FORECASTI NG CHLORIFOR RABSERUBRIFEG Y
ARTI FI Cl AL NEURAHENNEMBNAERX S
HUMANI TARI AN WATER SYSTEMS

MICHAEL DE SANTI

A THESIS SUBMITTED TO THE FACULTY OF GRADUATE STUDIES IN PARTIAL
FULFILLMENT OF THE REQUIREMENTSFORTHE DEGREE OF MASTER OF APPLIED
SCIENCE

GRADUATE PROGRAM IN CIVIL ENGINEERING
YORK UNIVERSITY

TORONTO, ONTARIO

August 2021

© Michael De Santi, 2021



Abstract

Waterborne illnesses are a leading health concern in refugee and internally displaced person
(IDP) settlements where waterborne pathogens often spread through household recontamination
of stored water. Ensuring sufficient chlorine residual is important for protecting drinking water
against recontamination and ensuring water remains safe up to thefecamsumption. This

thesis investigated the use of ensembles of artificial neural et{&ANNS) to probabilistically
forecast the poirbf-consumption free residual chlorine (FRC) concentraiging water quality

data from sixefugee and IDP settlemenihese models were then usedémeratgoint-of-

distribution FRC targets based dretrisk of insufficient FRC at the point consumption.

Overall, the ensemble ANN approach produced accuratdaiséd FRC targetdjough the

ensemble forecasts were underdispersed. Three approaches for overcoming the underdispersion
were considered: peprocessing ensemble predictions, training the ANNS usingseositive

learning, and mukobjective training of the ANNs. Of these approaches, the ‘oljéctive

training yielded the best results.
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Glossary

Residual Chlorine

ProcessBased Model

Data-Driven Model

Dispersion

Reliability

Cost Function

Chlorine remaining after initial treatment and disinfection of drinking
water used to prevent recontamination of drinking water in the
distribution system and during household storage. Also referred to as a

Axeondary disinfectanto

A model that uses chemistry and chemical processamtdate

chlorine decay behaviour

A modelthat replicates behaviours in observed data without

assumptionsf the underlying behaviour

A measure of the spread of the individual predictions within an
ensemble forecast. Aoverdispersefbrecast has a prediction spread
greater than the spad of the observations, andwarderdispersed
forecast has a prediction spread that is smaller than the spread of the

observations

A general term for the similarity of a forecast distribution to the
underlying distribution. Good reliability @ans that the probability
distribution of a model forecast is very similar to the underlying
distribution of the data. Reliability is not a score in and of itself, though
it is measured by scores such as the Rank Histdgrseore, the Cl

Reliability Score, and thé Y 0aivdé 'Y 0 réMability score.

The functionusedduring trainingto optimize the model parameters of a
datadriven model Oftencommonerror metrics like mean squared error

are used.
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Chapter lintroduction

1.1  Motivation

Despite decades of effort in developing drinking water quality guidelines for humanitarian
responsgeoutbreaks of waterborne iliness are still prevalent in refugeengsrdally displaced
person(IDP) settlementsin thesesettlementsyaterborne illnesseway spread through
recontaminatiorf drinking water during collectiotansport, andtoragebecause theesidual
chlorine targets icurrentdrinking water quality guidelines for humanitarian respqsseh as
the seatr-standard Sphere Handbo&phere Association, 200)8Jo notaccount for chlorine
decayafterwater leaveshe distribution systenWith the growing number of displaced persons
worldwide, it is critical to address this key gap in the provision of safi&idg water in refugee
and IDP settlement3he Safe Water Optimization Tool (SWOT) project aims to leverage the
wealth of water quality data that is routinely collected in refugee and IDP settlements to develop
improved, evidence based residual chlotargets to ensure drinking water is prote@gdinst

recontaminatiomp to the poinbf-consumption.

1.2  Background

1.2.1 Chlorination,WaterborneDiseases, andousehold Rcontamination

Waterbornellnessesare a leading cause of excess morbidity and mortality in refugee and IDP
settlementgConnolly et al., 2004; Cronin et al., 2008; Salama, Spiegel, Talley, Waldman,

Street, 2004)As shown in Tabld-1, recontamination of drinking water during collectiand
household storage is a major factor in outbreaks of waterborne illnesses and has been identified
as a contributing factor to outbreaks of cholera, Hepatitis E, and shigellosis in refugee and IDP
settlements in Kenya, Malawi, Sudan, South Sudan{Jgrashda, amorgj others. A common

problem identified in the outbreaks listed in Tablé is inadequate chlorination, particularly a

lack of sufficient residual chlorine at the peoftconsumption. This is critical as all of the
pathogens identified in Tébl1-1 are sensitive to inactivation by chloriaed their transmission

in stored drinking watetan be prevented by ensuring adequate residual chlorine up to the point
of consumptior(Girones et al., 2014; WHO, 201 )ypically, a free residual chlorin&RC)
concentration of 0.2 mg/L is sufficient to prevent recontamination by these pathogens so long as
this residual is maintained throughout the gatistribution period CDC, 2012; Girones et al.,

2014; Lantagne, 2008; Rashid et al., 2016; Sikder €G20; WHO, 2011)However, current
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drinking water quality guidelines for refugee and IDP settlements do not ensure sufficient
residual chlorine up to the poinf-consumption. Instead, these guidelines are based on
municipaldrinking water guidelines andly provide0.2-0.5 mg/L of FRQup to the end of the
piped distribution system, typically a water distribution point. Chlorine decay during the post
distribution period of collection, transport and houselstddagereduces the amount of residual
chlorineavailable to protect against recontaminatiotevels below 0.2 mg/lUeaving stored
drinking water vulnerable to pathogenic recontaminafiolorder to ensure that drinking water
remains safe up to the poiot-consumption, new FRC guidelines are regdifor the poinbf-
distribution that account for pedistribution chlorine decayigure x1, which is a modified
version of Figure 4, shows the pogtistribution period in the context of the overall water

treatment and supply processes in a refugéB®isettiement.
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Figure 1-1: Typical refugee or IDP settlement water treatment and supply. Since current drinking water quality guidelines only
provide sufficient FRC at th@oint-of-distribution, FRC decay during the pedistribution period (shown in orange) can leave

drinking water vulnerable to household recontamination.



Tablel-1: Summary of outbreaks of waterborne diseasesfugee and IDRettlementsvhere household recontamination

contributed to the spread of the disease

Location of Outbreak

Date of
Outbreak

Disease

(Pathogen)

Summary of Findings

Dabaab Refugee Camp,
Garissa County, Kenya

November 2015 Cholera Vibrio

to June 2016

Cholerag

A geospatial analysis found clustering of cases in hous
blocks, and some evidence of multiple members of the
same household becoming ill, indicating that cholera w
spreading at least in part through the household. FRC
thehousehold was below the outbreak recommendatio
0.5 mg/L, suggesting that spread of cholera in the
household may have been through contaminated drink
water(Golicha et al., 2018)

Kakuma Refugee Camp,

Turkana County, Kenya

April 2005

Cholera Vibrio
Cholerag

A multivariate analysis of casmntrolled oddgatios for
different risk factors found that the only significant
protective factor was storing drinking water in a
sealed/covered container. This indicates that cholera n
have spread atdst in part through household
recontamination of drinking water. While FRC was not
measured in the household, the FRC provided at the p
distribution point varied between 0.0 mg/L and 5.0 mg/
Thus, insufficient FRC in stored drinking water may ha
allowed the disease to spregghultz et al., 2009)




Location of Outbreak Date of Disease
Outbreak (Pathogen)

Summary of Findings

Nyamithuthu Refugee Camp, August 1990 Cholera Vibrio

This paper includetsvo casecontrolled studies in the
camp one of whichthatfound dipping hands in stored
household water to be a significant risk factor, indicatin
transmission may have occurred through {abstribution
recontamination. Samples taken from four households
foundvibrio cholerabacteria in household stored dringir
water, indicating stored drinking water as a major potel
risk factor. Chlorination took place in the camp, howevi
samples taken from drinking water stored in the housel
showed no FRC, indicating that FRC decay may have
water stored in thewelling vulnerable to recontaminatio
(Swerdlow et al., 1997)

Nsanje District, Malawi Cholerag

Batil, Jamam, and Gendrassa Multiple Acute Jaundice
refugeecamps, Maban outbreaks from  SyndromgAJS)
County, South Sudan 2012 to 2014 (Hepatitis E

Virus [HEV])

Hepatitis E virus spread in the camps during the rainy
season when poor drainage in the camps caused latrin
flood (Ali, Ali, andFesselet, 2015Pespite drinking
water at public distribution points meeting or exceeding
Sphere standards, chlorine dgcaring household storag
led to no FRC being detectable in-88% of households
(Ali et al., 2015) An environmental study following the

outbreak tested for human adenovirus (HadV) as an




Location of Outbreak

Date of Disease
Outbreak (Pathogen)

Summary of Findings

indicator of faecal recontamination as the environment:
conditionsduring the study were no longer favourable f
HEV. HadV was not detected in any source water or w
from public distribution points, but it was detected in

household stored drinking water, specifically in houses
with no FRC(GuerrereLatorre, HundesandGirones,

2016) This indicates not only that viral contamination o
drinking water spread due to insufficient FRC, but also
that the lack of chlorine residual in the household was |

to postdistribution FRC decay.

Abou Shouk IDP Camp,
Darfur Province, Sudan

May to June 200< Dysentery/
Shigellosis
(Shigella

dysenteriag

Source water sampling showed little to no faecal

contamination (only one coliform detected in one 100 r
sample from 19 shallow wells), indicating that the spre:
of shigellosiswas likely through contamination occurring
during collection or storage. Water was not chlorinated
prior to the outbreak, but chlorination began in respons
the outbreak, along with a container disinfection progre
which provided an average chlorinsidual of 0.22 mg/L
in the household/hile this study did not directly measu

microbial contamination during storage before or after 1




Date of
Outbreak

Location of Outbreak

Disease

(Pathogen)

Summary of Findings

outbreak, there was a sharp decline in cases of watery
bloody diarrhea after the disinfection campaighus,
providing sufficient FRC during collection and storage
likely helped tostop the spread of shigellosis through
household recontaminatigivalden, LamondandField,
2005)

Odki satellite settlement IDP  May 2006 and

camp, Kitgum Region, July 2007

Uganda

Cholera Vibrio
Cholerag

Outbreaks of cholera were assumed to be caused by
household recontamination as drinking water sources \
mostly contaminant free. Containers were disinfected
using a sodium hypochlorite solution, however,
recontamination occurdeafter cleaning, resulting in
regrowth of pathogens after disinfection had taken plac
in some cases with higher total coliforms 3 or 5 days a
cleaning than there were befdfteele, Clarkeand
Watkins, 2008) This shows the need for chlorinatioih o
drinking water to prevent ongoing container

contamination.

Madi Opei sub-county IDP October 2007
camps, Kitgum Region,

Uganda

AJS (HEV)

A multivariate analysis of risk factors from a case
controlled study found that storage of drinking water in

wide mouthed container and using a communal




Location of Outbreak

Date of
Outbreak

Disease

(Pathogen)

Summary of Findings

handwashing basin were significant risk factors for HE
infection. This indicates that the virus spaehrough
contamination of drinking water, especially since the w
distributed was not chlorinated. The camp used POU
chlorination, however, having chlorine tablets was not :
significant protective factgqiHoward et al., 2010)This
may indicate, thathe tablets were not being used,

highlighting the need for central chlorination.




1.2.2 Modelling PostDistribution Chlorine Decay

Ensuring that there will be adequate chlorine residual throughout thdipo#iution period
requires us to identifg chlorinedose for the water distribution point tleamnsistently provides
at leas©.2 mg/L at the poirdf-consumptionHowever postdistribution chlorine decay is
highly specificto the conditions of a locakttlement osite, so no singleloseis acceptable for
all sites. Instead, we neadmericalmodels that accurately predict the peafitconsumption
FRC concentration using dateaglable at water distribution points generate sitgpecific FRC
guidanceThe Safe Water Optimization Tool (SWOT) project uses regularly collected water
guality data from refugee and IDP settlements to generate models-diigiabution FRC decay
tha provideimproved FRC guidanca@med at ensuringufficient protection against

recontamination up to the poinf-consumption

A common approach to modelling FRC decay in piped distribution systems ispgmuasss

based models which use generalized dbhalmeaction models to estimate the rate of FRC decay
within the distribution system. This procdsased approach has been combined with numerical
modelling approaches to predict pdsstribution FRC decay in refugee and IDP settlements.
However, one ofhe main challenges in this method is that the nature of chlorine decay outside
of piped distribution systems is not well understood, so substantial simplifications are required in

modelling the postlistribution decay behavio@Ali, Ali, and Fessele21).

Artificial neural networks (ANNS) are a type of datdven model that have bepnoposeds an
alternative to procedsased models for predicting FRC in piped distribution sys{&uodriguez

& Sérodes, 1998As datadriven models, ANNSs learn the uerdlying behaviour from the data
instead of assuming the behaviaupriori, thus avoiding questions of the best decay model.

ANNSs can also be trained on data representing a wide range of operating conditions and can be
retrained easily with new data, urdibrocesdased models which require decay parameters to

be calibrated to a single set of conditigBswden, Nixon, Dandy, MaiegndHolmes, 2006;
Soyupak, Kilic, KaradirekandMuhammetoglu, 2011 ANNSs are also effective even when only
using data colleted through routine monitorin@ibbs et al., 2003, 2006} they do not need to
quantify the effect of each input variable on the decay parameters, the model simply identifies

the observed relation between each input variable and the predicted FRC.



While many types of ANNSs exist, the most common ANN type used for modelling FRC is the
multi-layer perceptron (MLP)Chis type of ANN consists of three types of layers of
interconnected nodes: an input layer, one or more hidden layers, and an output lé&yevnas s
Figurel-2. The MLP structure with one hidden layer has been shown to outperform other types
of ANN architectures and datixiven models for predicting FRC in piped distribution systems,
especially when predicting extreme val(€sbbs et al., 2006; Rodrigudz Sérodes, 1998)n

the MLP, pedictor variable data enters the model at the input layer, is fed forward to the hidden
layer, and then data from each node of the hidden layer is passed to the output layer. As data
move alonghe connections from one layer to the next, the values are multiplied by a weight
specific to that connection. At each node an activation function determines if information will
continue to propagate through the network and a numerical bias is addedatuthat that
node.This process is repeated as data moves from the hidden layer to the outputithytbe

final output producing a prediction of the target variable (the FRC concentration at the point
where FRC is being predicted). A cost functistthen used to quantify the difference between

the predicted FRC concentration and the observed concentration, and a training algorithm is used
to modify the weights and biases (which are equivalent to calibration parameters in physical

models) to minimizehe value of this cost function.
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Figure 1-2: Schematic of an MLP showing flow of data from the input layer to the output layer
with weights and biaseBput variable data is accepted in the input layer

Onre of the limitations of both the procesased approach and thatadrivenapproach are that
these models output deterministic (i.e., point) predictions. Howduerto the numerous
guantifiable and unquantifiable factors influenceigorinedecay postdistribution FRC decay
tends to be highly variabl&s an open system, this variability is driven by differences in water
guality, environmental conditions, and user interactidhss leads to a high degree of
uncertainty that cannot be communicated gisirdeterministic model. A common approach for
guantifying model uncertaintig to use probabilistiensemble modellingtherethe predictions

of multiple individual models are grouped into a probability density function to form a
probabilistic forecastBoucher, Anctil, PerreaulgndTremblay, 2011; Boucher, Perreaaithd
Anctil, 2009) This approach is most common in atmospheric sciences where weather forecasts
are often obtained using ensembles of physical maiielsgh there has been some limited us
ensembles of ANNSs for forecasting hydrological variabBzsucher et al., 2011, 20Q90his
approach is fundamentally different from the typical use for ensembles of ANNs which are
typically used for improving the mean prediction by producing a more ralbeen prediction or
guantifying the uncertainty in the mean predictiBrobabilistic ANN ensemblasperate from a
different perspectivanstead of trying to identify the prediction that best fits the data,

probabilistic ensemble models produce forectistsaccount for the uncertainty in the process
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as a wholgBoucher et al., 2009Y his paradigm is particularly promising for the application of
modelling postdistribution FRC concentrations due to the high degree of uncertainty inherent in
the procesdn this thesis we present an investigation into the use of probabilistic ANN
ensembles for forecasting poiotconsumption FRC and extend this to generatingbaded

FRC guidance.

1.3 Research Objectives
This research presents the first attempt toamsembles of ANNSs to probabilistically forecast
point-of-corsumption FRC during the paslistribution period. The objectives for this research

are to:

1. Generate and evaluate ANN ensembles to produce probabilistic forecasts aiffpoint
consumption FRC usinggularly collected water quality data from refugee and IDP

settlements

2. Develop a technique for using probabilistic forecasts obtained from ANN ensembles to
generate sitespecific FRC recommendations based on the risk of inadequate FRC at the
point-of-consimption

3. Investigate alternate approachesttaining and generating ANN base learners to

improwe the probabilistic performance of ANN ensembles

1.4  Thesis Outline

This thesis follows the format of a manusciygised thesis, with Chapters 3, 4, and 5 all

including modified versions of published or proposed manuscripts. As such, each chapter has its
own references section, and Chapters 3, 4, and 5 each have their own abstract and introduction,

which may lead to some repeated information.

The structure of ththess is as follows. Chapter 1 provides a brief introduction to the need to
ensure sufficient chlorine residual up to the point of consumption in refugee and IDP settlements
and presents past approaches to modelling chlorine residual decay. Chapter 2 arovides
summary of the datasets used in this study as well as exploratory analysis of this data. The
following three chapters are modified versions of publighrggroposegournal articles. Chapter

3 presents a proalf-concept study demonstrating the effeetiess of the ensemble ANN

approach for modelling poslistribution FRC in refugee and IDP settlemeifitas study
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developed ensemble models using water quality datasets from three refugee settlements in South
Sudan, Jordan, and Rwanda. Both the raw andgrosessed ensembles were evaluated and a
risk-based method was developed to convert forecasts into FRC recommendéii®psoof
of-concept study identifetthe key challenge of underdispersion in the ANN ensefobéeasts

which limits the ability othe ANN ensemble forecasts to capture extreme events (such as those
with low household FRC) which reduces the accuracy of thebaskd FRC targets
Underdispersion ia common challenge of probabilistic ensemble modelling, especially when
using ensemb&of ANNs (Boucher et al., 2009; Boucher, Perreault, AnatigFavre, 2015)so
solving this challengbecame the primary focus of the remainder of the research. In Chapter 3,
ensemble pogprocessing via kernel dressing, a common solutidargcast underdispersion,

was used to attempt to improve the dispersion and reliability of the ensemble foiHuasts.

study was published inpj Clean Watem June, 2021.

While postprocessing is a common approach to improving forecasting in ensemdbéiing,

other machine learning applications highlight that addressing challenges in model behaviour
during training tends to be more effective than yavetessing model outpui®ress, Lessmann,
andvon Mettenheim, 2018 Chapters 4 and 5 investigateotaiternative approaches to training
the ANN base learners of the ensemble models to improve the dispersion and reliability of the
ensemble forecasts. Chapter 4 investigatessmsitive learning which modifies the training of
an ANN to prioritize certai regions of the output space. In essahsitive learning, cost functions
are weighted either to prioritize a specific behaviour (such as prioritizing samples with low
household FRC to improve accuracy in that part of the output space) or as an approach to
rebalancing the dataset (typically used when one region of the output space is much more
common than another). These have been proposed and demonstrated to be effective for
deterministic regression and for classification approa@@eme, LessmanmandStahlbock,

2005; Elkan, 2001; Ling Sheng, 2008; Toth, 2016; Zh&uLiu, 2010) but they have not been
extended to probabilistic ensembles. Chapter 5 investigates the use afbjadtive training.

This approach trains an ANN to optimize multiple obje=siat once when training the ANN

base learners. This method is very common for regression problems, including ensemble
modelling(Abbass, 2003; Albuquerque Teixeira, Braga, TakahashkiSaldanha, 200@e Vos

& Rientjes, 2008; Taorming Chau, 2015)bu prior to this research it has not been extended to
probabilistt ensemble modellingChapter 5 concludes with a comparison of the three
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approaches to overcoming forecast underdispersiongposeéssing, costensitive learning,
multi-objective training}o identify the ideal approach for training ensembles of ANNs for
generating riskbased FRC targets in humanitarian responiis is discussed further in Chapter

6 which summarizes the major conclusions of each chapter and identifies recommendations for

implementation of the research findings as well as directions for future research.

There are four appendices for this thesis. Appendix A includes the Supplemental Information
that was published with Chapter 3.g#gndix B includes an exploratory analysis into the
development of a deterministic, ANbased modelling approach which partially informed the

need for a probabilistic modelling approach. Appendix C includes a white paper summarizing the
work done to incorp@te the findings of Chapter 3 into the online SWOT analytics, including
additional research into dynamic input variable selection, includinghissed variables into the
SWOT-ANN, and a comparison of approachebamdwidth determination for the kernelgt

processing. Finally, Appendix D includes the Supplemental Information for Chapters 4 and 5
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Chapter 2Datasets and Data Analysis

2.1  Study Site Descriptions

This research used data collected from six refugee settlements between 2013 and 2020. Broadly,
these sites have been subdivided into two categaigeslopmensites (South Sudan, Jordan,
Rwanda) whose data was used in the intt@lelopmenbf the SWOT project, and
implementatiorsites (Bangladesh, Tanzania, Rwanda), sites whose data was collected as part of
the SWOT fieldtrials. For this research, tigevelopnentsites were used in the preof-concept

study included in Chapter 3, and data fromithplementatiorsites were used in the cost

sensitive learning and muibibjective studies (Chapters 4 and 5 respectivélyg.development
andimplementatiorsite lacations are shown on FigurelZelow and are discussed further in

Section 2.2The following subsections provide a description of each study site.
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Figure 2-1: SWOTsite locatiors. Development sites (202815) include South Sudan, Jordan, and Rwanda. Implementation sites
(2019 Present)includeBangladesh, Tanzania, and Nigeria.
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2.1.1 South Sudan

The South Sudan site was made up ofdlseparate refugee settlements: Batil, Jamam, and
Gendrassa, all located in Maban County in Upper Nile State of South ®atamas collected
by MSF atthe South Sudan siteeginningin March 2013 and continuddr six weeks until April
2013.Unlike theotherdevelopmensites, data collected in South Sudan was part of expanded
routinewater qualitymonitoring in the aftermath of a Hepatitis E outbreak in the three
settlements. The population of the three settlements included in the South Sudan sittoange
over 15,000 to over 37,00@ith a combined population of over 68,0@Q all three settlements,
drinking water was obtained via groundwater boreholes and the only treatment was inline

chlorination with calcium hypochlorite.

2.1.2 Jordan

The Jordan datatsawas collected by UNHCRom the Azraq settlement, located near the town

of Azraqin eastern JordamJnlike the other study sites included in this research, two datasets
were obtained from Jordan: the first was collected between July and August oha(thé a

second was obtained nine months later between March and April of P0die was a

substantial change in population between these two periods, with the population in 2014 being
recorded as 7,470 and the population in 2015 recorded as 1dntBtheéemperature also varied
substantially between the 2014 dataset which was collected in the summer where the
temperatures experienced ranged from 27 to 43 degrees Celsius, and the 2015 dataset which was
collected in the late winter/early spring where terapges ranged from 15 to 29 degrees

Celsius Drinking water at the Azraq site was obtained from groundwater boralbieswas

then treated via reverse osmosis due to salinity concerns, and then chlorinated via inline
chlorination with chlorine gas. Unkkthe othedevelopmensites, drinking water was then

trucked to site before piped distribution.

2.1.3 Rwanda

The Rwanda dataset wesllectedoy UNHCRIin theKigeme refugee settlement in the
Nyamagabe District of Rwanda. Data was collected at this site froetd July of 2015. The

site population at the time of data collection was over 18,000. Drinking water at this site was

obtained from docal stream, making this the only dataset with a surface water source. Water
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treatment included conventional floccudait, sedimentation, and filtration and disinfection was

performed with calcium hypochlorite.

2.1.4 Bangladesh

The Bangladesh dataset walected by MSF and UNHCR frothe KutapalongBalukali

Extension Site tefugee settlemeito c at ed i n Co xdesh. TBiswastherfirstiofn Bang
theimplementatiorfield trials which was supported by researchers from the Dahdaleh Institute

for Global Health Research (DIGHR) at York University. The data collection for this site took

place over a period of 6 months from June to December of 2018, thaBangladesh ataset

coversthe longest period of time of all datasets used in this resédrelpopulation of the site

was 80,000 at the time of data collection. Drinking water at this site was obtained from

groundwater boreholes and disinfected with inline chlommatvith calcium hypochlorite.

2.1.5 Tanzania

The Tanzania dataset was colledidJNHCR and the Norwegian Refugee Coufram the
Nyaragusu refugee settlement in the Kigoma region. Data collegitibis site occurred from
December 2019 to January 20a@ddata collection remains ongoinghe population of the
Nyaragusu settlement during this period was 132,D@@king water at this site was obtained

from groundwater boreholes.

2.1.6 Nigeria

The Nigeria dataset was collecteyl MSFfrom the Mbawa IDRsettlement located in Benue
State.The data used from this site was collected between February and July, 2020, though data
collection remains ongoing. The population of the Mbawa settlement was 6,600 during the
period of data collectiorDrinking water inthe Mbawa settlement is obtained from groundwater

boreholes and is treated via batch chlorination in tanks using calcium hypochlorite.

2.2 Description of Data Sets
The dataset for each site includes FRC as well as other water quality parameters which are
routinely collected in humanitarian water systems operationtieotievelopment sitehis
includes electrical conductivity (EC), water temperature, turbidity, and pH, whereas at the
implementation sites the only additional water quality variables used weaed®ater
temperature. Data was collected using paired sampling whereby the same unit of water was
sampled amultiple points along the postistribution water supply chaimecall the poinbf-
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distribution and poinrbf-consumption shown in Figurell). For the development sites water

guality was measured at four pointrh the tap at the point of distributian the container
immediately after collectignn the container immediately after transport to the dwelamgl

after a followrup period of staage in the househal&or the implementation sites, data collection

was streamlined to only include measurement from the tapstand and aupliduving

household storage. Thus, all of the studies in Chapters 3, 4, and 5 only consider data collected at

these two points in the poslistribution water supply chain.

Table 21 summarizes the water quality variables that were collestddised in thenodelsfor

each siteAdditional variables were collected at each bitéarenot included in Table-2 either
because they are not commonly recommended for collection in refugee and IDP settlements, or
because they were not available at all sites included in a specificlimgd#lidy The latter was
particularly common for our Bangladesh site where more water quality variables were available
than at the Nigeria and Tanzania sites, so for consistency, the same variables were used for the
modelling at each site. Thus, turbiddand pH were not included in the Bangladesh models,
despite these variables being available.
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Table2-1: Water quality parameters collected

Parameter

Sites where Parameter

was Measured

Collection Method

Freeresidual chlorine

All

Colorimetric method using
Palintest PTH 7091 compact
chlorometer and Wagtech 710C
photometer with Palintest
DPD1/DPD3 reagents (Palintes
Ltd., TyneandWear, UK)

Pool testers (Nigeria)

Turbidity South Sudan, Nephelometric method using
Jordan Palintest PTH 090 compact
turbidimeter (Palintest Ltd.,
Rwanda, TyneandWear, UK)
Bangladesh
Water temperature All All recordedvia potentiometric
— methodusingEijkelkamp 18.21
Conductivity All 9=l P
multimeter (Eijkelkamp
pH South Sudan, Agrisearch Equipment,

Jordan
Rwanda,

Bangladesh

Giesbeek, Néterlands), Hanna
Instruments HI 98311
EC/TDS/temperature mudti
meter (HANNA Instruments,
Woonsocket, RI, USA), or Hact
sensION+ mulimeter (Hach
Instruments, USA)Note:
instrument used varied betweel
sites; multiple instruments were

not used at the sansée.
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2.3  Ethics

The initial field work in South Sudan received exemption from full ethics review by the Medical
Director of Médecins sans Frontiéres (MSF) (Operational Centre Amsterdalaipasollected

was routine for the egoing water supply intervention at the study site. For subsequent field
studies in Jordan and Rwanda, ethics approval was obtained from the Committiee for
Protection of Human Subjects (CPHS) of the Institutionali€eBoard at the University of
California, Berkeley (CPHS Protocol Number: 261%6326). Informed consent was provided

throughout all data collection.

The studies in Bangladesh, Tanzania, and Nigeria received approvah&éluman

Participants Review QGomittee, Office of Research Ethics at York University (Certificate #:
2019186) The study in Bangladesh also received approval from the MSF Ethical Review Board
(ID #: 1932), and the Centre for Injury Prevention and Research Bangladesh (Memo #:
CIPRB/AdmMin/2019/168).

2.4  Preliminary Data Analysis

A preliminary data analysis was undertaken to achieve four goals.itRivag usedo gain an
understanding of the input and output variables through visualization and by preudingary
statistics (hnumber of observations, mean, median, standard deviation). This ¢heorefierence
for understanding the variables collected. Sectind analysis was uséd determine if there

was a statistically significant difference between the pofrdistribution and poirbf-
consumption FRC concentrations. This serves to reinforce the need for modelling FRC beyond
the pointof-distribution up tahe pointof-consumption. Thirdthis analysis was used ¢bheck

to see if the poinbf-consumption FRC follows a common distribution at all sites. WMoisld
indicate if wecouldapproach probabilistic modelling by estimating distribution parameteifs, or
we need to use a ngrarametric approackinally, this analysigprovidesvisualizations ofthe
relationship between each input variable and poirtonsumption FR@vhich provides aisual
understanding of the relationship between the input variablsia this study angoint-of-

consumption FRC.

Figures 22, 2-3, 24, and 25 show histograms of the input and output variablethi®&outh
Sudan, Jordan (2014), Jordan (2015), and Rwanda datasets, respentéligures -8, 2-7,

and 28 show inputvariable histograms for thenplementatiorsites Bangladesh, Tanzania, and
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Nigeria, respectively)These figures also show boxplots comparing the gafcbnsumption

and pointof-distribution FRC concentrationfhe data cleaning rules usedptepare these

figures are documented in ChaptdoBthedevelopmensites and in Chapter 4 for the
implementatiorsites These figures show first that the distributions of FRC concentrations
between the poirbf-distribution and poinbf-consumption argery different and the poiruf-
consumption FRC distributiorngere allright-skewedto varying degreesexcept for the Jordan

(2015) sitejndicating a very high frequency of observations with low FRI@s is visually also
confirmed from the boxplots whicshow that the poirdf-consumption FR@istributions tend

to be grouped around lower values of household FRC than thegbalrgtribution FRC. These

figures also show that the range of observed water quality measurements vary substantially from
site tosite. This is critical as it highlights potential challenges in training a global FRC decay
model: the water quality parameters from one site to the next tend to be very different. Finally,
these figures show that the distribution of typifcdlow up times for the poinbf-distribution
measurementary from site to siteThese histograms loosely reflects typical storage times, but it
should be noted that the follow up time was also impacted by logistics of sample collection and
water availability For all sites but South Sudamd Nigerigthere tend to be two clusters of

storage times: a long storage time cluster (up to around 24 hours) and a short storage time cluster
(up to around 10 to 15 hours). Bangladesh these clusters tend to occur around 15 hodr

between 510 hours but the bimodal distribution is still present.
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Figure 2-2: South Sudamput and output variable histograms and boxplot comparison of point
of-distribution and poinbf-consumptiorFRC. Boxes show the interquartile range, whiskers
show the 9% percentile range, and circles represent outliers beyond tHep@Eentile range.
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Figure 2-3:Jordan (2014)nput and output variable histograms and boxplot comparison of
pointof-distribution and poinbf-consumptioFRC. Boxes show the interquartile range,
whiskers show the $5ercentile range, and circles represent outliers beyond tHep@8Bentile
range
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Figure 2-4:Jordan (2015 input and output variable histograms and boxplot comparison of
pointof-distribution and poinbf-consumptioFRC. Boxes show the interquartile range,
whiskers show the $5ercentile range, and circles represent outliers beyond tHe@&centile

range.
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Figure 2-5: Rwandainput and output variable histograms and boxplot comparison of joint
distribution and poinbf-consumptiorFRC. Boxes show the interquartile range, whiskers show
the 9%" percentile range, and circles represent outliers beyond tHep@entile range.
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Figure 2-6: Bangladesh input and output variable histogsaamd boxplot comparison of point
of-distribution and poinbf-consumptioFRC Boxes show the interquartile range, whiskers
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show the 9% percentile range, and circles represent outliers beyond tHep@Eentile range.
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Figure 2-7: Tanzaniainput and output variable histograms and boxplot comparison of jadint
distribution and poinbf-conrsumptionFRC Boxes show the interquartile range, whiskers show
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the 9%" percentile range, and circles represent outliers beyond tHep@8entile range.
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Figure 2-8: Nigeria input and output variable hisgrams and boxplot comparison of peo#t
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the 99" percentile range, and circles represent outliers beyond tHep@Fcentile range.
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As stated above, a primarpgervation from Figures-2 through 25 is that theneanpoint-of-
consumption FRC appear to be much lower than the-péidistribution FRC. We confirmed

this using a KruskaWallis location test, which is a nggarametric test of the similarity of
meansetween two distributiond.he null hypothesis of the Krusk#allis test is that the two
samples used have the same mean, and gi-l@lues (typically less than 0.05) we reject this
hypothesis (i.e., a lowgrvalue suggests a lower probability that theans are drawn from the
same distribution). When comparing the means of the distributions with the Kil/aké test,

we obtaineg-values ranging between 1x10to 1.1x10?®". This shows that it is improbable that
the means of thpoint-of-distribution and poinbf-consumption FRC concentrations are the
same. This strongly supports the need to develop FRC targets that accountdistpbation

FRC decay as the dissimilarity of these means strongly supports that FRC decayesaitetu
chlorine leaves the piped distribution system. To further reinforce this, we show the mean and
standard deviation of the poiof-distribution and poinbf-consumption FRC concentrations in
Table 22. This table shows that across sites theresislstantial drop in the mean FRC from the
point-of-distribution to the poinbf-consumption, a drop that is shown to be significant by the
KruskalWallis test(also shown in Table-2). Table 22 also shows that the Nigeria dataset has
the smallest standddeviations, likely due to the clustering of observed values seen in Figure 2
8. This apparent clustering is due to FRC data being collected on site with pool testers which

have a lower resolution than the colorimetric methods used at the other sites.
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Tale 2-2: Comparison of mean and standard deviation from pofrdistribution to poirvof-

consumption for historic sites

Site Point-of-Distribution ~ Point-of-Consumption  Kruskal -Wallis

Location Test

Mean Standard Mean Standard Test p-value
Deviation Deviation Statistic

South 0.82 0.45 0.35 0.37 77 15x1018
Sudan

Jordan 0.96 0.27 0.41 0.33 100 1.4x10%3
(2014)

Jordan 0.73 0.11 0.47 0.15 95 2.3x1022
(2015)

Rwanda 0.65 0.19 0.37 0.23 73 1.1x10%7
Bangladesh  0.71 0.38 0.34 0.28 1314 1.1x10287
Tanzania 0.39 0.22 0.19 0.15 187 1.4x1042
Nigeria 0.53 0.08 0.31 0.11 239 5.4x10°*

Figures 22 through 28 also showed thahe pointof-consumption FRC followed a rigiskewed
(positive)distribution, and especially at South Sudan and for Jordan (2014), appeared to
potentially follow an exponential distribution. To test if the paifitonsumption FRC followed
any particular distribution, we used the Scientific Python (SciPy) packagehiarifVirtanen et
al., 2020)o test 97 continuous distributions to see if they matched the observed@data.
performed this testing by first fitting thestribution parameters to the powitconsumption
FRC data and then comparing this distributionrmgjahe observed data using a Kolmogerov
Smirnov test, which is a ngoarametric test to determine if two samples are drawn from the
same distribution. The null hypothesis of the KolmogeBorirnov test is that the two samples
are from the same populaticend we reject the null hypothesis at lpwalues (typically less
than 0.05). In only one case was fhealue greater than 0.06sing the_évy distribution for the
Jordan (2015) dataset, where grealue was 0.10. Based on this, we conclude that therat a
single representative distribution for representing pofrtonsumption FRC, and instead we

should prioritize nofparametric probabilistic estimation methods.

36



To investigate the impact of different input variables on the gaflebnsumption FRCFigures

2-9, 210, 211, and 212 plot pointof-consumption FRC against each input variable used from

the historic sites for South Sudan, Jordan (2014), Jordan (2015), and Rwanda, respaatively
Figures 213, 214, and 215 plot these figures for theplementatiorsites (Bangladesh,

Tanzania, and Nigeria, respectivelyhese figures also show the linear regression line of best fit
for each input variable. From these figures, we see that at all sites except Jordan (2015), there is
a strongpositiverelationship between poirdf-distribution FRC and poirtf-consumption FRC,
meaning that if more FRC is available at the pointlistribution, there will be more FRC

available at the poirf-consumption. While this imtuitive, it is useful to know thahere is

such a strong relationship between these two variables. When considering the other water quality
variables (electrical conductivity, water temperature, turbidity, antbpthe historical sites,

electrical conductivity and water temperature f@itnplementatiorsiteg, we see that for the

most part, there are negative trends between these variables arof{poinsumption FRCWe

also see that there are some sites, notably Tanzania, where these trends are reversed, indicating
that higher conduivity and water temperature values actually correspond to highergfoeint
consumption FRC concentratiofhis may indicate that there are additional variables

confounded with these input variables that are not included in the dataisehighlights a &y

benefit ofthe ANN approachANNSs learnthe behaviour from the underlying data on a-bite

site basis, so the models are not restricted by assumed relationships between any of the input
variables and poirbf-consumption FRC, and instead they will ighuice the existing

relationships as observed in the data
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Figure 2-9: South Sudatrends between input variables and pedfitconsumption FRCAI

variables other thaelapsed time andointof-distribution FRC have negative trends with peint

of-consumption FRC.
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Figure 2-11: Jordan 2015rends between input variables and pewficonsumption FRC. All
variables other than elapsed time, hidity, and poirtof-distribution FRC have negative trends
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Figure 2-12. Rwandatrends between input variables and pedficonsumption FRC. All

variables other than turbiditgnd pH have positive trends with peoftconsumption FRC.
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Chapter 3Prootof-Concept Study

3.1 Chapter Preamble

This chapter presents the initial pramfconcept study used to validate the ANN ensemble

approach fomodelling postistribution FRC A modified version of this chapter wasblished

in npj Clean Watepn June 252021 .Note that, as a Nature journafj Clean Watemcludes

the Methods after the Results and Discussion sections, which is maintaineapierCd though
Chapters 4 and 5 retain a more conventional structure with Methods presented before the Results
and DiscussioriThe citation for the original article is:

De Santi, M., Khan, U.T., Arnold, Met al. Forecastingoint-of-consumption chlorine residual
in refugee settlements using ensembles of artificial neural netwijkSlean Wated, 35
(2021).https://doi.org/10.1038/s4154%1-001252

The Supplementy Information published with this article are included in Appendix A.

This proofof-concept study primarily explored the first two objectives of this thesis: first, it
sought to generate and evaluate the effectiveness ANN ensembles for forecastiofy point
consumption FRC and it presented a method for generatinbasdd FRC targets from the
ensemble forecasts. This study also examined the effectiveness of kernel dressing as a simple
postprocessing method for improving the reliability of these forec@sis proofof-concept

study was in part motivated layn exploratory analysis (c.f. Appendix B) which used a
deterministic approach which we found was not appropriate for producing accurdiasesk

FRC targetsThe study presented in this chapter fouhdt the ANN ensembles were able to
generate accurate FRC guidance, with the predicted risk for three out of four sites agreeing very
well with the observed data. However, we also found that the models tended to be
underdispersed, even after ppsbcesgig. This may have been due to the use of mean squared
error (MSE) for training the ensemble base learriérgs, one of the most important ta&eays

from this study was the needaddress underdispersion during the training of the ANNs in the

ensemble maels, instead of addressing underdispersion after the fact witipmastssing.

These findings were incorporated into the version 2 ANN of the SWOT ANN analytics which
will be releasedn August 2021A white paper vll also be publisedh with the launch of the

SWOT version 2 that wikummariz theopen source version of these analytics as well as
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updates that were made to address operational concerns from thefprontept study, in
particular investigating additnal postprocessing approaches as well as developing approaches

to better incorporate time in the model. This wipiger is included in Appendix C.

As the lead author | was responsible for the conception of the study presented in this chapter, as
well as all model development and analysis. | was also responsible for preparing the manuscript.
Dr. Usman Khan was responsible for modelling supervision and manuscript preparation. Dr.
Syed Imran Ali was responsible for data collection, coordination of parsesgring funding,

and manuscript review. Je&mnancois Fesselet was responsible for coordination of partners,
securing funding, and manuscript review. Matt Arnold was responsible for coordination of

partners and manuscript review.
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3.2  Abstract

Waterbornellnesses are a leading health concern in refugee and internally displaced person
(IDP) settlements where waterborne pathogens often spread through household recontamination
of stored water. Ensuring sufficient chlorine residual is important for protedtinjng water
against recontamination and ensuring water remains safe up to thefpoamsumption. We

used ensembles of artificial neural networks (ANNSs) to probabilistically forecast theopoint
consumption free residual chlorine (FRC) concentradiwhto develop poirdf-distribution

FRC targets based on the risk of insufficient FRC at the qpdicdnsumption. We built ANN
ensemble models using data from three refugee settlements and found thatlibsaiskRC
targets generated by the ensentht&lels were consistent with an empirical water safety
evaluation, indicating that the models accurately predicted the risk of lowgfeznhsumption
FRC despite all ensemble forecasts being underdispersed even aff@opessing. This
demonstrates thesefulness of ANNensemble$or generating ristbased poinrbf-distribution

FRC targets to ensure safe drinking water in humanitarian operations.

3.3 Introduction

Waterborne diseases are a leading cause of morbidity and mortality in refugetanadly
displaced person (IDP) settlements, so providing safe drinking water is critical for ensuring the
health of displaced persons during humanitarian respg@sesolly et al., 2004; Cronin et al.,
2008; Salama et al., 2004; To&eWaldman, 1997)Recontamination of previously safe
drinking water remains a major challenge in these settlements, having been identified as
contributing factor in outbreaks of cholera, hepatitis E, and shigellosis in refugee and IDP
settlements in Keny@solicha et al.2018; Shultz et al., 2009Malawi (Swerdlow et al., 1997)
Sudan(Walden et al., 200550uth SudafAli et al., 2015; Guerrerhatorre et al., 2016and
Uganda(Howard et al., 2010; Steele et al., 20@¢sidual chlorine protects against household
recontamination by inactivating waterborne pathogens as they are introduced. According to
globally used guidelines and past studies, this requires a free residual chlorine (FRC)
concentration of at least 0.2 mg/L to be maintained up to the-pbeansumptio (CDC, 2012;
Girones et al., 2014; Lantagne, 2008; Rashid et al., 2016; Sikder et al., 2020; WHO, 2011)
Current humanitarian drinking water quality guidelines, such as the statatard Sphere
Handbook, do not ensure sufficient chlorine residual apdive-of-consumption as they fail to

account for FRC decay during thestdistributionperiod, which begins when treated water
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leaves the central water distribution point (tap stand) and ends at th@poartsumption.
Thus, the postlistribution period includes collection, transport, and household storage, as
depicted in Figur&-1 which shows the poslistribution period in the context of the overall

water treatment and distribution system for the sites includedsistilnly.
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Figure 3-1: Postdistribution period shown in context of overall water supply system for typical refugee or IDP settlement. Water
obtained from ground or surface water is centrally treated theneyed via piped distribution system to the tap stand (Jodint
distribution). The postlistribution period begins when water is collected from the tap stand and continues as it is transported to the

household and then stored until use (pafitonsumptioh
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To ensure that there will be adequate chlorine residual throughout thdigiabution period,

water system operators must select a chlorine dose during treatment for thefd@tribution

that provides 0.2 mg/L at the poiot-consumption (refer to Figu@1 for a summary of water
treatment and distribution infrastructure for the sites included in this study). To achieve this, they
need models that accurately predict the pofrtonsumption FRC concentration using data
avalable at water distribution points. Since pdgitribution FRC decay is impacted by a number

of quantifiable and unquantifiable factors, ranging from other water quality parameters to
contaminants introduced through user interaction with water, modefipgaches must also
account for the high degree of variability and uncertainty when modellingdgdsbution FRC

decay. Past studies have used numerical modelling based on fundamental chemical rate
relationships to generate overall empirical kinetiddels of posdistribution FRC decay for

multiple refugee settlements that predict pafitonsumption FRGAIi, Ali, andFesselet,

2021) This procesdased modelling approach accounted for uncertainty indisstbution

FRC decay by calibrating the esind order of chlorine decay based on observed data and by
implementing a confidence region estimation of decay parameters. However, these models only
produced point predictions of household FRC that cannot quantify the model uncertainty.
Furthermore, thee procesvased models only utilized FRC and time as explanatory variables,
and cannot directly incorporate other water quality parameters (e.g., turbidity) which may

contribute to chlorine decay.

In this study we developed ensembles of artificial nengtlorks (ANNS) to produce

probabilistic forecasts of pohatf-consumption FRC using data collected from the point of
distribution as an alternative to procdémsed modelling of FRC decay. While ANNs have not
previously been used for modelling passtribution FRC, they have been demonstrated to be an
effective alternative to processsed models for predicting FRC in piped water distribution
systemgBowden et al., 2006; Gibbs et al., 2006; Rodrigkiegérodes, 1998; Soyupak et al.,
2011). As a datadriven model, ANNSs learn the underlying behaviour from the data instead of
assuming the behavioarpriori, which is particularly beneficial for modelling pedistribution

FRC where the decay behaviour is not well understood. ANNs can alsorisziton data
representing a wide range of operating conditions and can be retrained easily with new data,
unlike proces$ased models which require decay parameters to be calibrated to a single set of
conditions(Bowden et al., 2006; Soyupak et al., 204)INs are also effective even when only
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using data collected through routine monitor{@gbbs et al., 2003, 2006)vhich is particularly
beneficial in humanitarian settings where detaileddabed water quality evaluations may not be
available(Kotlarz, Lantagne, PrestomndJellison, 2009)In grouping multiple ANNSs into an
ensemble, we are able to quantify model uncertainty by combining the predictions of multiple
ANNSs into a probabilistic forecagBoucher et al., 2011, 20Q9roviding an important
improvement in contrast to past, deterministic, studies attempts to modedigigbution FRC
decay. Since ensemble models, including ensembles of ANNS, often prodiereispersed
forecasts where the spread of the ensemble predictions is less tepretiek of the observed
data(Boucher et al., 2009, 2015)e also used kernel dressing to pusicess the ensemble
forecasts to obtain a better match between the forecasted and observed distributions. While this
type of posiprocessing has been used waaiety of contexts for physical models, especially
atmospheric models, our study presents an investigation into the effectivenesspobpessing

for improving underdispersion of ANN ensemble forecasts of FRC in drinking water.

In developing these ANNMNnsemble models, our study had two objectives. First, we sought to
evaluate the performance of raw and gasicessed ANN ensembles for forecastingpost
distribution FRC concentrations. Second, we sought to use these models to generate FRC targets
for publc water distribution points in refugee settlements based on the risk of having insufficient
FRC at the point of consumption while also quantifying model uncertainty for water system
operators. We generated the ANN ensembles using four datasets fronefihgee settlements

in South Sudan, Jordan, and Rwanda (two separate datasets were obtained in Jordan, one from
2014 and one from 2015). For each site, we used two input variable combinations using data
collected from the poirdf-distribution (refer to Fjure3-1): the first (IV1), included only point
of-distribution FRC and the elapsed time of collection, transport, and storage between when
water is obtained from the central distribution point and the jmdiobnsumption, which

represents the minimum aonat of water quality data that would be reliably available in
humanitarian response. The second variable combination (IV2) included all water quality
variables recommended for routine monitoring in humanitarian responseppdiistribution

FRC, water tmperature, electrical conductivity (EC), turbidity, and pH, as well as elapsed time
between the time of collection at the water distribution point and the-glint

consumptiofFrazier, 2008; Médecins Sans Frontieres, 2010; Sphere Association, P04.8)

data-driven approach taken in this study presents an important step in prioritizing evidesece
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solutions for public health engineering in humanitarian response, as well as shifting the paradigm

away from searching for a faimmbdeluncetamyo del and

3.4 Results

3.4.1 Ensemble Model Performance

Table3-1 summarizes the performance of both the raw andgrosessed ensembles for each
variable combination at each site. To prioritize model performance in an operationally acceptable
range, we removed observations with water quality parameters outsideaotéptable ranges
identified in humanitarian drinking water guidelines as these may represent either atypical values
or measurement errors. Specifically, observations were removed if FRC was greater than 2 mg/L,
if turbidity was greater than 5 NTU, orpH was less than 6 or greater thafM&decins Sans
Frontieres, 2010; Sphere Association, 2018; UNHCR, 2020 Table3-1, thePercent

Captureof all models is below 100%, ranging from 27% to 65% for the overall dataset and from
0% to 58% for observatis with pointof-consumption FRC below 0.2 mg/L, indicating
underdispersion, even after pgsbcessing. Figurd-2, which shows the confidence interval

(CI) reliability diagram for each site for the raw and posicessed ensembles, confirms this,
showingthat thePercent Capturtar each ensemble CI fell below the 1:1 line, indicating that at

al |l Cldéds the models captured | ess than the op
forecasts were underdispersed. While the-postessed forecasts meeunderdispersed, pest
processing improves both the dispersion and reliability of the ensembles. The improved
dispersion is seen in the higher percentage of values captured, with all models having equal or
greaterPercent Capturafter postprocessing. Fihermore, posprocessing improved the Cl

reliability score for both the overall dataset and for observations with-pbaansumption FRC

below 0.2 mg/L for all sites except Rwanda. FigiZ shows that this improvement was

primarily at the very highresemble Cls (9®9% CI), and that pogirocessing did not

substantially impadPercent Capturtr the lower ensemble Cls. The impact of posicessing

on the Continuous Ranked Probability Score (CRPS), which measures the forecast sharpness,
reliability, and uncertainty, was less consistent, with the South Sudan and Jordan (2014) models
showing improved CRPS with pegtocessing, and the Jordan (2015) and Rwanda models
showing a decrease. This is likely because-postessing improves the underdispersighich
improves the reliability component of CRPS, but also widens the forecast range which produces

a worse score for the sharpness component of CRPS.
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The ensemble models using the larger IV2 input variable combination typically had better
dispersion and reliability, except in South Sudan where the V1 input variable combination
produced lowePercent Capturdut better reliability as shown in Tal8€l. Figure3-2 also

shows that for all sites other than South Sudan, the models usinltliarlable combination
produced forecast with better capture across multiple Cls, leading to a substantial improvement

in reliability that is reflected in the CI reliability scores documented in Tzfle
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Table3-1: Ensemble verification metrics for all sites and variable combinafimnsaw and posprocessed ensembles

Site Input Raw/Post Percent Percent Capture Cl Reliability CI Reliability Score CRPS
Variables Processed Capture (FRC below 0.2 mg/L (FRC below 0.2 mg/L)
South V1 Raw 36 45 1.58 1.15 0.26
Sudan PostProcessec 44 50 1.48 1.10 0.18
V2 Raw 47 47 1.85 1.73 0.32
PostProcessec 56 58 1.76 1.64 0.20
Jordan (AVAN Raw 30 10 2.65 3.66 0.30
(2014) PostProcessec 37 20 2.55 3.49 0.22
V2 Raw 60 45 1.65 2.41 0.27
PostProcessec 60 45 1.63 241 0.19
Jordan (AVAN Raw 27 0 2.40 3.85 0.11
(2015) PostProcessec 27 0 2.48 3.85 0.17
V2 Raw 33 0 2.27 3.85 0.12
PostProcessec 33 0 2.15 3.85 0.15
Rwanda V1 Raw 30 0 2.25 3.85 0.16
PostProcessec 30 0 2.32 3.85 0.19
V2 Raw 65 17 0.77 3.27 0.16
PostProcessec 65 17 0.89 3.03 0.23
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The following sections provide the modelling results for the-postessed ensembles for each

site andvariable combination. Only pegrocessed results are shown in this section as the post
processing consistently provided better performance. The raw ensemble results are included in
FiguresA-1 throughA-4 in Appendix A

3.4.2 South Sudan

Figure3-3 shows th@bserved and pogtrocessed ensemble forecasts of pofatonsumption

FRC against the IV1 and 1V2 input variables for South Sudan. The ensemble forecasts generally
follow the same trends as the observations, though there are several observationssigiagpbut

the ensemble forecast range, confirming that the ensembles are underdispersed. The ensembles
using the V2 input variable combination produced much wider forecasts, which explains the
higherPercent Capturtor the 1V2 models documented in Tal3ld.
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Figure 3-3: South Sudan observations and pesicessed forecasts of poioitconsumption

FRC. The observations and forecasts are shagainst (a) poinbf-distribution FRC, (b)
elapsed time, (c) poiraf-distribution EC, (d) poinbf-distribution water temperature, (e) point
of-distribution pH, (f) pointof-distribution turbidity. A strong trend between peoft
consumption and poirdf-distribution FRC is observed and V2 forecasts are much more
dispersed than V1 forecasts.

The clearest trend between the observed and forecasteebpoorisumption FRC and the input
variables shown in Figur@3 was with the poinrobf-distribution FRCThere was very little

evidence of a trend between the elapsed time and thegdasohsumption FRC. Figui&3 also
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shows negative trends between the forecasted and observedfpmonsumption FRC and

water temperature and turbidity. The trend betwesnt{pf-consumption FRC and EC is less

clear as at low conductivities; there appears to be a positive trend, but at high conductivities there
appears to be a negative trend. Finally, there was not a strong trend between pH anddfie point

consumption FRC.

3.4.3 Jordan (2014)

Figure3-4 shows the Jordan (2014) forecabservation pairs against the IV1 and V2 input
variables for the pogirocessed ensemble forecasts. The ensembles using the IV1 input variable
combination produced substantially narrower fores;aesgtpecially in regions of the output space
where there is a large density of observations with behaviour resembling that of a linear
regression where the ensemble predictions regress to the mean in locations where there is a high
density of data. By cordst, the ensemble models using the V2 input variable combination

produced much wider forecasts, leading to the bBtecent Capturdocumented in Tabla-1.
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Figure 3-4: Jordan (2014) observations andgtprocessed forecasts of peioftconsumption

FRC. The observations and forecasts are shown against (a)-pbtistribution FRC, (b)

elapsed time, (c) poirdf-distribution EC, (d) poinbf-distribution water temperature, (e) point
of-distribution pH, (f) poinfof-distribution turbidity. IV1 forecastd®w a strong regression to

the mean behaviour. Strong trends between gafisbnsumption FRC and: pohat-distribution
FRC, EC, and water temperature.

As in South Sudan, the forecast peaficonsumption FRC for both input variable combinations
followed similar trends as the observed data, with the clearest trend between input and output
variables between pouuf-consumption FRC and potof-distribution FRC. There was little
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evidence of a trend between elapsed time and observed or forecasteaf-ponmgumption FRC.
There were also clear negative trends between the observed and forecastefdquuistimption
FRC concentration and EC, water temperature, and turbidity, indicating that as the values of
these water quality parameters increase, point afloaption FRC decreases. There was not a

strong trend observed with pH.

3.4.4 Jordan (2015)

Figure3-5 shows the Jordan (2015) forecabservation pairs against the IV1 and V2 input
variables for the pogirocessed ensembles forecasts. As with the Jordan (@D&), the

Jordan (2015) ensembles using V2 produce wider ensemble forecasts than the models using
IV1, however these were not wide enough to capture the only observation where tité-point
consumption FRC concentration was below 0.2 mg/L, as it wasg/aligant outlier. There was
little observed trend between the observed poirdonsumption FRC and the IV1 and V2 input
variables, and the resulting forecasts showed little variability in the forecastpoint

consumption FRC.
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Figure 3-5: Jordan (2015) observations and pgsbcessed forecasts of poioftconsumption
FRC. The observations and forecasts are shown against (a}qfedigtribution FRC, (b)
elapsed time, (c) poirgf-distribution EC, (d) pmt-of-distribution water temperature, (e) point
of-distribution pH, (f) pointof-distribution turbidity. Both IV1 and IV2 forecasts are very flat
due to low overall rates of FRC decay at this site.

3.4.5 Rwanda

Figure3-6 shows the forecastbservation pairs foRwanda against the 1V1 and IV2 input
variables for the pogirocessed ensemble forecasts. As with the Jordan (2014) model, the

ensemble models using the IV1 input variable combination produce forecast behaviour
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resembling a regression to the mean wheeddrecast range decreases where large numbers of
observations are present. This narrowing of the forecast range resulted in no forecasts capturing
observations with poirbf-consumption FRC below 0.2 mg/L, as documented in TahleThe

models using th&/2 input variable combination produced forecasts that matched the spread of
the observations much better, which lead to the impr&ezdent Capturter these models
documented in Tablg-1.
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Figure 3-6: Rwanda observations and pgsbcessed forecasts of peioftconsumption FRC
The observations and forecasts are shown against (a)-pbistribution FRC, (b) elapsed

time, (c) poirdof-distribution EC, (d) poinbf-distribution water temperature, (e) potof-
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distribution pH, (f) poinfof-distribution turbidity. IV2 forecasts tend to be much more dispersed,
leading to better overall capture, especially of observations with qdicdnsumption FRC

below 0.2 mg/L.

From Fgure3-6, we see that the forecast penfitconsumption FRC tends to follow the same

trends as the observations and that the clearest trends were between the forecastied point
consumption FRC and the poiot-distribution FRC and elapsed time. This lattend had not

been strong at the other sites. Furthermore, the remaining water quality variables did not display
clear trends with the forecasted peaftconsumption FRC, despite their inclusion substantially

improving model performance.

3.4.6 Partial Corredtion Analysis Results

Table3-2 presents the results of a partial correlation analysis that was performed for each site to
provide additional details on the trends shown between-pbichnsumption FRC and the six

input variables. The padii correlation between each input variable and the observedgioint
consumption FRC is shown for each site and fo
in Table 2). Tabl&-2 shows that poirdf-distribution FRC had the strongest partial correfat

with pointof-consumption FRC at all sites. The other water quality variables had mostly
consistent negative partial correlations with paifitonsumption FRC, indicating that pcioit
consumption FRC decreases as the magnitudes of these parancedaseinwith the strength of

the partial correlation varying from site to site. The generally negative partial correlation, as well
as the variability of the magnitude of the partial correlation, coheres with the trends shown
visually in Figures3-3 throudn 3-6. Additionally, the negative correlations between FRC and

water temperature and turbidity conform with the findings of past studies of FRC decay both
within piped distribution systems and for household stored drinking \{@lenk & Sivaganesan,
2002;Fisher, KastlandSathasivan, 2017; Lantagne, 2008; M. W. LeChevallier, E\aantks,

Seidler, 1981; James C. Powell, West, Hallam, ForatetSimms, 2000; Warton, Heitz, Joll,
andKagi, 2006) The relationship between poiot-consumption FRC and elapsitaie,

however, was less consistent with half the sites having positive partial correlations between
point-of-consumption FRC and elapsed time, and the other half having negative patrtial

correlations.
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Table3-2: Partial correlation analysis results between water quality variables andjpdicdonsumption FRC

Pointof-

Distribution Water

Quality Variable  South Sudan Jordan (2014) Jordan (2015) Rwanda Combined

FRC 0.66 0.43 0.31 0.63 0.59
Elapsed Time 0.10 -0.09 0.20 -0.26 -0.01
EC -0.07 -0.34 -0.08 -0.04 -0.10
Water Temperature 0.00 -0.06 -0.10 -0.13 -0.15
pH -0.10 -0.09 -0.14 0.07 -0.01
Turbidity -0.01 -0.03 0.05 -0.20 -0.04
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3.4.7 Risk-Based FR(Targets

We generated poirdf-distribution FRC targets for each site by forecasting the qodint
consumption FRC for a range of peoftdistribution FRC concentrations (from 0.2 mg/L to 2.0
mg/L). We selected this range considering both the experieneatef system operators and
point-of-distribution FRC recommendations in drinking water quality guidelines from refugee
and IDP settlemenii§lédecins Sans Frontieres, 2010; Sphere Association, 2018; UNHCR,
2020) Following this, the risk of poirvf-consumpbn FRC being below 0.2 mg/L was
determined for each pokatf-distribution FRC concentration from the forecast cumulative

density function (cdf). We selected the FRC target as the lowestqfadigtribution FRC
concentration that produced negligible rig¥e consider negligible risk to be a 0% predicted risk
of low pointof-consumption FRC. While this risk can never truly be-egistent, 0% predicted

risk indicates that the predicted risk is too small to be stored as a flpaiimghumber. The use

of 0% predicted risk in this study is meant to be illustrative, and in practice the target FRC could
be selected for any level of protection. While the below section presents the recommendations
required to achieve negligible risk, we present recommendedsdog&% and 15% risk

thresholds in Tabl&-1 in Appendix A These higher risk thresholds may be needed in sites with

high FRC decay or low chlorine taste and odour acceptability.

We used a storage duration of 24 hours for all sites and datasets ex@epthrSudan where we

used a storage duration of 10 hours in keeping with past studies that have shown that long

storage durations were not practiced at thisasitéthat it is difficult to maintain a chlorine

residual over long storage durations at this site due to high FRC decay rates that have been

attributed to very hot temperatures and poor overall water, sanitation, and hygiene (WASH)
conditions(Ali et al., 2015, 2021)For the 1V2 models, which include additional water quality
variables, we simulated two scenarios: an fiav
of EC, water temperatur e,asph, sared atrureb iwhietrye, w
water quality conditions that would be unfavourable for maintaining a chlorine residual. From

the partial correlation analysis presented above, as well as the trends shown i8-Bigure

through3-6, we determined that higher values for the four watalitgyparameters (EC, water

temperature, turbidity, and pH) would produce the least favourable conditions, so we used the
9%"percentile value observed in each dataset f ¢
caseo0o scenar i o robserved duting thedath gollettibngerivdadndide sot
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account for seasonal factors such as flooding or monsoon seasons that occurred outside of the

period of data collection.

The predicted risk of poirdf-consumption FRC below 0.2 mg/L for each sitedibthree cases

(IV1, IV2 average case, V2 worst case) are presented in R3giwr@o achieve negligible risk

of pointof-consumption FRC below 0.2 mg/L in South Sudan (Figtira), the recommended
point-of-distribution FRC concentration ranges from®.7mg/ L (1 V2 fAwor st case
(rvi), with 0.75 mg/L recommended for the 1V2
(Figure3-7b) the recommended point of distribution FRC using the IV1 model is 0.70 mg/L and

is 1.05 mg/ L f oscenaricdusingifiha W2Zmodey Ho pomtdistilbution FRC
concentration was able to achieve negligible risk of pofrdistribution FRC below 0.2 mg/L in

the fiworst caseo scenario for the |V2 model t
risk for pointof-distribution FRC concentrations between 1.75 mg/L and 2.0 mg/L. Thus, any
point-of-distribution FRC concentration between 1.75 mg/L and 2.0 mg/L would achieve similar

risk of having poirdof-consumption FRC below 0.2 mg/L. Therefore, we rememd using the

| owest FRC concentration within this range (1
the potential for disinfection bgroduct (DBP) formation or taste and odour concerns. In Jordan

(2015) (Figure3-7c) a pointof-distribution FRCconcentration of 0.2 mg/L is recommended for

the IV1 and |1 V2 fAaverage caseod0 scenarios, and
Rwanda, (Figur8&-7d) the recommended poiot-distribution FRC concentration ranges from

0.60 mg/L (1l YWhpeamdaslevwd daveédr 90 mg/ L (1 V2 Awor
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Figure 3-7: Predicted risk of insufficient poktf-consumption FRC (below 0.2 mg/L). The

predicted risk is shown for (a) South Sudan, (b) Jordan (2014), (daddqR015), and (d)

Rwanda. To achieve negligible risk, the ANN ensemble models recommend point of distribution

FRC between 0.65 and 0.90 mg/L in South Sudan, between 0.7 and 1.75 mg/L in Jordan (2014),

between 0.2 and 0.4 mg/L in Jordan (2015), and betWwe0 and 0.90 mg/L in Rwanda. The

upper limit of the recommendation for Jordan (2014) does not ensure negligible risk, as this was

never achieved, but represents a plateau in the predicted risk of FRC below 0.2 mg/L.

To provide additional context for thissk predictions, Figur8-8 shows the forecast range at

each pointof-distribution FRC concentration for the three scenarios as well as the recorded

observations for similar storage durationsl@hours for South Sudan,-28 hours for all other

sites).This figure shows that the ANN ensemble forecasts reflect uncertainty well, with wider

forecasts where there are fewer observations (and hence greater uncertainty), and narrower
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forecasts where there are more observations. However, at all sites excapgaRatom row)

this leads to an overprediction of peoftconsumption FRC at low pokatf-distribution FRC
concentrations. While these forecasts are unrealistic, they could easily be corrected with further
postprocessing. Figurd-8 also shows that tHerecasts produced by the ensemble models using
the 1V2 input variable combination (shown 1in
and in the right column for the fAworst caseo
for all sites exept South Sudan (top row). Additionally, we see that the forecasts produced by
the 1V2 modetas$ed sbenda@wioo st 8-8andfodRwandgd 201 4) (
(Figure3-8l) captured all of the observations with peafitconsumption FRC below O0rag/L

and very effectively reproduced the behaviour of observations with lowga@nsumption

FRC.
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Figure 3-8: Forecasts used to generate Asésed FRC targetJop row: South Sudan, Second
row: Jordan (2014), Third Row: Jordan (2015), Bottom row: Rwanda. Left column: forecasts
produced by models using IV1, middle column: forecasts produced by models using V2 for

average case. Right column: forecasts producechbdgels using IV2 for worst case scenario.
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3.5 Discussion

The ensemble performance metrics listed in T8Heas well as the results shown in Figues

2 through3-6, highlight that the forecasts produced by the ANN ensemblesundezdispersed.

This problem has also been identified when using ANN ensembles to forecast hydrological
variablegBoucher et al., 2011, 200Powever, these previous studies did not implement post
processing of the ensemble forecasts. While thegrosessing implemented in this study

generally improved the ensemble reliability and dispersion, it did not lead to full capture of the
observations, nor did it substantially improve the reliability of the ensemble forecasts. Future
study should investigate pprtunities to improve the raw ensemble forecasting performance, as
well as alternative ensemble formation techniques and other machine learning models to reduce
the dependence on pgaibcessing. Future study should also investigate more sophisticated pos
processing methods which have been proposed and validated in the lit@atwoieer et al.,

2015; Brocke& Smith, 2008; Fortin, Favr& Said, 2006; Wan& Bishop, 2005)In particular,
considering the regressida-the-mean style behaviour shown famse of the models, the use of
mean squared error (MSE) as the cost function for training the base learners may be contributing
to the forecast underdispersion, as this cost function tends to reward clustering near the centre of
the distribution of observedhlues. Future studies should investigate alternative cost functions

and training options to avoid this type of behaviour.

The models using the IV2 input variable combination tended to produce better dispersion and
reliability than those using the IV1 iopvariable combination. This shows that including
additional water quality variables allowed the models to better reproduce the observed variability
and match the distribution of the observed values of ffinbnsumption FRC. This is

particularly imporant as all of these water quality variables can be monitored directly in the field
and are often part of routine water quality monitoring programs in humanitarian response
settings. Of the water quality variables included in this study, water tempenatuECahad the

most consistent relationship with pewmitconsumption FRC, as shown in the trends in Figures
3-3 through3-6, and in the partial correlation results (Tabi2). This reflects the findings of

past studies which show that water temperatuseanamportant impact on FRC decay within
distribution systems as it impacts the rate of the decay rea(Gtark & Sivaganesan, 2002;

Fisher et al., 2017; J. C. Powell, Hallam, West, For&e3jmms, 2000; Warton et al., 2006)

The relationship between EC and FRC is not as well documented as EC is a bulk indicator that
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may correspond to many compounds such as salts, metals, and dissolved organics, and only
some of these are likely to exert chlorine dem@u#iO, 2011) However past studies have

shown that EC had a significant effect on paistribution FRC decay in South Sudg@ii et al.,
2015) The relationship between turbidity and peoafitdistribution FRC was less consistent,

likely because turbidity is also a bulk indiocathat does not reflect any individual compound. In
some cases, turbididyausing compounds, especially oxidizable organic material or suspended
metals can exert a large chlorine dem@adllandat, Stack, StringndLantagne, 2019; Kotlarz

et al., 2009M. W. LeChevallier et al., 1981but other turbiditycausing compounds, such as
clays which are a common source of turbidity in groundwater, do not exert strong chlorine
demandGallandat et al., 2019; W& Dorea, 202Q)The weaker observed trends andiphr
correlation between pokuuf-consumption FRC and pH are interesting as pH has been shown to
be an important factor in FRC ded@lark & Sivaganesan, 2002n this study, the pH rangse
rather small, (between 6 and 8), which may explain the liniggatl with pH as this neutral

range is typically associated with the highest rate of FRC déaam& Gordon, 1999)
Interestingly, the input variable that displayed the weakest trends and partial correlation with
pointof-consumption FRC was elapsed tirdespite FRC decay being a time dependent
reaction. This may indicate that elapsed time is confounded with other factors, especially
considering that elapsed time tended to cluster around a few different values at each site, (c.f.,
FiguresA-5 throughA-12 in theAppendix A). Longer storage durations include periods of
overnight storage when temperatures are cooler, and where there is less opportunity for user
interaction with the water, which may lead to a lower overall rate of decay. Conversely, shorter
storage durations tend to reflect water collected in the morning and stored during the day when
temperatures are warmer and when water is being used more frequently, both of which may
contribute to higher rates of FRC decay. Thus, while FRC is a time disptenreaction, other
time-dependent factors may confound the effect of elapsed time odiptrgtution FRC.
Additionally, while the inclusion of additional water quality variables improved model
performance, we did not quantify the impact of individuatev quality variables on water

guality performance, nor did we implement any eviddmased input variable selection
techniques. Future study should focus on identifying which variables are most important to
model performance to streamline data collegtanrd in particular, should seek to clarify the

influence of elapsed time on FRC decay.
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Unlike the other sites, in South Sudan, models using the IV1 combination had better reliability
than those using IV2. The poorer ensemble reliability exhibited fohSRudan using the V2
variable combination may be due to the nature of water supply at this site. The South Sudan site
was comprised of three subcamps, each with their own water distributions systems. Since
chlorine decay behaviour is specific to the disttion systen{Vasconcelos, Rossman,

Grayman, Boulos& Clark, 1997) the impact of these other water quality parameters may have
varied between the three subcamps, so a consistent behaviour for these additional variables could
not be identified during thtraining of the ANN base learners. Future work should investigate

the possibility of developing individual models for each subcamp to identify if this behaviour is
observed even with distribution systesmecific models. This may be challenging with the

current dataset however due to the relatively small number of observations available at each

subcamp.

The riskbased FRC targets produced in this study varied substantially from site to site, and in
the case of Jordan, varied over time as well. This higtdig key shortcoming of current
humanitarian drinking water quality guidelines: they are universal and static, recommending the
same range of poitf-distribution FRC concentrations for all sites at all times. The results of

this research highlight th#tis is not effective for ensuring adequate FRC levels at the-pbint
consumption as for all sites except Jordan (2015), the ANN ensembles predicted a substantial
risk of insufficient poirtof-consumption FRC when using the Sphereommended 0-0.5

mg/L FRC concentration at the poiot-distribution. This is reinforced by a previous study that
used procesbased models of FRC decay that also found the Sphere recommendations would not
provide sufficient FRC at any of these sites except Jordan (2019)efudre, the authors of the
previous study identified that the Sphere guidelines were only effective in Jordan (2015) due to
very low FRC decay rates which resulted from low temperatures and very good overall site
hygiene. However, since the Jordan (20hédel showed substantial risk of unsafe drinking

water using the Sphere guidelines, it is unclear if these favourable conditions would-be long

lasting.

The riskbased FRC targets generated in this study also showed interesting relationships with the
FRC fargets generated in a previous study through prdzzssd modelling. The procelsased
models recommended poiat-distribution FRC concentrations to ensure 0.2 mg/L at the point
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of consumption, with 1.25 mg/L recommended for South Sudan, 1.17 mg/Lrdanj&014),

0.5 mg/L for Jordan (2015), and 0.64 mg/L for Rwafalaet al., 2021) These are largely in

l'ine with the I'V1 model recommendations, and
processhased study also included an empirical waterngafealuation using the primary field

data to assess how many dwellings had adequategetonsumption FRC using the
recommendations from the procdsssed models. They found that, using the FRC targets

generated by the procekased models, listed abmv71% of dwellings in South Sudan 82% of
dwellings in Jordan (2014), 100% of dwellings in Jordan (2015), and 68% of dwellings in

Rwanda had point of consumption FRC above 0.2 rigliLet al., 2021) In Jordan and

Rwanda, this coheres with the risk of medf-consumption FRC below 0.2 mg/L predicted by

the worstcase scenario which predicted a 17% risk of insufficient paficbnsumption FRC for

the proces$pased recommendation in Jordan (2014), negligible risk in Jordan (2015), and 32%
riskinRwanda.Mi s shows t hat f ecrastehbe ssec esniatre so, ftolre tfhve

the IV2 variable combination provides very accurate predictions of the risk of insufficient FRC.

The exception to this is South Sudan where all model scenarios predictetbieeghl of

insufficient pointof-consumption FRC for the pokaff-distribution FRC target recommended by

the proces$ased model. This may be due to differences in data preparation between this study
and the previous study as we removed observationsvitepoinof-distribution water quality
parameters exceeded guideline values, but the previous study did not and the South Sudan
dataset had numerous observations with large differences in FRC between distribution and
consumption where the poinf-distiibution water quality did not meet guideline values. By

removing these observations to prioritize model performance in operationally acceptable ranges,
we may have created models which were overly optimistic, especially when compared to

previous studies #t did not omit these values. Additionally, for all of these targets, the scenarios
were generated using data only from a short period of data collection and do not represent long
term RNnaverageo or Aworst caseo0 ageefthaANNoO s . How
modelling approach: it is very simple to retrain the models, allowing them to adapt to potentially
dynamic water quality conditions in refugee and IDP settlements and at the same time, it is also
very simpletotrackalonper m fnaeéer age davr st caseod set of

if needed, for generating FRC targets. Future studies should investigate the advantages and
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drawbacks of using long and shtetm datasets for both training ANN ensembles and for

generating FRC targets.

By accurately predicting the risk of insufficient FRC, the ANN ensemble models not only

provide FRC targets which can provide better confidence for water system operators, it also

allows water system operators to balance the risk of insufficient FRCsag#ier concerns such

as DBP formation or taste and odour concerns, both of which increase as the chlorine residual
increases. In particular, taste and odour concerns can be problematic as they may result in water
users turning to unsafe drinking wateusmegWHO, 2011) Attitudes towards chlorine taste and

odour tend to be both site specific and dynamic, though the reported average chlorine taste and
odour acceptability threshold from studies in Bangladesh, Ethiopia, and Zambia ranges from

1.25 mg/L to 20 mg/L(Crider et al., 2018; Lantagne, 2008) whi ch i ndi cat es t ha
caseo scenario recommendation for Jordan (201
work should seek to quantify and link the risks of taste and odour concerns arfdrBEon

on a siteby-site basis in conjunction with analytics presented in this study to further inform the
selection of an appropriate poiof-distribution FRC target.

Operationally, a major advantage of the probabilistic approach to generating GBS tesed in
this study is that, by communicating the predicted risk that FRC will be below 0.2 mg/L at the
point-of-consumption, we allow water system operators to balance thedffadzetween water
safety risks and DBP and taste and odour risks. Thegnsemble ANN approach allows
operators to select a poiaf-distribution FRC concentration based on the allowable risk of low
FRC at the poinbf-consumption. Furthermore, we defined low FRC using a thresholdgfeint
consumption FRC concentration oRng/L based on humanitarian drinking water quality
guidelinegMédecins Sans Frontieres, 2010; Sphere Association, 2018; UNHCR,a2@20

past studies that show this is effective for protecting against pathogenic recontamination both in
piped distribubn systems and in water stored in dwelli(g®C, 2012; Girones et al., 2014;
Lantagne, 2008; Rashid et al., 2016; Sikder et al., 2020; WHO, .20&dever, operationally,

any threshold value of FRC could be used with the ensemble ANN approach.&dpsagally
important as many of the water quality parameters included in this study not only impact FRC
decay, but also the disinfection effectiveness of chloringtvark W. LeChevallier, Welch%
Smith, 1996; WHO, 2011)

75



This study demonstrated the bBtseof using a probabilistic, ANN ensembbased approach for
modelling postdistribution FRC and generating riblased FRC targets. These models used
routinely collected water quality data to generate probabilistic, evielmasmd FRC targets

which showe good agreement with other studies in these settlements, while providing additional
benefits by communicating uncertainty and risk. To facilitate the adoption of this probabilistic
approach for developing ridkased FRC targets, the analytics presentesl eeve been made

freely available to support water system operators in refugee and IDP settlements through the
new webbasedSafe Water Optimization To(ittps://safeh20.app

3.6 Methods

3.6.1 Study Sites and Data Collection

The data used for this study was obtained from a previous-siteltudy on postistribution

FRC decay collected from refugee settlements in South Sudan, Jordan, and(Rivahéh,

2021) This dataset was selected as protes®ed models have beesed to produce FRC targets

for these sites which provide a useful comparison to thebaskd targets generated in this

study. Details of the data collected at these sites, as well as important site characteristics are
included in Table8-3. Two datasetwaere collected from Jordan: one from the summer of 2014
and one nine months later from the late winter of 2015. The original statgd these as two
separate datasets due to differences in environmental conditions between the two dat&Sets (10
difference in average temperature) and amount of time between the two datkhettsl.,

2021) To ensure a consistent comparison with the original study, we have also treated the 2014
and 2015 data from Jordan as two distinct datasets.

The dataset for eacltesincludes FRC as well as other water quality parameters which are
routinely collected in humanitarian water systems operation including total residual chlorine, EC,
water temperature, turbidity, and pH. Data was collected using paired sampling whereby t

same unit of water was sampled at the following points along thalsdsbution water supply

chain:
1 From the tap at the point of distribution
1 Inthe container immediately after collection

1 In the container immediately after transport to the dwelling
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1 After a followup period of storage in the household
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Table3-3: Summary of Key Site Characterist{®ddédecins Sans Frontieres, 2013; PAJER, 2015; UNICEF, 2015)

Site Name of Ambient Air Population Water Drinking Water  Data Number
Country Refugee Temperature (°Q Source Treatment Collection of Paired
Settlement(s) Period Samples
Collected
South Batil Average: 35.3 37,199 Groundwater In-line March-April, 69
Sudan Gendrassa  (Min: 28.3; Max: 15,810 (boreholes)  chlorination with 2013 76
Jamam 45.7) 15,670 calcium 75
hypochlorite
Jordan Azraq Average:32.7 7,470 Groundwater Reverse osmosis July-August, 199
(2014) (Min: 27.1; Max: (boreholes) in-line 2014
43.3) chlorination with
chlorine gas
Jordan Azraq Average:21.7 14,797 Groundwater Reverse osmosis March-April, 140
(2015) (Min: 14.5; Max: (boreholes) in-line 2015
29.3) chlorination with
chlorine gas
Rwanda Kigeme Average:22.2 18,569 Surface water Flocculation, JuneJuly, 134
(Min: 18.3; Max: (stream filtration, and 2015
31.0) souce) chlorination with
calcium
hypochlorite
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This study only used the measurements at the-jobidistribution and poirbf-consumption to
reflect data collection practices that are more feasible for humanitarian operations. In preparing
the dataset, observations were removed if the qtdtstribution water quality did not meet
humanitarian drinking water quality guidelines. Tall in Appendix Aincludes the full list of

data cleaning steps that were used to prepare the data for use in the ANN models.

3.6.2 Ethics

The initial field work in South Suwath received exemption from full ethics review by the Medical
Director of Médecins sans Frontiéres (MSF) (Operational Centre Amsterdam) as data collected
was routine for the egoing water supply intervention at the study site. For subsequent field
studiesin Jordan and Rwanda, ethics approval was obtained from the Committee for Protection
of Human Subjects (CPHS) of the Institutional Review Board at the University of California,
Berkeley (CPHS Protocol Number: 2008-6326). Informed consent was providedoiinghout

all data collection.

3.6.3 Input variable selection

Two input variable combinations were considered for predicting the output variable, the point
of-consumption FRC concentration. The variables considered are all variables that are routinely
monitored n humanitarian water system operations. The first input variable combination (IV1)
included FRC at the water poiaf-distribution and the elapsed time between the measurement at
the pointof-distribution and the poirdf-consumption. This input variablembination

represents the minimum number of variables that would be regularly collected under current
humanitarian drinking water quality guidelig®phere Association, 2018).dditionally, these

are the only two variables included in the prodessed moel developed in a past study for

these sitg@\li et al., 2021) so this input variable combination allows for a direct comparison of
the ANN ensemble models with the proecbssed models. The second input variable

combination (IV2) included the variable®i IV1 as well as additional water quality variables
measured from the poualf-distribution (directly after water had left the water distribution

point): EC, water temperature, pH, and turbidity. These additional variables are recommended
for collectionin some humanitarian drinking water quality guidel{freazier, 2008; Médecins

Sans Frontiéres, 2010; Sphere Association, 2G®) as such, may also be available in

humanitarian response settings. This larger input variable set allowed us to invéstigate
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usefulness of additional water quality variables for forecasting-pdiocdnsumption FRC

concentrations.

3.6.4 Base Learner structure and architecture

The ensemble base learners (the individual ANNSs in the ensemble models) wererbuliti-as

layer perceptrons (MLPs) with a single hidden layer using the Keras 2.3.0 p@&iaigte,

2015)in Python v3.TPython Software Foundation, 201%his structure was selected because it

has been shown to outperform other edrigen models and ANNrahitectures for predicting

FRC in piped distribution systelf@ibbs et al., 2006; Rodrigué&z Sérodes, 1998he weights

and biases of the base learners were optimized to minimize mean squared error (MSE) using the
Nadam algorithm with a learning rate@f.. An early stopping procedure with a patience of 10

epochs was used to prevent overfitting.

The hidden layer size of the base learners was determined through an exploratory analysis by
consecutively doubling the hidden layer size until performance asuieor ceased to improve
substantially from one iteration to the next. Based on this analysis, we selected a hidden layer
size of four hidden neurons at all sites for the models using the IV1 variable combination for all
sites. For the models using the2lVhAput variable combination, we selected a hidden layer size of
16 hidden nodes for South Sudan and Jordan (2015), and a hidden layer size of eight hidden
nodes for Jordan (2014) and Rwanda. The full results of the exploratory analysis into hidden

layer $ze are included in Figures-13 throughA-20 in Appendix A

3.6.5 Data Division

The full dataset for each site and variable combination was divided into calibration and testing
subsetswith the calibration subset further subdivided into training and validdatan The

testing subset was obtained by randomly sampling 25% of the overall dataset. The same testing
subset was used for all basarners so thateachbdsee ar ner 6s testing predi
combined into an ensemble forecast. The training andatan data was obtained by randomly
resampling from the calibration subset, with a different combination of training and validation

data for each base learner to promote ensemble diversity. The ratio of data from the calibration

set used for training andlidation respectively was selected to avoid both overfitting and

underfitting through an exploratory analysis using a grid search process.In all but two cases, we

selected a validation set that was twice the size of the training set, for an ovenaliytrai
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validationtesting split of 25%560% 25%. The two exceptions to this were for the Jordan (2014)
model when using the V1 input variable combination where we found that a traadidgtion
testing split of 5€25-25 produced better performance, andtf@ Jordan (2015) model when
using the V1 input variable combination where a trainmidationtesting split of 3€45-25
performed substantially better. The full results of the exploratory analysis for data division are
included in Figure#\-21 throughA-28 in Appendix A Descriptive statistics for the calibration
and testing datasets are included @blesA-3 andA-4 in Appendix A and histograms of the

input and output variables are providedriguresA-5 throughA-12 in Appendix Ato provde

context of the range and patterns in the data used to train the ANN base learners.

3.6.6 Ensemble Model Formation

The ensemble models in this study were used to generate probabilistic forecasts of post
distribution FRC by combining the predictions of eaakélearner into a probability density
function (pdf). Thus, for each observation of FRC at the pafitbnsumption, the ensemble

model outputs a pdf representing the predicted probability of-pdicdnsumption FRC
concentrations. This pdf can then zed to identify ensemble confidence intervals (ClIs) for the
expected poinrbf-consumption FRC concentration. To ensure a good representation of the full
output space in the final pdfs, two approaches were taken to ensure ensemble diversity. First, as
discussed above, the data used to train the-lemseer ANNs was randomly sampled from the
calibration set, so each ANN was trained on a different subset of the data. Second, the initial
weights and biases were randomized for each base learner in a rstadgrocess. Both of

these are implicit approaches to ensuring ensemble diversity as they do not directly create
diversity and instead the diversity arises through the randomization of the training data and the
weights and biaséBrown, Wyatt, HarrisandYao, 2005) The benefit of implicit approaches is
that the differences between the bbss@ners are derived from randomness in the(Badavn et

al., 2005)

The ensemble size (hnumber of base learners included in the ensemble) was also determined
through arexploratory analysis using a grid search procedure This exploratory analysis showed
that in general, performance increased with larger ensemble sizes, but improvements in
performance plateaued at ensemble sizes ranging from 50 members to 250 membeos Based

this, a standard ensemble size of 250 members was selected for all sites and variable
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combinations. The full results of the exploratory analysis for ensemble size are included in
FiguresA-29 throughA-36 in Appendix A

3.6.7 Ensemble Post Processing

We usecensemble pogbrocessing to attempt to improve the forecasts generated by the raw
ensembles. We used the kernel dressing method tgppmstss ensemble predictigi®ulston

& Smith, 2003) This method follows a twetep process: first a kernel functisrfit centred on
the base | earner prediction for each observat
to produce the pogirocessed pdf which is a n@arametric mixture distribution function. We
used a Gaussian kernel function in keeping wist gtudie¢Boucher et al., 2011, 2015;

Brocker& Smith, 2008; Roulsto& Smith, 2003)though the selection of the specific kernel
function is not critica(Boucher et al., 2015 he kernel bandwidth was defined using the best
member error methodhere the bandwidth for all kernels is the variance of the absolute error of
the prediction that is closest to each observation in the calibration d&asé&tton& Smith,

2003)

3.6.8 Ensemble Verification and Performance Evaluation

We used ensemble verifiban metrics to evaluate the performance of the raw and post

processed ensembles for each site and variable combination. Ensemble verification metrics differ
from traditional measures of performance (e.g., Nash Sutcliffe Efficiency, MSE, etc.) as they
assas the performance of the probabilistic forecasts of an ensemble whereas traditional measures
typically evaluate the average performance of an ensemble model or the predictions of a
deterministic mod¢Hamill, 2001) Throughout the following section, refers to the full set of
observed FRC concentrations at the poirtonsumption and refers to théQ observation,

where there ar@otal observationsOrefers to the full set of probabilistic forecasts for paifit
consumption FRC, whef®is the probabilistic forecast corresponding to observatiamd™Q

is the prediction by th& base learner in the ensemble on"theobservation. For the

following metrics, it is assumed that the predictions of each base learner in theleresemb

sorted from low to high for each observation suchf@at "Q froma Tmtod 0.

3.6.9 Percent Capture
Percent Capturmeasures the percentage of observations which are captured within the ensemble

forecast and provides a useful indication of how well the model can reproduce the full range of
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observed values, and, as such, can indicate if a model is underdispersegwensemble
forecast, théQ observations captured ifQ €  "Q. For a posprocessed forecast, tf@
observation is captured if the probabilityéofin the mixture distribution is greater tharMBhile

not commonly used for ensemblerification, a similar metric has been used for evaluating other
probabilistic or possibilistic models, especially neurofuzzy networks, referred to either as the
Percent Capturer the percent of coveragalvisi & Franchini, 2011, 2012; Kha% Valeo,

2016 2017) ThePercent Captureras calculated both for the overall set of observations, as well
as for observations with pohaf-consumption FRC below 0.2 mg/L. The latter is a useful
indicator of how well the model can predict if water will have sufficlRC at the poinrbf-
consumption, which is an important indicator of the degree of confidence we have in-the risk

based targets generated using these ensemble models.

3.6.10 CI Reliability Diagram

Reliability diagrams are visual indicators of ensemble reliabiiyere reliability refers to the
similarity between the observed and forecasted probability distributions with the ideal model
having all observations plotted along the 1:1 line showing that the observed probabilities are
equal to the forecasted probatids. These diagrams plot the observed relative frequency of
events against the forecast probability of that event, though the reliability diagram has been
adapted in past studies as the ClI reliability diagram which compares the frequency of observed
values within the corresponding CI of the ensemble. For raw ensembles, the Clis are derived from
the sorted forecasts of the base learners (for example, the ensemble 90% CI would include all of
the forecasts betweé® and’Q® ) and for posprocesse@nsembles, the Cls are

calculated directly from the probability distribution. In this studg,extended the CI reliability
diagram further by plotting theercent Capturef each Cl within the ensemble against the CI

level. For each ensemble model we f@dtthe ClI reliability for the 10% 100% CI levels at

10% intervals as well as at the 95% and 99% CI. We used this to develop a numerical score for
the CI reliability diagram which is calculated as the squared distance between the percentage of
observatns captured within each ClI and the ideatcent Capturm that Cl. This was

calculated for each CI thresholfrom 10% to 100% in 10% increments as shown in Equation
3-1

6 QA QOVYRE IOWD; Q 0 Q1 OONG®HO QHQ (3-1)
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The Cl reliability score measures the horizontal distance betwe@&etbent Capturand the 1:1

line for each CI. The ideal value for this score would hadi¢ating all points fall on the 1:1

' ine. The worst possible score will depend on
the score; for this study the worst score is 3.9, which would only occur if no observations were
captured in any CI of thensembles. The ClI reliability score was calculated for both the overall
dataset and for forecasbservation pairs where the observed household FRC concentration was

below 0.2 mg/L.

3.6.11 Continuous Ranked Probability Score

The Continuous Ranked Probabilitydse (CRPS) is a common metric for evaluating

probabilistic forecasts that evaluates the difference between the predicted and observed
probabilities of continuous variables and is equivalent to the mean absolute error of a
deterministic forecafterro, 2014Hersbach, 2000)T'he CRPS measures not only model

reliability but also sharpness, which is an indicator of how closely the ensemble predictions are
clustered around the observed values. Thus, the CRPS can be a useful measure of overdispersion
and can praeide an indication if improvements in reliability are being obtained at the expense of
excess overdispersion. The CRPS is measured as the area between the forecast cumulative
distribution function (cdf) and the observed cdf for each forecast observaitimg felersbach,

2000) Since each observation is a discrete value, the observation cdf is represented with the
Heaviside functiolO@w @ which is a stepwise function with a value of O for all paifit
consumption FRC concentrations below the obseceadentration and 1 for all potof-

consumption FRC concentrations above the observed concentration. The equation for calculating
the CRPS of a single forecast observation pair is given in EqugafiloNote that Equation-2

shows the calculation of CFHor a single forecastbservation pair. To evaluate the ensemble

models, the average CRRB.Y v, i¥calculated by taking the mean CRPS over all forecast

observation pairs.
6'YOY TOwm Omw ¢ Qw (3-2)

For the posprocessed probability stributions, we calculated CRPS directly from Equa8é¢h
using numerical integration. For the raw ensemble, we treated the forecast cdf as a stepwise

continuous function with 0  p bins where each bin is bounded at two ensemble forecasts
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and the valuén each bin is the cumulative probabil{tgersbach, 2000% 'Y vi§\alculated
using @, the average width of bia (averagalifference in FRC concentration between forecast

valuesd anda p) and€ the likelihood of the observed value being in biilersbach,

2000) Using these values, tide'Y 0fdY an ensemblean be calculated as:
OYO'B T p &n € p N (Hersbach, 2000) (3-3)
Wherer) is the probability associatedtieach binfy  — (Hersbach, 2000)

3.6.12 Generation of Risk Based Targets

To generate the riskased FRC targets, the trained ensembles of ANNs were used to forecast the
point-of-consumption FRC for a series of peoftdistribution FRC concentrations frod2 to 2

mg/L in 0.05 mg/L increments. For each penfidistribution FRC concentration, the predicted

risk of insufficient FRC was calculated from the forecast pdf as the cumulative probability of
FRC at the poinrbf-consumption being below 0.2 mg/L. dgithis predicted risk, the target

FRC concentration for the potof-distribution was then selected as the lowest FRC

concentration at the water poiof-distribution that provides the desired level of protection. For

this study we selected the FRC cortcation that resulted in negligible risk of FRC being below

the 0.2 mg/L threshold (i.e., the lowest FRC concentration where the predicted risk is 0), though
operationally any level of protection could be used and the risk of insufficient FRC at the point
of-consumption should be balanced against risks associated with high FRC concentrations, such
as DBP formation and taste and odour concerns.

For comparison with the previously published results, we used a storage duration of 10 hours

when generating the FRC targets for South Sudan, and 24 hours for all otltah sites.,

2021) Since the IV2 model also requires values for EC, water temperature, pH, and turbidity,

t wo scenarios were consi der e dherethe median,observed i av e
value for all other water quality parameters were selected. The second scenario considered was a
Awo-cased scenario, where we simulated a scena
unfavourable for maintaining chlorine resal. A partial correlation analysis, which assesses the
correlation between an input variable and the output variable while controlling for the impacts of
other input variables, was used to determine the least favourable conditions for each input

variable.The partial correlation analysis is performed by first developing multiple linear
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regression predictions of both the output variable (poirttonsumption FRC) and the input
variable of interest using the remaining input variables as the predictorditeetireregression
models and then taking the Pearson correlation coefficient of the residuals between the two
regression models. Partial correlation was used to assess the directionality of the effect of the
additional water quality variables included\f2 to assess whether high or low values of these
inputs would create a worstise scenario. Once the directionality of the impact of the different
variables had been established, th€ @55" percentile observed value of that variable was used

at eactsite to simulate the worsiase scenario.
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Chapter 4CostSensitive Learning

4.1 Chapter Preamble

This chapter presents anvestigatiorinto the use oélternate cost functions aedstsensitive
learning for improving the dispersion of ANN ensemble forecasts of-pdicdnsumption FRC.
This was informed by the findings of the pramfconcept paper which found ANN ensemble
forecasts of poinbf-consumption FRC to be underdispersdidch wasattributedto the use of

MSE as a training function (see Chapter 3 for more details).

A modified version of this chapter is currently being prepared for publicafive supplemental
information and appendices for tlukapterare included in Apendix D Costsensitive learning
is an approach to modifying tleestfunction for a datalriven model tgrioritize performance
in specific regions of the output spa@éhile costsensitive learning is relatively common for
datadriven approachet® classification, we investigated the use of cost sensitive learning

primarily with the intent of improving the dispersion and reliability of ANN ensemble forecasts.

Theresearclpresented in this chapter found that ANN ensembles trained using theGdptg
Efficiency (KGE) weighted with inverse frequency weightpegformed best across multiple
ensemble verification metrics at multiple sites using multiple variable combinations. This is
likely due to the KGE cost function improving probabilistic performaaxé evaluates
distribution properties directly, which is aided by inverse frequency weighting, which preritize
equal performance in all regions of the output space. Tintisis probabilistic ensemble
modelling aspect, where the objective was to pceduodels that reproduce the full distribution
of the underlying observations, usiKGE with inverse frequency weightingroduced the best
performance because the cost function and weighting both promote model behaviour that
appropriately cover the outpsippaceThis highlights both a useful approach for modelling post
distribution FRC, and also highlights that for ANN applications in general, it is important to
select a cost function that algwith the intended model behaviol#owever, while traininghe
ANNSs in the ensemble with KGE with inverse frequency weighting was a substantial
improvement over the baseline models trained M8E, the resulting models were still

underdispersed, highlighting the need for additional improvement.
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4.2  Abstract

The Safe Water Optimization Tool (SWOT) uses ensembles of artificial neural networks (ANNS)
to produce probabilistic, riskased freehlorine residual (FRC) targets to prevent household
recontamination of drinking water in refugee and internally displaced person (IDP) settlements.
This probabilistic approach is taken to account for the high degree of variability and uncertainty
in chlarine decay during the pesistribution period of collection, transport, and household
storageHowever, theypical error metrics used to train these ensembles produce underdispersed
forecastavhichreduce the reliability of ensemble forecasts and leadasembles

underpredicting the risk of having insufficient peaftconsumption FRC. Alternative cost
functions and cost function weightings are common approaches used to overcome the
shortcomings ofypical error metrics for regression and classification problems in machine
learning, however these techniques have not been applied for training members of probabilistic
ensembles. Thiesearchnvestigated theffectiveness oélternative cost functions andsto

function weighting for improving probabilistic forecasts of ensembles of ANNSs, like those used
on the SWOTWe investigated the impact of using four cost functions and three weighting
schemes oensemble forecast dispersion and reliability using tHegasets from refugee
settlements in Bangladesh, Tanzania, and Nig&/mfound that training the ANN base learners
with Kling Gupta Efficiency weighted with inverse frequency weighting prodtioe best
performance across multiple sites, variable contling, and performance metrics, leading to
substantial improvements in dispersion and reliability. Incorporating these findings into the
SWOT can substantially improve forecasts of padficonsumption FRC which can in turn lead

to more effective water cbtinationtargets that better protect water against household

recontamination in refugeand internally displaced person (ID&Bttlements.

4.3 Introduction

Providing safe drinking water is critical in humanitarian response as waterborne illnesses are a
leading cause of excess morbidity and mortality in refugee and internally displaced person (IDP)
settlement¢Cronin et al., 2008)Iin these settings, waterars typically do not have drinking

water piped into the household; instead, they typically collect water from public water

distribution points (the poirdf-distribution) which they then transport and store in the dwelling.
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Providing safe drinking water timese contexts can be challenging as waterborne pathogens can
spread through recontamination of previously safe drinking water during thdigimgtution

period of collection, transport, and household storage andResentamination of previously
safedrinking water has been identified as contributing factor in outbreaks of cholera, hepatitis E,
and shigellosis in refugee and IDP settlements in Ké@pdicha et al., 2018; Shultz et al.,

2009) Malawi (Swerdlow et al., 1997BudanWalden et al., 20055outh SudafAli et al.,

2015; Guerrerd_atorre et al., 2016 and Ugand@Howard et al., 2010; Steele et al., 2008)

Residual chlorine protects drinking water against pathogenic recontamination during the post
distribution period by inactivating pathageas they are introducéalthe waterGlobally used
guidelines and past research both recommend a free residual chlorine (FRC) concentration of at
least 0.2 mg/L to prevent pathogenic recontamination of drinking WREC, 2012; Girones et

al., 2014; Latagne, 2008; Rashid et al., 2016; Sikder et al., 2020; WHO, 20dtldurrent

drinking water quality guidelines for humanitarian response only provide sufficient FRC at the
point-of-distribution and do not account for the loss of chlorine residual thrpagtdistribution
chlorine decayAli et al., 2015, 2021)Loss of chlorine residual during the pdstribution

period leads to an increased risk of recontamination while water is stored and used in the
dwelling (Ali et al., 2015, 2021; De Santi, Khafxrnold, Fessele& Ali, 2021; Wu& Dorea,

2020) Thus, to protect drinking water against recontamination, water system operators must
provide a residual chlorine concentration at the poirdistribution that can ensure adequate
(i.e.,at least 0.2 mg/L) FRC at the poioftconsumption. To determine this pewftdistribution
FRC concentration, we need models that can predict the @e@ansumption FRC

concentration using data collected at the pofradistribution.

Modelling pointof-consumption FRC can be challenging due to the high degree of variability
and uncertainty in postistribution FRC decay. This uncertainty stems from the numerous
guantifiable and unquantifiable factors that may impact-gisstibution FRC decay, ranging

from water quality factors (e.g., water temperature, reactant concentrations), to water handling
factors which impact the degree of user interactions with the water (e.g., container type, drawing
method). Thus, for any set of conditions at the pofrdistribution, a range of pointf-

consumption FRC concentrations is possible. Given this, deterministic models-of post

distribution FRC decay are inadequate as they cannot quantify the uncertainty associated with
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the predicted FRC concentration. Instead, philistic forecasts of the poHuf-consumption
FRCare neededs they can account for the uncertainty in FRC decay behaviour. These
probabilistic forecasts can then be extended to developaiséd FRC targets for the poeoft
distribution based on thegbabilities of having sufficient or insufficient FRC at the point of

consumptionDe Santi et al., 2021)

A common approach to generating probabilistic forecasts is through ensemble modelling.
Ensemble models group the predictions of multiple deterrunistdels into a probability
distribution (the forecast). Probabilistic ensemble forecasting often use physical or {aseds
models, however, ensembles of artificial neural networks (ANNS), a type efidaea model,
have also been used for probadiiti forecasting in hydrolog{Boucher et al., 2009 his
probabilistic ensemble ANN approach is also usethodel pointof-consumption FRC
concentrations in refugee and IDP settlenignthe Safe Water Optimization Tool (SWQ@h
analytical tool whiclgenerates evidendmsed, sitespecific FRC guidance for water system

operators in humanitarian response settings.

A challenge in using ensemble models, especially ensembles of ANNSs, for probabilistic
forecasting is that the resulting forecasts tend torfaerdispersed, meaning that the spread of
the forecast is smaller than the spread of the observe@@Btateher et al., 2009; De Santi et al.,
2021) For ANN ensembles, this may be due to the usgpidal error metrics, such as mean
squared error (MSBs cost functions. ANNs trained with MSE tend to produce predictions that
regress to the med@rone et al., 2005; Toth, 2018)his regression to the mean behaviour tends
to lead to predictions clustering near the centre of the distribution of obsetued,taading to

the forecasts being underdispersed, as was identified in De Santi et al. (2021) (Chapier 3)
underdispersion is shown in Figutel, which shows forecasts of poiot-consumption FRC for
ensembles of ANNSs trained with MSE. The enseanibtecasts in Figuré-1 areclusteed

towards the centre of the distribution and fail to capture a large number of observations,
including many observations with insufficient peaftconsumption FRC. This meahsth that

the ensemble forecasts do nottohethe underlying distribution of the observed data, and that the
modelperforms poorly on the observations with the greatest health risk (observations with low
or insufficient FRC). Together these reduce the accuaadyutility of the riskbased FRC

targets generated from the forecasts of these ANN ensembles.
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Figure 4-1: Ensemble forecasts where ANN b&ssrners trained with MSE for two input
variable combinations (IVandIV2, see Section 4.4.3orecastobservation pairs shown for:

(a) Bangladesh IV1, (b) Bangladesh V2, (c) Tanzania IV1, (d) Tanzania IV2, (e) Nigeria IV1,
and (f) Nigeria IV2 These figures show that ensembles trained with MSE are highly

underdispersed as the forecast range dagsaver all observations.
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Instead of usingypical error metrics, the cost function used to train ANN models should be
selected to best reflect the intended function of the m@iehe et al., 2005)here is little
research, t o t h atothewstldctmn od epprdpmaie volstéudcgoas for fraining
probabilistic ensembles of ANNs. For deterministic, regressipa machine learning problems,
common alternatives tiypical error metrics as cost functions are alternative performance
metrics(de Vos &Rientjes, 2008)asymmetric cost functior{f€rone et al., 2005; Toth, 2016)

or multiplying the cost function by a weighting factor to prioritize performance for specific
regions of the output spa¢&imeida, CasteBranco,& Falcéo, 2002; Kneal&ee,& Smith,

2001) This weighting approach is also common in classification madbaraeing problems

where it is typically referred tas costsensitive learning which weighs the c@stctions to
prioritize model performance on higimportance classe$he weightings can either be sample
based, which associates a specific weight to each sample based on its output value, or class
based weightings, which weight each sample based on a defined outp(Kdaszyk, 2016;
Zhou& Liu, 2010) Rescaling ismextension of classased weighting which is used for
imbalanced classification problems (problems with very unequal distributions of data between
classes) by assigning weights to each class to counteract the data imbalance the classes to ensure
that allclasses are equally prioritizéding & Sheng, 2008; Li& Zhou, 2006; McCarthy,

Zabar,& Weiss, 2005; Zhoé& Liu, 2010)

In this study we sought to identify appropriate cost functions and cost function weighting
approaches for training ANN ensemble®tercome underdispersion and improve the reliability
of probabilistic forecasts of pohatf-consumption FRC. We achieved this by evaluating the
probabilistic performance of ANN ensemble forecasts using a variety efurmsions and cost
sensitive learningpproaches, using water quality data collected through the SWOT project from
three refugee settlements in Bangladesh, Nigeria, and Tanzania. The objectives of this study

were to:

1 Investigate the impact of alternative cost functions and cost weightingenagh
underdispersion and the ability of ensemble forecasts to capture the full range of
observed concentrations of pewftconsumption FRC, especially observations where
point-of-consumption FRC is below the 0.2 mg/L, #RCthreshold required to prate

against recontaminatipevaluated using Percent Capture
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1 Investigate the impact of alternative cost functions and cost weighting on forecast
reliability (similarity between observed and forecast distributions) using the confidence
interval (CI) reliablity score, rank histogram-score, Continuous Ranked Probability
Score (CRPS) and the CRPS reliability component.

1 Identify a preferred cost function and weighting combination alternative that best meet
the above two objectives. The preferred alternathauld demonstrate consistently good
performance for a range of sites and variable combinations to ensure the broader
applicability of the selected alternative in future sites and with a range of input variable

combinations.

To ensure that the above olijees are applicable to practical application for the SWOT project,

we tested them using multiple input variable combinations and using multiple testing approaches
to simulate different operational conditions (c.f. Sectibdsl and4.4.3). Achieving thee

objectives will contribute to improved probabilistic forecasts for use in the SWOT which, in turn,
will assist water system operators in refugad IDPsettlements in ensuring that FRC remains

sufficient to prevent pathogenic recontamination up to thetyf-consumption.

4.4 Methods

4.4.1 Description of Study Sites and Data Sets Used

This study used data from three refuged IDPsettlements in Bangladesh, Tanzania, and
Nigeria, which were collected through the SWOT project by field teams from Médecins sans
Frontieres (MSF) and the United Nations High Commissioner for Refugees (UN&i@Rhe
Norwegian Refugee Council (NRG)II three sites used groundwater that was centrally treated
and then piped to public water distribution points, typically a tap stanehdkt site, water

guality was measured directly from the public water distribution point Godidistribution),
immediately prior to collection by a water user. The water quality parameters collected at the
point-of-distribution were FRC, electrical conttivity (EC), and water temperature. The FRC

for that same unit of water was measured again in the dwelling {glecansumption) after a

follow up period of ranging from a few hours to over 24 hours later. Note that we refer to a unit
of water instead od specific container as in some cases water may be collected in one container

and then transferred to a different container for storage. Thus, each observation collected consists
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of two paired water quality measurements from the paiaistribution andooint-of-

consumption, and timestamps provided with each measurement allowed us to calculate the
elapsed time between measurements. Appdddiprovides the data cleaning rules that were

used to prepare the dataset for use by the ANN models and histograms of the input variables are

provided in Figure®-1 throughD-3 in Appendix D

4.4.2 Ethics

The studies in Bangladesh, Tanzania, and Nigeria recepgdal fromthe Human

Participants Review Committee, Office of Research Ethics at York University (Certificate #:
2019186), The study in Bangladesh also received approval from the MSF Ethical Review Board
(ID #: 1932), and the Centre for Injury Preventend Research Bangladesh (Memo #:
CIPRB/AdmMIin/2019/168). All water quality samples were collected only when informed consent

was provided from the water user.

4.4.3 Ensemble Model Building

The ensemble base learners in this study are the individual ANN mduels wge the

multilayer perceptron (MLP) structure with one hidden layer as this type of ANN has been

shown to outperform other ANN architectures for predicting extreme values of FRC in piped
distribution system§Gibbs et al., 2006; Rodriguéz Sérodes, 998). For each site, two input

variable combinations were considered: the first input variable combination (IV1) included only
point-of-distribution FRC and elapsed time, representing the minimum water quality data which
are regularly collected in humanii@n response settings, and the second input variable
combination (IV2) included poimf-distribution FRC, EC, water temperature, and elapsed time,
representing a wider set of water quality parameters that may be collected in humanitarian
settings. We inaded two input variable combinations as the variables available for forecasting
point-of-consumption FRC may vary between sites. In particular, the smaller IV1 input variable
combination may be more feasible in sites with constraints on time or equifumédata

collection. To ensure the broader operational applicability of this study, we needed to understand
if the ability of different cost functions an

objectives depends on the number of input variables.

Thehyperparameters of the base learners were selected through an exploratory analysis informed

by the processes documented in De Santi et al. (2021). The hidden layer size was selected by
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successively doubling the hidden layer size and then selecting higaersize where

performance began to plateau or decrease. From this exploratory analysis, the selected hidden
layer size for the Tanzania and Nigeria IV1 models was four hidden nodes and eight hidden
nodes for the IV2 models, respectively. In Bangladeghselected a hidden layer size of 16
hidden nodes for both the IV1 and IV2 models. The results of this exploratory analysis are
presented in Figurd34 throughD9 in Appendix D The hyperbolic tangent activation function

was used in the hidden layer anlihear activation function was used for the output layer. The
Nadamtraining algorithm with a learning rate of 0.1 was used to optimize the weights and
biases. To prevent overfitting, training was stopped using an early stopping procedure with a

patienceof ten epochs.

The ensemble size (number of base learners in an ensemble) was also selected through an
exploratory grid search analysis where ensemble sizes of 50 to 500 were investigated, the results
of which are included in Figuré3-10 throughD-15in Appendix D Performance typically

increased with increasing ensemble size, though the performance tended to plateau for ensemble
sizes between 100 and 200. Thus, for all sites and variable combinations, an ensemble size of
200 ANNSs was selected to ensurattthe ensemble size did not constrain performance at any

site while avoiding the additional computational time associated with larger ensemble sizes.

When developing an ensemble model for probabilistic forecasting it is critical that the base
learners ar sufficiently distinct from each other so that the resulting forecast accurately
guantifies the uncertainty in the underlying behavi@rdcker, 2012; Hamill, 2001)n ANN
ensembles, this difference between base learners is referred to as ensengiig, dwwech can
represent a variety of differences ranging from differences in the model parameter (weights and
biases) to differences in the model structure or hyperparameters, and even inclusion of different
types of models within an ensemipBrown et &, 2005) In this study, ensemble diversity was

only introduced in the weights and biases of the individual ANNs and was promoted using
implicit techniques in two ways. First, the initial weights and biases were randomized so that
each base learner waaitred starting at a different location on the error surface. Additionally,
each base learner was trained on a different subset of the overall dataset data each time (c.f.
Sectiond4.4.4). These approaches allowed us to obtain a diverse ensemble whilagtistrihe

base learners remain independent of each other.
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4.4.4 Data Division for Scenario Analysis

We used two different datdivision approaches to evaluate the ensemble model perforihance
the first using conventional random sampling, and the second to simulatectie® analysis

We used two separate approaches to evaluating model performance for several reasons. First,
having two separate approaches allowed us to evaluate impaetdiffénent cost function and
weighting combinations on model performance under difference circumstances, allowing for a
more robust evaluation. Secondhhile the timeseries analysis represents a use of the model
that is much closer to the operationaéeach time interval constitutes a new test dataset
making rapid comparison of different cost function and weighting alternaterggomplex.By
contrastthe first approach, which uses conventional random sampling, produces a single test
dataset, whic makes a rapid evaluation of the models much simpler. Thussisth@pproach

was needed to quickly identifyigh-performing cost function and weighting combinations that

were worth investigating in more detail with the tiseries analysis.

The first @proachto data divisiorwas a conventional random sampling approach where we used
25% of the dataset for testing and used the rest for calibration. We further subdivided the
calibration dataset into training and validation datasets, with 66.7% of tbheatialn data (50%

of the overall dataset) used for training, and 33.3% of the calibration data (25% of the overall
dataset) used for validation. The testing dataset was the same for all base learners, though the
division of the calibration set into trairgrand validation subsets was randomized for each base
learner. This allowed us to maintain a static division of data between calibration and testing
while still promoting ensemble diversity by training each base learner on a different random
subset of thelata. Using this first approach, we identifeetist of thehighestperforming cost
function and weighting combinatienTargeted resampling techniques such as over/under
sampling were not used in this study as this leads to the ensemble predictiamgeno lo
representing a random variable which violates the assumptions of some of the ensemble
verification metrics listed in Sectigh4.7 (Ferro, 2014; Hamill, 2001 A summary of the data,
including descriptive statistics, for the input variables for catibn and testing data are

compared in Tabld-1. The descriptive statistics for an input variable may change between input
variable combinations because records with missing data were removed for each model and in
some cases more records had to be remfordtie 1V2 input variable combination due to the

greater chance of encountering missing data with a larger set of parameters.
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Table4-1: Input and output variable mean, median, and standkendations for all sites and input variable combinations for the

calibration and testing datasets. Note that the same variable at the same site may have different statistics betwagputhe two

variable combinations due to observations being removeahigsing.

Calibration Testing
Number of Mean Median Standard Number of Mean Median Standard
Observations Deviation Observations Deviation
Bangladesh Pointof- 1,597 0.71 0.66 0.38 533 0.70 0.64 0.38
V1 distribution
FRC(mg/L)
Elapsed Time 10.02 6.70 5.04 9.66 6.67 4.93
(h)
Pointof- 0.34 0.28 0.28 0.34 0.28 0.28
consumption
FRC(mg/L)
Bangladesh Pointof- 728 0.74 0.67 0.38 244 0.77 0.69 0.41
V2 distribution
FRC(mg/L)
Elapsed Time 10.27 6.80 5.07 1018 6.88 5.00
(h)
EC(es/ c 329 308 68.85 34 310 64.08
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Calibration Testing
Number of Mean Median Standard Number of Mean Median Standard
Observations Deviation Observations Deviation
Water 2751  27.80 1.49 27.22 27.70 129
Temperature
°C)
Pointof- 0.33 0.27 0.28 0.35 0.26 0.36
consumption
FRC(mg/L)
Tanzania Pointof- 228 0.39 0.30 0.22 77 0.39 0.30 0.21
V1 distribution
FRC(mg/L)
Elapsed Time 7.35 5.65 4.96 7.18 5.60 5.51
(h)
Pointof- 0.20 0.10 0.15 0.18 0.10 0.15
consumption
FRC(mg/L)
Tanzania Pointof- 66 0.60 0.61 0.23 23 0.65 0.62 0.20
V2 distribution
FRC(mg/L)
Elapsed Time 11.52 8.19 5.70 11.75 8.53 5.94
(h)
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Calibration Testing
Number of Mean Median Standard Number of Mean Median Standard
Observations Deviation Observations Deviation

EC(es/ c 325 393 150 295 390 170
Water 24.03  24.05 0.97 23.83 23.80 1.07
Temperature
(°C)
Pointof- 0.29 0.28 0.20 0.34 0.31 0.22
consumption
FRC(mg/L)

Nigeria IV1  Pointof- 162 0.53 0.55 0.08 54 0.4 0.60 0.09
distribution
FRC(mg/L)
Elapsed Time 4.08 3.53 3.08 391 3.73 176
(h)
Pointof- 0.31 0.30 0.1 0.33 0.30 0.12
consumption
FRC(mg/L)

Nigeria IV2  Pointof- 162 0.53 0.50 0.08 54 0.4 0.60 0.09
distribution
FRC(mg/L)
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Calibration Testing

Number of Mean Median Standard Number of Mean Median Standard

Observations Deviation Observations Deviation
Elapsed Time 408 3.53 3.2 391 3.73 1.76
(h)
EC(es/ c 270 270 11.43 266 267 17.06
Water 31.39 31.30 1.91 31.85 3180 1.96
Temperature
(°C)
Pointof- 0.31 0.30 0.11 0.3 0.30 0.12

consumption
FRC(mg/L)
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In the second approach, we performed ats@mees analysis for the higierformance cost

function and weighting combinations using the Bangladesh data where we retrained and retested
the performance dhe moded with progressively more data to simulate use of these models

in an operational setting where additional data would be collected over time. For this analysis,
we divided the Bangladesh dataset into-tmeek increments. The ANN ensembles were initially
trained with the data from the first twaeek increment and tested on the data from the second
increment. The data from the second-tmeek increment was then added to the calibration

subset, the model was retrained on this larger calibration set and was then tested using the data
from the third tvo-week increment. This process was repeated, increasing the size of the
calibration set in two week increments and testing the models on the upcomingékeriod,

until all but the last twaveek increment was included in the calibration dataset. Theveek
increment was selected to align with reporting requirements for water system operators at the
sites included in this study. As with the first approach, 66.7% of the calibration dataset was used
for training and 33.3% was used for validation, wité tlivision of the calibration set into

training and validation subsets randomized for each base learner to promote ensemble diversity.
Table4-2 summarizes the characteristics of the test data set for the two input variables in

Bangladesh for each twweekperiod.
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Table4-2: Input and output variable mean, median, and standard deviations for Bangladesh data in eaaekyzeriod

Week from Start of Data Collection

2 4 6 8 10 12 14 16 18 20 22

IV1 Samples collected in twaveek period 179 199 210 208 214 208 214 101 179 192 53
Mean Pointof-distribution FRO(mg/L) 0.63 067 061 078 064 060 072 089 086 0.72 0.68
Elapsed Timégh) 9.51 10.01 10.14 10.06 990 9.96 958 9.27 9.66 10.02 11.57
Pointof-consumption FR@mg/L) 030 034 029 035 029 027 034 043 044 031 0.30

Median Pointof-distribution FRGmg/L) 0.67 065 060 068 061 056 062 084 085 0.68 0.65
Elapsed Timgh) 645 685 694 6.78 6.77 6.70 6.48 583 6.08 6.87 1597
Pointof-consumption FREmg/L) 028 0.26 025 029 023 023 026 038 034 030 0.28

Standard Deviation Pointof-distribution FRC(mg/L) 030 034 031 045 030 032 045 036 042 030 0.20
Elapsed Timégh) 474 475 492 494 507 507 497 538 508 523 524
Pointof-consumption FR@mg/L) 022 026 023 037 025 018 025 026 035 0.16 0.13

IV2 Samples collected in two week period 121 102 107 104 106 95 71 48 46 43 13
Mean Pointof-distribution FRG(mg/L) 0.70 0.70 0.67 087 058 0.72 0.77 090 093 0.79 0.58
Elapsed Timéh) 989 103 102 10.1 10.0 10.2 84 124 104 104 164

EC(es/ cm) 346 332 318 327 338 333 317 297 330 320 348

Water Temperatur€C) 281 281 276 281 278 281 277 26.8 252 243 224
Pointof-consumption FR@mg/L) 033 034 032 039 020 0.27 029 034 047 042 0.32

Median Pointof-distribution FRC(mg/L) 0.69 066 062 070 058 069 069 085 092 0.68 0.53
Elapsed Timéh) 6.72 703 695 6.78 7.2 693 6.25 1646 7.44 6.33 16.85

EC(es/ cm) 312 308 309 309 309 312 305 277 277 293 418

Water Temperatur€C) 281 282 277 28.0 278 2830 27.80 27.05 25.15 24.30 22.30
Pointof-consumption FR@mg/L) 033 026 028 025 015 025 024 029 047 032 031

Standard Deviation Pointof-distribution FRC(mg/L) 029 031 030 057 021 024 036 040 032 036 0.19
Elapsed Timegh) 476 473 486 487 516 520 442 546 524 578 3.10
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Week from Start of Data Collection

2 4 6 8 10 12 14 16 18 20 22
EC(es/ cm) 685 638 553 586 652 835 620 678 86.1 724 123.6
Water Temperatur€C) 057 054 128 061 353 150 051 124 128 128 0.50

Pointof-consumption FREmg/L) 023 028 024 013 0.13 0.15 0.16 022 032 024 0.15
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4.4.5 CostFunctions

This section describes the different cost functions used for training the base learners of the
ensemble models. The cost function used to train an ANN determines the behaviour that the
ANN learns from the underlying data and as such, shouldi&éetese to align with the priorities

of the modelling taskCrone et al., 2005As such, we selected cost functions that prioritize
matching the spread or distribution of the underlying data in an attempt to alleviate

underdispersion.

Throughout this section the notatidrand0 refer to the set of observed and predicted point
consumption FRC concentrations, respectively,arahdr| refers to théQ observed and
predicted poinbf-consumption FRC concentration, respedsivBlote that in this section, a

prediction refers to the output of one base learner in the ensemble.

Mean Squared Error

MSE is a measure of the average squared error between each predicted value and the
corresponding observation. It is negatively orier{tedier scores are preferable) with a lower
bound of 0 and no upper bound. It is primarily used in this study as a reference benchmark
against which other cost functions and weightings are assessed. MSE is calculated using
Equationd-1:

Yo 2 (4-1)
Nash Sutcliffe Efficiency

The Nash Sutcliffe Efficiency (NSE) is a common model performance metric for hydrological
models. Functionally, NSE is the MSE normalized about the variance of the observations and
can be understood as the amounthiferved variance explained by the ma@alpta, Kling,
Yilmaz, andMartinez, 2009)NSE is positively oriented (higher scores are preferable) with an
upper limit of 1 and no lower bound. A naive model which simply estimates the mean
observation will haveraNSE of 0. NSE is calculated using Equatle® Since theNadam
optimizer can only find the minimum of a function, when the NSE was used to train the base
learners of the ensemble, it was multiplied-byo convert it to a negatively oriented score with
a lower bound of1 and no upper bound.
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0 YO p (4-2)
Kling Gupta Efficiency

Kling Gupta Efficiency arose out of a decomposition of NSE into three components: correlation
i , the ratio of the variance of predictions te thariance of the observations , and the

variance of the mean of predictions and the mean of the observatio(Gupta et al., 2009)

These three components are calculated using Equdti®ng4, and4-5 below:

i = = (4-3)

— (4-4)
r = (4-5)
Thei,| , and terms are used to calculate the Euclidean distance from predictions to the ideal

model result which would have a correlation coefficient of 1 and identical means and standard
deviations as the observed a#éhs shown in Equatiah6 below). KGE is then calculated by
subtracting the Euclidean distance from 1 (Equadi@rfrom (Gupta et al., 2009) Thus, KGE is

a measure of the correlation between the predictions and observations, as well as a measure of
the similarity of the first and second moments of the distributions of the observations and
predictions. We included KGE as a cost function in this study as one of our objectives is to
identify cost functions that can produce forecasts with similar disivitito the underlying data

and KGE can directly promote this in each base learner. As with NSE, the KGE score is
positively oriented, with higher scores representing shorter Euclidean distances from the model
being tested and the ideal model result, withupper limit of 1 and no lower limit. To convert

KGE into a negatively oriented score for training the base learners, the KGE score was

multiplied by-1.
00 i p P Top (4-6)
000 p 0O 4-7)
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Index of Agreement

The Index of Agreement (loA) & modified version of the NSE with a revised denominator, as
shown below in Equatio#-8. The IoA specifies the degree of similarity of the deviations about

the mean between the observed and predicted v@lNidsiott, 1981) We included IoA as a

cost fundion in this study for this ability to assess the deviations about the mean as a way of
better addressing the challenge of forecast underdispersion where the predictions tend to be less
dispersed about the mean than the observations. Like NSE, 10A isglgatiented with an

upper limit of 1 and a lower bound of 0. We converted I0A into a negatively oriented by

multiplying the calculated score bY.

‘0C¢ 0p

(4-8)

S

4.4.6 Cost Weightings

Six weighting approaches werepdipd to the cost functions outlined in SectA.5. These
weightings were used to prioritize model performance in different regions of the outcome space.
Most of the weighting schemes were applied to prioritize model performance for observations
with lower pointof-consumption FRC as the lower the FRC at the paivtonsumption, the
greater the risk of household recontamination. This section describes the three weighting
approaches which are modified from existing approaches that have been decument

literature. Details of calculating the weighted version of the cost functions described in Section
4.4.5are provided in Appendi®.2. In the following section) represents the set of observed
point-of-consumption FRC concentratiors represents th€ observed poirbf-consumption

FRC concentration, ana represents the weighting applied to the cost function fokthe

predictiorrobservation pairing.

Weighting 1

The first weighting function uses an instaiti@sed approach to prioritize observations with low
pointof-consumption FRC with the weights are taken as the inverse of the observeafpoint
consumption FRC. This weighting approach was developed in comgjdeweighted approach

to scoring flood forecasts where high flows are more critical than low flows. Kneal€2824l)
proposed multiplying common scoring metrics by the observed flow rate as an approach to better

evaluating the testing performance lofold forecasting neural network models. Since low FRC
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concentrations are more critical than high FRC concentrations, in this study we modified this
approach by multiplying the score by the inverse of the observed FRC concentration. This leads

to a reciproal increase in the weight as FRC decreases, as shown in Egs8tion
- (4-9)

Equation4-9 was modified for implementation in training the base learners of the ANN
ensemble to account for the input and output data being normalized beiwaei. Using
Equation4-9 with these normalized inputs would produce two asymptotes at the median
observed poinbf-consumption FRC concentration. To avoid this, a fixed constant, 1.1, is added

to the normalized observed value, as shown in Equétiih

o — (4-10)

Weighting 2

The second weighting function used ctassed weighting which is a common approach to
prioritizing specific classes in cesensitive learning for classification probletfsawczyk,

2016; Zhow& Liu, 2010) We developed the weighting by classifying obagons based on

their observed household FRC concentration and assigning a unique weight to each class. The
classes were developed considering both drinking water quality guidelines for humanitarian

response as well as past literature, and are listed below

1 FRC between 0 mg/L and 0.2 mg/lthese are the highest risk observations since they

have insufficient FRC to prevent recontamination at the gafhebnsumption.

1 FRC between 0.2 mg/L and 0.5 mg/lthese are considered moderate risk as they meet
drinking water quality guidelines but recontamination may still occur from bacteria with
moderate chlorine tolerance, or if there are other favourable water quality parameters
such as high turbidity and high organic coni@nt W. LeChevallier et al., 1981; Mark
W. LeChevallier et al., 1996)

1 FRC concentration between 0.5 mg/L and 1.0 migiis range is typically
recommended during waterborne illness outbreaks and the risk of recontamination is

considered lowMédecins Sans Frontieres, 2010)
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1 FRC above 1.0 mg/L this is beyond the range recommended even during waterborne
illness outbreaks so we consider the risk of recontamination with-gbaunsumption

FRC above 1.0 mg/L is very low.

The weights assigned to each class were determined based on the risiebblbu

recontamination to prioritize model performance on observations with the greatest risk. Thus, we

assigned a weight of 1.0 to the highest priority class (fmftosonsumption FRC below 0.2

mg/L) and halved the weight for each subsequent class.
PR ¢ TR

® Q@ ¢ pd (14)
™ ¢ WD 8
Weighting 3

The third weighting approach used a modification of elsssed learning called rescaling, where
the weights are assigned to counteract data imbalancesuieerach class is equally prioritized
by the mode(Ling & Sheng, 2008; Li& Zhou, 2006; McCarthy et al., 2005; Zh&uLiu,

2010) To achieve this we set the weights for each class as the inverse of the frequency of
observations in that category. Thigeferred to as probabilistic rescaling, or inverse frequency
weighting(Ling & Sheng, 2008; Li& Zhou, 2006; McCarthy et al., 2005; Zh&uLiu, 2010)

The inverse frequency weight for tf categorywas calculated as:

0 (16)

4.4.7 Performance Metrics

This section details the metrics used to evaluate the probabilistic ensemble forecasts based on the
objectives listed in SectioA.3. Probabilistic forecasts were derived from the ensemble by

weighting the predictions of each base learner and then combining these predictions into a

probability density function (pdf). In this study each base learner was equadjiited, so the
weight assigned was equal+tavhered is the number of base learners in the ensemble. For this

study all ensembles had ¢ Tt Imase learners.
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Since the output of the models were probabilistic forecasts, deterministic scores such @& the M
or NSE are not useful for evaluating the performance of the fordamsisher et al., 2009;

Hamill, 2001) Instead, scores and performance metrics were selected which could evaluate the
probabilistic forecasts of each ensemble according to the olgedisted in SectioA.3. Each of

the ensemble verification metrics listed below were evaluated for the test dataset only (see
Sectiord44d to verify each ensemblebdbs ability to f
following section ¥ refers to the fulket of observed poitf-consumption FRC concentrations
and¢ refers to théQ observation, where there d@otal observationsOrefers to the full set of
forecasted poirbf-consumption FRC concentrations forecasted by the ensembles,"@here

the prediction by thé base learner in the ensemble on"theobservation antOrefers to the
ensemble forecast for tfi@ observation. Thus, for each observation there is a corresponding
probabilistic forecast. Together these arerrefitto as a forecasbservation pair. For the

following metrics, it is assumed that the predictions of each base learner in the ensemble are

sorted from low to high for each observation suchf@at "Q froma Tmtoa 0.

Percent Capture

Percemn Captures a measure that has been commonly used to evaluate the effectiveness of
probabilistic and possibilistic mod€glalvisi & Franchini, 2011, 2012; Khat Valeo, 2016,

2017) ThePercent Capturis the percentage of observations where the obsgniatdof-
consumption FRC concentration was within the limits of the ensemble forecast. We used the
Percent Captur® accomplish the first objective of this study (identify cost functions and
weighting combinations that produce ensemble forecasts tharedlpe full range of observed

concentrations of poirgf-consumption FRC).

ThePercent Capturis a positively oriented score, with an upper limit of 100% and a lower limit
of 0%. To calculat®ercent Captur@bservatiore is considered captured® ¢ Q.

When evaluating the ensemble performance, we considered bétarttent Capturef the

overall dataset (referred to throughoua§ as an indicator of underdispersion, as well as the
Percent Capturef obsrvations with poinbf-consumption FRC below 0.2 mg/D§ ) which
provides an indication of how well the model can accurately predict if there will be sufficient

FRC at the poinbf-consumption.
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Reliability Metrics for Ensemble Verification

Ensembleeliability is a term commonly used in atmospheric modelling that refers to the
similarity between the observed and forecasted probability distributions. These verification
metrics were used to evaluate the second objective listed in Sé&idtumerouseliability

metrics have been developed in the literature, this study uses three reliability metrics which are
commonly used in atmospheric sciences and which have been applied outside of atmospheric

sciences for hydrological applicatiof@oucher et al.2009)

Cl Reliability Diagram

The first reliability metric used for ensemble verification was the reliability diagram. The

reliability diagram plots observed relative frequency of events against the forecast probability of
that event. Boucher et al. (200&dapted this diagram for ensemble modelling as the confidence
interval (CI) reliability diagram which compares the frequency of observed values with the
corresponding CI of the ensemble, where the ensemble Cls are derived from the sorted forecasts
of thebase learners (for example, the ensemble 90% CI would include all of the forecasts
betweeriQ® and'Q® ). We extended this further by plotting tRercent Capturef each Cl

within the ensemble against the Cl level. For each ensemble modeltteel phea CI reliability

for the 10%o 100% ClI levels at 10% intervals as well as at the 95% and 99% CI.

The reliability diagram and CI reliability diagram are visual indicators of ensemble reliability

with the ideal model having all observations plottkshg the 1:1 line showing that the observed
probabilities are equal to the forecasted probabilities. De Santi et al. (2021) developed a
numerical score for the CI reliability diagram which calculated the squared distance between the
Percent Captureithin each CI and the ide®lercent Capturia that Cl. This was calculated for

each ClI thresholdhfrom 10% to 100% in 10% increments as shown in Equdtibh The ClI
Reliability Score measures the horizontal distance betwed?ettvent Capturand the 1:1ine

for each CI. Since a smaller absolute distance means that each point is closer to the 1:1 line, this
score is negatively oriented with a minimum value of 0. CI Reliability diagrams were plotted and
the ClI reliability score calculated for both the mikdata set (referred to throughout®E® )

and for forecasbbservation pairs where the observed pofrtonsumption FRC concentration

was below 0.2 mg/L&O 5)-

6 FQaQUOYRE OB Q 0 Qi (ddE®d QB (4-12)
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Rank Histograms

The Rank Histogram (RH) is another visual tool used to assess the reliability of ensemble
forecasts. To construct the rank histogram, for each forebastvation pair, the observatién

is added to theorted vector of forecast valu&} with the new vector having p members.

A rank is assigned to the observed value based on where in the set of forecasted values it falls.
This is then repeated for each foreealsservation pair. The RH is the histogram of the ranks
assigned to each observatién, If the forecastiad observed probabilities are the same, then any
observation is equally likely to occur in any of the p ranks, which would result in a flat rank
histogram. If the forecasted and observed probability distributions are different, then the rank
histogram vill not be flat and may be either U shaped, indicating underdispersiorsizaped,
indicating overdispersion; or skewed, indicating ifldamill, 2001; Talagrand, Vautardnd
Strauss, 1997)

The RH is a visual tool, bi@andilleandTalagrande (2005) proposed a numerical scoré, the

score which measures the deviations from flatness (Equ&ti@h The] score only measures
deviations from flatness, and cannot be used to diagnose over/under dispersion or flatness. The
ideal scoras 1 with scores much greater than 1 indicating substantial deviations from flatness
and scores less than 1 indicating interdependence between ensemble pré@iandiie &

Talagrand, 2005)The] score was calculated for each model both for the dwdatdset

(referred to throughout &9 and for only those observations where the observed-pbint

consumption FRC was below 0.2 md/L (3).

=
'*<‘| G

(4-12)

The two components of thescore are shown in Equatiofsl3 and4-14 where0 is the total
number of ensemble membéel@s the total number of observations, ands the number of
elements in th& bin of the rank histograrfCandille & Talagrand, 2005)

Yy B P — (4-13

7 z

Yy

(4-14)
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Continuously Rankedrobability Score

The continuously ranked probability score (CRPS) is a commonly used metric for evaluating
probabilistic forecasts. It represents a continuous version of the Brier(8ci@re 1950)and
measures the area between the forecast cumulasivibbdtion function (cdf) and the observed

cdf for each forecasibservation pairing. The CRPS measures not only model reliability but also
sharpness and uncertainty which has been shown to correspond to the MAE of a deterministic
forecast(Ferro, 2014; ldrsbach, 2000)or a given forecasibservation pair, the cdf of the
forecast is calculated from the probability distribution of the predictions of the base learners of
the ensembles. Since each observation is a discrete value, it is representedigtviside
functionOw ® ; a stepwise function which is 0 for all concentrations of pofat

consumption FRC below the observed FRC and 1 for all predicted concentrations-affpoint
consumption FRC above the observed concentration. The calculatfem©@RPS is given in
Equationd-15where Ois the cdf of the forecast values for observatioand thewaxis

referenced is the concentrations of pafitonsumption FRC concentration. Note that Equation

4-15 shows the calculation of CRPS for agle forecasbbservation pairing. To evaluate the

ensemble models, the average CRPY, U, i¥ calculated by taking the mean CRPS over all

forecastobservation pairs.
6Y0DY TOw Om ¢ Qw (4-15)

Hersbach (2000) derived a calculation of E3Rfor ensemble models that treats the forecast cdf

as a stepwise continuous function with 0  p bins where each bin is bounded at two

ensemble forecasts and the value in each bin is the cumulative probabityiS¥alculated
using@, the aveage width of bire (averagdifference in FRC concentration between forecast

valuesd anda p) and€ the likelihood of the observed value being in birUsing these

values, thé® Y 0fdY an ensemblean be calculated as:
oOoYO'B T p &€n € p N (4-16)
Wheren is the probability associated with each bjn, — (Hersbach, 2000)

Hersbach (2000) also decomposed the ensemble CRPS calculation into its reliability, resolution,

and uncertainty scores. The reliabiliegm is of particular interest as it reflects the similarity
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between the observed and forecast probability distributions. The average reliabilit)y t&sQ

calculated as shown in Equatiés17 (Hersbach, 2000).
YQaR TE 0 (4-17)

The reliability component of the CRPS is considered by Hersbach (2000) to be a better
representation of reliability than the RHscore because the CRPS reliability term also considers
the bin widths whereas thescore only considers the vedl deviations from a flat RH. The

Brier score reliability term (from which the CRPS reliability term is derived) can also be
considered as the vertical/horizontal distance from the 1:1 line on the reliability digiggen

2004) We directly calculatehis distance using Equatidnll. However, the reliability term of

the CRPS considers all probability levels of the ensemble instead of the predefined Cl levels
used in the CI reliability scord@he relationships between these three measures of ensemble

reliability are shown in Figurd-2.
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Figure 4-2: Visualization of the method used to calculate the different performance evaluation metrics used in tfus it GRPS
(left), RH (centre) and CI reliability diagram (right). The CRPS is calculated from the difference in area between tseddfeacd
the Heaviside function (observation cdf), the rank histogram is derived from the rank of the observation relative toedach mod

prediction, and the CI reliability diagram is based off the percent capture in each enserb&m@it shown) would measeithe
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number of observations captured within the forecast bounds, whereas the RH and CI reliability diagram both provide iotlicators

reliability (similarity between observed and forecast distribution), whereas CRPS considers both reliability and sharpnes
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Skill Scores

While in many cases, the score obtained for the performance metrics above are highly
informative (e.g.Percent Capturgrovides clear insight into the amount of observations
captured, the CI Reliability Score provides a measurable distamehe ideal model), it can

also be helpful to normalize scores, both to facilitate comparison of scores between sites, and to
allow for a comparison of the relative improvement between metrics with different scales. Skill
scores provide a means of n@lming a performance metric using a baseline and an ideal score.
For our case, we used the ensemble verification metrics obtained by the ensemble trained with
unweighedMSE as théaselingor developing the skill score as MSE is a common industry
standad and is currently in use on the SWOT project. The ideal scoRefoent Capturis

100% capture, the ideal ClI reliability score, CRPS, and CRPS reliability term are all 0, and the
ideall -score is 1Any performance metric can be converted to a skitire using Equatioft18.

The skill score is normalized between negative infinity and 1, with 1 meaning that the score
obtained is the ideal score and a positive score indicating improvement over baseline. A skill
score of 0 means that there is no differe between the score obtained and the baseline, and a
negative score indicates that the score obtained is worse than the baseline.

YQUOE | 9 (4-18)

4.5 Results andiscussion

The following sections describe and review the performance of the ensemble models trained with
each cost function and weighting combination at each site with each input variable combination.
Table4-3 summarizes the cost function and weightiagbinations that produced the best
performance for each site with each variable combination. While the subsequent sections provide
further detail on the individual performance metrics and on the identification of preferred cost
function and weighting altaatives, Tabl&-3 showghat the use of alternative cost functions

and weighting functions led to performance improvements, with the best performance for nearly
every metric being obtained by alternatives that used both alternative cost functetisass

cost weightingThe scores and skill scores obtained by the cost function and weighting
combinations listed in Tabke 3, and for all other combinatioyare included in TablB-1 in

Appendix D
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Table4-3: Summary of best performing cost function and weighting combination for each performance metric

Site and Ik FF e FN4 b Fvdmes # g FAM dm
Input
Variable
combination
Bangladesh KGE KGE weighting KGE KGE KGE KGE weighting MSE MSE
V1 weighting 3 weighting weighting weighting 3 weighting 1 weighting 1

3 3 3 3
Bangladesh KGE KGE weighting KGE KGE KGE KGE weighting Unweighted Unweighted
V2 weighting 3 weighting weighting weighting 3 oA oA

3 3 3 3
Tanzania oA KGE weighting KGE KGE KGE loA Weighting oA I0A
V1 weighting 1 weighting weighting weighting 1 weighting 1 weighting 1

3 oA weighting 3 3 3

31

Tanzania KGE MSE weighting KGE KGE KGE MSE weighting Unweighted IoA
V2 weighting 1 weighting weighting weighting 1 NSE weighting 3

3 NSEweighting 3 1 3 NSE weighting

1t 1
KGE weighting
11
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Site and

FF

(I

Py > Fydmse

F oo A T
Input
Variable
combination
Nigeria IV1 I0A MSE weightings 10A NSE oA MSE NSE NSE
weighting 1and weighting weighting weighting weightings 1 weighting 2 weighting 2
3 NSE 3 3 3 and3
unweighted and NSE
weighting 1 unweighted and
KGE (all weighting 1
weightings) KGE (all
oA (all weightings)
weightings}? loA (all
weightings}2
Nigeria IV2 I0A MSE weighting 10A oA loA MSE weighting NSE KGE
weighting 3 weighting weighting weighting 3 weighting 1 weighting 1
3 NSEweighting 3 3 3 NSE weighting
3 3
KGE weightings KGE
1,23 weightings 1, 2,
oA weightings 3
1,2, 3
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Site and I e e s PN v Fbmre  # #oe F TH m
Input

Variable

combination
oA weightings
1,2, 3

Notes:

Forsome metrics at sonsites, multiple ensembles achieved the same performance, so multiple best performances are poss

2 All of a specific cost function means that all weighting combinations for that cost function, including unweighted, abbisaete

score
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Sections4.5.1 through4.5.4 present a metrby-metric evaluation of the impact of the
alternative cost functions and cost weighting on ensemble performance, presenting both the
absolute performance as well as a comparison to the baseline performance obtained by the
ensembles traed using unweighted MSE. Based on these mbjrimetric evaluations, Section
4.55 identifies preferred cost function and weighting combinations using a freqailealggis to
identify cost function and weighting combinations that produced consistewitlypgsformance
across all performance metrics at each site and with each variable combination.S&€étion
uses the preferred cefsinction and weighting combinations identified in SecdoBb5 to

perform a timeseries analysis using the Bangladeshgitto simulate the use of the preferred

combinations in an operational setting.

4.5.1 Percent CapturBerformance

0 6and06 4 wereused to assess the first objective listed in Se@i8nwhich was to

investigate the impact of alternative cost functiand cost weighting on improving forecast
underdispersion, with an emphasis on observations with insufficientgfetainsumption FRC

(< 0.2 mg/L). The use of alternative cost functions and cost function weighting produced
substantial improvements in geescore®ver the baseline condition of unweighted MSE, as
shown in Figured-3 and4-4, which show the observed and forecasted poftttonsumption

FRC concentrations for the models trained with unweighted MSE compared to the model with
the highesh 6and06 4 at each site (Tabk-3). Figure4-3 shows this comparison for dand
Figure4-4 shows this comparison ford g score From these figures we see that the models
trained with unweighted MSE converge towards the centre of the range ofailmserwhereas

the models with bettar 6and06d g have a wider range of predictions. This wider spread of
predictions indicates that the use of alternative cost functions and cost weighting to train the base
learners of the ensembles can overcomefiaienge of underdispersion that arises from using

MSE as the cost function.
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Figure 4-3: Forecastobservation comparison for all sites showing difference in forecast range
and median between thaseline ensemble (trained with unweighted MSE) and ensemble with
thehighestd 6for each site and variable combinatidforecast observation pairs shown f¢a)
Bangladesh V1, (b) Bangladesh IV2, (c) Tanzania IV1, (d) Tanzania IV2, (e) Nigeria /1, an

() Nigeria IV2. In all of the above subplots we see that the best performing ensemble (shown in
red) produces a larger forecast range (shaded area) than the baseline ensemble (blue), which is
what produced the bett&ercent Capture
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Figure 4-4: Forecastobservation comparison for all sites showing difference in forecast range
and median between the baseline ensemble (trained with unweighted MSE) and ensemble with
thehighesthd g for each site andariable combinationForecast observation pairs shown for:

(a) Bangladesh 1V1, (b) Bangladesh 1V2, (c) Tanzania IV1, (d) Tanzania IV2, (e) Nigeria IV1,
and (f) Nigeria IV2In all of the above subplots we see that the best performing ensemble (shown
in red) produces a larger forecast range (shaded area) than the baseline ensemble (blue), which
is what produced the bett®ercent Capture
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The ANN ensembles trained with unweighted MSE produced highly underdispersed forecasts,
with thePercent Captureangirg from 22% to 35% for thé dand from 0% to 50% for the

06 g. Using alternative cost functions and cost function weighting, the)bést each site
ranged from 61% to 85% and the b@ét g ranged from 67% to 84%. This corresponds to a
maximumskill score between 0.40 and 0.80 foBand between 0.67 and 0.79 fo 4. The
improvement irPercent Capturean be seen in Figurds3 and4-4. Operationally, these
improvements wilenhancehe accuracy of the rishased FRC targets producedtbg SWOT

as the ensembles trained with alternative cost functions and cost weighting, particularly the
models trained with KGE weighted by inverse frequency weighting, are better able to capture
observations with insufficient pohatf-consumption FRC, anas such as are better able to
accurately determine the poiot-distribution FRC required to ensure sufficient pafit

consumption FRC.

4.5.2 CI Reliability Performance

The6'O and6™O , Wwereused to assess the second objective list&eation4.3, which

was to investigate the impact of cost functions and weighting schemes on the forecast reliability
for the overall dataset and for observations with pofrtonsumption FRC below 0.2 mg/L. As

with thePercent Capturdghe use of alternative cost functions and cost function weighting
produced substantial improvementboththeThe6'©O  and6™O . over the baseline

condition of unweighted MSE, as shown in Figudésand4-6. Figure 45 compareghe CI

reliability diagrams using the full dataset for the baseline ensemble and for the ensemble with the
lowestd'O  (Table4-3) and Figured-6 compares the Cl reliability diagram only for

observations with poirbf-consumption FRC below 0.2 rgfor the baseline ensemble and for

the models with the lowestO . (Table4-3). From these two figures, tipercentage of
observations captured in eachi€tonsistently below the 1:1, indicating that even the best
models are underdispetséHowever, both Figure-8 and especially Figuré-6 show that the

models with lowed™0  and6O , are much closer to the theoretical capture value of

each confidence interval, showing that improvement in model dispersion isiega@airmultiple
Clés and not just for the extreme ranges of

reliability is improving.
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Figure 4-5: Cl reliability diagrams for all sites showing differemin forecast range and median
between the baseline ensemble (trained with unweighted MSE) and ensemble with the best
00  score for each site and variable combinati@h reliability diagrams shown for: (a)
Bangladesh IV1, (b) Bangladesh IVR) Tanzania IV1, (d) Tanzania IV2, (e) Nigeria IV1, and

(f) Nigeria IV2.These figures show that in all cases the baseline ensemble (trained with
unweighted MSE) produced underdispersed forecasts, with the capture in all Cls below the 1:1

line.
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Figure 4-6: ClI reliability diagrams for all sites showing difference in forecast range and median
between the baseline ensemble (trained with unweighted MSE) and ensemble with the best
 Score for each site and variable combinati@@i.reliability diagrams shown for: (a)
Bangladesh 1V1, (b) Bangladesh IV2, (c) Tanzania IV1, (d) Tanzania IV2, (e) Nigeria IV1, and
(f) Nigeria IV2.



The6™O  for the ANN ensembles trained with unweighM8E ranged from 31to 3.01 for

with the6"O . ranging from By contrast, the bestfO  obtained using alternative cost
functions and cost function weighting at each site ranged froét® 225, and the best

00 , ramged from0.32 to 0.85. This corresponds to a skill score between 0.51 and 0.90 for
the0'O  and between 0.66 and 0.92 for ti© s - This shows that the use of alternative
cost functions and cost weightings greatly improve the iiétiabf the ensemble forecasts
meaning that the predicted risk, which is based on the probability of having insufficierbfaoint
consumption FRC, will be more accurate. Furthermore, the Cls used in the CI reliability score
also correspond to risk threstls, so improvements in the Cl reliability score indicate an

improved ability to accurately forecast specific risk thresholds.

4.5.3 RH Performance

The RH andl -scorewere also used to evaluate the impact of cost functions and weighting
schemes on the forecast reliability. The use of alternative cost functions and cost weighting led to
substantial improvements in thescore over the baseline condition of ensembbesdd with
unweighted MSE. THe-scores for the ensembles trained with unweighted MSE ranged from
5.09 to 153and thé g ranged from 1.98 to 97 for observations with pafitonsumption

FRC below 0.2 mg/L. Using alternative cost functions and costifin weightings, the bést

score ranged from 1.94 to 14.4 and thebest scores ranged from 0.98 to 5.81. This
corresponds to maximum skill scores between 0.57 and 0.93 forstt@e and between 0.83

and 1 for thgé g scores. However, whilhe] score improved substantially through the use of
alternative cost functions and cost function weighting, even the best models tended to score far

from the ideal value of 1.

The] -score is itself only a measure of deviation from a uniform RH, and alone does not indicate
reasons for deviations from uniformity. Figu#e and4-8 show the Bangladesh V1 RHs for

the models trained using unweighted MSE models and the models withvesf laand] g

scores, respectively (Tabde3). The RHs for the remaining sites are included in FigDré$
throughD-25in Appendix D In all cases the RHs have noticeableiidpes, reinforcing that the
ensemble forecasts are underdispersed even ugirg alternative cost functions and cost

function weighting. However, this-shape is less pronounced in the RHs for the models with the

lowest -scores, and the count of observations at the extremes of the ensemble tend to be lower
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in the RHs for thenodels with the lowest-scores. This indicates that the improvements in the
1 -score obtained using alternative cost functions and cost function weightings occurred primarily
due to the reduction in underdispersion, highlighting that by improving usgerdion, we also

improve the reliability.
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Figure 4-7: RH for Bangladesh with the IV1 variable combination. The RH in (a) shows the
results for the models trained with unweighted MSE, and (b) shows théwikbdie best -.

Both RHs are underdispersed, as seen from thleape of the RH, but the size of the outlier

bars, and the difference between the outliers and internal bars are much smaller in (b) than in

(a), indicating improved reliability with alteative cost functions and cost function weighting.

135



(@)

0.6

0.4

0.2

0.0 M M l.-lI
0] 200

0.15 i)

0.10

0.05

D,OD_LL,_LIlL_LL._u.l”. e oalls  moass memes owu lJ-L_JAL,
D 200

Figure 4-8: RH of observations with pohaf-consumption FRC below 0.2 mg/L for Bangladesh
with the V1 variable combination. The RH in (a) shows thelte$or the models trained with
unweighted MSE, and (b) shows the model with thé begtscore. Both RHs are

underdispersed, as seen from thghape of the RH, but the size of the outlier bars, and the
difference between the outliers and internaldare much smaller in (b) than in (a), indicating
improved reliability with alternative cost functions and cost function weighting.

4.5.4 CRPS and CRPS Reliability

The CRPS and CRPS reliability component were both used to evaluate the impact of alternative
cost functions and cost weighting on forecast reliability. As with the previous measures, the use
of alternative cost functions and cost function weighting pradigoéstantial improvements in

both the CRPS and the CRPS reliability term over the baseline condition of unweighted MSE.
Thed 'Y OcoMtained by thANN ensembles trained with unweighted MSE ranged from 0.099 to

0.21 and théY Q éaif@ed from 0.048 t6.11. By contrast, the best"Y 0 dhtained using

alternative cost functions and cost function weighting ranged from 0.074%aridthe best
Y 'Q éaifged from 0.027 to 06Q. This corresponds to maximum skill scores ranging from 0.06 to

0.35 for0'Y 0 ‘and 0.17 to 0.&for 'Y ‘Q.ATHs improvement is shown in in Figué$9 and4-10.

Figure4-9 shows the forecastbservation pairs for the overall dataset for the models trained
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with unweighted MSE and for the ensembles trained using the cotibfuaad weighting

scheme which produced the bésty 0foY each site and variable combination (Tabi&).

Figure4-10 shows the forecastbservation pairs for the ensembles trained using the cost
function and weighting scheme which produced the B&sifdQeach site and variable

combination. Despite th@ 'Y 0 pNoritizing sharpness, and often being dominated by the

sharpness terifirerro, 2014; Hersbach, 200@he ensembles trained with the cost function and

weighting combinations that produtthe forecasts with the lowestY 0aivd'yY Q éeffded to

have wider forecast ranges than those trained with unweighted MSE. This highlights that where

alternative cost functions and cost function weightings imprové te), tvis is likely being

driven by improvement in the reliability term. Additionally, the cost functions and weighting
schemes which produced the b&sY 0al¥o tended to produce the b&s@ ¢adfin indicating

that the improvements i 'Y 0 dé being driven by improweents in forecast reliability, not
sharpness.
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Figure 4-9: Forecastobservation comparison for all sites showing difference in forecast range
and median between the baseline ensemble (trained with unweighted MSE) and ensemble with
the best 'Y U fof each site and variable combinatidforecast observation i@ shown for:

(a) Bangladesh IV1, (b) Bangladesh V2, (c) Tanzania IV1, (d) Tanzania IV2, (e) Nigeria IV1,
and (f) Nigeria IV2.
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Figure 4-10: Forecastobservation comparison for all sites showing diffeem forecast range
and median between the baseline ensemble (trained with unweighted MSE) and ensemble with
the bestY Q doeach site and variable combinatidforecast observation pairs shown for: (a)

Bangladesh V1, (b) Bangladesh IV2, (c) TanadV1, (d) Tanzania IV2, (e) Nigeria IV1, and
(f) Nigeria IV2.
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4.5.5 Selection of Preferred Model

As discussed in the introduction to Sectibf, the preferred alternative was selected using a

frequency analysis to identify which alternatives were most fratyueither the best performing
alternative (fibesto) or one of the five best
verification metric at each site and with each variable combination. This approach was taken in
consideration of the thirdogective of this study, which was to identify preferred alternatives that
demonstrate consistently good performance across the of sites and variable combinations, to
increase the likelihood that the selected alternative will be applicable at futurénsites.

conducting this frequency analysis, we found that for certain ensemble verification metrics

multiple cost functions and weighting combinations produced the same performance, so while

each cost function and weighting combination can only be the bestrper§ alterative or one

of the five best performing alternatives a maximum of 48 times, there are at®3didf & st 0 and
283t op fiveo cost functi on 4dbsdowseifrgghency with ¢ o mb i
which each cost function and weightogo mbi nat i on appeared as the
alternatives across all sites and variables both disaggregated by performance metric and for all

performance metrics combined.
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Figure 4-11: Frequerty of cost functions and weighting combinations producing the best
performance (left) or one of the fAtop fiveo p
combination for each performance metric and for all performance metrics combined (bottom

row). Consistently KGE and IoA with weighting 3 produce themibssband At op fi veo
performances, and MSE, particularly unweighted MSE, performs poorly.
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Figure4-11 shows that using alternative cost functions and cost weighting for training the base
learners bthe ensembles consistently improved performance of ensemble foreRadtthe 8
Abesto cost functi on 3Xohincorpomtedgsbnteikindgfcoso mbi nat i o
weighting, and cost weighting was incorporated it8 @ the B3 (86%) of the fivecost

function and weighting combinations. Additionally, only 10 cost function and weighting

combinations that included MSE produced the best performance (11%), ard8ohhe B3

Atop fivedo cost funct i 8%)inadudeatl M&e Fughermoreyg c ombi n
unwei ghted MSE was never the best or one of t
combinations. This shows that the use of alternative cost functions and cost weighting results in
better ensemble forecasts as measureal\@riety of metrics across multiple sites, using

multiple variable combinations, as is expected based on the success of cost function weighting
approaches used in past studiésone et al., 2005; Elkan, 2001; Toth, 2016; ZBouiu, 2010)

These findingslso highlight that, despite being a comneost function MSE (and by

extension, othetypical error functions) is not always the bebbicefor training ANNs for

practical and engineering applications. Instead, the cost function, and if needed gloshgve

approach, should be selected to match the intended behaviour of the model. Another interesting
finding is that the improvements in performance obtained through cost function weighting

observed in this study were much greater than those reporige Sgnti et al. (2021) when

using ensemble pogrocessing techniques to improve probabilistic forecasts of-p&int

consumption FRC using ensembles of ANNs. While that study used data from different sites, this
may suggest that the selection of an appadgicost function and weighting combination may be

more useful that pogirocessing predictions, a concept that has been proposed in other

applications as we(Dress et al., 2018)

Figure4-11 also shows that the cost function and weighting combinatitish resulted in the

best performance across the various ensemble verification metrics most frequently were KGE
and loA with the inverse frequency weighting (weighting 3). KGE with weighting 3 produced
the best performance in 21 of a possible 48 casdsyas among the five best cost functions in

32 of a possible 48. 10A with weighting 3 produced the best performance in 14 of a possible 48
cases, and was among the five best cost functior&oh & possible 48 cases. While 10A with
weighting 3 was lessoenmon overall, it was more commonly preferred modeirfddigeria

where it was the best cost function and weighting combinatitt @i a possiblel6 cases and
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was in the top five cost function and weighting combinationiof a possiblel6 cases.

Additionally, when taking the sum of the skill scores for each metric at each site, which can be
thought of as a summary of the net performance improvement over baseline for the site, KGE
with weighting 3 produced the largest improvement for Bangladesh aii@rfi@ania, and IoA

with weighting 3 produced the largest improvement in Nigeria. Based on these results, these two

cost function and weighting combinations were selected for more detailed analysis.

Not only did KGE and IoA with weighting 3 consistentlyoguce high performance across

multiple metrics, all of the weighted and unweighted forms of these two cost functions

performed well. Figurd-11shows thatofthe®fibest 06 cost functi®ns, 29
included KGE, meani woogtfunciiongand@ighting Eombinatens idede s t 0
one of these two cost functions. Furtherm8@&ofthe B3t op fi veodo cost funct
weighting combinations used I0A, ah@i3used KGE, meaningth@d® of t he fAtop f i v
function and weighting combations used one of these two cost functions. These two cost

functions likely performed well because they directly evaluate the difference between the

observed and predicted distributions, instead of the error between each prediction and

observation pailK GE explicitly evaluates the difference between the observed and predicted

mean and variance (the first two moments of a probability distribution) as well as the correlation
(Gupta et al., 2009while I0A measures the differences between the observegradidted

means and varianc@g/illmott, 1981) Thus, both KGE and IoA prioritize matching the

observed distribution while training ANNs and thus it is understandable that ensembles of ANNs
trained using these cost functions produce better capture thpoioghizing a matching of

variances and better reliability by evaluating the overall similarity between the observed and
forecast distributions. Interestingly, both of these cost functions are related to NSE, with KGE

having been formulated out of a deqmsition of NSE and IoA being considered a modification

of NSE(Kneale et al., 2001and yet the ensembles with base learners trained to optimize NSE

did not perform nearly as well as those trained with KGE or I0A. This is likely because the

aspects of ntahing distribution parameters which are explicit in KGE and IoA are only implicit

in NSE. This once again highlights the importance of selecting a cost function that directly

rewards the intended behaviour for the base learner.
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The prevalence of inverfer e quency weighting (weighting 3)
cost function and weighting combinations is likely due to the unique nature of this weighting
scheme as a rescaling term as opposed to the other cost functions which predominantly aimed to
prioritize performance for higpriority samples. Instead of prioritizing samples with low point
of-consumption FRC, as was done by the other five weighting schemes, the inverse frequency
weighting prioritizes regions of the output space that are spauspiyated to ensure that the

model equally prioritizes all regions. Thus, instead of predictions clustering in regions with

higher densities of observations, as is observed when using MSE to train the neural networks, the
model represents the full outmpace, leading to ensemble forecasts that better represent the
overall distribution of the data. Interestingly, while the class with pafitonsumption FRC

between 0 and 0.2 mg/L was typically well populated with observations, the use of inverse
frequeng weighting still improved performance in this range, meaning that without deliberately
prioritizing performance for that class, by creating a model that covered the whole outcome

space, we were able to improve performance for our priority class.

The invese frequency weighting approach we used was first used for classification machine
learning approaches. Thus, it is somewhat surprising that using this approach to train ANNs for a
regression problem produced the best results. One reason for this iaghkdication problems

are inherently probabilistic, with the selected class being based on the selection of the class with
the highest probability of being trgElkan, 2001) and while the base learners in the ensembles
were regression based, the oveealbemble in this approach was used for probabilistic

forecasting. This highlights a potential avenue for future research into the integration of
classification techniques in the training of probabilistic ensemble models, even if the base
learners in thesensembles are regressibased.

Finally, comparing the performance of the ANN ensembles using the IV1 and IV2 input variable
combinations showed that the ANN ensembles using the IV2 input variable combination
consistently perform better than those ushmglvl combination, despite in some cases large
proportions of observations being removed due to missing conductivity or water temperature
data. This reinforces the findings of De Santi et al. (2021) which found that including water
quality variables beyahpointof-distribution FRC and elapsed time helped ANN ensembles
explain variability of pointof-consumption FRC concentration. It should still be noted that while
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the ANN ensembles using IV2 tended to perform better than those using 1V1, we still see
substantial improvements for both variable combinations when implementing alternative cost
functions and cost function weighting, which is critical as input variables beyondqgfoint

distribution FRC and elapsed time may not always be available. This coompalss shows

that, for each site, the same cost function and weighting combinations tended to produce the best
performance. This is important as the availability of EC and water temperature may vary over
time, but, operationally, this would not necessitatchange in the cost function and weighting

used to train the ANN ensembles.

4.5.6 Bangladesh Tim&eries Analysis

Since KGE and loA with inverse frequency weighting (weighting 3) performed substantially
better than the other cost function and weighting caatimns, both of these alternatives were
selected to proceed to the more detailederes analysis using the Bangladesh ddies

analysis was used to provide a more detailed evaluation of model performance while also testing
the models in a scenattioat is closer to the way the models would be used operationally.
Additionally, since KGE produced better performance at sites with large data volumes and IoA
produced better performance at sites with smaller data volumes, this analysis was used to test if
there is a change in the relative performance of these two cost functions using an increasing
amount of data at the same sB@ce the Bangladesh ensemble models using the IV2 input
variable combination consistently outperformed the models using thepuivariable

combination, this analysis was only performed using the models trained with V2.
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Figure4-12 shows the daily observed and forecasted pafittonsumption FRC concentrations

for the two selected cost function and cost weighting combinations, as well as for unweighted
MSE which was retained only as a baseline for comparison. From Bidixehe nodel trained

with unweighted MSE tended to miss many of the outlying observations, whereas these tended to
be captured better by the ensembles using I10A and KGE with weighting 3. However, the model
trained with KGE with weighting 3 tended to match theafaifity of the observations better than

the model trained with 10A using weighting 3. This is confirmed in Figet8, which compares

the performance of the ensembles trained using unweighted MSE to the models trained using
loA and KGE with weighting 3. i§ure4-13 shows that the ensembles trained using I0A and

KGE with weighting 3 both perform better than the model trained with unweighted MSE,
showing that the improvements obtained from alternative cost functions and cost weightings still
hold true in aroperational context. This figure also shows that for the most part the forecasts
produced by the ANN ensemble models trained using KGE with weighting 3 captured more
overall observations, as well as more observations with-pdicdnsumption FRC below 0.2

mg/L.
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Figure 4-12: Comparison of daily observed and predicted paftonsumption FRC

concentrations for ensembles with base learners trained using (a) unweighted MSE, (b) l0A with
Weighting 3and (c) KGE withWeighting 3Increasing observations used for calibration

represents increasing data becoming available over tithe. MSE forecasts are consistently

underdispersedyeightedioA and KGE both better match the observations.
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Figure 4-13: Comparison of ensemble veriftaan metrics for Bangladedime-seriesanalysis.
From top: CIReliability score,Percent Capturg -score, CRP&ndreliability term. The models
trained using KGE withweighting 3tend to have the best capture, Cl reliability score,jand
score. The CR® reliability results are less clear.

Furthermore, the forecasts produced by the models trained with KGE with weighting 3
consistently performed better for the CI reliability score as well 4s-8wore, both for the
overall dataset and for observatiamsh pointof-consumption FRC below 0.2 mg/L. While the

difference in performance between the ANN ensembles trained with these two different cost
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function and weighting combination were not as distinct foBtfhé tof'the'Y 'Q tH@results

presentd in Figure4-12 show that training the ANN ensembles using KGE with weighting 3 not

only produced better capture of the observed data, but also more reliable forecasts. Implementing
these improvements in the SWOT project would produce ANN ensembleathagtter
reproduce the underlying distributions of the
predict the risk of insufficient FRC at the peoftconsumption, and ultimately leading to better

informed FRC targets for water system operatbsgiould be noted that FigureZlshows that

KGE with Weighting 3 produced the best performance regardless of the amount of data used for
calibration, indicating perhaps that IoA with Weighting 3 did not perform best in Nigeria due to

the data volume, and irestd the difference may be due to other artefacts of the underlying data.

Further study should investigate why IoA performed best in Nigarigpposed to KGE.

4.6  Conclusion

This study investigated alternative cost functions andfaastion weighting for training base
learners in ensembles of ANNSs to improve the dispersion and reliability of probabilistic forecasts
of pointof-consumption FRC in refugee settlements. Producing reliable ensemble forecasts
which match the dispersion tife observed data is critical for developing +lelsed FRC targets

for humanitarian response. This study found that training ANNs with weighted, alternative cost
functions substantially improved forecasting performance across multiple indicators of

dispesion and reliability. Training the ANN base learners using weighted forms of oA and

KGE consistently produced ensembles whose forecasts achieved the best dispersion and
reliability, particularly when these cost functions were weighted using an inveyserficy

weighting scheme. While weighted forms of I0A tended to perform better than KGE in sites with
smaller data volumes, a tinseries analysis where the model was retrained with continuously
larger data volumes showed that KGE weighted with inversedrery weighting produced the

best performance, regardless of the size of the calibration dataset. While none of the cost
functions or error weighting approaches led to perfect capture or reliability, they represent a clear
improvement over the baseline usighted MSE model that is currently in use in the Safe Water
Optimization Tool (SWOT). Based on the findings of this study, we recommend implementing
weighted cost functions for training base learners of the ANN ensembles as they greatly improve

t h e mability to predict the risk of insufficient chlorine residual at the point
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consumption and as such will provide much better FRC recommendations for water system

operators using the SWOT, helping them ensure water safety in humanitarian settings.
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Chapter SMulti-Objective Training

5.1 Chapter Preamble

This chapter presents a study into the use of robjectivetraining to improve theéispersion

and reliability of ANN ensemble forecasts of peafitconsumption FRC. A mod#d version of

this chapter is currently being prepared for publicatiince the same datasets were used for

this chapter as Chapter 5, the supplemental information for this chapter is included in Appendix
D.

Multi-objectivetraining is a process whera ANN is trained to optimize performance over
multiple objectives. This can either be achieusthgpreferencebasedmethods where multiple
objectives are combined into a single score using multiplication or a weightedrsusimgno-
preferencanethodghat usanetaheuristic optimization approachssch as genetic algorithms
or particle swarm optimizatigmo train the ANNSs to simultaneously optimizeny objectives at
once.lt is important to note that multibjective cost functions and mutibjective training use
these approaches to set the weights and biases of a base learner ANN in an ensemble. This is
different from multiobjective optimization of neural network arcleiiere which uses similar
processes to optimize the design of the neural network model (number of nodes, activation
functions, input variable selections etc.). Muahjective training of neural networks has been
investigated in several disciplines and engral multiobjective neural networks tend to
outperform neural networks trained on a single objective, especially thosecasingonerror
metrics however, these have never been applied for probabilistic forecasting and have not

previously been used féorecasting postlistribution FRC.

Based on the findings of Chap@and 4 our goal in this study was to use nuabjective

training to improve the dispersion and reliability of ANN ensemble forecBists informed the
selection of the training olgaves whichwere measures of the similarity between the

distribution of the training data and the predictions of each base learnerFaNding the
usefulness of KGE as a cost function identified in Chapter 4, three of the training objectives we
selectd to characterize the similarity of the observed and predicted distributions were derived
from the KGE formulaWe used botlpreferencebased methods which combine multiple
objectives into a single objectivendno-preference methods that usetaheurist training
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approaches to simultaneously optimize multiple objectiVhee study presented in this chapter
found thatANNSs trained using muHobjective training outperformed the baseline ANNSs trained
with MSE (Chapter 3and cost sensitive learning apprbes (Chapter 4Furthermoreof the
multi-objective training approaches considered, the best performance was obtained using an
objective combining approach that assigned the weights to each objective usinhanDes

grid, which populates a balanced sesolutions in the objective space. The use of this approach
led to substantial improvements in forecast dispersion and reliability across multiple sites and
variable combinations, likely because it directly prioritized a balanced exploration of the

objective space.

As the lead author | was responsible for the conception of the study presented in this chapter, as
well as all model development and analysis. | was also responsible for preparing the manuscript.
Dr. Usman Khan was responsible for modellingervision and manuscript preparation. Dr.

Syed Imran Ali was responsible for supporting data collection at all sites, coordination of
partners, securing funding, and manuscript review.-Feancois Fesselet was responsible for
coordination of partnersesuring funding, and manuscript review. Matt Arnold was responsible

for leading data collection in Bangladesh and supporting data collection in Tanzania and Nigeria,
coordination of partners and manuscript review. Dawn Taylor was responsible for ledding da
collection in Nigeria and manuscript review. Anne Hyvaerinen was responsible for leading data

collection in Tanzania and manuscript review.
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5.2  Abstract

The Safe Water Optimization Tool (SWOT) uses ensembles of artificial neural networks (ANNS)
to produceprobabilistic, riskbased free chlorine residual (FRC) targets to prevent household
recontamination of drinking water in refugee and internally displaced person (IDP) settlements.
To ensure that these ritlased targets are accurate, the ensemble modstspnoduce forecasts
which closely match the distribution of the observed d&ftzentypical error metricsareusedas

cost functiongo train theANNSs in theseensemblesthe forecasts tend to be underdispersed and
do not match the underlying distributiof the data. This research presents an investigation into
the use of multbbjective training for ANN ensembles where the objectives used directly
evaluate the ability of the ANN models to reproduce the underlying distribution of the data and
to evaluatehe risk of having insufficient drinking water. Four midbjective training methods
were considered in this study: thigeferencebased methods, where multiple objectives were
combined into a singlebjective cost function via a weighted sum, and mmereference

method which used the Nddominated Sorting Genetic Algorithm 111 (NSGI) algorithm to
simultaneously optimize multiple objectives. Using drinking water qudétgsets from refugee
settlements in Bangladesh, Tanzania, and Nideriastthese training methods, we found that
multi-objective training consistently outperformed the baseline model trained using mean
squared error, highlighting the importance of selecting appropriate cost functions and training
methodgor ANN applications. Th best performance was obtained using a prefefeased

method that assigned the weights to each objective using-Bérass grid which populates a
balanced set of solutions in the objective space. Unlike the other prefbasesmethods

included in tlis research, the objectives in this method were weighted differently for each
ensemble member, leading to an increased degree of ensemble diversity for this method over the
other preferencbased methods. Implementing this method for training the ANN driesnm

the SWOT can substantially improve forecasts of paificonsumption FRCwhichin turncan

lead to FRC targets that better protehking water againshouseholdecontamination in

refugee settlements.

5.3 Introduction
Providing safe drinking water in refugee and internally displaced person (IDP) settlements is
critical as waterborne ilinesses are a leading cause of excess morbidity and mortality in these

settings. Many of these settlements have drinking water systeens whter is treated and piped
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to central distribution points from which water is collected and then stored for an extended
period of time in households. Recontamination of drinking water during thislgbsbution

period of collection, transport, stge and use is a common contributor to the spread of
waterborne diseases in refugee and IDP settlements, having been linked to ooftrbhaksa,
hepatitis E, and shigellosis in refugee and IDP settlements in K&umjigha et al., 2018; Shultz

et al.,2009) Malawi (Swerdlow et al., 1997F5udanWalden et al., 20055outh SudafAli et

al., 2015; Guerrerhatorre et al., 2016)and UgandéHoward et al., 2010; Steele et al., 2Q08)
Residual chlorine is effective for preventing recontamination dunegostdistribution period

as it can inactivate pathogens as they are introduced into stored drinking water. A free residual
chlorine (FRC) concentration of 0.2 mg/L is effective for preventing recontamination by
common pathogens responsible for outbredksaterborne illness in refugee and IDP
settlement¢CDC, 2012; Girones et al., 2014; Lantagne, 2008; Rashid et al., 2016; Sikder et al.,
2020; WHO, 2011)However, FRC targets in current drinking water quality guidelines for
humanitarian response (e.§phere Handbook) do not provide adequate protection against
recontamination as they do not account for chlorine decay during thidiptvgiution period,

leading to a loss of protection over time and an increased risk of recontamination of drinking
wate during household storage (Ali et al., 2015, 2021).

To ensure that there is adequate protection against recontamination up to tHoé-point
consumption, revised targets for chlorine residual are required at theopdistribution that

can account for mtdistribution chlorine decay. Developing these targets can be challenging as
postdistribution chlorine decay is highly variable, and there is substantial uncertainty in the
processes driving this decay. This uncertainty arises due to the numerousadpleiaind
unquantifiable factors that can impact the rate and nature etidsbution chlorine decay,

including water quality and environmental parameters that may contribute to the rate of decay, as
well as water handling factors, such as user intenas with the water that may introduce
contaminants that consume the chlorine resididist al., 2021) Thus, for a single set of

conditions at the water distribution point, a range of residual chlorine concentrations are possible
at the pointof-conrsumption. Due to this level of uncertainty, deterministic FRC predictions are
inadequate for developing chlorine residual targets as they cannot communicate the uncertainty
in the predicted FRC concentration. Instead, when generating FRC targets forethe wa
distribution point probabilistic forecasts of the peaftconsumption FRC should be used as they
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can quantify the uncertainty in the model predictions and convey the risk of having insufficient

FRC at the point of consumption.

A common approach to gerating probabilistic forecasts is through ensemble modelling.
Ensemble models group the predictions of multiple deterministic models into a probability
distribution (the forecast). Probabilistic ensemble forecasting often use physical or {asets
mocdels, however, ensembles of artificial neural networks (ANNS), a type ofidatn model,

have also been used for probabilistic forecasting in hydrdBgycher et al., 2009)sing data
driven models for probabilistic forecasting has the added advahi@igihese models are not

limited bya priori assumptions about underlying behaviour, making them better for modelling
highly uncertain process. The Safe Water Optimization Tool (SWOT) is an analytical tool which
generates evidendmsed, sitspecific FRC targetguidance for water system operators in

humanitarian response settings using ensembles of ANNs for probabilistic forecasting.

A common challenge in ensemble modelling, especially when using ensembles of ANNSs, is that
the resulting forecasts tendtie underdispersed, meaning that the spread of the forecasts tends
to be lower than the spread of the underlying @&taicher et al., 2009 his reduces the

reliability of the forecasts as the forecast distribution will not match the observed data, and i
means that the model may fail to capture extreme events, including observations with lew point
of-consumption FRC where the health risk is highest. For ANNSs, this underdispersion may be
due to the use afommonerror metrics, such as mean squared eM&HK) as cost functions.

Studies from other disciplines, primarily in business management applications, but also water
resources, have noted tltmimmonerror metrics are not appropriate for raadrld applications

as the regressieto-the-mean behaviour #t they produce does not represent the needs of users,
and instead ANNs should be trained using cost functions that promote the desired behaviour
(Crone et al., 2005; Toth, 2016)ast attempts to overcome underdispersion for ANN ensemble
forecasts of podtistribution FRC include ensemble pg@sbcessing, which uses ngarametric
methods to increase the dispersion of the forecast (De Santi et. al, 2021 [Chapter 3]), as well as
costsensitive learning (Chapter 4). An alternative approach to overcomirgrtin@on

challenges ofypical error metrics for ANNSs is to use mutibjective training. Multiobjective

training has been demonstrated as an effective tool for training ANNs for modelling chlorine

residual in piped distribution systems, as well as forreehgineering applications ranging from
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structural engineering to hydrolog€hatterjee, Sarkar, Dey, et al., 2017; Chatterjee, Sarkar,
Hore, et al., 2017e Vos &Rientjes, 2008)In particular, these studies have shown that ANNs
trained using multobjective optimization perform particularly well for predicting outlier events.
Broadly, multiobjective training can be divided into twiethod: first, multiple objectives can

be combined into a single objective through multiplication or using a weightedrsithen the
neural network can be trained using conventional means such as backpropagation. These are
referred to apreferencebasedmethodsas the use of a weighted sum to combine objectives
allows certain objectives to be preferred or prioritized otleers. Alternatively, the second
approach is to train the neural network model parameters nisipgeferencanethods which

use metaheuristigpproaches (a type of highewvel search procedursgarch procedures such as
a multtobjective genetic algohim (MOGA) or particle swarm optimization (PSO) to
simultaneously optimize all objectives when training the model weights and {lasées&
Rientjes, 2008)This latter method also has the benefit for ensemble learning that the final set of
solutions (or a subset thereof) can be used to form an ensg@kbbless, 2003; Che& Yao,

2010)

This study investigated the use mudbjective training ensembles ofNAs for probabilistic
forecasting of poinbf-consumption FRC in refugee and IDP settlements. While 1oljéctive
training of ANNs and ANN ensembles has previously been applied to many contexts, this is the
first attempt to use these methods for prolistiilensemble forecasting and is also the first use

of multi-objective training for datdriven models of podtistribution FRC.To accomplish this

we selected aovel combination of objectives that were specifically targeted to evaluate

different aspeat of the similarity between the forecasts and the distribution of the observations.
The goal of this researatiasto assess the effectiveness of using maflijective training to

improve the dispersion and reliability of ANN ensemble forecasts of-pbicbnsumption FRC
Thus, we had three primary aims for this investigation. First, we sought to produce and evaluate
ensemble forecasts of poiot-consumption FRC using ANNSs trained using prefererased

and nepreference mukidbbjective training and iderfiyi the best multiobjective training method.
Secondly, we sought to compare the ensemble forecasting performance of ANN ensembles
trained using multbbjective training methods against the baseline of ensembles of ANNs

trained using MSE. Finally, we sougbtcompare the mulbbjective training approach to other
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approaches that have been investigated for improving the performance of the SWOT ANNS,

namely ensemble peptocessing and casensitive learning.

54  Methods
5.4.1 Description of Data Sets Used

This studyused data from three refugee settlements in Bangladesh, Tanzania, and Nigeria, which
were collected through the SW®Toject. At each site, water quality changes from the pafint
distribution to the poinrbf-consumption were documented using paired samgpliherein the

same unit of water was sampled at both the water distribution point and at thefpoint

consumption. At each sitdata orthe same five parameters were collected:

1. FRC concentration at the water distribution point

2. Electrical conductivity (E) at the water distribution point
3. Water temperature at the water distribution point

4. FRC concentration at the poiaf-consumption

5. Elapsed time from the measurement at the water distribution point to the measurement in

the pointof-consumption

5.4.2 Ethics

Thestudies in Bangladesh, Tanzania, and Nigeria received approvaihedtoman

Participants Review Committee, Office of Research Ethics at York University (Certificate #:
2019186), The study in Bangladesh also received approval from the MSF Ethical FBnaegy
(ID #: 1932), and the Centre for Injury Prevention and Research Bangladesh (Memo #:
CIPRB/AdmMIin/2019/168).

5.4.3 ANN Ensemble Model Description

The ANN base learners for the ensembles in this study use the multilayer perceptron (MLP)
structure with one hikn layer as this type of ANN has been shown to outperform other ANN
architectures for predicting extreme values of FRC in piped distribution syE&bis et al.,

2006; Rodrigue& Sérodes, 1998J-or each site, two input variable combinations were
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considered: the first input variable combination (IV1) included only poirdistribution FRC

and elapsed time, representing the minimum water quality data which are regularly collected in
humanitarian response settings, and the second input variable coarb{i#) included point
of-distribution FRC, EC, water temperature, and elapsed time, representing commonly available
water quality data in humanitarian settings. Two input variable combinations were considered to
determine if different multobjective traning approaches perform better with larger or smaller
variable combinations. In particular, maximizing the performance of ANN ensembles using the
minimalist input variable combinations can help reduce the data collection burden for water
system operatolig humanitarian settings. For each variable combination, the overall dataset was
subdivided into a calibration set used for training and validating the models, and a testing set
used to evaluate model performance. We used 25% of the overall dataseinfgr 2686 for
validation, and 50% for training. We provide descriptive statistics for the input and output
variables in each variable combination for the testing and calibration dataset ib-TaNete

that we do not subdivide the calibration datastet Walidation and training in Tabk1 because

for each base learner ANN, the training and validation datasetsavelemlysampled from

within the calibration dataset.
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Table5-1: Input and outpt variable mean, median, and standard deviations for all sites and input variable combinations for the

calibration and testing datasets. Note that the same variable at the same site may have different statistics betwagputhe two

variable combinationslue to observations being removed for missing.

Calibration Testing
Number of Mean Median Standard Number of Mean Median Standard
Observations Deviation Observations Deviation
Bangladesh Pointof- 1,597 0.71 0.66 0.38 533 0.70 0.64 0.38
V1 distribution
FRC(mg/L)
Elapsed 10.02 6.70 5.04 9.66 6.67 4.93
Time (h)
Pointof- 0.34 0.28 0.28 0.34 0.28 0.28
consumption
FRC(mg/L)
Bangladesh Pointof- 728 0.74 0.67 0.38 244 0.77 0.69 0.41
V2 distribution
FRC(mg/L)
Elapsed 10.27 6.80 5.07 1018 6.88 5.00
Time (h)
EC( es/ ¢ 329 308 68.85 34 310 64.08
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Calibration Testing

Number of Mean Median Standard Number of Mean Median Standard
Observations Deviation Observations Deviation
Water 2751  27.80 1.49 2782 2770 129
Temperature
°C)
Pointof- 0.33 0.27 0.28 0.35 0.26 0.36
consumption
FRC(mg/L)
Tanzania Pointof- 228 0.39 0.30 0.22 77 0.39 0.30 0.21
V1 distribution
FRC(mg/L)
Elapsed 7.35 5.65 4.96 7.18 5.60 5.51
Time (h)
Pointof- 0.20 0.10 0.15 0.18 0.10 0.15
consumption
FRC(mg/L)
Tanzania Pointof- 66 0.60 0.61 0.23 23 0.65 0.62 0.20
V2 distribution
FRC(mg/L)
Elapsed 11.52 8.19 5.70 11.75 8.53 5.94
Time (h)
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Calibration Testing
Number of Mean Median Standard Number of Mean Median Standard
Observations Deviation Observations Deviation

EC( es/ ¢ 325 393 150 295 390 170
Water 24.03  24.05 0.97 23.83 23.80 1.07
Temperature
(°C)
Pointof- 0.29 0.28 0.20 0.34 0.31 0.22
consumption
FRC(mg/L)

Nigeria IV1  Pointof- 162 0.53 0.55 0.08 54 0.%4 0.60 0.09
distribution
FRC(mg/L)
Elapsed 4.08 3.53 3.08 391 3.73 176
Time (h)
Pointof- 0.31 0.30 0.1 0.33 0.30 0.12
consumption
FRC(mg/L)

Nigeria IV2  Pointof- 162 0.53 0.50 0.08 54 0.54 0.60 0.09
distribution
FRC(mg/L)
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Calibration Testing

Number of Mean Median Standard Number of Mean Median Standard
Observations Deviation Observations Deviation
Elapsed 408 3.53 3.2 391 3.73 1.76
Time (h)
EC( es/ « 270 270 11.43 266 267 17.06
Water 31.39 31.30 1.91 31.85 3180 1.96
Temperature
(°C)
Pointof- 0.31 0.30 0.11 0.3 0.30 0.12

consumption
FRC(mg/L)
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The hyperparameters of the base learners were selected through an exploratory analysis informed
by the processes documented in De Santi et al. (2021). The hidden layer size was selected by
successively doubling the number of hidden nodes and then selbetgige where performance
improvements slowed or where performance decreased. The selected hidden layer size for the
Tanzania and Nigeria IV1 models was four hidden nodes and eight hidden nodes for the V2
models. In Bangladesh, we selected a hidderr ksige of 16 hidden nodes for both the IV1 and

IV2 models. The results of this exploratory analysis are presented in Apfizadithey are the

same as those used in Chaptefide hyperbolic tangent activation function was used in the

hidden layer and anlear activation function was used for the output layer.

The ensemble size (number of base learners in an ensemble) was also selected through an
exploratory grid search analysis where ensemble sizes of 50 to 500 were investigated.
Performance typically ireased with increasing ensemble size, though the improvement as size
increased tended to decrease for ensemble sizes between 100 and 200, so for all sites and
variable combinations, an ensemble size of 200 ANNs was selected to ensure that the ensemble
sizedid not constrain performance at any site while avoiding the additional computational time
associated with larger ensemble sizes. Note that some of theohjelttive training approaches
required slight changes to this ensemble size. These changeskaw#olbumented in the

description of the different mulbbjective training approach sections.

When developing ensemble models for probabilistic forecasting it is critical that the ensemble
members or base learners are sufficiently distinct from eachsatibat the resulting forecast
accurately quantifies the uncertainty in the underlying behaygricker, 2012; Hamill, 2001)

In ANN ensembles, this difference between base learners is referred to as ensemble diversity,
which can represent a varietydifferences ranging from differences in the model parameter
(weights and biases) to differences in the model structure or hyperparameters, and even inclusion
of different types of models within an ensem{@eown et al., 2005)We promoted ensemble

diversty in this study using implicit techniques in two ways. First, the initial weights and biases
were randomized so that each base learner was trained starting at a different location on the error
surface. Additionally, the calibration data was randomly sachpito training and validation

subsets so that all of the calibration data was used during training but this data was randomly
allocated to training or validation. By using random processes to initialize the models and to
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select the training and validati@lata, we obtain a diverse ensemble while ensuring that the base
learners remain independent of each other. In some cases, additional diversity was introduced
through the training approach, which has been noted in the descriptions of the differerf trainin

approaches.

5.4.4 Approaches to MultObjective Training

As discussed in Section 5.8gtre are twanain categories ahulti-objective trainingnethods
for ANNSs. The first are preferendeased methods which combine manjectives into a single
scorel eitherby multiplying the scores for each objectimeby combining each the scores in a
weighted sm. In a preferencéased method, since there is a single sthe2sANNSs can be
trained using typical backpropagation trainim@e secona@ategory are npreference methods
which simultaneously optimize all objectivesing a metaheuristmptimization procedursuch
asMOGAs orPSQ

Objectives Considered

Many different objectives and combinations of objectives have been proposed in past studies of
multi-objective ANN training. When using mutlbbjective training for modelling natural

systems, it is important to select cost functions that meaningfully assess thd tdebiaviour

(de Vos &Rientjes, 2008)Since the ensembles in this study are being used for probabilistic
forecasting, and will be assessed based on the similarity between the forecast distribution and the
underlying distribution, we selected objectivikattevaluate the difference between the

predictions of each model and the underlying distribution.

The objectives we used are adapted from the Kling Gupta Efficiency (KGE) cost function and

are used to assess the similarity between the observed and predicted distributions. We selected

this cost function as a basis for selecting training objectiveshas ibeen shown in previous

studies to produce very good performance when used to train ensembles of ANNSs, likely due to

its prioritization of matching key distribution parameters (Chapter 4). This cost function was
developed by decomposing common perfarncae met ri ¢s i1 nt o three ¢ o0mg
the observed and predicted standard deviationthie ratio of observed and predicted means;

andit he Pearsonés correlation coefficient betwe

converted these interror scores using the same approach taken by Gupta et al. (2009): we took
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the squared difference between each component and the ideal value (1 in each case). Thus, the

first three objectives we used were:

0 OVQMY QG T @ | (51)
0RQQO &R DT P T (5-2)
0 ®QQE DG T P | (5-3)

Each of these scores are negatively oriented (lower value is better) ranging from 0 to infinity.

One of the unique challenges of using probabilistic ensemblesarakt poirbf-consumption
FRC is that, while FRC at the poiaf-consumption is a continuous variable, the-tsised
targetsoperate ora binary classification approach to determine if there is sufficient FRC at the
pointof-consumption. In this studwe included two objectives that directly measure the
classification performance of the modedcallandprecision Both describe the probability of

misclassifying if there will be adequate FRC at the pofrtonsumption.

Recall is measured as the ratifctrue positives to the sum of true positives and false negatives.
For this study, a true positive is defined as a sample where the observed and predictded point
consumption FRC are both below 0.2 mg/L (i.e., a sample where the base learner model
correctly predicts water will have insufficient FRC at the peafitconsumption). A false

negative occurs when the observed point of consumption FRC is below 0.2 mg/L but the
predicted FRC is above 0.2 mg/L (i.e., the model incorrectly predicts that thebe adlequate
FRC at the poinrbf-consumption). Thus, recall can be thought of as the probability that the

model will correctly predict if poirbf-consumption FRC will be below 0.2 mg/L.

0 ©QQ axdYIDOoLL & ——

(5-4)

Precision is measured as the ratio of true positives to the sum of true positives and false
positives. The definition of true positive is the same as for recall, and a false positive occurs
when the model predicts that pewmftconsumption FRC will be below 0.2 mg/L, but the
measured poirbf-consumption FRC is above 0.2 mg/L (i.e., the model nectlly predicts that

there will be inadequate FRC at the paaficonsumption). Thus, precision can be thought of as
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the probability that poirbf-consumption FRC will actually bebove0.2 mg/Lwhenthe model
predicts thapoint-of-consumption FR®vill be below 0.2 mg/L.

0 @'QQ iRV Qi Q&

(5-5)
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Recall and precision are both positively oriented scores (higher score is better) ranging from 0 to
1.

Preference Based Methods

We developed three preferedAgased methods for mulbibjective training where we combined
multiple objectives into a single @ttive usinga weighted sumWe used a weighted sum

instead of multiplicatiorior two reasongrirst, we found that the backpropagation algorithm did
not converge effectively when multiplying more than two objectiogsther. While this

problem has notden described in past studies, it was likely a problem due to discontinuities in
the error surface arising from binary classification objectives (recall and precision) combined
with differences in potential scale of the other objectives. The second feasboosing a
weighted sum approach is thaailowed usto prioritizethe objectives differentlyHowever, a
challenge with using a weighted sum is finding appropriate weights for the different objectives.
We developedhree method® weightingthe varous objectives, described below

Method1

The first preferencbased method used a weighted surardy the first three objectives and

sought to rebalance the underdispersion that we observed when training ensembles with MSE.

To obtain the weights for each of the three objectives we first trained an ensemble of ANNs

using mean squared error (MSE). We theal@ated the mean performance for each objective

(i &R’ o &Rl i'Qb £) bbfained by the ensemble trained with MSE. We set the weights

for each objective inversely proportional to the score obtained by the model trained using MSE.

To achieve this, we set the weight for the objective with the best (lowest) score to 1 and set the
weights for the other objectives as the ratio

with the lowest score, using the scores obtained by theiht@ined with MSE. Thus, if, for
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example, the beta score was the objective with the lowest score, the combineabjaative

cost function would be:
Ol 6—72| i GEITA GET-9——21i WET Q (5-6)

wherethe i i i @®1 values refer to the scores for those objectives obtained by the
ensemble model trained with MSE. The cost function in Equat®mvas then used to train a
new ensemble of 200 base lezts1 Only the first three objectives were included as these
objectives are derived from the components of the MSE score, whereas recall and precision

cannot be derived directly from the MSE score.

Method2

This preferencdased method used all five objeess, however, unlike the other preference

based methods, a single weighted sum was not used. Instead, each base learner was provided
with a different weighting for each objective with the intention of optimizing eachlbaseer

to a different locationn the objective space, thus ensuring a balanced and full exploration of the
output space. The weights assigned to each objective for each base learner were obtained using a
DasDennis grid which is am-dimensional grid witlp-partitions, wherenis the number of

objectives, ang is selected based on the desired number of solutions. For thisndase/e

since there are five objectives, gma/ias selected to be 6 as this yields a grid of 210 possible
weights, which is the closest to the ensemble siZ00fselected in Sectionds3 above. With

six partitions, the possible weights for each objective are {0, 0.167, 0.333, 0.5, 0.666, 0.8333, 1},
with the DasDennis grid providing a matrix of all possible combinations of weights for each
objective.

Method3
The third preferenecbased method used a single weighted sum of the five objectives, as shown
in Equation 57.

0o€i o zZl { wEifQ ¥ | ©£11Q 21l DETOROOAEYQOOA &
01 Qe 201 QOQi Q¢ ¢ (5-7)
To determine the weights assigned to each objective, successive random searches were used to

narrow the search space to an optimal weight combination. In the initial search, all weights were
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randomly sampled between 5 and 100 in intervals of 5. The penf@erof the resulting

ensembles were then used to narrow the search space until an optimal weighting combination
could be found. Unlike Methods 1 and 2, this method selects the weights based on the
performance of the resulting ensembles and not-agfieed assumption of what should

produce good performance. There are however two challenges with this method. First, several
rounds of random search are required to narrow the search space, which is time consuming.
Second, to ensure that we select a weightorgbination that is generalizable, we need to

identify a combination of weights for the five objectives that balances performance across

multiple sites.

No-Preference Methods

Method 4

The fourth multiobjective training method was a-peeference trainiggmethod using the

NSGA-1Il MOGA developed by Deb and Jain (2014) to set the weights and biases. This

algorithm expands the popular NS@lfalgorithm, which has been previously demonstrated to

perform well for training ANNgChatterjee, Sarkar, Dey, et,&017; Chatterjee, Sarkar, Hore,

et al.,, 2017¢ge Vos &Rientjes, 2008) f or-oBmaaty i ve 0 o pobjectmé zat i on (
optimization with more than two objectives).

As a genetic algorithm, the NSGIK MOGA adheres to the following general process. A

initial set of solutions are generated, their
evaluated, and genetic operators are used to generate offspring solutions from these initial

parents. Then, the fithess of the combined set of parerdftapling solutions is evaluated, and

the mostfit solutions from the combined set of parents and offspring are used to generate the

next generation of offspring. This procedure then continues for a fixed number of iterations or

until some other stoppingyiteria is met.

The main innovations of the NSGA MOGAs are their approaches to evaluating fithess of
solutions for multiobjective problems. The NSGI algorithm uses a fast, elitist sorting
mechanism to sort the solution set for each generation getietic algorithm to identify and
prioritize Pareteoptimal or nordominated solutions through the formation of Pareto frontiers.
Pareteoptimal solutions are solutions where no other solution exists that could perform better on

one of the training objestés (in this case eitheri @ &1 Qo éiii D¢, Y Q000 &
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01 Qo Niwithéut decreasing performance on another objective. Paoetiers are used to
group solutions on their level of domination. The first Paretaigoioontains all nomdominated
solutions, the second frontier includes all solutions that areloonnated after the first frontier
is removed, and so oBoth the NSGAIl and NSGAIII algorithms sort solutions by their Pareto
frontier to prioritize inaiding nondominated or lesdominated solutions in each subsequent

generation.

The difference between the NSGkand NSGAlII algorithms is how they ensure a diverse set

of solutions. NSGAIl used a crowding operator to select for solutions that pravici#anced
exploration of the Paretisont. However, as the number of objectives increases, this becomes
computationally inefficient so the NSGIN algorithm uses a niching operator to associate

solutions to different locations in the objective spaceguie same DaBennis grid described

for Method 2. To reduce the optimization time required, we provided an initial set of weights and
biases by training an ensemble of 212 base learners (number of solutions recommended by Deb
and Jain (2014) of the NSGI algorithm when using five objectives) and using the trained
weights and biases as the starting point for NS{EAptimization. We allowed for 1000

generations of the genetic algorithm, and implemented a regularization procedure whereby, if the
mean scres for all objectives had stopped improving for 20 generations, the best, previous set of
weights and biases would be restored and the magnitude of mutation would be reduced to focus
the search near this previous, best set of solutions. This was a gydkrization approach

inspired by early stopping procedures used to train ANNs. We then used the final set of solutions
as the weights and biases of the ensemble model. We found that this was necessary as after many
generations without regularizationgtperformance for some objectives would become very

poor.

5.4.5 Ensemble Verification Metrics

Ensemble verification metrics are measures used to assess the probabilistic forecasting
performance of an ensemble model. Unlike deterministic scores like MSE or NSE, these scores
evaluate the ensemble output as a distribution. Probabilistic forecastdesigszl from the

ensemble by weighting the predictions of each base learner and then combining these predictions
into a probability density function (pdf). In this study each base learner was equally weighted, so

the weight assigned was equapify where M is the number of base learners in the ensemble.
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Since the output of the models were probabilistic forecasts, deterministic scores such as the MSE
or NSE are not useful for evaluating the performance of the forecasts (Boucher et al., 2009;
Hamill, 2001) Instead, scores and performance metrics were selected which could evaluate the
probabilistic forecasts of each ensemble according tgdhslisted in Sectiorb.3. Each of the
ensemble verification metrics listed below were evaluated for the testtaitdg (see Section

54. 3) to verify each ensemblebds ability to f
section,b refers to the full set of observed peaftconsumption FRC concentrations and

refers to théQ observation’Orefers tathe full set of forecasted po#of-consumption FRC
concentrations forecasted by the ensembB&sfers to the forecast associated with"the

observation, and refers to the prediction by tiie base learner in the ensemble on"the
observation For the following metrics, it is assumed that the predictions of each base learner in
the ensemble are sorted from low to high for each observation sué@ thatQ froma

toa 0.

Percent Capture

Percent Capturis a measure thabk been commonly used to evaluate the effectiveness of
probabilistic and possibilistic models (Alvi&i Franchini, 2012, 2011; Khat Valeo, 2017,

2016). ThePercent Capturis the percentage of observations where the observedgieint
consumption FRC coeatration was within the limits of the ensembles forecast. Obsenéation

is considered captured® ¢ Q. ThePercent Capturis a positively oriented score, with

an upper limit of 100% and a lower limit of 0%. We calculated®&eent Capirefor both the

overall dataset and for only observations with poirtonsumption FRC below 0.2 mg/L. This
approach is common in literature of probabilistic forecasting @atikdrivenmodels as an

approach to assess both the overall dispersion asveell t he model 6s ski I | [
outside of an acceptable threshold (ANsFranchini, 2012, 2011; Kha% Valeo, 2017, 2016)

Reliability Metrics for Ensemble Verification

Ensemble reliability refers to the similarity between the observed aachisied probability
distributions. Numerous reliability metrics have been developed in the literature, this study uses
three reliability metrics which are commonly used in atmospheric sciences and which have been

applied outside of atmospheric sciencashigdrological applications (Boucher et al., 2009).
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Cl Reliability Diagram

The first reliability metric used for ensemble verification was the reliability diagram. The

reliability diagram plots observed relative frequency of events against the forexzeipty of

that event. Boucher et al. (2009) adapted this diagram for ensemble modelling as the confidence
interval (CI) reliability diagram which compares the frequency of observed values with the
corresponding CI of the ensemble, where the ensemblar€terived from the sorted forecasts

of the base learners (for example, the ensemble 90% CI would include all of the forecasts
betweeriQ® and'Q® ). We extended this this further by plotting Percent Capturef

each ClI within the ensemble against the Cl level. For each ensemble model we plotted the CI
reliability for the 10% to 100% CI levels at 10% intervals as well as at the 95% and 99% CI.

The reliability diagram and Cl reliability diagram are visual iatlics of ensemble reliability

with the ideal model having all observations plotted along the 1:1 line showing that the observed
probabilities are equal to the forecasted probabilities. De Santi et al. (2021) developed a
numerical score for the CI relialiyfidiagram which calculated the squared distance between the
Percent Captureithin each Cl and the ideRlercent Capturia that Cl. This was calculated for

each ClI threshold, k, from 10% to 100% in 10% increments as shown in Ecu&tidine ClI

Reliability Score measures the horizontal distance betweeRdfeent Capturand the 1:1 line

for each CI. Since a smaller absolute distance means that each point is closer to the 1:1 line, this
score is negatively oriented with a minimum value of 0. CI Reitgtallagrams were plotted and

the CI reliability score calculated for both the overall data set and for foi@usestvation pairs

where the observed poinf-consumption FRC concentration was below 0.2 mg/L.
6 QA QOHYRE IO, Q 0 Q1 ONGHO VDT (5-8)

Rank Histograms

The Rank Histogram (RH) is another visual tool used to assess the reliability of ensemble
forecasts. To construct the rank histogram, for each forebastvation pair, the observatién

is added to the sorted vector of forecast valQewith the new vector havingg p members.

A rank is assigned to the observed value based on where in the set of forecasted values it falls.
This is repeated for each forecasiservation pair. The R4 the histogram of the ranks

assigned to each observatién, If the forecast and observed probabilities are the same, then any

observation is equally likely to occur in any of the M+1 ranks, which would result in a flat rank
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histogram. If the forecastl and observed probability distributions are different, then the rank
histogram will not be flat and may be either U shaped, indicating underdispersieahapsd,

indicating overdispersion; or skewed, indicating bias (Hamill, 2001; Talagrand et9al), 19

The RH is a visual tool, b@andileandT al agrande (2005) proposed a
score which measures the deviations from flatness (Equa®pnThe ideal score is 1 with

scores much greater than 1 indicating substantial deviatiomsfitness and scores less than 1
indicating interdependence between ensemble predict@arsl(lle & Talagrand, 2005). This

|l atter case is very uncommon. The U score was
dataset and for only those observasiorhere the observed poiot-consumption FRC was

below 0.2 mg/L.

-
‘<<| <

(5-9)

The two components of t hB&l0andsltwhered isthedotas h o wn i
number of ensemble membe@s the total number of observations, ands thenumber of

elements in th& bin of the rank histogranCandille & Talagrand, 2005).

y B i — (5-10)

(5-11)

Continuously Ranked Probability Score

The continuously ranked probability score (CRPS) is a commonlyrase&t for evaluating
probabilistic forecasts. It measures the area between the forecast cumulative distribution function
(cdf) and the observed cdf for each forecast observation pairing. The CRPS measures not only
model reliability but also sharpness amttertainty where the sharpness penalizes excess spread

of the ensemble forecast, and uncertainty relates to the uncertainty in the obser{eerdata

2014; Hersbach, 2000). For a given foreadstervation pair, the cdf of the forecast is calculated
from the probability distribution of the predictions of the base learners of the ensembles. Since
each observation is a discrete value, it is represented with the Heaviside fidctionw

which is 0 for all concentrations of poiat-consumption FRC belv the observed FRC and 1

for all predicted concentrations of pomit-consumption FRC above the observed concentration.
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The calculation of the CRPS is given in Equaieh? where Ois the cdf of the forecast values

for observatiort . Note that EquatioB-12 shows the calculation of CRPS for a single forecast

observation pairing. To evaluate the ensemble models, the average dCRRSI¥ calculated by

taking the mean CRPS over all foreeabservation pairs.
6YOY O® 0w £ Q (5-12)

Hersbach (2000) derived a calculation of CRPS for ensemble models that treats the forecast cdf
as a stepwise continuous function with 0  p bins where each bin is bounded at two

ensemble forecasts and the value in each bin is thelatine probabilityd 'Y DiS\talculated

using™ @, the average width of bia (averagalifference in FRC concentration between forecast
valuesd anda  p) and€  the likelihood of the observed value being in birUsing these

values, the Y'Yfor an ensemblean be calculated as:

OYO'™B T p €17 € p N (5-13
Wheren is the probability associated with each bjn, — (Hersbach, 2000).

Hersbach (2000) also decomposed the ensemble CRPS calculation intoaiigyelesolution,

and uncertainty scores. The reliability term is of particular interest as it reflects the similarity

between the observed and forecast probability distributions. The average reliability @mn'Q
calculated as shown in Equatibfi4 (Hersbach, 2000).

YQaBR TE n (5-14)

Skill Scores

While in many cases, the score obtained for the performance metrics above are highly
informative (e.g.Percent Capturgrovides clear insight into the amount of observations
capturedthe CI Reliability Score provides a measurable distance from the ideal model), it can
also be helpful to normalize scores, both to facilitate comparison of scores between sites, and to
allow for a comparison of the relative improvement between metrtbsdifferent scales. Skill

scores provide a means of normalizing a performance metric using a baseline and an ideal score.
For our case, we used the scores obtained by an ensemble of 200 neural networks trained with

MSE as the baseline for developing th#él score. The ideal score fétercent Capturis 100%
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capture, the ideal Cl reliability score, CRPS
score is 1. Any performance metric can be converted to a skill score using E&tEbiorhe

skill score is normalized between negative infinity and 1 Wwitneaning that the score obtained

is the ideal score and a positive score indicating improvement over baseline. A skill score of O

means that there is no difference between the score obtained and the baseline, and a negative

score indicates that the searsbtained is worse than the baseline.

YQOOE | -9 (5-15)

The baseline scores for the ensembles trained on MSE are presented & Z.able
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Table5-2:Baseline performance for ANN ensembles trained UgiSg

Siteand |1 F e »e Fovdms # 8 FTH me
Variable

Combination

Bangladesh 22 25 2.86 2.50 153 97 0.16 0.087
V1

Bangladesh 33 31 2.48 2.48 52 42 0.21 0.11
V2

Tanzania 31 31 2.64 2.78 19 24 0.10 0.057
V1

Tanzania 30 50 2.69 2.61 5.92 1.98 0.15 0.065
V2

Nigeria IV1 30 0 2.36 3.85 14.31 4.00 0.10 0.056
Nigeria IV2 33 25 2.28 3.41 12.86 2.49 0.11 0.063
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5.5 Results and Discussion

The following section presents the performance of the models trained using the four multi
objective training methods listed in Sectiod.8.and compares the performance obtained to the
baseline performance obtained for ensembles trained with MSE, as well as comparing the
performance obtained through mdthjective training to other approaches that have been
investigated for improving theepformance of ANN ensembles used to probabilistically forecast
point-of-consumption FRC, and to generate {iislsed FRC targets, namely ensemble-post

processing and casensitive learning.

5.5.1 Selection of Weights
Prior to comparing the differentulti-objective training methods, the following ssbction
discusses the selection of objective weights for Methods 1 and 3. The objective weights for

Method 2 are preletermined using the D&3ennis grid.

Method1l

The weights for the three objectiviesi & &Rl {'Qco £hi { Qo £€) wéde determined in Method 1

by first training an ensemble of 200 ANNs using MSE as the cost function and calculating the
mean scores for these objectives and then using inverse weighting to train a new ensemble. Fo
each site and variable combination, the weight for the objective with the lowest (best) score was
set to 1 and the weights for the other two objectives were taken as the ratio of the score for that
objective to the objective with the best score. TékBshowsthe weights assigned to each

objective for each site and variable combination. Tat8esBows that in all cases thescore

was the lowest score for the models trained with MSE by a very substantial margin (& 1 'Q
was between 50 and @@imes better than the other scords)is indicates that the ANN models
trained with only MSE are very proficient at reproducing the mean of the observed data,
reinforcing our understanding that training ensembles of ANNs with MSE tends to produce a
regression to the mean behaviqre Santi et al., 2021)urthermore, the very poprscore

reinforces that these models are not proficient at reproducing the spread of the observations, thus

explaining the poor dispersion and reliability.
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Table5-3:0bjective weights used for mutibjective training Method 1. Weights are determined
as the ratio of each objectivebs score to the
MSE. This table indicates that the embles trained with MSE performed best orf the

objective, and worst on theobjective, so the weightings were assigned to counterbalance this.

Site and Variable ) weight 7 weight »weight
Combination

Bangladesh V1 123 1 92
Bangladesh 1V1 72 1 50
Tanzania IV1 140 1 79
Tanzania IV2 126 1 82
Nigeria IV1 52 1 26
Nigeria 1V2 48 1 31

Method3

The training function in Method 3 was a weighted sum of thec éfi i'Q €Al i'QAD £, Y Q0,0 & &
and0 1 'Q o "QTh@weights for these five objectives were obtained using successive tests where
the weights for each objective were randomly sampled and the ensemble performance was
evaluated using the ensemble verification metrics to successivebywidue search space

through multiple rounds of random search. In each round of random search, 100 possible
weighting combinations were considered, making it challenging to evaluate all alternatives for
each site, variable combination, and performanceiendto simplify the comparison of the
alternatives we calculated the net improvement achieved by each alternative at each site for each
variable combination by taking the sum of the skill scores. Thus, for each alternative we had six
net improvement scorgsne for each site and variable combination, as an indicator of the
magnitude of improvement for each weighting combination. We also considered the number of
positive skill scores for each site and variable combination, as an indicator of the consitency
improvement for each weightingigure5-1 shows the minimum and maximum net

improvement scores at each site for each round, as well as the sum of the net improvement scores
and boxplots of the number of positive net improvement scores in each round. This figure shows
that while in many cases thacdeof the optimization did not yield the highest maximum scores,

the optimization process effectively eliminated many of the worst scores. We see this with the
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increasing minimum values as well as the convergence of the boxplots towards the higher
positivity values, indicating that more solutions produced a positive net improvement score for

more sites and variable combinations.
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Figure 5-1: Summary of max and min performance improvement over 4 rounds ofmand

search to determine weights for the muoljective training Method 3. This figure shows that
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over 4 rounds of optimization the net improvement at each site increases, as does the number of
weighting combinations that produce improvement. This indithétthe successive random

search optimization process used effectively navigated the search space towards good
alternatives.

The weight range for each objective in the first round of random search was between 5 and 100.
using the evaluation methods abpwe constrained the search space as follows in the

subsequent rounds:
1 Round 2: Constrain the and recall weights between 50 and 100

1 Round 3: Constrain the weight between 60 and 100, constrainftheeight between 5
and 65, consainthei weight béween 5 and0.

1 Round 4:.Constrain th¢ weight between 80 and 100, constrainftheeight between 20
and 35, constrain thHeweight between 20 and 35, constrain the recall weight between 75
and 85, constrain the precision weight between 35 and 50.

At the end of the fourth round, we identified a preferred weight combination of:

T | weight:85
1 T weight:20
1 1 weight:20

1 Recall weight: 80
1 Precision weight: @

From these weights, we see that|thend recall objectives are most critical for obtaining the

best ensemble verification performance. The importance of #uere objective is likely in part
because the high variability in pedistribution FRC decay makes matching standard deviations
critical. The importance of the recall objective is likely a result of having three performance
objectives only evaluated on observations where the-pdicdnsumption FRC is below 0.2

mg/L as recall prioritizes performance on these samples.

5.5.2 Comparison of Milti-Objective Methods

Table 54 shows the scores obtained for each ensemble verification metric at each site with each
variable combination across tfer multi-objective training methods. Figure2sshows the sum
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of the normalized skill sces for each of thiourmulti-o b j ect i ve trai ning meth
| mprovement Scoreo, as well as a tally of the
multi-objective training method at each site for each variable combination. Together -Bable 5
and Figure B show that all of the mulbbjective training methods produced ensembles with
better forecast dispersion and reliability than the baseline ensembles trained with only MSE, as
shown by the Percent Capture, ClI Reliability, 'argtores infable 54, as well as the high net
improvement scores and large number of positive skill scores obtained across all methods. This
is consistent with findings of past studies that have also found thatohjdttive training of

neural networks tends to mhace better performance than using a single error metric, especially
in complex engineering applicatiofGhatterjee, Sarkar, Dey, et al., 2017; Chatterjee, Sarkar,
Hore, et al., 2017de Vos &Rientjes, 2008)Those studies tended to train deterministixiets,

but the results in Tables®and in Figure £ highlight that multiobjective training is effective

for training ANNSs for probabilistic ensembles. Interestingly, Tabfeshows thain many cases

the ensemble forecasts were able to capture 10Qbe afbservations, including all observations
with pointof-consumption FRC below 0.2 mg/ineaningthat the ensembles produced using
multi-objective training are not underdispersed. This represents a substantial improvement over
both postprocessing (Chapr 3) and cossensitive learning approaches (Chapter 4) that have
been used to address underdispersion in past research which were able to reduce, but not
eliminate, underdispersionh& improvement in the CI Reliability score andjthscore indicate

that multiobjective training also improves the reliability, indicating that the distributions of
observed and predicted data become more similar with-ohjlictive training. This is critical

for generating probabilistic FRC recommendations, as an uimgdgsumption of these targets

is that the model accurately reproduces the underlying distribution of the observed data.
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Table5-4: Summary of skill scores for each ensemble verification metric for-ahpictive method as well as the sum of the skill

scores (Net column). The baseline used to calculate the skill scores was the MSE performance showndn Table 5

Steand  Method |- F FF s Fyderm Fvdwrs  # %8 F{F Tmm
Variable
Combination
Bangladesh 1 96% 100% 0.04 0.03 259 1.72 0.20 0.07
(AVA 2 100% 100% 0.61 0.77 293 224 0.15 0.05
3 74% 93% 0.29 0.22 37.87 7.15 0.20 0.09
4 88% 87% 0.06 0.06 8.09 432 0.27 0.17
Bangladesh 1 99% 100% 0.11 0.070 1.30 1.08 0.13 0.014
V2 2 100% 100% 0.43 0.26 2.24 1.55 0.17  0.07
3 92% 100% 0.04 0.01 3.08 1.31 0.23 0.12
4 73% 54% 1.64 2.42 23.02 19.32 0.76  0.64
Tanzania 1 68% 59% 0.90 1.15 493 5.04 0.15 0.059
V1 2 100% 100% 0.07 1.85 132 251 0.12 0.01
3 78% 100% 0.93 1.17 6.76 5.11 0.15 0.066
4 79% 76% 0.23 0.47 7.47  8.07 0.067 0.014
Tanzania 1 83% 89% 0.56 0.18 1.33 0.96 0.16 0.08
V2 2 100%  100% 0.15 0.40 0.98 0.96 0.10 0.010
3 83% 89% 0.69 0.41 1.26 1.18 0.15 0.069
4 74% 50% 0.60 0.83 1.52 1.98 0.22 0.12
Nigeria V1 1 70% 33% 1.30 3.29 7.14  3.32 0.10 0.052
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Steand  Method |+ IFF s F 4 >m Fvdwrs #  #8 FIF Jmm
Variable
Combination

2 96% 67% 1.42 2.96 5.06 1.65 0.08 0.036

3 63% 0% 0.81 3.85 9.10 6.00 0.08 0.039

4 91% 100% 0.17 0.85 2.18 0.99 0.16 0.083
NigerialV2 1 59% 33% 1.28 1.87 952 299 0.081 0.029

2 100% 100% 0.49 2.58 1.68 1.31 0.066 0.021

3 76% 17% 0.30 3.27 3.86 432 0.065 0.015

4 74% 67% 0.73 0.36 440 0.99 0.24 0.14
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Net Improvement Score Number of Positive Skill Scores

Method 1 -ER-TANN k] . Method 1
Method 2 ERSE AR N . . Method 2
Method 3

Method 3

Method 4 Method 4

Figure 5-2: Comparison of netmprovement and number of positive skill scores for all multi
objective training methods, showing that consistently robjective training Method 2 produces
the highest net improvement scores and the most positive skill scores (indicating consistent
improvement).

When comparing the multibjective training methods, we see that while all of the multi
objective training methods improve the Percent Capture, Cl Reliability scofe;soute, the
second multiobjective training score improved all eight ensemble \oatifbnmetricsfor all

model configurations except for the Tanzania IV1 model. No atiehodwas able to yield

such consistent improvements in performance over the baseline. This is also critical as CRPS
tends to penalize sharpness and overdispersidhissshows that the improvement in forecast
reliability obtained by training the ensemble base learners itigod2 outweighed any

resulting loss in sharpness or resolutibarthermore, the mukobjective trainingViethod?2

produced the highest netpmovement score for four out of six site and variable combinations. In
the two cases wheMethod?2 did not produce the highest net performance increase (Nigeria IV1
and Bangladesh IV2), it produced the second highest net improvement score. Together, these
indicators show that, more than any other traimrehod the second muHbbjective training
methodproduces consistergubstantial improvement across many ensemble verification metrics

across all sites and input variable combinations.
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The reason fothe greater performance produced by Method 2, as opposed to the preference
based methods is likely due to the increased and targeted ensemble diversity obtained through
this method. In the other prefereAuased methods, ensemble diversity arises only them
randomization of initial weights and biases and the randomization of the calibration data into
training and validation datasets. All of these are considered implicit approaches to creating
ensemble diversity, meaning that we introduce some randonmtdgshope that it will create
sufficiently diverse ensembl¢Brown et al., 2005)Method 2 retains these implicit diversity

creation methods and adds additional diversity by varying the cost function for each base learner.
Additionally, because the divgty in the cost functions is controlled by the Ezennis grid,

which is not randomized and instead deliberately searches different areas of the objective space,
providing a balance between the objectives used. This diversity introduced through the cost
function can be thought to exist somewhere between implicit and explicit diversity. It is not
entirely explicit, as we do not directly use the results of the other ensemble members to inform
the training of the rest of the ensemble in the way that exgli@tsity generating algorithms

such as negative correlation or boosting, however, it is much more structured in its exploration of
the search space than a typical implicit diversity generating app{Bemhn et al., 2005)It is

likely this increased dersity, and the ability of each objective to effectively align with the goals

of the multiobjective training process

Method?2 also outperformed the fpyeference muklobjective training method, Method %his

is surprisingas a past study that showedttmultiobjective training using NSGA, a related
algorithm, outperformed preferenbased methodgle Vos &Rientjes, 2008)and many muli
objective studies have shown thatpreference methods tend to outperform sikadigective
training (Albuquerqge Teixeira et al., 2000; Chatterjee, Sarkar, Dey, et al., 2017; Chatterjee,
Sarkar, Hore, et al., 2017; Taormi&aChau, 2015)However, there are several key differences
between those past studies and the current research. First, of the above stutheslenps
andRientjes study considered preferefi@sed multiobjective training methods. Second, the
current research used muttbjective training to form probabilistic ensembles; not to train a
deterministic model, and as such we are not optimizirfontl a single best solution, we are
instead trying to match the distribution of the observed data. FinallgetiesandRientjes
(2008) used a multiplicative prefererlsased method. By multiplying objectives together, that
previous study could not ipritize different objectives. That Method 2 outperformed Method 4 is
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also interesting as the D&=nnis grid used to set the objective weights in Method 2 is also used
by the NSGAIII algorithm in Method 4 as part of its fithess selection. However, iiNBEA-

[l algorithm, the DasDennis grid only used after selecting Pareptimal solutions.

Additionally, the DasDennis grid is not used to inform the selection of model parameters
directly, it instead informs a niching operation in the NSBAlgorithm that prioritizes diverse
solutions amongst the selected solutions which is only used to select from the solutions on the
last Pareto front if there are too many solutions in that front to obtain the correct number of
parents for the next generation. Fgmmore, this niching operation associates solutions to the
nearest grid point, however, this does not mean that a solution is close to that grid point in
absolute terms. When examining these considerations together, we see thatDieaagrid,

while used in the NSGAI algorithm is used only secondarily to the elitist sorting operation, and
is only ever applied indirectly, and cannot be used to actually ensure that solutions are diverse. In
contrast, Method 2 uses the E@snnis gird to train each basearner to a different location in

the objectivespace obtains better model performance, which produces a more balanced, and

diverse set of solutions.

An additional benefit of Method 2 shown in Tabld &s that there is less of a difference in
performarce between the IV1 and IV2 models for a given site as compared to the difference seen
when using the baseline model. The 1V2 models still tend to outperform the IV1 models,
highlighting the benefits of incorporating additional water quality variables, \renwihe

magnitude of this difference is much smaller when using the +whjiictive training Method 2

than for the baseline. This is critical as additional water quality variables are not always
available, which is why improving the performance of the iMidel and reducing the difference

in model performance between the IV1 and IV2 models was a key area of future improvement
identified by De Santi et al. (2021). Past attempts to improve model performanee (post
processing and cosensitive learning) stiBaw a large disparity between the V1 and IV2
ensemble performances, so the ability of Method 2 to reduce this difference and achieve similar
performance for both input variable combinations is a crucial improvement that will enable
better performance irealworld sites where additional water quality variables may not be

consistently available.
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Figure 53 shows the predictions, ClI reliability diagram, and rank histogram for model
configurations using/lethod 2 From this Figure we see substantial differences in behaviour as
the data volume changes. In Nigeria and Tanzania, the sites with the lower data volumes, we see
some remaining underdispersion, though overall the models very effectively reproduce the
undetying data. Converselyhe Bangladesh modfdrecastswhich have the largest data
volumes.are overdispersedVhile this is not ideal, this can be easily mitigated by capping the
maximum amount of data used to train the models. One additional possibérce that the
forecast range tends to be unrealistically large, with forecastpbaunsumption FRC values
above the poinbf-distribution concentrations or below 0. However, this is merely an indicator
of the models reproducing the underlying uteiety and can be easily rectified with post
processing to a value within possible limits. The results of thisgrosessingtep areshown in
Figure 54. The postprocessing was achieved simply by rewriting impossible valuleswathin
possible limitsso as not to affect the underlying distribution of the data. From Figdirdaere is

no substantial change in the ensemble performance diagrams but all predictions have been

restricted to within possible values.
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Figure 5-3: Predictions, ClI reliability diagram, and Rank Histogram for each site and variable
combination using mukhbbjective training Method 2. From this figure we see that there is some
overdispersion in the Bangladesh models, and at all titsg are predictions that are

impossible (poirbf-consumption FRC lower than 0 or higher than the poirdistribution
concentration). While these predictions are physically impossible, they are an indicator of the

models reflecting the high degreeunicertainty present at these sites.
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Figure 5-4: Predictions, CI reliability diagram, and Rank Histogram for each site and variable
combination using mulbbjective training Method 2, after post processilmgcomparison to
Figure 53, this figure includes no unrealistic predictions, however, there is minimal change in
the ensemble performance. This indicates that thegrosessing technique effectively
constrained the predictions to within the range a$gible poirof-consumption FRC

concentrations without meaningfully impacting the underlying distribution.
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5.5.3 Comparison to Ensemble Pdg3atocessing and CeSensitive Learning

Table 55 compares the skill scores obtained using ruldjective taining Method 2 to three

other approaches that have been used to improve forecast dispersion and reliability for the ANN
ensemble forecasts of poiot-consumption FRC. The first two approaches use ensemble post
processing to improve the ensemble dispersiod reliability. Both use kernel dressing to

improve the ensembles forecasts, with the first approach deriving the kernel bandwidth using the
Roulston and Smith (2003) method which was used in Chapter 3 (De Santi et al, 2021) and the
second approach deimng the kernel bandwidth using the Wang and Bishop (2005) method

which is currently in use for the SWOT version 2 (Appendix C). The third approach compared is
the costsensitive learning approach described in Chapter 4. For consistency of compariion, in a
cases the costensitive learning approach used was KGE with inverse frequency weighting
(weighting 3 from Chapter 4), as this cost function and weighting combination produced the best
performance most consistently. The comparison in Tabléngludesall SWOT sites, not just

the three implementation sites, as this allowed for a better evaluation of the generalization of the
approaches considered. Note that Tabtednly shows the skill scores for five performance

metrics are included as thescoresand CRPS reliability term require discrete ensemble

members and are not easily calculated for continuous probability distributions obtained from
kernel postiprocessingFurthermore, the sum of the skill scores for each approach at each site
with each varible combination are shown in Figuré&long with a tally of the number of

positive skill scores=rom Table 5 and Figure £, the multiobjective training Method 2 is the

only approach which produced improvement across all five performance metmdissites and
variable combinations. Furthermore, mudbjective training Method 2 produced the largest net
score (largest total magnitude of improvement) for all sites and variable combinations. Based on
these two observations, mutibjective training sing Method 2 is the most effective method for
improving ensemble diversity and reliability of ensemble forecasts of-pbransumption

FRC. Future study should prioritize further optimization and operationalization of this approach
over those present@d Chapters 3 and 4 as the superior dispersion and reliability makes it ideal

for generating ristbased poinbf-distribution FRC targets for refugee and IDP settlements.
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Table5-5: Comparison of approaches to improving ensemble forecast dispersion and reliability. Note-fmmopessing approach 1,
the kernel bandwidth is derived using the best member error method (R&lStorth, 2003), and for pegrocessing approach 2,
thekernel is derived using the method proposed by Wang and Bishop (2005).

Site and Approach I F Fr s FN4: rg Fvdars  F3 H
Variable
Combination
Bangladesh IV1 Post Processingpproach 1 0.065 0.099 0.034 0.065 0.234
Post Processingpproach 2 0.132 0.198 0.059 0.107 0.294
Cost Sensitive Learning 0.839 0.863 0.673 0.601 -0.075
(KGE Weighting 3)
Multi-Objective 1.000 1.000 0.701 0.732 0.073
(Method 2)
Bangladesh IV2 Post Processingpproach 1 0.103 0.102 0.047 0.049 0.248
Post Processingpproach 2 0.200 0.271 0.078 0.096 0.285
Cost Sensitive Learning 0.818 0.797 0.821 0.806 -0.034
(KGE Weighting 3)
Multi-Objective 1.000 1.000 0.826 0.955 0.128
(Method 2)
Jordan (2014) Post Processingpproach 1 0.053 0.100 0.019 0.049 0.272
V1 Post Processingpproach 2 0.263 0.300 0.085 0.132 0.272
Cost Sensitive Learning 0.421 0.300 0.777 0.434 0.156
(KGE Weighting 3)
Multi-Objective 0.947 0.900 0.947 0.447 0.392
(Method 2)
Jordan (2014) Post Processingpproach 1 0.000 0.000 -0.007 0.000 0.434
V2 Post Processingpproach 2 0.067 0.000 0.036 0.039 0.434
Cost Sensitive Learning 0.467 0.500 0.299 0.286 0.215
(KGE Weighting 3)
Multi-Objective 1.000 1.000 0.956 0.645 0.497
(Method 2)
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Site and Approach I F Fr s FN4: v Fvdars  F3 H
Variable
Combination
Jordan (2015) Post Processingpproach 1 0.000 0.000 0.016 0.000 -0.777
V1 Post Processingpproach 2 0.053 0.000 0.026 0.000 -0.095
Cost Sensitive LearningKGE Weighting 3) 0.789 1.000 0.638 0.260 -0.557
Multi-Objective(Method 2) 1.000 1.000 0.867 0.260 0.161
Jordan (2015) Post Processingpproach 1 0.000 N/A 0.038 N/A 0.077
V2 Post Processingpproach 2 0.182 N/A 0.051 N/A 0.204
Cost Sensitive LearningKGE Weighting 3) 0.909 N/A 0.866 N/A 0.074
Multi-Objective(Method 2) 1.000 N/A 0.922 N/A 0.323
Nigeria V1 Post Processingpproach 1 0.000 0.000 -0.004 0.000 -3.992
Post Processingpproach 2 0.000 0.000 -0.031 0.000 -0.653
Cost Sensitive LearningKGE Weighting 3) 0.395 0.667 0.751 0.831 -0.010
Multi-Objective(Method 2) 1.000 1.000 0.919 0.745 0.430
Nigeria V2 Post Processingpproach 1 -0.068 0.000 0.011 0.000 -3.786
Post Processingpproach 2 0.023 0.000 0.025 0.000 -1.266
Cost Sensitive LearningKGE Weighting 3) 0.432 0.333 0.691 0.271 -0.018
Multi-Objective(Method 2) 1.000 1.000 0.866 0.456 0.412
Rwanda IV1  Post Processingpproach 1 0.000 0.000 -0.029 0.000 0.102
Post Processingpproach 2 0.000 0.000 -0.009 0.000 0.325
Cost Sensitive LearningKGE Weighting 3) 0.632 0.286 0.423 0.189 0.252
Multi-Objective(Method 2) 0.947 0.857 0.820 0.254 0.371
Rwanda IV2  Post Processingpproach 1 0.000 0.000 -0.051 0.000 -0.088
Post Processingpproach 2 0.063 0.143 0.024 0.056 0.250
Cost Sensitive LearningKGE Weighting 3) 0.563 0.429 0.664 0.333 0.016
Multi-Objective(Method 2) 1.000 1.000 0.846 0.685 0.303
South Sudan Post Processingpproach 1 0.120 0.143 0.054 0.062 0.330
V1 Post Processingpproach 2 0.200 0.286 0.085 0.115 0.331
CostSensitive LearningK GE Weighting 3) 0.560 0.357 0.429 0.317 -0.543
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Site and Approach I F Fr s FN4: v Fvdars  F3 H
Variable
Combination
Multi-Objective(Method 2) 1.000 1.000 0.964 0.889 0.393
South Sudan Post Processingpproach 1 0.077 0.067 0.055 0.068 0.303
V2 Post Processingpproach 2 0.308 0.333 0.134 0.158 0.303
Cost Sensitive LearningKGE Weighting 3) 0.577 0.467 0.724 0.620 0.353
Multi-Objective(Method 2) 1.000 1.000 0.975 0.952 0.473
Tanzania IV1  Post Processingpproach 1 0.000 0.000 0.056 0.069 -2.823
Post Processingpproach 2 0.038 0.057 0.057 0.117 -0.352
Cost Sensitive LearningKGE Weighting 3) 0.660 0.657 0.549 0.587 -0.178
Multi-Objective(Method 2) 1.000 1.000 0.907 0.581 0.174
Tanzania IV2 Post Processingpproach 1 0.000 0.000 0.000 0.072 -1.057
Post Processingpproach 2 0.000 0.000 0.003 0.000 0.055
Cost Sensitive LearningKGE Weighting 3) 0.647 0.750 0.566 0.555 -0.600
Multi-Objective(Method 2) 1.000 1.000 0.995 0.901 0.346
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Net Improvement Score
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Figure 5-5: Comparison of net improvement and number of positive skill scores for all
approaches, showing that consistently malijective training Method 2 produces the highest

net improvement scores and the most positive skill sqordicating consistent improvement).

5.6 Conclusion

This research investigated the effectiveness of rmbigctive training for improving the

dispersion and reliability of ANN ensemble forecasts of pofrtonsumption FRC in

humanitarian resp@e. We found that in almost all cases, malijective training improved the
ensemble forecasting performance over the baseline ensembles trained using MSE. In addition,
we developed a preferenbased multiobjective training approach that combines migtip

objectives using a weighted sum with a unique weighting for each base learner determined using
a DasDemis grid. This method produced the most consistent improvement across multiple sites
and variable combinations. When comparing the preferred-ohctive training approach to

other approaches to improving ensemble forecasts (ensembigrposssing and cost sensitive

learning), we found that the mutibjective approach outperformed these other approaches
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across multiple sites and variable comhimrad. Furthermore, we also found that, as compared to
ensembles trained with MSE or using esshsitive learning, the difference in performance
between models trained with different variable combinations is smaller usingaijeittive

training, which iscritical for use in sites where there is limited capacity to collect additional

water quality variables. These findings present an important step in improving probabilistic
forecasts of poinbf-consumption FRC which will provide a critical benefit foe thafe Water
Optimization Tool project and will in turn allow water system operators to have a greater degree
of confidence when selecting poiot-distribution FRC targets. This also highlights the potential
benefits of incorporating multbbjective traimg into other datalriven modelling applications
wheretypical error metrics do not adequately reflect the intended outcomes of the models,

especially models of complex phenomena.
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Chapter 68Conclusion

Waterborne ilinesses remain a leading health risk to displaced populations living in refugee and
IDP settlements. The spread of waterborne pathogens through household recontamination
contributego outbreds of these illnesses, despite being preventable thritwegitovision of

adequate residual chloriméhich protects against recontaminatias current FRC targets do not
account for postlistribution FRC decayHowever, generating new FRC targets thabaat for
postdistribution FRC decay can be challenging due to the high degree of uncertainty underlying
the FRC decay processes after water leaves the gigiedbution systemro accounfor the
uncertainty in postlistribution FRC decay, this thesisugit to develop probabilistidata
drivenmodels of postistribution FRC decawith the objectives oévaluating the base

performance of these models, developing an approach to gegéaC targets from these

models, and then investigating approacloasiprowe these models.

6.1  Thesis Summary

The first two objectivesf this thesisare addressed in Chapter 3 which presented a-pfeof

concept investigatiarChapter 3howed that ANN ensembles can develop very accurate risk
based FRC targets using only tioe water quality monitoring data. However, this study also
identified the primary challenge of this approach: forecast underdispersion. The study in Chapter
3 presented a simple attempt to address this challenge through ensemplegessing,

howeverthe models remained underdispersed. This motivated the studies included in Chapters 4
and 5 which investigated new cost functions for training the base learner ANNs. The cost
function became the primary focus of these investigations because the cashfdatdrmines

what model behaviours are rewarded during training and which are penalized. We initially
considered this because we observed that ensembles with base learners trained using MSE
produced regressieto-themean behaviour (MSE is functionallgantical to the cost function
minimized by ordinary least squares regression). This was further reinforced through reading
numerous studies that identified MSE aasnmonerror metrics in general as poor cost

functions for realworld approaches as they teto prioritize the wrong elements of the output
space. A challenge in applying thesehniquess that thg have not been widely applied to

ANN ensembles used for probabilistic forecasting (as opposed to regression or classification).
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Chapter 4 investafed the use of casensitive learning and alternative cost functions for
training the base learners of the ensemble. This research showed that the best performing
alternativesusedcost functios which directly prioritized matching the distrilboms of he

underlying data combined with weightings that rebalance the cost function to equally prioritize
the entire output spac®f the cost functions and weightings tested in Chapter 4, KGE with
inverse frequency weighting produced the best performance. Baithas a cost function and
inverse frequency weighting tend to prioritize an equal prioritization of the entire output space,
so it is unsurprising that combining KGE and inverse frequency weighting produced the best
ensemble forecast dispersion and relighiHowever it doesreinforcethe importance of

selecting a cost function and weighting combination that aligns with the intended model

behaviour.

Chapter 5 investigated the use of moljective training where we consigeithe similarity

between asmés of the predicted and observed distributions (mean, variance, correlation) as well
as classification parameters (recall, precision) as their own obje@a®sd on the findings of
Chapter 4, the objectives used to measure the similarity betweerethetga and observed
distributions were taken from the KGE cost function formGlaapter 5 shoedthatthe multi-
objectivetrainingapproach was highly effective overatidthatthe most effectivenulti-

objective trainingapproachuseda DasDennis grid to weight each objective for each base
learner, so that each base learner was trained using the same objectives, but with a different
weighting assigned to each objective. Chapter 5 concluded with a comparison of the different
approaches tovercoming model dispersion considered in this study {pa&tessing, cost

sensitive learning, mutobjective trainingwhich showedhat across all sites and variable
combinations, botdevelopmenandimplementationthe multiobjective training appach

produced the largest magnitude of improvement over the reference baseline, as well as being
most effective at improving multiple probabilistic performance metrics. Based on this, we
recommend the mutbjective approach for adoption into future vensiof the Safe Water
Optimization Tool. The improved dispersion and reliability of the forecasts produced using this
method should provide much more accurate-baked FRC targets, allowing water system
operators to make better informed, evidehased clorination decisionsAn additional benefit

of the multiobjective training approach as compared to the other approaches presented in this

thesis was the ability to minimize the difference in performance between models using different
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input variable combiations.For all of the other approaches, there was a clear decrease in
performance when using a smaller input variable set as compared to a larger input variable set,
but with the multiobjective training, the performance difference was much smallerisTois

crucial importance as it reduces the data collection burden on water system operators and ensures
good model performance even at sites where collecting additional water quality variables is

infeasible.

As a whole, the research in this thesisspnés an important first step into the use of machine
learning and datdriven modelling for forecasting pohatf-consumption FRCThese models

address a crucial need by developing improved FRC targets for humanitarian response that
ensure water remains safedrink from the time it is collected to the time it is consumed by
protectingagainst the spread of waterborne pathogens. This research developed d@rocess
guantifying the uncertainty in podistribution FRC decay using ensembles of ANNs in a way

tha avoids many of the pitfalls of deterministic modelling. Furthermore, this research developed
a means of converting these forecasts intebessed FRC targets that allow water treatment
decisions to be made on the basis of risk, which communicatesdéeainty in post

distribution FRC decay in a way that deterministic FRC targets cannot. Finally, this study
applied advanced techniques (ppsicessing, costensitive learning, mutbbjective training)

from other fields to improve the forecasting peniance of these ANN ensembles, overcoming

the underdispersion that occurs when using standard modelling techniques. Many of these
improvements arbad not previously been applied in the context of-datzen, probabilistic

modelling and were adapted tdatshe modelling challenge presented in forecasting pafint
consumption FRC. These modelling techniques greatly improved the reliability and dispersion of
the ensemble models, and this improved performance translates into more accurate FRC targets
for water system operators in humanitarian response, providing operators with a greater ability to
protect water against household recontamination. Furthermore, all of these models used only
water quality data that is routinely collected in refugee and IDP reettles, meaning that the
modelling approaches developed in this thesis can be applied by water system operators around

the world without needing additional data collection tools or equipment.

The modelling techniques and approaches developed in thisdéhesilso being made available
through theSafe Water Optimization TooSWOT) (https://www.safeh20.appto ensure that
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they are available to water system operators in a free;smpece tool. The modelling apprdac
presented in Chapter 3 has already been incorporated into the -8WRVersion 2 analytics,
and the Chapter 5 findings will be incorporated into the SWADIN version 3. This ensures that
the modelling techniques developed here will be easily accessibédt water system operators

provide safe drinking water in refugee and IDP settlements around the world.

6.2  Opportunities for Future Research

Based on the findings presented in Chapter 5, an immediate next step should be identifying
approaches to operatidiz@ the multiobjective training approach to investigate approaches for
generating FRC targets using these models. In particular, the scenario analysis approach
presented in Chapter 3 was effective for overcoming an underdispersed model, hewveger

the models developed using the E2snnis grid for objective combining are not underdispersed,

a new approach for generating FRC targets may be needed.

A second important area for future study is the challenge of input variable selection. The input
variablesets used in this study were very small, and as such we did not attempt to reduce these,
however, investigating the usefulness of different water quality variables can help prioritize data
collection to minimize the data collection burden for water sysigenators. A further approach

for reducing the data collection burden would be to implement solutions that do not require

paired data samples (samples from the same unit of water).

Finally, this research usedlatively standardhachine learning modetsmdensemble forming
techniquedor forecasting poinbf-consumption FRC, with the prime focus on identifying cost
function and training approaches that produced reliable ensemble forecasts. However, the field of
machine learning andatadrivenmodelling isincredibly broad, and there are many new and
emergingmodellingapproaches that may be beneficial, and as such, future research should
investigate alternative ensemble formation approaches, machine learning models, and prediction
interval generation approles.In particular, ensemble formation techniques such as bagging,
boosting, and negative correlation training may all produce benefits over the ensemble
techniques used in this study. Furthermore, there is emerging research into ensemble techniques
thatcombine multiple types of machine learning madiefo a single ensemble, as well as
investigations into combining procelBased and machine learning models into hybrid models

that leverage the advantages of both -disteen and processased modelling appaches.
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Appendix A.  Supplementalnformationfor Chapter 3

Table Al: Comparison of poirbf-distribution FRC recommendations with different allowable risk of low FRC at the givint
consumption. Three risk thresholds are included (negligible risk, 8kp 6% risk). From this table we see that the sensitivity of the
FRC recommendation to the risk threshold varies from site to site based on the distribution of the underlying data.

Site Negligible Risk 5% Risk 15% Risk
V1 V2 IV2 Worst V1 V2 IV2 Worst V1 V2 IV2 Worst
Target  Average Case Target Target Average Case Target Target Average Case Target
(mg/L) Target (mg/L) (mg/L) Target (mg/L) (mg/L) Target (mg/L)
(mg/L) (mg/L) (mg/L)
South 0.95 0.75 0.70 0.65 0.40 0.50 0.55 0.30 0.40
Sudan
Jordan 0.75 1.05 1.7% 0.60 0.70 1.50 0.40 0.40 1.25
2014
Jordan 0.20 0.20 0.40 0.20 0.20 0.20 0.20 0.20 0.20
2015
Rwand 0.65 0.65 0.95 0.55 0.60 0.85 0.55 0.55 0.75
a
Notes:

No point-of distribution FRC concentration produced negligible risk for the Jordan (2014) worsicase scenario analysis.
FRC target of 1.75 mg/L selected as predicted risk does not substantially improve for higher poiot-distribution FRC
concentrations
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TableA-2: Summary of number of data cleaning steps, rationale, and observations removed

Step

Rationale

Observations Removed
South Sudan

Jordan (2014)

Jordan (2015)

Rwanda

17 Remove fields with
personal identifiers

Protect anonymity of
datacollectors and
refugee settlement
water users

21 Convert timestep
measurements to
elapsed time

Ensure data is useable
for ANN models

31 Remove records Maximum measuremer 6 4 3 0
where difference FRC  error was 0.03 mg/L, sc
at point-of-distribution  an increase in FRC
is greater than FRC at  from distribution to
point-of-consumption  consumption of more
by >0.06 mg/L than twice this error
indicates one or both
measurements was
inaccurate
47 Remove records Prioritizes performance 45 12 2 1
with measurements for typical operating
outside of guideline range; also eliminates
values at pointof- erroneous values
distribution (FRC>2
mg/L, Turbidity >5
NTU, pH<6 or >8)
57 Remove records Required for ANN IV1: 9 IV1: 11 IV1: 8 IV1: 16
with missing functionality. Notel IvV2: 37 IvV2: 17 IvV2: 31 IV2: 41
measurements more records removed

for IV2 because more
possible variables with
missing measurements
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Step Rationale Observations Removed

South Sudan Jordan (2014)  Jordan (2015) Rwanda
61 Remove records Jordan onlyi removed - 66 15 -
where water was stored for consistency with
in the sun past studies as
behaviour is not typical
Initial Number of Observations 220 199 114 134
Remaining Observations IV1: 160 IV1: 106 IV1: 86 IV1: 117
IV2: 132 IV2: 100 IV2: 63 IV2: 92
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TableA-3: Median, mean, and standard deviation for IV1 input variables. Generally similar characteristics of between calibration
and testing datasets, except the mean storage duration in Jordan (2014) is 2 hours longer in the calibration datasétsting the

andin Rwanda the mean storage duration in the calibration dataset is nearly 3 hours shorter than in the testing

Calibration Testing
Site FRC Elapsed Time FRC Elapsed Time
South Sudan Median 0.83 6.78 0.91 6.13
Mean 0.81 6.72 0.84 6.29
Standardeviation 0.46 1.18 0.42 0.98
Jordan (2014) Median 0.91 6.33 0.98 6.32
Mean 0.94 8.60 1.02 6.90
Standard Deviation 0.24 6.38 0.32 3.62
Jordan (2015) Median 0.72 18.75 0.71 19.21
Mean 0.73 15.19 0.74 16.71
Standard Deviation 0.11 8.78 0.09 8.74
Rwanda Median 0.65 21.13 0.72 21.36
Mean 0.64 15.99 0.69 18.28
Standard Deviation 0.19 7.89 0.19 6.37
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TableA-4: Median, mean, and standard deviation for IV2 input variables. Generally similar characteristics of between calibration
and testing datasets, exceygte large differences between the median and mean EC in South Sudan between the calibration and

training dataset but otherwise the water quality variable statistics were similar for both calibration and testing.

Calibration Testing
Site FRC Elapsed EC  Water pH  Turbidity FRC Elapsed EC  Water pH  Turbidity
Time Temperature Time Temperature

South Median 0.79 6.77 847 31 7.33 156 0.84 6.53 751 31 7.21 1.25

Sudan Mean 0.79 6.68 1020 31 7.21 1.81 0.87 6.56 871 32 7.16 1.44
Standard 0.46 1.21 646 1.22 0.37 1.16 0.46 1.00 527 1.71 0.35 0.86
Deviation

Jordan Median 0.91 6.33 904 27 7.63 1.89 0.98 6.17 937 27 7.64 1.82

(2014) Mean 0.94 8.64 900 27 7.59 1.88 0.97 7.22 975 27 7.51 1.80
Standard 0.23 6.37 319 0.70 0.26 0.66 0.34 457 310 0.65 0.32 0.70
Deviation

Jordan Median 0.71 19 1127 20 7.54 0.75 0.73 7.58 989 20 7.47 0.71

(2015) Mean 0.73 15 1147 20 7.51 0.79 0.75 14 1127 21 7.45 0.74
Standard 0.11 8.79 314 2.06 0.25 0.57 0.12 8.18 282 255 0.21 0.34
Deviation

Rwanda Median 0.62 22 820 20 6.75 0.31 0.59 22 862 20 6.68 0.31
Mean 0.61 19 965 20 6.75 0.40 0.64 19 866 19 6.66 0.33
Standard 0.18 6.35 402 1.22 0.21 0.36 0.19 6.64 190 1.63 0.20 0.28
Deviation
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Figure A-1: South Sudan observations and raw ensemble forecasts ebpomsumption FRC
against (a) poinof-distribution FRC, (b) elapsed time, (@int-of-distribution EC, (d) poirbf-
distribution water temperature, (e) poiof-distribution pH, (f) pointof-distribution turbidity.
Similar trends between input variables and observations and forecasts as compared to post
processed ensembles, thougitv ensemble forecast width is narrower, leading to fewer
observations captured, especially observations where-pdicdnsumption FRC is below 0.2
mg/L
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Figure A-2: Jordan (2014) observations and raw ensemble forecasts ofg@ezonsumption

FRC agains(a) pointof-distribution FRC, (b) elapsed time, (c) paeoftdistribution EC, (d)
point-of-distribution water temperature, (e) poiat-distribution pH, (f) poirtof-distribution
turbidity. Similar trends between input variables and observations aeddsts as compared to
postprocessed ensembles, though raw ensemble forecast width is narrower, leading to fewer
observations captured, especially observations where-pdicdnsumption FRC is below 0.2
mg/L
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Figure A-3: Jordan (2015) observations andwansemble forecasts of peoftconsumption
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point-of-distribution water temperature, (e) poiof-distribution pH, (f) pointof-distribution

turbidity. IV1 andl\V2 forecasts are both flat and narrow.
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Figure A-4: Rwanda observations and raw ensemble forecasts ofgbaansumption FRC

against (a) poinbf-distribution FRC, (b) elapsed time, (c) powitdistribution EC, (d)point-of-
distribution water temperature, (e) poiof-distribution pH, (f) pointof-distribution turbidity.
Forecast range is narrower than pgstocessed forecasts, but this does not impact percentage of
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Figure A-5: South Sudan IV1 input variable histograms. Target storage duration is at the upper

end of elapsed time histogram
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Figure A-6: South Sudan IV2 input variable histograms. Most input variables display
multimodal distributions, but moabtably EC and water temperature, likely due to differences

in water sources.
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Figure A-7: Jordan (2014) IV1 input variable histograms. Observed storage appears to be
predominantly under 10 hours, which is substantially lower than the target storagedurat
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Figure A-8: Jordan (2014) V2 input variable histograms.
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Figure A-9: Jordan (2015) IV1 input variable histograms. Storage durations are much longer
than the Jordan (2014) dataset.
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Figure A-11: Rwanda IV1 input variable histograms. Note clustering of storage durations into
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Figure A-12: Rwanda IV2 input variable histograms.
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Figure A-13: South Sudan 1V1 hidden layer size selection. Rapid improvement when hidden
layer size increases from 2 to 4, improvement stops or slows after so we select a hidden layer

size of 4 hidden nodes
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Figure A-14: South Sudan IV2 hidden layer size selection. Bastent Capturat hidden layer
size of 16 nodes, also good CI Reliability for unsafe values and low CRPS at hidden layer size of

16 hidden nodes so we select a hidden layer size of 16 hidden nodes.
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Figure A-15: Jordan (2014) IV1 hidden layer size selection. Rapidowvgment when hidden
layer size is increased from 2 to 4 hidden nodes. Further improvements at 64 hidden nodes, but

not commensurate with increase in hidden layer stzwe select a hidden layer size of 4 hidden

nodes.
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Figure A-16: Jordan (2014) IVAhidden layer size selection. Substantial improvements in
performance up to a hidden layer size of 8 nodes. Further improvements occur but not

commensurate with the increase in layer size so we select a hidden layer size of 8 hidden nodes,
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Figure A-17: Jadan (2015) IV1 hidden layer size selection. No clear best point so hidden layer

size of 4 nodes selected based on experience of other sites.
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Figure A-18: Jordan (2015) 1V2 hidden layer size selection. Hidden layer size of 16
simultaneously gives bestrfimance across all metrics relative to hidden layer size so we

select a hidden layer size of 16.
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Figure A-19: Rwanda IV1 hidden layer size selection. Hidden layer size of 4 selected to avoid

performance decreases.
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