1075,
B1 =3.590-10"2.

Fig. 5.22 Confidence interval and percentiles for the French data, using
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Once again, the value of 3 is close to zero which has as consequence that
B(t) don’t vary a lot. Here, B(t) varies between:

1.1033424629152106 - 107% < Bt) < 1.1033424629152182 - 10~°.

This is why the forecasting curves are almost identical on Figure 5.22. The
confidence interval is thus so tight that it looks like one single forecasting
curve.

Global results

Now, let us have a more global view of the SH model and its confidence
intervals by looking at the entire data set. We would like to know how
the forecasts behave when considering the model uncertainty, even when
choosing train periods that are not located around peaks. We would like to
see if there is a better distinction between the forecasting curves when B(t)
varies on other train periods.

As for methods 1 and 2, we will consider a train set of 14 days long, and
a test set of 60 days. Then, we will have a particular look at a point that
is at a horizon of 15 days after the end of the train period. Based on the
chosen train period, we will produce several forecasting curves according
to the value of B(t) which is different for each t in the train set. For our
particular point located at a horizon from the train period, we will thus
obtain several forecasts and will thus be able to produce the percentiles of
those results. This will be done for the entire data set, and gives us a reca-
pitulating graph about the confidence intervals of the forecasts produced
by the SH model. And once again, the forecasts and their percentiles have
not been computed for every single day of the data set but for one day a
week.

The results obtained for Belgium are represented on Figures 5.23, 5.24
and 5.25.

For Belgium, 25.74% of the real data are under the percentile 90, and
4.95% are between the percentiles 10 and 90, represented on Figure 5.23.
7.92% of the real data are between the minimum and the maximum fore-
casting curves, represented on Figure 5.24. Those percentages are quite
low compared to the ones we have obtained with methods 1 and 2. This
confirms our observations from the local test (see section 5.3.1). For most
of the train periods, B(t) don’t vary a lot because B; is close to zero. The
forecasting curves are thus very close to each other, and the confidence in-

102 |



Model uncertainty - method 3: a non-constant value for B | 5.4

Belgium: Confidence interval - Method 3

Initial data
20000 — p_90
— p_50
— p 10

15000

10000

Values

5000

202 6-04 202(‘)-0? 202(‘)-10 202 I].-E}Il 202 I].—EM 202 i.-D? 202 I].-Il[) 202‘2-01 202‘2-04 202‘2—0?
Dates

Fig. 5.23 Confidence interval for the Belgian data, using method 3. Per-
centiles 10, 50 and 90.

terval is really tight. And, on Figure 5.25, we can observe a low standard
deviation between the real data and the percentile 50, except for the peaks
of the pandemic, especially the second peak which is very high. This is
similar to what we have obtained with the previous methods.

Now, for France, the results are represented on Figures 5.26, 5.27 and
5.28.

For France, the values of B(t) vary even less. 28.71% of the real data are
under the percentile 90, and 0% are between the percentiles 10 and 90, rep-
resented on Figure 5.26. 0% of the real data are between the minimum and
the maximum forecasting curves, represented on Figure 5.27. The only pe-
riods where we can distinguish the forecasting curves from each other are
at the peaks of the pandemic. But, since the forecasts are much higher than
the real data at the peaks, 0% of the data are located in the confidence in-
terval. And on Figure 5.28, we can observe the standard deviation between
the real data and the percentile 50 which is similar to previous results.
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Belgium: Confidence interval - Method 3
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Fig. 5.24 Confidence interval for the Belgian data, using method 3. Min-
imum and maximum.

Conclusion and discussion

To conclude this chapter about the confidence intervals of the SH model,
let us sum up the results we have obtained and compare the three methods
that have been developed to take into account the different sources of un-
certainty. The results obtained from the recapitulating graphs, concerning
the entire data set, are presented in Table 5.1 for Belgium and in Table 5.2
for France. For the three methods, and for each of the two countries, you
will find in those tables the percentage of real data located between the
minimum and maximum forecasts, the percentage of real data located be-
tween the percentiles 10 and 90 of the forecasts and the percentage of real
data located under the percentile 90 of the forecasts.

First of all, with method 1, the obtained confidence intervals are tight
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Method 1 Method 2 Method 3
Between 34.65% 49.50% 7.92%
min and
max
Between 26.73% 37.62% 4.95%
P10 and pog
Under pgg 30.69% 40.59% 25.74%

Table 5.1 Percentage of the real data located between the minimum and
maximum forecasts, between the percentiles 10 and 90, and under the per-
centile 90, using the 3 different methods that are producing confidence in-
tervals for the SH model, with the Belgian data set.

Method 1 Method 2 Method 3
Between 25.74% 42.57% 0%
min and
max
Between 16.83% 32.67% 0%
p10 and pyg
Under po 34.65% 38.61% 28.71%

Table 5.2 Percentage of the real data located between the minimum and
maximum forecasts, between the percentiles 10 and 90, and under the per-
centile 90, using the 3 different methods that are producing confidence in-
tervals for the SH model, with the French data set.
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Belgium: Standard deviation between initial data and p_50
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Fig. 5.25 Confidence interval for the Belgian data, using method 3. Stan-
dard deviation between the median forecasts and the initial data set.

around the initial forecasting curves, for both Belgium and France. As said
earlier, this is probably because the values of ¢ are relatively small com-
pared nation-wide. The initial data sets were thus only slightly noised to
take account of the stochastic uncertainty. Moreover, we can notice that
about 35% of the real data are located in between the minimum and the
maximum forecasts for Belgium, and about 26% for France. These per-
centages can be understood by observing the recapitulating graphs on Fig-
ures 5.8 and 5.11. At the peaks of the pandemic, the SH model overesti-
mates the number of hospitalizations due to COVID-19. And, on the con-
trary, in the troughs of the pandemic, it underestimates them a little. So,
globally, the confidence intervals containing the forecasting curves remain
close to the real data sets but do not follow them exactly. And, we observe
once again that the better forecasts are given in the decreasing phases of the
pandemic, corresponding to train periods that are located around peaks.
Now, let us have a look at the results obtained for the confidence in-
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France: Confidence interval - Method 3
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Fig. 5.26 Confidence interval for the French data, using method 3. Per-
centiles 10, 50 and 90.

tervals of the SH model produced by using the second method. The main
difference is that the confidence intervals are a bit wider. A direct con-
sequence is that a greater percentage of the real data are located in the
confidence intervals of the SH model. For Belgium, almost 50% of the real
data are located between the minimum and the maximum forecasts; and
for France, it is about 43%. This means that the parameter uncertainty is
an interesting uncertainty source to study. Taking it into account in our
forecasts produces a confidence interval which is a little bit wider but one
that is even closer to the real propagation of the pandemic, and thus even
more relevant.

Finally, the third and last method taking into account the model un-
certainty by considering a non-constant value for B has produced very
narrow confidence intervals. Indeed, we have observed that, when using
B(t) = Bo + B1t, the value of By is very close to zero, and thus f(#) is almost
constant and equal to By. The confidence intervals that are produced are
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France: Confidence interval - Method 3
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Fig. 5.27 Confidence interval for the French data, using method 3. Mini-

mum and maximum.

so tight that very few real data are in it. For Belgium, about 8% of the real
data are located between the minimum and the maximum forecasts, and
for France, it is 0%. The value of B(t) is even less varying for the French

data set.
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France: Standard deviation between initial data and p_50
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Fig. 5.28 Confidence interval for the French data, using method 3. Stan-
dard deviation between the median forecasts and the initial data set.
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PART II
Malaria modelling






Generalized linear models to
forecast malaria incidence in
three endemic regions of
Senegal

HIS chapter is adapted from a published paper [DAD23]. In this

study, our goal is to forecast the monthly malaria incidence a few

months ahead in the three endemic regions of Senegal (Dakar, Fat-
ick, Kedougou) taking into account meteorological explanatory variables
(rainfall, temperature, humidity) and history of malaria incidence. To this
end, we assess the quality of the incidence forecasts obtained by GLMs
with Poisson and negative binomial distributions. We use the statistical
Vuong test and the reliability analysis in order to investigate their ade-
quacy and to compare their performance. Then, we introduce a saturation
on the rainfall variable to remedy some overestimations observed during
the forecasts. Finally, we develop a machine learning approach based on
a separation of the data into a train-set to estimate the parameters and a
test-set to assess the forecast accuracy.
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6 | Generalized linear models to forecast malaria incidence in
three endemic regions of Senegal

Materials and methods

The data used in this study are presented and discussed in the chapter 2
and Section 2.2.

Models

We have n data points (X1, Xs2, ..., X, Y2) € R for t = 1,...,n where k
is the number of explanatory variables (including the intercept vector) and
n is the number of observations (months). These data are organized as in
Table 6.1.

Y X ] [ X ]
Y1 X11 Xk
Y, Xo1 Xk
Yn Xn,l Xn,k

Table 6.1 Data organization

We want to apply a GLM of the response vector Y using the k explana-
tory variables Xj, ..., X.

According to the studies in [Lin97, Mas19, YMMAZ20], candidate dis-
tributions for viable modeling include the Poisson and negative binomial
distributions. These two probability distributions and the normal distribu-
tion are defined in the chapter 1 and Section 1.5.

The goal of fitting these GLMs is to find estimates for 1, ..., Bx and also
« (with NB distribution), which in turn give us estimates for g(y;) by MLE
(defined in Section 1.5.3) by using Algorithm 1 (defined in Section 1.5.3. In
Appendix B, we describe how the regression coefficients are computed.

Estimation and forecasting methods

Train and Test Sets

We have ts < t; < t. < te, Where {g is the initial time of the data, t; is the
initial time of the observed malaria incidence, t. is the end time of the train
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set, to is the end time of the test set.

Parameter estimation and principles of forecasting

We train the model by taking the observed malaria incidence (Y, (t)) in
[ti, tc] and the explanatory variables (Xj,j=1,...,k)in [ti —6,tc — &]. We
made that in order to have the regression coefficients 8’s and the dispersion
parameter « (only with NB regression model).

In [CT13, p. 90], the authors suggest to calculate a using a technique
that they call auxiliary ordinary least squares (OLS) regression without
a constant. In the negative binomial case, a first estimation of the f’s is
obtained by the procedure of the Poisson case. Then, « is computed by
performing the OLS regression. Finally, the B’s are re-estimated by maxi-
mizing the log likelihood (equation (B.9) defined in chapter B) wrt B.

Then, we make the forecasts, according to Algorithm 2, with the coeffi-
cients found in the train period. We assess the model accuracy in the test
period [tc + 1, t] by comparing the theoretical (mean ;) and the observed
(Yo (t)) incidences.

Algorithm 2 describes the train-test procedure. For the link function
g, the choices identity, log and sqrt are available in the following Python
library statsmodels.genmod.families.links. The forecasts are obtained
with the formula

k
pe=g '(B1Xa(t) + ) BiXi(t—4)), (6.1)
i=

where g is the link function introduced in Section 1.5.2.

Saturation method

We would like to test a saturation in the explanatory variables, in particular
rainfall. The motivation is that additional rainfall should have less impact
on the malaria incidence in a wet period than in a dry period. The satura-
tion can be simply a hyperbolic tangent function. We posit that, instead of
being linear, the contribution of rainfall to #(X) (defined in Section 1.5.2)
is affected by a saturation, which we model by

Rfsat = 7y tanh(Rf /7). (6.2)
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Algorithm 2: Forecasting Algorithm

Input: fg, t;, tc, te < times of Section 6.1.2;
£ < vector (Section 6.2.1, equation (6.3));
h < forecast horizon (h > 1);
Y, < observed malaria incidence (dependant variable);
X ={X1,Xs,..., X} < Set of explanatory variables;
f < distribution (Poisson or NB or Normal);
g < link (identity, log, or sqrt);
Output: Y < the forecasted vector of malaria incidence;
Yirain = Yo(ti : tc)}
Xirain = {X1(ti s te), Xo(ti = lo 1 te — L), ..., Xty — by s te =€) };
3 Fit the GLM with distribution f and link g in the train period using
the Python library statsmodels.genmod.families;
Get the regression coefficients ,Bj, i=1...,k

5 fort € [t.+1,t.| do
L Y(t)=g7! (ﬁlxl(f) + 2;‘(:2 BiX;(t — EJ’))'

N

'S

(=2}

We estimate the parameter v by making a research in many initial values of
7 in order to find the more adapted value which gives the low RMSE _train
after fitting the GLM. This procedure is entirely described in Algorithm 3.

Results and discussion

In this section, we first present and discuss the results of the correlation
between the explained variable and each explanatory variable. Then, we
present the forecast results from the Algorithm 2. Finally, we present the
results from other methods such as addition study, ablation study and sat-
uration.

Determination of lags

For Dakar data in Figure 2.5 (in chapter 2), we observe every year, an in-
crease of malaria cases in the rainy season (from May or June to October or
November), reaching a peak around the month of October or November,
and a decrease to become stationary along the dry season. This situation is
also observed in Fatick (Figure 2.6) and Kedougou (Figure 2.7) (both these
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Algorithm 3: Forecasting Algorithm with Saturation

Input: ¢, t;, t, te < times of Section 6.1.2;
¢ + vector (Section 6.2.1, equation (6.3));
h < forecast horizon (h > 1);
Y, ¢ observed malaria incidence (dependant variable);
X ={X1,X2,...,Xx_1,Rf} < Set of explanatory variables;
f « distribution (Poisson or NB or Normal);
g ¢ link (identity, log, or sqrt);
Output: Y « the forecasted vector of malaria incidence;

1 Yirain = Yo(ti . tc);
2 Rfirain = Rf (t; — €rf : te — LRf);
3 Xirain = {Xq(ti : te), Xo(ti — o te =€), .o, X1 (b — k1 < te — Le—1), R firain }5
4 fory € [Ymin, Ymax) do
5 Rfsat = ytanh(Rf (i — €rf : tc — Crf)/7y) // saturated rainfall;
6 train—sat —
{X1(tite), Xo(ti = Lo s te = L2), ..., X1 (b — b1 = te — £x—1), Rfsar};
7 Fit the Poisson distribution and link ¢ with Yirain and Xirain—sat in order to

obtain the predicted mean (p);

fe (Yo (t)—mu)?
RMSE(7) = % // RMSE for every value of 7

9 Yopt = argmin RMSE // Get the yopt;
10 Rfsat—opt = Yopt tanh(Rf (ti — lrf : te — Lrf)/Yopt) // re-calculate the saturated
rainfall with Yopts

®

1 Xtrainfopt =
{Xi(t:te), Xo(ti — L2 i te — £2), .o, X1 (ti — Ce—1 ¢ te — £k—1), Rfsat—opt };
12 Fit the GLM with distribution f and link ¢ with Yirain and Xirain—opt using the
Python library statsmodels.genmod.families;
13 Get the regression coefficients i i=1...k

1 fort € [t.+1,t.] do
| 7() = g7 (B1Xa(t) + 553 BX)(t — €)) + Yopt tanh (RF(t = (R )/ opt))-

=
@

two figures are reported in chapter 2), and proves the seasonality of the
malaria cases from these three regions.

The plots of malaria cases and the explanatory variables (e.g., Figure 2.5—
2.7, in chapter 2) reveal that there is a delay between the maximum of
malaria cases and the maximum of the explanatory variable) in the three
data sets. This delay is called 1ag and represented by £ in the formulae. We
set

= argmax |r(Yo(ti:te), Xj(ti — 0 : te — )
se{hh+1,..,6}

, (6.3)

where r denotes the sample Pearson correlation coefficient. The statisti-
cal results are presented in Table 6.2 and the evolution of correlations as
function of lags is illustrated in Figure 6.1-6.3.
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Dakar Fatick Kedougou

Yoo &R 0.79 0.62 0.61
(=2 (=3 (=1
44802 | 2.14¢712 | 993,712

Yor0&Ti—¢ 0.65 0.43 0.56
8.73¢ 14 | 5.04¢706 | 4.86¢~10

Yoo &H, 0.56 0.69 0.58
(=5 (=3 (=1
7.43¢710 | 5880716 | 15010

Yo &Bi_y 0.15 0.38 0.60
/=6 (=3 (=3
0.129 5.99¢705 | 3.16e11

Yorn&Ay 0.85 0.88 0.92
=0 =0 =0
8.61¢730 | 584¢7535 | 6.48¢~43

Yoro&Yori—ey | 072 0.75 0.80
(=1 (=1 (=1
9.55¢718 | 1.31¢719 | 4.28¢ 2

Table 6.2 Sample lagged Correlations between the falciparum malaria
incidence count per month and the explanatory variables in Dakar, Fat-
ick and Kedougou, from 2008 to 2016. The table shows the maximal
lagged correlation and the lag at which this maximal value is reached.
The statistical significance of these correlations is tested by calculating the
p-value associated with the Pearson correlation coefficient by using the
Scipy pearsonr() function, which returns the Pearson correlation coef-
ficient along with the two-tailed p-value. Correlation, lag and p-values are
reported.

Since these p-values are less than 0.05, we conclude that there is a sta-
tistically significant correlation between the malaria incidence and the ex-
planatory variable at the delay considered. The only exception is the bed-
net distributed in Dakar where the p-value is 0.129>0.05.
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The rainfall is highly and positively correlated, meaning that if the rain-
fall increases, the malaria incidence will increase. These results are also
found in [ADA20], revealing that rainfall was a strong positive predictor
of increasing the annual incidence rate. In Senegal, it is known that the
mosquito population increases with rainfall. Indeed, based on [GBMM16],
the variation of the mosquito’s birth rate, the daily survival probability of
eggs, the daily survival probability of larvae, the daily survival probability
of pupae in function of rainfall is positive.

The bed-net is weakly correlated in Dakar. Then, it is positively cor-
related in Fatick (even if the value is low) and in Kedougou with a lag
of three months. Indeed, the situation in Fatick and Kedougou can be ex-
plained by the fact that the authorities anticipate the bed-net distribution
three months before the beginning of the rainy season. On the other hand,
in Figure 2.10 (in chapter 2), we observe that the bed-net distribution is
not regular in Kedougou because its behavior is very different in the last
two years of the dataset. For all these reasons, we do not use the bed-net
distribution (denoted by B) as an explanatory variable.

The optimal lag between the malaria cases and the drugs (denoted by
A) is equal to 0 in all the regions. This result means that the drugs is not
a real predictor because it is usually taken after appearing some malaria
symptoms from a patient. That reason leads us to do not consider the drug
as an explanatory variable. But it can help to cure some sick people and to
participate in the reduction of future malaria cases.

In Figure 6.1-6.3, the correlation between malaria cases at time ¢ and
the malaria in the past (t — J) decreases for all values of § meaning that
the malaria in the past, as an explanatory variable, becomes less and less
important when § becomes more and more big.

The explanatory variables for Y (t) are thus finally Y,(t — ¢y, ), Rf(t —
lre), Tp(t — L1p), RH(t — fry), and 1 for the intercept.
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Fig. 6.1 Correlations vs lag (count) in Dakar.
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Fig. 6.2 Correlations vs lag (count) in Fatick.
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Fig. 6.3 Correlations vs lag (count) in Kedougou.
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6.3 Model selection and result comparison

6.3.1 Model selection by using the Vuong test

In order to assess the adequacy of the distribution, we apply the Vuong
statistical test as in [GRD19, HDHS21]. The Vuong test is defined as follows
1vyn
v VmiEim (6.4)
i L (my — 1)

where m; = log(f1(Y:|X¢)/ f2(Yt|X¢)) in which f; (Y| X¢) is the first proba-
bility mass function and f,(Y;|X;) is the second probability mass function.
If V > 1.96, then the first model is preferred. If V' < —1.96, then the second
one is preferred. If —1.96 < V < 1.96, none of the models are preferred. In
our case, we let f; be the Poisson distribution and f, the NB distribution.
This statistical test permits to choose the most adequate between the two
regression models in order to fit the data.

In Table 6.3, the results of the Vuong test reveal that Poisson model
is preferred to negative binomial model in Dakar, Fatick and Kedougou
because V' > 1.96. However, none one is preferred in Kedougou with link
equal to log because the resultis —1.96 < V = 0.0 < 1.96.

Regions Link \%
Dakar identity | 5.09

Dakar log 3.22
Dakar sqrt 4.36
Fatick identity | 3.29
Fatick log 4.59
Fatick sqrt 2.5

Kedougou | identity | 2.31
Kedougou log 0.0
Kedougou sqrt 2.55

Table 6.3 Results of the Vuong test.
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Results comparison by using metrics

In this part, we made a comparative analysis between the three models
that are Gaussian (identity, log), Poisson (identity, log, sqrt) and negative
binomial (identity, log, sqrt) in Table 6.4. Experiments are made with Al-
gorithm 2 without saturation. We include the minimum values of the pre-
dicted mean obtained after fitting the model. A negative sign indicates
that the model is not adequate for our count data. All these metric values
permit to validate and to compare the performance of the models. Addi-
tionally, we present the RA results in Table 6.5.

Results in Table 6.4 display that the most of the MASE’s and MARE’s
in the train and test periods are around 1 in the three regions. Then, we
also have the RZ ;s indicator whose values are high (>50 %) indicating a
good contribution of the explanatory variables in the forecasts. In Table 6.5,
the predictions provided by Poisson (identity) are globally more reliable in
the train period when compared to other models due to the highest values
of RA, in the three regions. They also are very reliable in the test period
where the RA values are the highest in 2/3 of regions. The forecast accu-
racy of GLMs with various distributions (Poisson, negative binomial, and
Gaussian) and link functions (identity, log, and sqrt) is compared in terms
of several model performance metrics. Whereas the best distribution-link
combination varies according to the endemic region of interest and the per-
formance metric, the experiments lead to the conclusion that the Poisson
distribution with the identity link is overall the most suitable combination.

We can conclude that Poisson (identity) model can be nicely used to
fit our data for parameter estimation and to make the forecasts with these
found parameters in the three regions. All the additional studies will base
on this model.

Forecast results by various sets of explanatory variables

Forecast results using history of malaria incidence only

For transmissible diseases, the incidence at a given time ¢ — ¢ is very impor-
tant to predict the expected incidence at a given time t. That reason leads
us to first consider a set of explanatory variables composed of two vari-
ables that are the history of malaria incidence (Y, (f — J)) and the intercept
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RMSE MASE MARE RZg min

G(identity) | 2197.29 /2384.26 | 0.52/1.01 | 0.68 /154 | 0.84/0.79 | -517.03
G(log) 246629 /2352.81 | 0.6/1.38 | 0.85/2.66 | 079 /0.78 | 511.81
P(identity) | 224527 /2689.74 | 0.52/1.02 | 054 /128 | 0.83/0.78 | 2826
P(log) 2523.01 /229745 | 057 /123 | 0.65/205 | 0.79/0.77 | 341.22
P(sqrt) 2354.97 / 2303.14 | 0.54/1.08 | 0.62/1.77 | 0.81/08 | 279.49
NB(identity) | 2558.87 /3555.94 | 0.58 /128 | 05/124 | 0.82/0.76 | 460.63
NB(log) 3736.91 /2424.02 | 0.74 /1.1 | 0.61/1.89 | 0.73/0.79 | 471.42
NB(sqrt) 3409.99 /323453 | 0.73/1.23 | 055/1.56 | 0.79/0.79 | 48242
Glidentity) | 768.52 / 578.88 0.83/133 [ 066/059 | 0.67/075 | 87.78
G(log) 721.66 / 484.07 081/131 | 073/07 | 071/0.83 | 83.29
Pidentity) | 772.32 / 543.56 0.82/1.26 | 065/0.6 | 0.67/072 | 99.12
P(log) 741.92 / 491.42 0.83/1.37 | 0.85/0.88 | 0.69/0.78 | 215.44
P(sqrt) 763.78 / 526.94 0.84 /132 | 079/0.74 | 0.68/0.73 | 215.13
NB(identity) | 839.53 / 527.32 087 /1.22 | 0.61/0.59 | 0.64/0.67 | 69.22
NB(log) 861.98 / 466.03 091/121 | 084/079 | 063/07 | 268.19
NB(sqrt) 942.27 / 504.91 098/113 | 075/059 | 0.62/0.64 | 180.39
Glidentity) | 1230.61 /246727 | 1.01/092 | 1.19/0.63 | 0.62/0.62 | 29.85
(log) 1409.28 / 2720.94 | 127 /1.01 | 218 /0.73 | 0.51 /056 | 872.92
P(identity) | 1241.89 /2431.91 | 0.99/0.87 | 0.9/047 | 0.61/0.63 | 126.76
P(log) 1488.67 / 3009.49 | 1.15/11 | 1.47/052 | 046/059 | 510.81
P(sqrt) 1352.9 /252328 | 1.03/0.89 | 1.07 /042 | 056 / 0.62 | 324.21
NB(identity) | 1287.33 /2346.07 | 1.07/0.83 | 0.9 /0.44 | 0.61/0.65 | -52.81
NB(log) 2160.53 / 7024.86 | 142 /247 | 1.08/073 | 04/058 | 275.72
NB(sqrt) 1567.23 / 3037.79 | 1.19/1.14 | 0.91/0.44 | 0.54/0.63 | 132.16

Table 6.4 Results of accuracy measures with Algorithm 2 and the ex-
planatory variables Y, (t — h), R(t — ¢g), T(t — {1), H(t — {g), and 1 for
the intercept. We have considered t; = 0, t; = 5, t. = 84 and t. = 108
and i = 1. Refer to Table 6.2 for /g, {1 and ¢y values. Train/test values
are reported and min;c ;1 p(t). We denote by G: Gaussian, P: Poisson,
NB: negative binomial. The first bloc represents for Dakar, the second for
Fatick and the last for Kedougou.

vector (I(t)). We defined this set as follows
start_set < {Yo(f —4),I(f)}. (6.5)

Thus, our linear predictor becomes like a simple Markov model with the
Gaussian distribution that is called first order autoregressive AR(1) [Lin97]
(Section 5.2.1) and defined by

Hije—s = 8 (B1l(t) + B2Yo(t = 9)). (6.6)

In Figure 6.4-6.6, we present the forecast results (noted by A) and the
curves of B;X; (noted by B). These results are obtained from equation (6.6)
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Dist Dakar Fatick Kedougou
Train id log sqrt id log sqrt id log sqrt
G 28.75 | 22.5 27.5 25 10 13.75

P 325 | 275 30 | 3125 | 25 | 2625 | 1625 | 21.25 | 18.75

NB 275 | 2875 | 2875 | 30.0 | 21.25 | 22,5 | 16.25 | 16.25 20
Test

G 20 4 24 16 16 20
P 16 4 12 24 8 20 24 16 12
NB 16 8 16 20 20 28 28 8 16

Table 6.5 Comparison of the performance (reliability) results for GLM
with Gaussian (G), Poisson (P) and Negative Binomial (NB) distributions
and identity (id), log and sqrt as link functions, in Dakar, Fatick and Ke-
dougou.

with Poisson (id) model when we take i = 1. The figures noted by B permit
to show which variable is highly (8;X;(t) > 0) or weakly (8;X;(t) ~ 0)
used during the forecasting process. In all the three regions, we observe
that the sole use of the history of malaria incidence at time t — 1 gives good
results. That can be explained by the fact that it is highly used based on
figures (B) compared to the intercept whose values are closed to 0. This
situation is biologically true because with the transmissible diseases like
malaria the history of cases is very important to estimate the future cases.

In addition, in Table 6.6, we remark that the model is less accurate when
the values of i1 become large meaning that the history of malaria incidence
is weakly used when we take a high forecast horizon (h > 1).

The conclusion of these results is that malaria in the past was a very
good explanatory variable when i = 1.

Forecasts results by using all explanatory variables

In this part, we use the whole explanatory variables and the results from
Algorithm 2 and equation (6.1) are presented in Figures 6.7-6.9.

Figure 6.7 (B) of Dakar data shows with some peaks in the rainfall dis-
tribution. While in Figure 6.8 (B) about Fatick data, the rainfall variable is
weakly used and this variable is negatively used in Figure 6.9 of Kedougou
data. The peaks observed in Dakar and the situation in Kedougou lead us
to develop the method of saturation in Section 6.1.3. Then, in Figure 6.7 (B)
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Fig. 6.4 Forecasting results (A) and the curves of ;X; (B) in Dakar: Al-
gorithm 2 with Poisson for f and identity for g, ts = 0, t; = 5, t. = 84,
te =108, h = 1. Malaria incidence means the falciparum malaria incidence
count per month. The train/test accuracy measures are RMSE: 3886.43 /
2367.55, MASE: 0.95 / 1.06, MARE: 0.85 / 1.59 and RZ: 0.51 / 0.54.
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Fig. 6.5 Forecasting results (A) and the curves of §;X; (B) in Fatick: Al-
gorithm 2 with Poisson for f and identity for g, ts = 0, f; = 5, t. = 84,
te =108, h = 1. Malaria incidence means the falciparum malaria incidence
count per month. The train/test accuracy measures are RMSE: 916.35 /
408.29, MASE: 0.96 / 1.11, MARE: 0.76 / 0.75 and R2: 0.55 / 0.5.
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Fig. 6.6 Forecasting results (A) and the curves of ;X; (B) in Kedougou:
Algorithm 2 with Poisson for f and identity for g, ts = 0, t; = 5, t. = 84,
te = 108, h = 1. Malaria incidence means the falciparum malaria incidence
count per month. The train/test accuracy measures are RMSE: 1250.53 /
2523.74, MASE: 1.02 / 0.93, MARE: 1.06 / 0.61 and RZ: 0.61 / 0.59.

h RMSE MASE MARE RZor
Dk | 1 | 3886.43 / 2367.55 | 0.95/1.06 | 0.85/1.59 | 0.51 / 0.54
2 | 5265.41/3565.7 | 147 /215 | 2.4 /597 | 0.08/0.06
3 | 5399.89 / 4075.83 | 1.55 / 2.79 | 3.15 /9.38 | 0.01 / 0.01
Ft | 1| 91635/40829 | 0.96/1.11 | 0.76 /0.75 | 0.55/05
2 | 1250.88 / 741.17 | 147 /226 | 1.99 /221 | 0.14 / 0.03
3 | 1339.06 /807.71 | 1.67 /271 | 2.85/3.32 | 0.0/0.01
Kd | 1 | 1250.53 / 2523.74 | 1.02 /093 | 1.06 / 0.61 | 0.61 / 0.59
2 | 1790.88 / 3770.72 | 1.58 / 1.59 | 2.67 /123 | 0.19 / 0.18
3 | 1972.37 / 4427.78 | 1.87 / 1.84 | 3.65 /143 | 0.02 / 0.01

Table 6.6 Accuracy measures in the three regions: Algorithm 2 with Pois-
son for f and identity for ¢ where the set of explanatory variables is equa-
tion (6.5) and h = 1,2, 3. Train/test values are reported. We denote by Dk:
Dakar, Ft: Fatick and Kd: Kedougou.

of Dakar data, it is also shown that the humidity is weakly used to mean
that this variable has a little contribution in the forecasts. Contrary in Fig-
ure 6.8 (B) about Fatick data, the humidity is high used, so it has a big
participation in the forecasts. As for Kedougou, in Figure 6.9 (B), this vari-

126 |



Forecast results by various sets of explanatory variables | 6.4

able (humidity) is moderately used. As for temperature, its contribution
changes depending on the region. For example, in Dakar and Fatick, this
variable (temperature) is negatively used as it is shown in Figure 6.7 and
6.8. However, in Kedougou, it is positive and highly used as it is shown in
Figure 6.9.
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Fig. 6.7 Forecast results (A) and the curves of B;X; (B) in Dakar: Al-
gorithm 2 with Poisson for f and identity for g, no saturation applied.
Malaria incidence means the falciparum malaria incidence count per
month. The initial values are t = 0,t; = 5, t. = 84,t. =108, h = 1.
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Fig. 6.8 Forecast results (A) and the curves of §;X; (B) in Fatick: Al-
gorithm 2 with Poisson for f and identity for g, no saturation applied.
Malaria incidence means the falciparum malaria incidence count per
month. The initial values are ty = 0,t; =5, t. = 84,t. =108, h = 1.
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Fig. 6.9 Forecast results (A) and the curves of §;X; (B) in Kedougou:
Algorithm 2 with Poisson for f and identity for g, no saturation ap-
plied. Malaria incidence means the falciparum malaria incidence count
per month. The initial values are ts = 0,t; = 5, t. = 84, te = 108, h = 1.

We can summarize here that each explanatory variable doesn’t use the
same in the three regions. Thus, these analyses and observations lead the
development of the methods in Sections 6.4.3 and 6.4.4.

Addition study

In this section, we experiment with different combinations of sets from
equation (6.5) and we define them as follows

{start_setUX;,j=3,...,k}.

The purpose is to investigate the influence of each additional variable com-
pared to the observation in Section 6.4.1.

The Table 6.7 reveals that, in Kedougou, the forecast results are im-
proved by adding to start_set explanatory variables such as temperature
or humidity. In contrast, the addition of the rainfall variable gives some
less good results in the sense of the RMSE, MASE and MARE, in Dakar
and Fatick, even if the higher values of RZ are observed there.
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Var | RMSE w/wo | MASE w/wo | MARE w/wo R%OR w/wWo
Rf 1.18 1.02 0.99 1.43
Tp 0.99 1.05 1.15 1.04
RH 0.94 1.04 1.06 1.11
Rf 1.24 1.22 1.04 1.34
Tp 1 1.06 1.08 1.1
RH 1.18 1.05 0.77 1.34
Rf 0.99 0.97 0.92 1.02
Tp 0.96 0.95 0.88 1.05
RH 0.98 0.93 0.7 1.03

Table 6.7 Results of the addition study in the three regions: Algorithm 2
with Poisson for f and identity for g, ts = 0, t; = 5, tc = 84, te = 108
and i = 1. We denote by w: situation in the test period with the added
variable and wo: situation in the test period without the indicated variable.
Ratios of w/wo are reported. Note that, for the metrics: RMSE, MASE and
MARE, a ratio lower than 1 implies an improvement of the model when the
variable is added as an explanatory variable. A ratio of RZ higher than
1 indicates that adding the variable improves the forecasts. The first three
lines concern for Dakar, the second for Fatick and the last for Kedougou.

Ablation study

We now present ablation studies where we start with all the available ex-
planatory variables and investigate the effect of removing any one of them.
The sets of explanatory variables after ablation are thus

(X1, Xa,.., X I\ Xj, i =2,...,k

By doing that, we can know which variable is more responsible of the over-
forecasting (or under-forecasting) observed.

The results in Table 6.8 show a low accuracy in terms of RMSE, MASE
and MARE in the whole three regions data sets when the malaria incidence
in the past was deleted. This situation was expected when we refer to the
forecast results in Section 6.4.1. It is also shown there that the deletion of
one of the others variables such as rainfall, temperature and humidity gen-
erally reduces a bit the performance of the models in the sense of RMSE,
MASE and MARE.
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Var RMSE wo/w | MASE wo/w | MARE wo/w R%OR wWo/wW
Yo(e1) 15 174 2.04 0.82
Rf 0.83 1.06 1.27 0.75
Tp 1.05 1.07 1.11 0.98
RH 1.04 1.05 1.25 0.98
Yoe1) 148 1.63 158 111
Rf 0.94 0.95 1.06 0.93
Tp 0.96 0.98 0.96 1.01
RH 0.92 1.05 1.3 0.98
Yo(e1) 15 1.64 125 121
Rf 1 0.99 0.92 1.01
Tp 1.02 1.02 0.92 0.97
RH 1.01 1.03 1.14 0.98

Table 6.8 Results of the ablation study in the three regions: Algorithm 2
with Poisson for f and identity for g, ts = 0, t; = 5, fc = 84, to = 108
and i = 1. We denote by wo: situation in the test period without the indi-
cated variable and w: situation in the test period with all the explanatory
variables. Ratios of wo/w are reported. Note that, for the metrics: RMSE,
MASE and MARE, a ratio lower than 1 implies that the result is good with-
out the indicated variable. A ratio of R% higher than 1 indicates adding
the variable improves the forecasts. The first four lines concern for Dakar,
the second for Fatick and the last for Kedougou.

Forecast results using saturation

In this section, we made a main modification in the rainfall variable. We
call this method by saturation and the procedure is entirely detailed in Sec-
tion 6.1.3 and Algorithm 3. Statistical results of this method are presented
in Table 6.9. They permit to distinguish the performance given by this nov-
elty compared to Table 6.4. The forecasts are displayed in Figure 6.10 and
6.11.

As a result, an improvement of the forecasts is observed based on Ta-
ble 6.9. For Dakar, we observed an improvement of the results after ap-
plying the saturation according to all the metrics. It is interesting to see
that, in Dakar, the introduction of the saturated rainfall has reduced the
over-estimation occurring at the end of 2015; compare Figure 6.7 and Fig-
ure 6.10. Then, in Fatick, all the values are 1, meaning that the saturation
method does not improve the results. That can be explained by the fact
that the rainfall is less used in this region, according to Figure 6.8 (B). As
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for Kedougou, we have a MARE smaller than its value before applying the
method due to the ratio under 1 (ratio = 0.87) and a RéOR higher than the
value before applying the method (ratio = 1.04). There is no improvement
in terms of ratio of the RMSE and MASE. That may be explained by the fact
that there was not a peak as that is illustrated in Figure 6.9 or the forecasts
have been already good.
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Fig. 6.10 Forecast results (A) and the curves of ;X; (B) of the satura-
tion method in Dakar: Algorithm 3 with Poisson for f and identity for
g. Malaria incidence means the falciparum malaria incidence count per
month. The initial values are ts = 0,t; = 5, t. = 84, t. =108, h = 1.

RMSE w/wo | MASE w/wo | MARE w/wo R%jOR w/wWo
Dk 0.95 0.97 0.96 1.01
Ft 1 1 1 1
Kd 1.01 1.02 0.87 1.04

Table 6.9 Comparison results after and before the saturation: Algo-
rithm 3 with Poisson for f and identity for g, ts = 0, t; = 5, t. = 84,
te = 108 and h = 1. We denote by w: the metric with saturation and wo:
the metric without saturation, in the test period. Ratios of w/wo are re-
ported. For the metrics: RMSE, MASE and MARE, a ratio lower than 1
implies an improvement of the model to make good forecasts with satura-
tion. A ratio of R higher than 1 indicates that applying the saturation
improves the forecasts. We denote by Dk: Dakar, Ft: Fatick and Kd: Ke-
dougou.
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Fig. 6.11 Forecast results (A) and the curves of ;X; (B) of the satura-
tion method in Kedougou: Algorithm 3 with Poisson for f and identity
for g. Malaria incidence means the falciparum malaria incidence count per
month. The initial values are ts = 0,t; = 5, . = 84, t. = 108, h = 1.

Another favorable effect of the saturation is that, in Kedougou, the non-
saturated rainfall is negatively used (Figure 6.9 B) while the saturated rain-
fall is positively used (Figure 6.11 B).

Partial conclusion

For three endemic regions of Senegal, we have investigated the accuracy,
in the sense of the metrics such as RMSE, MASE and MARE, of the falci-
parum malaria incidence count per month forecasts obtained with GLM’s
by using meteorological data and history of falciparum malaria incidence
count per month as explanatory variables. Using the Vuong test, we com-
pared the adequacy of Poisson-based and NB-based GLM’s. And the GLM
with Poisson and identity as a link function is in practice the more ade-
quate regression model to make forecasts of falciparum malaria incidence
count per month based on meteorological factors. We have observed that
the choice of the GLM’s link function and the use of adequate lags in the
explanatory variables may have a considerable impact on the forecast ac-
curacy.

We also have observed that the application of saturation in the rainfall
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variable increases the quality of the forecasts in Dakar and Kedougou.

An ablation study shows that removing the history of malaria cases
from the explanatory variables has a strong adverse effect on the forecast
accuracy.
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7.1

Alternative forecasting
methods of malaria
incidence

HIS chapter is organized as follows. A forecasting algorithm differ-

ent to the Algorithm 2 defined in chapter 6, the SARIMAX model

algorithm and comparative results to these three algorithms are
presented in Section 7.1. The scipy.optimize.fmin optimization method
is described in Section 7.2. For further experiments, we investigate the
forecast from various train period study in Section 7.3, the forecast from
districts level study in Section 7.4 and parameter generalization study in
Section 7.5.

Alternative forecasting methods

The data used in this study are presented and discussed in the chapter 2
and Section 2.2.
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7.1.1 Forecasting method without lag in the climatic variables

This method corresponds to where we train the model by taking the ex-
plained variable Y,(t), and the explanatory variables Xtj,j = 2,...,kin
[ti, tc], while the history of malaria incidence Y, (t — J) (represented by X,)
is taken in [t; — £}, tc — £p]. The initial times #; and f. are the same like in
Section 6.1.2 and / is also defined in Section 6.2.1 (equation (6.3)). Then,
the forecasts are obtained as follows

k
=g '(BpXp(t—Lp)+ Y. BiX(t) (7.1)
J=Lj#p

where g represents the link function introduced in Section 1.5.2. This method
is identical to the method defined in equation (6.1), with the exception that
the meteorological explanatory variables for Y(t) are assumed to be avail-
able at the forecasts time ¢. This allows us to investigate the forecast im-
provement that perfectly accurate weather predictions might bring. The
train-test process is presented in Algorithm 4. Experimental results can be
found in Section 7.1.3.

Algorithm 4: Alternative forecasting algorithm

Input: fg, t;, tc, te < times of Section 6.1.2, £ < vector (Section 6.2.1,
equation 6.3), h < forecast horizon, Y, and
X ={Xj,Xy,..., Xg}: set of explanatory variables;
Output: Y + the forecasted incidence;
Ytrain = Yo(ti . tc)}
Xtrain =
{Xa(tiste), Xa(ti o te), .o, X1 (ti s te), Xpe(ti — b it — L)} k
indicates the index of Y, (t — ¢);
3 Fit the GLM with Poisson for f and identity for g in the train
period using the Python library statsmodels.genmod.families;
Get the regression coefficients g, j = 1,...,k;
fort € [tc+1, te} do

L Y=g Z L BiXi(t) + BeXe(t — €)).

N =

- NS S
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7.1.2  Forecasting method with SARIMAX model

In the past few years, a class of time series models named SARIMAX (sea-
sonal autoregressive integrated moving average with exogenous variables)
appear to be very popular in short-term load forecasting [TA17]. The most
of the time, the order and seasonal order values are separately calculated
based on Box-Jenkins approach [Gou21].

Algorithm 5: SARIAMAX forecasting algorithm
Data: t, t;, tc, te < times of Section 6.1.2; Yo; X = {Xq, Xo, ..., Xk };
s =12;
Result: Yioecasts < the forecasted malaria incidence;

1 Yirain = Yo(ti : tc))
2 Xigain = {0 (b £ te), Xa(ti + £), o, X (b £ 1))
3 Xiest = {X1(tc i te), Xo(tc i te), .., X(te i te) };
4 1 =0, Pmax = dmax = Jmax = M where m is an initial guess;
5 forp,d,q € [0,m] do
6 | forP,D,Q,s € {[0,m],s}do
7 Fit SARIMAX model using the Python library
statsmodels.tsa.statespace.SARIMAX;
8 Call the predict () with Xi,in in order to get yy;
9 order[i| = [p,d, q];
10 seasonal_order[i] = [P, D, Q,s];
te 2
1 RMSE[i] = # ;
12 i=i+1;

13 [order][seasonal_order]_opt = arg min RMSE;

14 Fit SARIMAX model with these optimal parameters;
15 Call the predict () function to get y;

16 interval = te — t. < define the forecast horizon;

17 Call the forecast () with this horizon to get Yiorecast-

In [VYKK"22], a Bayesian structural time series (BSTS) and seasonal
autoregressive integrated moving average with exogenous factors (SARI-
MAX) models were implemented to predict the malaria incidence in the
northeast states of India. In that study, authors apply the auto ARIMA
method from pmdarima package of Python to automatically identify and
estimate the best fitting model among the grid of hyper-parameters. SARI-
MAX model was also used in [MSH12] to quantify the relationship be-
tween malaria cases and remotely sensed environmental variables, includ-
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ing rainfall, land-surface temperature (LST), vegetation indices (NDVI and
EVI), and actual evapotranspiration (ETa) with lags ranging from one to
three months in the highlands of Ethiopia. In that study, the results reveal
that the SARIMA models that included these environmental covariates had
better fits and more accurate predictions, as evidenced by lower Akaike In-
formation Criterion (AIC) and RMSE values, compared to models without
environmental covariates.

In our case, we develop the SARIMAX model in order to compare its
performance to the performance of GLMs with the datasets from Dakar,
Fatick and Kedougou. Concerning the seasonal parameter s, we use s = 12
corresponding to annual seasonality. The choice of annual seasonality is
backed by our previous findings about the periodic structure of the data;
see Figures 2.5, 2.6 and 2.7 in chapter 2. We perform grid-search for the op-
timal ARIMA order (p, d, q) and the seasonal order (P, D, Q) based on the
lower RMSE, as was also done by [VYKK™22]. The procedure is described
in Algorithm 5. We consider neither the history of malaria incidence in the
explanatory variables because the model itself incorporates the autoregres-
sion, nor an intercept vector.

Results

In Figures 7.1-7.3, we display the forecast results of the method in Al-
gorithm 4. For comparison, we calculate a ratio (R) of RMSE_test’s of
the two methods considered. After that, we calculate a percentage by
p = 100(1 — R). When calculating the ratio between Algorithm 4 and
Algorithm 2, the results reveal a reduction about 22% in Dakar, about 44%
in Fatick and about 9% in Kedougou. The conclusion is that Algorithm 4
performs better than Algorithm 2.

We compare the performance between Algorithms 2, 4 and 5. The ac-
curacy measures are presented in Table 7.1. We observe low MASE_test
with Algorithm 4: 0.94, 0.92 and 0.8, respectively, in Dakar, Fatick and Ke-
dougou. These values are better than the values otained with Algorithms 2
and 5. We can notice that the SARIMAX model (Algorithm 5) produces the
best results in the sense of the RMSE and MASE measures in the training
period, compared to GLMs in the three regions. This result confirms the
findings in [NPC21] revealing that the SARIMAX model generally gives
a good fitting. But it produces less good quality of forecasts. This poor
forecast quality can be explained by the large number of parameters to be
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estimated included in this model. This may still be due to a large forecast
horizon (two years in this case).

A B

25000 —e— Real data
—e— Fitted data
—e— Forecasted data

20000

15000
20000

10000

15000
5000

PjiAj

10000 0

Malaria incidence

—5000) — Rainfall

—— Temperature

~10000 Humidity

—— Malaria cases in the past
{- —— Intercept

5000

0

-15000
2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017
Date [months] Date [months]

Fig. 7.1 Forecasting results (A) and the curves of B;X; (B) in Dakar:
Algorithm 4 with Poisson for f and identity for g, no saturation ap-
plied. Malaria incidence means the falciparum malaria incidence count
per month. The initial values are ts = 0,t; = 5, t. = 84, te =108, h = 1.
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Fig. 7.2 Forecasting results (A) and the curves of B;X; (B) in Fatick:
Algorithm 4 with Poisson for f and identity for g, no saturation ap-
plied. Malaria incidence means the falciparum malaria incidence count
per month. The initial values are ts = 0,t; = 5, t. = 84, te =108, h = 1.

We decide to show in Table 7.2 the performance of the Algorithms 2
(representing the protocol P1) and the 4 (representing the protocol P2)
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Fig. 7.3 Forecasting results (A) and the curves of §;X; (B) in Kedougou:
Algorithm 4 with Poisson for f and identity for g, no saturation ap-
plied. Malaria incidence means the falciparum malaria incidence count
per month. The initial values are ts = 0,t; = 5, t. = 84, te = 108, h = 1.

Region Model RMSE MASE

Dk Algo 2 224527 / 2689.74 | 0.52 / 1.02
Algo 4 3338.28 /20849 | 0.77 / 0.94

SARIMAX [1,0,0][1,0,1,12] | 2106.02 / 3602.89 | 0.52 /1.9

Ft Algo?2 77232 / 543.56 | 0.82 /1.26
Algo 4 787.26 / 303.2 | 0.82 / 0.92

SARIMAX [101][10112] | 632.89 /76743 | 0.72/1.96

Kd Algo?2 1241.89 / 2431.91 | 0.99 / 0.87
Algo 4 1095.23 / 2211.8 | 0.82 /0.8

SARIMAX [100][10112] | 763.25/2520.71 | 0.67 / 0.99

Table 7.1 Comparison results between the GLM with Poisson distribu-
tion (Algorithm 2, 4), and SARIMAX model (Algorithm 5), in the three
regions where ts = 0, t; = 5, . = 84 and fe = 108 and & = 1. Train/test
values are reported. We denote by Dk: Dakar, Ft: Fatick and Kd: Ke-
dougou.

when the test period is one year. These results reveal a clear improve-
ment of the forecast quality in term of MASE, compared to the results in
Table 7.1. A reduction of up to 44% is observed with the protocol P1 when
the saturation method, defined in chapter 6 and Section 6.1.3, is applied in
Dakar. In Fatick, a reduction of 11% is noted with the protocol P1 without
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saturation.

Regions RMSE MASE
Dakar P1 | No_saturation | 2245.27 / 2253.28 | 0.52 / 0.73
P1 Saturation 2087.76 / 1269.15 | 0.49 / 0.58
P2 | No_saturation | 3396.35 / 2110.79 | 0.78 / 0.93
P2 Saturation 323291 / 2046.5 | 0.76 / 0.88
Fatick P1 | No_saturation 772.32 / 532.61 0.82 /1.11
P1 Saturation 772.94 / 530.94 0.82/1.1
P2 | No_saturation 788.0 / 342.97 0.82 / 0.89
P2 Saturation 793.23 / 349.88 | 0.82 / 0.92
Kedougou | P1 | No_saturation | 1241.89 / 2553.82 | 0.99 / 0.9
P1 Saturation 1208.47 / 2573.59 | 0.96 / 0.87
P2 | No_saturation | 1074.69 / 2505.0 | 0.83 / 0.86
P2 Saturation 1081.49 / 2521.66 | 0.84 / 0.87

Table 7.2 Performance measures of Algorithms 2 and 4 with saturation
or no saturation when ty =0, = 5,t. =84 and te =96 and h = 1, in the
three regions. Train/test values are reported.

Alternative optimization method

An alternative estimation method consists to compute the estimates 3 and
« (for NB only) by applying the scipy.optimize.fmin optimization solver.
This method, that we denote by method B, uses the downhill simplex algo-
rithm with the log-likelihood as the objective function. In application, with
the Poisson distribution, we solve

argmin —L(B,Y, X), (7.2)
B

where L is the log likelihood function defined in equation (B.2) (defined in

Appendix B). As for the NB distribution, we solve

argmin —L(B,a, Y, X),
B

(7.3)

where L is the log likelihood function defined in equation (B.8).
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The purpose is to know if an optimization solver like method B can
give better forecast results than the default and commonly used method for
GLM: Newton-Raphson, that we denote here by method A. First, the solver
requires an initial guess parameters, which is difficult with this method.
We conduct experiments to investigate the importance of the choice of the
initial guess for method B. We observe that method B stays fixed when we
initialize it with the outcome of method A and that it gives worse RMSE
scores when initialized at others points; see Table 7.3. This suggests that
the log-likelihood function equation (B.2) is a multimodal function with
several local nonglobal minimizers. The various initial guest for method
B are defined as follows: S, 0, 28, %, 108, B/10 where B represents here
the outcome of method A. The same conclusions with this method B are
obtained in Fatick and Kedougou. That’s why we decide to only show the
table of results for Dakar.

L[ B [ B | Bu | Bvuy | Bi | RMSE |
[A] 4461 [ -13489 | 5275 [ 041 | -59859 [ 2689.7 |
B [ 4461 -134.89 52.75 041 -598.59
B | 44.611 -134.89 52.75 0.41 -598.59 | 2689.7
B 0 0 0 0 0
B | 4579 -11.56 12.86 0.385 -52.64 | 2812.6
B | 2x4461 | 2x-13489 | 2x5275 | 2x041 | 2x-59859
B | 4461 -134.89 52.75 0.412 -598.59 | 2689.7
B | 4461 —134.89% | 52757 0417 | —598592
B | 1324 445.76 178.18 0.63 -21179.73 | 5189.8
B | 10x44.61 | 10x-134.89 | 10x52.75 | 10x0.41 | 10x-598.59
B | 36.86 -1616.72 136.07 1.22 26872.21 | 3419.4

Table 7.3 Results of the two methods (A and B) in Dakar. RMSE_test is
reported. In method B, we report the initial guess and the estimates (in
dark).

Forecast from various train periods

In this section, we want to chose the training period in a reasonable way.
For that, we investigate the impact of the position of the train period on
the forecast accuracy. The idea is to consider a fix test period and to slide
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the train period by increasing the size by one year, in the past. To this
end, we fix t. = 84 and te = 108 (the end of the dataset), yielding the
test period equal to [tc, te]. Then, we choose t; in the span values [72, 60,
48, 36, 24, 5]. We stop in 5 because the use of the lags in the explanatory
variables. Recall that the reference train period was [5, 84] in the previous
experiments. We calculate the accuracy measures such as RMSE, MASE
and MARE in each step and the results are presented in Table 7.4. We
also present the evolution of the RMSE in these various train periods in
Figure 7.4.
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Fig. 7.4 Evolution of the RMSE values when the train period changes by
increasing, in Dakar, Fatick and Kedougou, with Algorithm 2.

Results in Figure 7.4 show that RMSE and the train period are nega-
tively correlated in Kedougou, and the minimum value is reached with
the reference period [5,84] (RMSE = 1241.89). As for Fatick, the RMSE’s
present a stationary evolution close to the reference period [5,84] (RMSE =
772.32). And for Dakar, we observe an increasing of the RMSE’s when the
training period increases, but the maximum value is also reached around
the reference period [5,84] (RMSE=2245.27).

We can conclude that the choice of a fix train period [5,84] is very cred-
ible with these data sets. Choosing a local train period for each region
could be significant for the forecasts because we can’t find a period where
the RMSE is the minimum in the three regions due to variables are not
identically distributed.
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Regions

Period

RMSE

MASE

MARE

Dakar

[72,84]
[60,84]
[48,84]
[36,84]
[24,84]
[5,84]

519.99 / 2357.24
1043.82 / 2051.23
1314.17 / 2121.01
2037.61 / 2723.05
2451.89 / 3327.34
224527 / 2689.74

0.39 / 0.97
0.44 / 0.87
0.46 / 0.91
0.48 / 1.05
052 /122
0.52 / 1.02

0.45 /0.97
0.46 / 0.99
0.61/13
0.63 /1.41
059/14
054 /1.28

Fatick

[72,84]
[60,84]
[48,84]
[36,84]
[24,84]
[5,84]

543.46 / 1340.96
748.92 / 1480.54
774.23 / 814.35
781.87 / 657.38
790.49 / 653.73
772.32 / 543.56

0.53 / 3.59
0.65 /3.71
071/184
0.75 / 1.52
0.78 / 1.51
0.82/1.26

0.31/221
0.46 / 1.79
0.65 /0.82
0.56 /0.72
0.68 / 0.72
0.65 /0.6

Kedougou

[72,84]
[60,84]
[48,84]
[36,84]
[24,84]
[5,84]

2237.8 / 1980.91
1852.45 / 2113.42
1653.63 / 2199.98
1541.43 / 2292.84
1400.21 / 2402.79
1241.89 / 243191

094 /0.73
0.92 / 0.67
091 /0.75
0.94 / 0.81
0.97 / 0.85
0.99 / 0.87

0.59 / 0.74
0.75/0.48
0.81 /0.5
1.1 /048
1.0 / 0.48
0.9 /047

Table 7.4 Accuracy measures results from various train periods, with Al-
gorithm 2, in Dakar, Fatick and Kedougou. Train/test values are reported.

Forecast from districts level

In this section, we study the performance of the three algorithms: 2,4 and 5
in the different districts of Dakar, Fatick and Kedougou by displaying their

MASE_test values in Figure 7.5.

The Figure 7.5 reveals that the Poisson regression model with Algo-
rithm 4 gives the lowest MASE_test’s (around 1) in the whole districts.
Some peaks are observed with Algorithms 2 and 5 in Pikine, and a large

peak is observed in Passy with only Algorithm 5.

In conclusion, we demonstrate that Poisson regression model through
the Algorithm 4 performs better than the Poisson regression model through
the Algorithm 2 and the SARIMAX model (Algorithm 5), using these datasets.
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Fig. 7.5 MASE _test’s as function of districts with the three algorithms: 2,
4 and 5. Dk_region represents the sum up off all districts of the said region
including Dakar. Ft_ville means Fatick city and Ft_region represents the
sum up off all districts of the said region including Fatick. Kd_ville means
Kedougou city and Kd_region represents the sum up off all districts of the
said region including Kedougou. The initial values are t = 0, t; = 5,
te =84,te =108 and h = 1.

Parameter generalization method

In this section, we decide to study how the parameters are distributed by
regions in order to reflect on a generalized method of forecasting across
regions. More clearly, we want to know if the parameters estimated with
data in one region can be used to make forecasting in the other regions.
The results of these experiments are presented in Table 7.5. We also show
the distribution of each parameter into each region in Figure 7.6.

In Figure 7.6, we can observe that the parameter distribution is not ho-
mogeneous. For example, the variable intercept is distributed as follows:
a median around -250 in Dakar, a median around -100 in Fatick and, a me-
dian between -2000 and -2500 in Kedougou. We also have the temperature
variable with a median higher than the median values in Dakar and Fat-
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Model Dakar Fatick Kedougou
Fitted in Dakar 2689.74/1.02 | 3031.24/10.34 | 6374.86/2.77
Fitted in Fatick 2144.66/1.23 | 543.55/1.26 | 2478.32/0.88
Fitted in Kedougou | 2343.30/0.98 | 549.01/1.65 | 2431.9/0.87

Table 7.5 Accuracy measures results by using the same parameter in the
three regions, with Algorithm 2: Poisson for f, identity for g, ts = 0,
ti = 5 t. = 84, te = 108, h = 1, in Dakar, Fatick and Kedougou.
RMSE_test/MASE_test are reported.
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Fig. 7.6 Distribution of the regression parameters for each variable in the
three regions: Algorithm 2 with Poisson for f and identity for g. The initial
values arets = 0, ¢ = 5, t. = 84, to = 108, h = 1. Recall: Rf for rainfall,
Tp for average temperature, RH for relative humidity, Ypast for falciparum
malaria count in the past and I for the intercept vector.

ick. The Table 7.5 reveals high RMSE_test’s and MASE_test’s in Fatick and
Kedougou by using the estimates computed with Dakar data.

We can conclude that using the same parameter values in the three re-
gions yields much poorer forecast results when the model is trained with
Dakar data in terms of RMSE and MASE. Therefore, we suggest using this
model specifically by locality to avoid overestimations or underestimations
that may occur due to the difference in the size of malaria cases between
localities or the climatic zone.
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Partial conclusion

We made a comparison of the GLM with Poisson distribution and identity
as the link function (implemented in Algorithms 2 and 4) and the SARI-
MAX model (implemented in Algorithm 5) with the historical monthly
malaria cases and meteorological data from the three endemic regions of
Senegal presented in chapter 2 and Section 2.2.

Algorithm 2 (the meteorological explanatory variable X; is taken at
time t — Ej, where t represents the time of the forecasts, Ej is the lag in
X; that maximizes its correlation with the malaria incidence) seems to be
very consistent on malaria incidence forecasting and corresponds more to
the reality, even if Algorithm 4 (the meteorological explanatory variables
are assumed to be available at time t) can improve the results. The results
reveal a reduction in the sense of the RMSE_test about 22% in Dakar, about
44% in Fatick and about 9% in Kedougou, using Algorithm 4, compared
to Algorithm 2 with the two years test period. We also tested the Poisson
regression model in the one year test period and we compared its result to
the results in Table 7.1 (corresponding to the two years test period). The
results reveal a reduction of up to 44%, in terms of MASE, with the Algo-
rithm 2 when the saturation method is applied in Dakar, and a reduction
of 11% in term of the MASE with Algorithm 2 and without saturation in
Fatick. This leads us to say that the GLM with Poisson distribution and
identity as the link function can make good forecasts, but is not ideal for
forecasting in subsequent years.

Furthermore, the comparative study of the two optimization methods:
the Newton-Raphson and the scipy.optimize.fmin solver reveals that
the Newton-Raphson is the more accurate method. Then, we tested the
performance of these three algorithms on the district level and the Algo-
rithm 4 seems to be better than the Algorithm 2 and the Algorithm 5. Fi-
nally, the parameter generalization method results show that the use of the
same parameters leads to worse results in the three regions, both on the
train and test sets and should not be considered with these datasets.
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Producing confidence
intervals for GLM

FTER producing the forecasts in chapters 6 and 7, now we would
like to produce confidence intervals. Indeed, the major goal of the
uncertainty analysis is to restrict the expected range in which the
true value of the outcome of an experiment lies. This estimated range is in
the form of an interval and is called the uncertainty interval [SMNM?20].
Therefore, we present some methods for parameter sampling. First, we
have the parameter uncertainty computed when the model is fitted. Sec-
ond, we apply the parameter uncertainty method and the stochastic uncer-
tainty method, which are defined in chapter 5. In these three methods, we
fit the GLM with Poisson distribution (f) and id as link function (g) in the
train period using the Python library statsmodels.genmod.families.

GLM default uncertainty method

Fitting a GLM with Poisson distribution also gives lower and upper bounds
of the 95% confidence intervals for parameters. These values are computed
with the covariance-variance matrix where the standard deviation is ob-
tained by calculating the square root of the covariance-variance diagonal
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matrix. Therefore, using these lower and upper bounds of parameters, we
calculate the lower and upper bounds of the forecasts, which constitutes
the confidence interval for forecasts. We present in capture 8.1, the statis-
tics table when the model is fitted, only in Dakar in order to show the
model outcome. The forecasts are displayed in Figures 8.2-8.4.

Results: Generalized linear model

Model: GLM AIC: 53089.3345
Link Function: identity BIC: 51924.5375
Dependent Variable: y Log-Likelihood: -26500.
Date: 2023-83-27 12:35 LL-Null: -2.0802e+05
No. Observations: 79 Deviance: 52248,

Df Model: 4 Pearson chi2: 5.70e+04

Df Residuals: 74 Scale: 1.0000
Method: IRLS

x1 44,6169 0.1684 264.9779 0.0000 44,2810 44,9489
X2 -134.8941  3.2066 -42.0670 0.0000 -141.1790 -128.6092
X3 52.7499 0.7139 73.8908 0.0000 51.3507 54.1491
x4 0.4125 09.0825 163.5850 0.0000 0.4875 0.4174
const -598.5928 60.1922 -9.9447 0.0000 -716.5672 -480.6183

Fig. 8.1 Summary statistics for GLM with Poisson distribution with Al-
gorithm 2 in Dakar.

Application of the parameter uncertainty method

This method consists to slide the train period in order to get a sample of pa-
rameters. Letting 3, B'°V¢" and BUPP®T, respectively, the median of estimates
vector, the mean of the lower bound estimates vector and the mean of the
upper bound estimates vector. Then, we compute the forecasts by BXest
and the confidence interval of the forecasts by [ﬁlower Xiest, Bupperxtest]. The
results are displayed in Figures 8.5-8.7.
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Application of the stochastic uncertainty method

In this section, we have to slightly modify the initial data (i.e, the trained
data) given to the parameter estimation algorithm (see details in the chap-
ter 5 and Section 5.1). We investigate two situations. First, we add noise
only in the response variable (Y;), and the other variables are not modified
(Stochastic_1). Second, we add noise in all variables where a € is calculated
related to each of them (Stochastic_2). Results are displayed in Figures 8.8
8.13.

Discussion

As results, we observe from a visual inspection that these three methods
defined in Sections 8.1, 8.2 and 8.3 give tight confidence intervals with the
two forecasting algorithms, in the three regions. This can be explained by
the fact that the parameter estimation method is very accurate, then pro-
duces small range of parameters between lower values (0.025 lower confi-
dence limit) and upper values (0.975 upper confidence limit).

To assess the quality of these confidence intervals, we evaluate the va-
lidity and the interquartile range (IQR) [HLO05]. Validity consists to evaluate
the number of real data located into the confidence intervals. Optimality
consists to evaluate the range of the interval by calculating the mean of the
difference between the upper (97.5 percentile) and lower (2.5 percentile) of
the forecasts.

Table 8.1 shows high percentages of real data located between confi-
dence intervals of forecasts with parameter uncertainty method (section 8.2)
where very closed results are observed between the two algorithms, in the
three regions. This result is due to the higher values of IQR obtained with
this method, compared to the other methods. In Dakar and Fatick, the Al-
gorithm 2 gives less large confidence intervals than Algorithm 4, which is
not the case in Kedougou. Additionally, we remark that when we only add
the noise to the response variable, the outcome changes a bit from the de-
fault method (compare GLM default and Stochastic_1). The stochastic_2
method gives the worst values in the whole three regions. These bad re-
sults in this situation 2 can be caused by a non convenient determination
method of € in certain variables. In particular, in rainfall where high val-
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ues are registered in rainy season and about 0 in dry season. But also, it
can be explained by the fact that the model is less robust when we make a
disturbance.

A possible investigation with the parameter uncertainty method can
be to reduce the train period length because data are not uniformly dis-
tributed year by year and this variability may seriously affect the parame-
ter estimation.

GLM default Parameter Stochastic_1 Stochastic_2
Validity
Algo 2 4 2 4 2 4 2 4
Dakar 37.5 33.33 58.33 50.0 375 33.33 4.16 25.0
Fatick 62.5 45.83 45.83 70.83 54.16 45.83 25.0 16.66
Ked 41.67 33.33 50.0 54.16 41.66 29.16 12.5 33.33
IQOR
Dakar 824.99 | 970.49 | 1254.00 | 1374.02 | 796.49 | 878.74 | 719.39 | 838.36
Fatick 387.04 | 433.50 689.14 917.83 | 355.64 | 376.16 | 296.81 | 325.19
Ked 622.06 | 491.75 | 1182.80 | 117243 | 601.09 | 505.90 | 496.86 | 427.45

Table 8.1 Validity and IQR results, using the 3 different methods with
Algorithm 2 and Algorithm 4, in Dakar, Fatick and Kedougou.

Partial conclusion

We investigated three methods to produce confidence intervals for GLMs:
the GLM default uncertainty method (Section 8.1), the parameter uncer-
tainty method (Section 8.2) and the stochastic uncertainty method (Sec-
tion 8.3) using Algorithms 2 and 4.

Results show very tight confidence intervals with these methods. The
parameter uncertainty method generally performs better with higher per-
centages of real data located into the confidence intervals with the two

algorithms in the three regions.
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Fig. 8.2 Confidence interval result (orange) for Dakar data, using GLM
default uncertainty method defined in Section 8.1 with Algorithm 2 in
top and Algorithm 4 in bottom. Malaria incidence means the falciparum
malaria incidence count per month. The initial time values are t; = 5,
tc = 84, t. = 108.
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Fig. 8.4 Confidence interval result (orange) for Kedougou data, using
GLM default uncertainty method defined in Section 8.1 with Algorithm 2
in top and Algorithm 4 in bottom. Malaria incidence means the falciparum
malaria incidence count per month. The initial time values are t; = 5,
te = 84, te = 108.

| 155



8 | Producing confidence intervals for GLM

25000 — Data

---- Predict
) ——

0 20000 Forecast

9]

c

11}

T 15000

9]

£

I ]

2 10000 :

E I

1] I

Z 5000 !

0
2008 2009 2010 2011 2012 2013 2014 2015 2016 2017
Months

25000 —+ Data

---- Predict

20000 - Forecast

15000

10000

Malaria incidence

wn
[=J
(=1
(=]

2008 2009 2010 2011 2012 2013 2014 2015 2016 2017
Months

Fig. 8.5 Confidence interval for Dakar data, using parameter uncertainty
method defined in Section 8.2 where t; € [72,60,48,36,24,5], t. = 84, te =
108, with Algorithm 2 in top and Algorithm 4 in bottom. Malaria incidence
means the falciparum malaria incidence count per month.

156 |



Partial conclusion | 8.5

)
6000 - Data_
---- Predict
—— Forecast
o 5000 '
(V)
G 4000 i
T ‘
e |
£ 3000 !
o i
= !
© 2000 j
M ,l
b
1000 b
0
2008 2000 2010 2011 2012 2013 2014 2015 2016 2017
Months
]
6000 —o— Data
- Predict
0 5000 -= Forecast
U
c
O 4000
e
U
£ 3000
o
© 2000
m
2 1000
0

2008 2009 2010 2011 2012 2013 2014 2015 2016 2017
Months

Fig. 8.6 Confidence interval for Fatick data, using parameter uncertainty
method defined in Section 8.2 where t; € [72,60,48,36,24,5], t. = 84, te =
108, with Algorithm 2 in top and Algorithm 4 in bottom. Malaria incidence
means the falciparum malaria incidence count per month.

| 157



8 | Producing confidence intervals for GLM

100001 —s~ Data

---- Predict

-— Forecast
o 8000
V)
c
Q
T 6000
V)
=
(1]
2 4000
o
@
2 2000

0
2008 2009 2010 2011 2012 2013 2014 2015 2016 2017
Months
100001 —e= pata

-~ Predict
0 80001~ Forecast !r
v I
& |
i) 6000 ‘_Ili
¢ b\
= |
o a0 A
= i
o I
m .
S 2000

0

2008 2000 2010 2011 2012 2013 2014 2015 2016 2017
Months

Fig. 8.7 Confidence interval for Kedougou data, using parameter un-
certainty method defined in Section 8.2 where t; € [72,60,48,36,24,5],
tc = 84, to = 108, with Algorithm 2 in top and Algorithm 4 in bot-
tom. Malaria incidence means the falciparum malaria incidence count per
month.

158 |



Partial conclusion | 8.5

25000 -+ Dita
===« Predict
820000 -~ Forecast
c
U
2 15000
U
L
010000
L
.
[
S 5000
0

N N3 NU N5 NG N

25000 -+ Data
=== Predict
820000 == Forecast
c
1
T 15000
¥}
£
{0 10000
-
!
0
S 5000
0

M8 09 N0 N1 N2 N3 XU N5 N6 N1

Fig. 8.8 Confidence interval for Dakar data in situation 1, using stochas-
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Fig. 8.11 Confidence interval for Dakar data in situation 2, using stochas-
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Mosquito density forecasting
based on weather factors

ETEOROLOGICAL factors such as rainfall, temperature and rela-
tive humidity are known to play a big influence in the vector de-
velopment and the malaria incidence occurring.

Several studies have been constructed based on the climatic variables
and the environment area of the vector life, that are considered to be sus-
ceptible to affect the parasite vectors (mosquitoes) development. For ex-
ample in [ADH"06], a study of the seasonality and the dynamics of infec-
tious diseases mentioned that the temperature affects the mosquito vector
abundance, the biting rates and parasite development within the vector.
In [GBMM16], the effect of the temperature and the rainfall was incorpo-
rated into a compartmental transmission model. The results in [GBMM16]
reveal that malaria burden is likely to increase in the tropics, the high-
land regions, and east Africa and along the northern limit of falciparum
malaria. In [NNB*13], a spatiotemporal analysis is made in order to iden-
tify the host preferences and feeding patterns of malaria vectors in the
sylvo-pastoral area of Senegal. Then, the authors also show the impact
of landscape classes. Results in [NNB*13] reveal that the differences in the
feeding patterns of malaria vectors are merely linked to the specific local-
ization of villages and are not influenced by landscape class distribution.
In another study [NFT*14], the influence of landscape and climatic pa-
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rameters on Anopheles arabiensis seasonal densities and infection rates
is shown in a sahelian area of Senegal. As findings in [NFT"14], the mean
densities of Anopheles arabiensis displayed a high seasonal differences
with peaks observed in August or September. Then, a positive and non
significant correlation was observed between Anopheles arabiensis den-
sities for rainfall and humidity whereas a negative non-significant correla-
tion was reported for temperature.

To quantify the effects of the climatic variables in the vector density,
mathematical or statistical models are developed. In most of the time, gen-
eralized linear models (GLMs) have been used in the literature. GLMs are
composed by exponential family distributions such as numerous distribu-
tions: Poisson and Negative Binomial for count data; Binomial, Bernoulli,
and Geometric for discrete data; Gamma, Normal, Inverse Gaussian, Beta,
and Exponential for the study of continuous response dataset [YMMA20].
Therefore, if the data follows a normal distribution so the log-normal re-
gression model could be appropriated [ADA20].

In this study, we apply a GLM with log-normal regression model for
mosquito densities (representing the response variable (Y;)) forecasting
based on the rainfall, the temperature and the relative humidity, in four
villages of Senegal.

Models and methods

We supposed that the data follow a log-normal distribution defined in Sec-
tion 1.5.2. We use Algorithm 2, defined in chapter 6, for forecasting.

Data origin

Data was kindly provided by Pasteur institute of Dakar entomological
team. They were collected from July to November in four villages of Sene-
gal:

¢ Keur_Aliou: Longitudes (15°15’86"N), Latitudes (14°50"30"W) and
Landscape (Bare soils),
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¢ Keur_Alpha: Longitudes (15°14’42"N), Latitudes (14°47'57"W) and
Landscape (Shrubby savanna),

e Keur_Diallo: Longitudes (15°19'10"N), Latitudes (14°50'24"W) and
Landscape (Steppe),

* Barkedji: Longitudes (15°17°0"N), Latitudes (14°53’0"W) and Land-
scape (Wooded savanna).

The density represents the number of mosquitoes per person (mos/per,
Y,). The relative humidity (RH), the temperature (Tp) and the rainfall (R f)
are measured directly in the villages because the weather stations were
installed. Data are presented in Tables 9.1-9.4.

Months Density (mos/per) | Rainfall (mm) | Temperature (°C) | Humidity (%)
July 0.0 72.4 28.31 79.61
August 5.4000 199.4 28.38 81.79
September 7.636364 7.0 28.71 84.66
October 2.000000 3.0 29.39 63.90
November 4.285714 0.0 28.88 28.20

Table 9.1 Data base in Keur_Aliou.

Months Density (mos/per) | Rainfall (mm) | Temperature (°C) | Humidity (%)
July 0.285714 31.2 27.037363 83.602929
August 2.2000 125.3 27.111398 86.200000
September 24.25000 85.0 27.645486 87.895069
October 4.666667 21.0 28.311207 67.112555
November 0.333333 12.3 27.453319 31.401042

Table 9.2 Data base in Keur_Alpha.

Months Density (mos/per) | Rainfall (mm) | Temperature (°C) | Humidity (%)
July 1.333333 118.2 29.5 67.8
August 2.666667 146.5 27.5 76.0
September 6.00000 121.2 29.8 71.3
October 3.666667 13.1 30.9 52.2
November 1.00000 0.0 30.2 294

Table 9.3 Data base in Keur_Diallo.
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Months Density (mos/per) | Rainfall (mm) | Temperature (°C) | Humidity (%)
July 0.125000 33.1 28.31 79.61
August 0.908587 118.3 28.38 81.79
September 3.210366 192.0 28.71 84.66
October 3.376855 137.3 29.39 63.90
November 3.149856 14.8 28.88 28.20

Table 9.4 Data base in Barkedji.

Results

We present the correlations results in Table 9.5, the accuracy measures in
Table 9.6 and the forecasts in Figure 9.1-9.4. Figures noted by B have the
same explanations as in chapter 6, Section 6.4.1. When we refer to Algo-
rithm 2 (defined in chapter 6), we only apply a lag to the rainfall variable.
Thus, because after applying the equation (6.3) (defined in Section 6.2.1)
with these data, we find that the maximum correlation between rainfall
and density is reached at lag 1, and 0 with other variables. Results in Ta-
ble 9.6 show that the model fits accurately the data, but the forecasts are
generally less good. For example, a very good forecasts is only observed
in Keur_Alpha (RMSE_test=0.09) and Keur_Diallo (RMSE_test=0.78). That
can be explained by the fact that there are not enough data to test, and/or
the optimization method makes fewer iterations to find the adequate re-
gression coefficients, due to the small data base.

Villages Yo&Rf | Yo&Tp | Yo&RH
Keur_Aliou | 0.047 -0.03 0.108
Keur_Alpha | 0.357 0.286 0.422
Keur_Diallo | 0.279 0.109 0.466

Barkedji 0.379 0.839 -0.474

Table 9.5 Pearson correlations between mosquito density and explana-
tory variables. A positive value of the r implies correlation between den-
sity and a variable while negative value proves anti-correlation. Any lag is
considered here.
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Village RMSE_train | RMSE_test
Keur Aliou 0.18 3.67
Keur Alpha 1.15 0.09
Keur Diallo 0.07 0.78

Barkedji 0.1 2.65

Table 9.6 Accuracy measures in the four villages.

Partial conclusion

9.4

A GLM can be nicely used on small database to fit and forecast the vector
density taking into account climatic variables such as rainfall, temperature,
humidity. This study gives acceptable results that can be taken with high
consideration despite the small dimensions of the dataset. However, the
choice of the probability distribution and link function can be very impor-
tant to get good quality of forecasts.
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Fig. 9.1 Fitting and forecasting results in Keur_Aliou (A) and §;X; curves
(B), t; =1, tc. =3, te =4, h = 1 and GLM with log-normal distribution.
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Conclusion

N this thesis, we used datasets related to COVID-19 pandemic in Bel-

gium, France, Luxembourg and the United Kingdom, and malaria epi-

demic in three endemic regions of Senegal: Dakar (hypoendemic zone),
Fatick (endemic zone), and Kedougou (hyperendemic zone). We also used
the mosquito densities data collected from July to November in Keur Aliou,
Keur Alpha, Keur Diallo and Barkedji, four endemic villages of Senegal
where weather stations were installed.

10.1  Main findings, scientific contributions

10.1.1 In COVID-19 modelling

The experiments from the SH model have shown that the proposed method
has a remarkably good fitting accuracy over the whole available COVID-
19 data. It also produces remarkably accurate forecasts over certain time
ranges for some areas (Belgium, some Belgian provinces, and a few French
departments), also for Luxembourg and the United Kingdom. We have
investigated the polynomial model and the exponential decrease model
as alternative models to this SH model. Results have shown that the SH
model gives more accurate forecasts than the two alternative models espe-
cially when the train period is chosen around the peak. These results have
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demonstrated that the parameter estimation method proposed in chapter 3
is more reliable than the least squares method proposed in chapter 4.

The proposed method to forecast hospitalized cases with data related
to deaths and patients discharged from the hospital in Belgium has shown
less good quality of forecasting than when the data are entirely based on
the observed hospitalized cases. The weekly variability data reduce the
performance of the least squares estimation method, compare Figures 4.5,
4.8 (chapter 4) and 3.3 (chapter 3).

The uncertainty results of the SH model has shown that the method 2 (a
sliding train period) gives better results than the method 1 (a noised initial
data set) and method 3 (a non-constant value for the hospitalization rate
B) with almost 50% of the real data located between the minimum and the
maximum forecasts in Belgium, and 43% in France.

10.1.2 In malaria modelling

We have investigated the accuracy, in the sense of the RMSE, MASE and
MARE, of the malaria incidence forecasts obtained with GLM’s by taking
into account the meteorological data and history of malaria incidence as
explanatory variables, in Dakar, Fatick and Kedougou. A machine learn-
ing approach is developed, based on a separation of the data into a train-set
to estimate the parameters by maximum likelihood and a test-set to assess
the forecast accuracy. The forecast accuracy of GLMs with various dis-
tributions (Poisson, negative binomial, and Gaussian) and link functions
(identity, log, and sqrt) is compared in terms of several model performance
metrics. Whereas the best distribution-link combination varies according
to the endemic region of interest and the performance metric, the experi-
ments lead to the conclusion that the Poisson distribution with the identity
link is overall the most suitable combination.

Algorithm 2 defined in chapter 6 (the meteorological explanatory vari-
able X]- is taken at time t — / i where t represents the time of the forecasts, ¢ i
is the lag in X; that maximizes its correlation with the malaria incidence)
seems to be very consistent on malaria incidence forecasting and corre-
sponds more to the reality, even if Algorithm 4 defined in chapter 7 (the
meteorological explanatory variables are assumed to be available at time
t) can improve the results. The results reveal a reduction in terms of the
RMSE_test about 22% in Dakar, about 44% in Fatick and about 9% in Ke-
dougou, using Algorithm 4, compared to Algorithm 2 with the two years
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test period.

In addition, a saturation method was introduced on the rainfall vari-
able to remedy some overestimations observed during the forecasts. This
method has reduced by 4% in the sense of MARE the over-estimation oc-
curring at the end of 2015, in Dakar. Addition and ablation studies were
developed to show the influence of each explanatory variable in the fore-
casts. Results have shown that removing the history of malaria cases from
the explanatory variables has a strong adverse effect on the forecast accu-
racy.

We have observed that the SARIMAX model (Algorithm 5) produces
the best results in the sense of the RMSE and MASE in the train period,
compared to GLMs (Algorithm 2 and 4) in the three regions. This result
confirms the findings in [NPC21] revealing that the SARIMAX model gen-
erally gives a good fitting. But it produces less good quality of forecasts.

The results of the parameter generalization method have shown that
the use of the same parameter values in the three regions leads some poorer
results, both on the train and test sets and should not be considered with
these datasets.

We applied three methods producing confidence intervals for GLM:
GLM default method, parameter uncertainty method and stochastic un-
certainty method that give very tight confidence intervals. Among these
methods, the parameter uncertainty method seems to be more reliable in
the sense of validity and the GLM default method gives better results in
the sense of IQR.

We have also shown that the GLMs can be applied in small datasets if
an adequate probability distribution and link function is well chosen, in
the chapter 9. But these results should be considered with caution as they
are not very indicative due to the small size of the dataset used.

10.2  Limitations and perspectives for future research

10.2.1 In COVID-19 modelling

If the proposed SH model is used to guide prevention policies for COVID-
19 pandemic, then further caveats are in order. The model is unable to
produce multiple peaks in order to fit or forecast rebounds due to the way
it is constructed. We have seen that the estimation of j is very sensitive.
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Hence the proposed model can hardly help assess the impact of preven-
tion measures on B (see Figure 10.1 presented below). Without knowing
sufficiently the impact of prevention measures on 8, we may not aptly use
the model to predict their impact on the evolution of the hospitalizations.
Yet another caveat is that it may be tempting to deduce from the excel-
lent fit with a constant-parameter model (Figure 3.1 in chapter 3) that the
evolution of the prevention measures over the dataset period has had no
impact on . But the deduction is flawed. Indeed, in view of the comments
made in Section 3.3.1 (chapter 3), the available data could also be very well
explained with fairly large jumps in B during the decrease phase.

Furthermore, in order to address data variability (weekly variability)
and to robustify the least squares procedure, we can smooth out the time
series by compting its moving average (MA) in a time span of seven days
as the method defined in chapter 3 and Section 3.4.3.
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Fig. 10.1 The phase portrait trajectories of the hospitalized individuals
(H) and the susceptible to be hospitalized individuals (S_bar) from vari-
ous values of f (corresponding to the different steps of modification of the
prevention measures).

It could be interesting to insert a delay in the SH model as in [Nes20b,
Koz20]. Indeed, with a delay, it may be wise to consider right away the
discrete-time version (like (3.13)) and skip continuous-time considerations
(like (3.8)) defined in chapter 3. I'm thinking that equation (3.2) (defined
in chapter 3) could be replaced by something like E(t + A) = aBI(t)S(t),
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where E is the newly hospitalized people, SIS is the newly infected people
(in the classical SIR model), A is the delay between infection and hospital-
ization, and « is the proportion of infected people who get hospitalized.

10.2.2 In malaria modelling

This proposed GLM model gives some peaks in the forecasts (end of 2016
in Dakar in Figure 6.7 and Fatick in Figure 6.8). These peaks can be caused
by an inadequacy of this model due to its linear character even if a non-
linearity is then applied for rainfall. This may also be due to a variable
ratio of infected people being sufficiently ill to go to the hospital and be
confirmed, thus causing a bias in the collected data. Another and impor-
tant explanation to the over-forecasting (or under-forecasting) observed
can be the unavailability of some explanatory variables: the distance to
water bodies, the normalized differenced vegetation index (NDVI), the
night and day LST (land surface temperature), the ownership and use of
insecticide treated nets (ITNs) and the intermittent preventive treatment
distributed for pregnant women (IPTp) that are considered to fit malaria
incidence [GGK12]. Providing the enhanced vegetation index (EVI), and
actual evapotranspiration (ETa) could help to improve the malaria inci-
dence fitting model [MSH " 12]. In our available data, there was the ITNs
distributed because it constitutes the main factor fighting against malaria
according to [FCG™ 18] but its distribution was not very regular (see Fig-
ures 2.8-2.10 in chapter 2). Needless to say, the ownership and use of ITNs
would be a more suitable explanatory variable. As for ACT distributed
which also was available, we have concluded that it is not a real predictor
because it is usually taken after the appearance of some malaria symptoms
from a patient (see Figures 2.11-2.13 in chapter 2).

The study is led with monthly incidence due to the unavailability of
the daily malaria incidence reported that could have helped us to better
understand the influence of the climatic data.

It could be interesting to develop a malaria transmission model like an
SEIR (for humans)-SEI (for mosquitoes) type in these three regions includ-
ing the effects of meteorological factors and some preventive measures as
in [DDAAB20b, JHX20].
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Implications for policy

The models developed in this thesis and used for the modelling of COVID-
19 and malaria represent a precious tool in comparing the disease outbreak
in different localities and evaluating the distribution of preventive mea-
sures. Thus, the results will be useful at various levels of decision mak-
ing, for example, in setting up an early warning and sustainable strategies
for climate change and adaptation for malaria vectors control programs in
these regions. The algorithms developed can be applied to other regions
outside Senegal.

For COVID-19, in spite of all the mentioned caveats, the hospitalization
forecasts returned by the method, and also the evolution of 5(t), might
be of practical use in the context of various disease outbreaks, e.g., for re-
source planning. To this end, it will be important to understand which
specific features of the COVID-19 outbreak made it possible to forecast so
accurately the hospitalization decrease several months ahead.

As for malaria, the proposed model helps to quantify in advance the
malaria incidence in order to optimize the shipment of necessary materials
(medical or equipment) to the regions and especially the districts. In addi-
tion, it could allow the PNLP to properly manage the distribution of nets
in a timely manner.
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A.2

Implementation and data
bases

Codes

The code used for this thesis is available on my GitHub
https://github.com/0D1992/Python-programs.git.

All simulations and data analysis are done with Jupyter Notebook (Ana-
conda 3) and Spyder (Python 3.7).

Data bases URL link

We present all the data bases used for experiments in this thesis.

¢ COVID-19 hospitalizations dataset for Belgium:
https://epistat.sciensano.be/Data/COVID19BE_HOSP.csv
come from https://epistat.wiv-isp.be/covid/.

® Daily reported cases for Belgium: https://raw.githubuserconten
t.com/CSSEGISandData/COVID-19/master/csse_covid_19_data/
csse_covid_19_time_series/time_series_covid19_confirmed_
global.csv.
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¢ COVID-19 deaths for Belgium:

https://ourworldindata.org/coronavirus-source-data

¢ COVID-19 epidemiological dataset for France:
donnees-hospitalieres-covid19-2020-07-17-19h00.csv file comes from
https://www.data.gouv.fr/en/datasets/donnees-hospitalier
es-relatives-a-lepidemie-de-covid-19/

¢ COVID-19 epidemiological dataset for Luxembourg;:
datapublic-covid19.csv is obtained from
https://data.public.lu/fr/datasets/donnees-covidl9

¢ COVID-19 epidemiological dataset for United Kingdom:
the Patients-admitted and Patients-in-hospital are obtained from
https://ourworldindata.org/coronavirus-source-data.

* Malaria epidemiological data for Senegal: data come from PNLP
https://www.dropbox.com/s/0Op4uc2dihfhr9cb/Dakar.csv?d1l=0

¢ Climatic data: obtained from meteoblue
https://www.meteoblue.com/historyplus.
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B.1

Appendix

Maximum likelihood estimation method for Poisson

The likelihood function is defined as follows

() = f{p(mxt;ﬁ)

n

(B.1)

= | [exp[Yelog(pt) — e —log(Yi!)],

t=1
where the right-hand side depends on f through equation (1.16) (defined
in chapter 1 and Section 1.5).

The Log-likelihood is defined as follows

logl(B,Y,X) = logHexp[Yt log(ut) — ur —log(Yi!)]
=1 (B.2)

=) {Yilog(ps) — pr —log(YVi!)},
t=1

where p; depends on X and $ and is defined by equation (1.16). Observe
that the term log(Y;!) does not depend on the parameters to be estimated.
The first derivative of the log-likelihood is named the gradient and de-
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noted by V.
If ¢ = log, we have log(:) = 7 = X[ B. So this function is defined as

follows

log£(f) = é{” log(ur) — it — log(¥i1)}
= il{th —e —log(Yi!)}.
=

Then, the gradient at state j is defined as follows

dlog £(B;)
VL(B)) = —g
] a,Bj
_ g 2 {0y = —log(viD)} A (53)
=1 a”t] aﬂg]
n
= Y Y= Xy
t=1
Then, if g=identity, we have u; = 7 = X/ B. So
n
log((B) =} {Yilog(n:) —n: —log(Yi!)}.
t=1
Then, the gradient at state j is defined as follows
", 9 {Yilog (1) — 11j — log(Yi!) } Oy
vHE) = L o %*;
= y{H X4
=1 Pt

Finally, if g = NAL have \/pt = 11t = XtT.B- So

™=

log(B) = Y {Yilog(n?)—n? —log(¥it) } .

~

1
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Then, the gradient at state j is defined as follows

Xn: ) {ZYt log(ntj) — ’7t2j - log(Yt!)} Msj
L o b B3

= 22{ ,’l/lt} t]

VL(B)) =

We summarize the gradient expressions depending on the link function:
n
VL(,B]) = tgl{yt — ‘ut}th if g = IOg
n
VL(B;) = x (¥} X, if g = identity (B.6)

(ﬁ])—Z Z{Y;yﬂf}xtj if g= /-

The second derivative of the log-likelihood function is named the Hessian
and denoted by Hess.
If ¢ = log, we have

HessL(B) = BV;Lﬁ(ﬁ)
_ XT{Y—u}
- 3
am
e a0 0
1
T 0 3%7; o1
= —X . @
0 0 .. 3
HPB) = —-X"Wx

where W = a "~ is the diagonal matrix with [al}tt = [utler = [exp(y¢)]pr and
called the iterative weights.
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Then, if g=identity

HessL(5;) = avaLﬁ(]Ej)
[ {m]—l}th:|
= %,
C|EG-un),,
B a77t] a:Bj
= 72{ Xt]}Xt]
=1
= —7 ZYt~
j =1
Finally, if ¢ =,/
HessL(B;) avaLﬁ(]éj)
LB
9B
Y )
= 28 L;l{"’f m]}Xt]]amf
014 9B;

n Y; )
-2y {— +1}X}.
=1 Mt
We summarize the Hessian expressions depending on the link function:
Hess L(Bj) = —XTWX if g = log

Hess L(B;) = _/5%2- t)il Y; if ¢ = identity (B7)

n
Hess L(B;) = —2;1{% +1}X3 if g = /-
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B.2 Maximum likelihood estimation method for NB

Asin [ADA20, HDHS21, MvdHPO08], the NB-likelihood function is defined

by
(e, pe, ) HP Y e, )
_ n[ F(Yt—l—%) 1 % AUt Yt]_
T DT +1) THap” 14w
Then,

n
XUt 1 1
= - logT -
log £(Yt, pu, ) = t_Zl[Yt 10g(1+w ) — - log(1+ap) +log I(Yi + )
1
logT'(Y;+1) — logl“(&)].
(B.8)
Abusing notation, we omit the term log(I'(y; + 1)) since it does not
depend on the parameters to be estimated. This yields

ape 1 1
log ¢ = t;[m 1og(1 T ) " log(1 4 apu;) + log(T(Y; + uc)

1
log(I ;)]
According to [CT13, p. 81], and if Y; is an integer, we have
Y o1 1 1
Yp) =) _log(j+ ~) = log(T(Y; + -) — log(T'(-")).
j=0

We mention it in order to avoid using the gamma function that gives infin-
ity when Y; is high. Finally, the formula equation (B.8) yields

log £(a, B; Y, X) = tz[nloggfojy) Llog(1+au) + L(Y)],  (BY)

where yi; depends on X and f according to equation (1.16).
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