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ABSTRACT

Globally, 1.8 billion people use contaminated water, leading to childhood diarrhea. Ceramic water filters
can reduce diarrhea when used consistently and correctly, although adherence can decline over time.
These declines have previously been investigatedjwagenbased models (ABMs) in Limpopo, South
Africa. In this thesis, the previous ABM washailt with minimalfield datg andadherence and flow rate
preferencavere incorporateds variables of interesAdditionally, a linear regression model was

developed as a traditional comparison. Normalized water contamination matched the previous ABM
within 200 days. Altering adherence produced statistically significant (p<0.0001) biieltbrelevant
declines in diarrhea, while changing flow rate prefeegmoduced larger declines (p<0.0001). The linear
regression model hac?R 0.535, but contained bias in residuals. | found adherence was less influential
than other studies suggest. Nonetheless, ABMs can reproduce water contamination awogtirai ful

access to original datthus deserving consideratialongside traditional modeling techniques.
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as globally an estimated 1.8 billion people sisarces of water with fecal contaminatfofhis
contaminatiorcontributes to 8% of child deaths from diarrhea, which is the second leading killer of
children under fivé:* Household water treatment and safe storage (HWTS) technologies aredbw
interventions which can improve househtddel drinking water quality. Further, theisgerventionscan
reduce the burden of diarrheal disease unplutetions can be provided with other infrastructure capable

of delivering water free of fecal contamination.

Household water treatment technologies

Current HWTS technologies includemyriad ofdesigns in various settings. Globally, theefi
most common HWTS optionsechlorination, solar disinfection, filtration (biosand filters and ceramic
water filters, CWFs), combined filtration and chlorination, and combined flocculation and chlorfhation.
Promotion of HWTS technologies as a targeted intervention strateggdasedover the past two
decadeg.These technologies have been evaluated with randomized controlled trials, some of which have
shown a proteotie effect against diarrhea as summarized in systematic re¥iéwbere have been
concerns about exaggerated estimates eteffom observer bias due in part to implementing
organizations concurrently administering survé{s'and the limited duration of HWTS interventions in
the field 12 These technologies are nonedss supported by international organizations such as/iel

Health OrganizatioWHQ) as an interim solution toreventingdiarrheal diseasg:'4

Ceramic water filters (CWFSs)

One of the most promisg HWTS technologies the CWFas they are simple and durable
items?!® Filters were first desigmkand implene nt e d i nand fiwtber de@®ped by Potters for
Peace in the late 19985As of 2012, filters were manufactured and distributed locally in approximately

50 factories around the wonldth an estimated 700,000 in uSe.



Filters consistofasilvec o at ed cer ami ¢ 06 p o tirba storage toatainere | e me nt
fitted with a tap for dispensing treated wafef mixture of locallysourced clay and a buout material,
such as sawdust or rice husk, is pressed into theffilistum (pot)shape, allowed to dry, and then fired
to approximately 80@00°C. The clg to burnrout material ratio is determinedntextuallyby testing
prototype filters for flow rate and microbiological efficamyder local conditionsI'he antimicrobial
properties of silver are well known and usia water treatmertf!® Thus, dlver is added as a bactericide
and it is either applied to fired filters or added to the filter mixttref t er pr oducti on, each
rate is measured; filters that meet the facestablished acceptable flow rate are packaged for sale or

distribution Filter flow rates are factoriesod most C 0 mmc

Efficacy of CWFs

Reductions in diarrheal disease were reported among users of CWFs in field Seffittga)d
CWFs were the only HWTS technology with significant disease reduction over a one yeat¥period.
Locally produced CWFs were shown to be three to six times moreffestive asmeasured in
Disability Adjusted Life Years (DALY,)with filtersat $47/DALY and centralized piped systems at

$141/DALY averted?

Use rates and declines in filter use

Consistent and correct CWF use has yielded promising results s&tleictedstudy populations;
however, usage declines over longer foHopperiod® which can impact effectivene$sThe use rates
of CWFs have been shown to decline by two percent per month after implementation over four years of
follow-up in rural Cambodi& This rate of decline has been shown to be up to 13% per month in other

HWTS interventiong® A summary of these interventioissshown in Table 1.

Both the metric for measuring CWF use and the context of the intervention are important for
understanding variability ithe rate of decline of usBetermining tle use rate of a household water
treatment technology in the field can be achidmedany ways. For exampleelf-reported use can be

measured by waritten surveyor verbal questionnair€onfirmed use provides data that has been



observed and compilday aresearchercommonly collected simultaneously wihlfreported use.

Finally, effective use is the percent of targeted households that use microbiologically coetnvatat
sources which also usie filter to improve water quality tachieveinternationahealthstandardg®2’
Selfreported use can sometimes report inflated values due to the previously mentioned obsé&r(as bias

shown in Table 1), so confirmed use and effective use are the preferred fhetrics.

Beyond theanticipated variatioin estimated usage ratderived from thalifferentmethod for
assessment of use, usage is also influenced by the context of intervént@mention locationsliffer
according tagenderroles socieeconomic stais, and household structsr@ This suggestshat
understanding both the contextual factors and the methods for assessing usage are important in

determining theverall effectiveness aihterventions® 32

Table 1 Measures of adhence from selectedWFfield implementations.

Measure of filter use Foiliﬂ]\'\éUp Use rate  Location Type of use Egéﬁnog Source
Months % Country Measurement :ﬁopr)ﬁrrl

Survey 0.8 100 Ghana Selfreported use - 33
Survey 1 75 India Self-reported use - 34
Observation 4 46 Ghana Confirmed use - 3
Survey & Observation 6 21 Bangladesh  Confirmed use 13 2
Survey & Observation 9 67 Bolivia Confirmed use 4 3%
Survey & Observation 24 76 SriLanka  Confirmed use - 87
Survey & Observation 42 31 Cambdlia Effective use 2 24

Factors in filter use decline

To achievehe goal ofeffective use, there is a chain of evdngsvhich individuals must
consistently be able to purchase the filter, maintain the filter, treat water at an acceptable flow rate, and
safely dispense filtered water. Technological, behavioral (psychosocial), and contextual factors can
disrupt this chaiff:* 43 These factors have besynthesizeds an Integrated Behavioidbdel for Water,
Sanitation and Hygiene (IBMVASH).?° The IBM-WASH approachattempts to capture the coragl

nature of interventions in WASHWater, Sanitation and HygieneA systematic review focusing on



sustained adoption of WASH technologies has evaluated theVB¥8H framework** In this review,

the limitations of CWFs highlighted technological factors including declining flow rates, risk of breakage,
and availability of replacement pattkentogether with skilled local technicians to provide repesr

well asbehaviorafactors such as perceived susceptibility to watane disease and filter effectiveness,

and contextual factors including seasonality and household intfome.

As an example, perceived filter flow rate iseoof the behavioral factors which influences
acceptability of CWF and thusntervention effectivenes$.The flow rate of a filter also acts as a
technological factor of intervention succebke flow rate of a CWF slowly degrades as the filter surface
and internal pore structuegeblocked by materials in the wat®rA filter must provide enough volume
of water for householdses at aeasonableate. If the flow rate is too lovar perceived as too lowan

individual may not find the filter practically or socially acceptatdatinueto use?!

The IBM-WASH model suggests that there is a link betweerhiain of householtevel steps
for effective filter use and the sustainability of CWFs. The response to a given interveatidre
different for each individual within a household. Such differemegsire an individualevel assessment
of filter usersNeverthelesshe relative importance and imgaof these individual factorgmain unclear.
To investigate the comparatiwmportanceof these factors in the field, models can be used to simulate
CWEF interventions among individuals. These individeakl differences can be assessed using agent

based models.

Agent-based models

Agentbased models (ABMs) are a type of moaithett combineelements of both analytic and
computational models. Analytic models often use formal structures and relations to represgsital
or social phenomenon atiteycan allow for prediction anbrmulation ofgeneralized outcomes.
Computational models use computers to simulate formal structures. This provides a more rapid output of

the model than would be possible by handwalton of the (commonly mathematical) relatidhs.



Agentbased models, sometimes referred to as individaséd models, are a type of
computational model containing the formal structure of entities (agentgréiatlividually represented
so that(local) behaviors, agency and interacticas be asses$é® Agency can be defined as the ability
of an individual to take goalirected and autonomous actidhifepresentations of agents can be
processed on specialized software platforms such as Netlogo, AnyLogic, Swarm, Mason, and®Repast.
These models are especially useful for complex systems (aled calinplex adaptive systems).
Commonly, complex adaptive systearg not fully explained through the modeling of individual
elements without including agency and iatgion?® Interaction between agerafengo beyond
traditional statistical interaction in that they yr@ontain complex feedbadopsamongboththe
individual variable(s) and the outcorf&These unique benefits of the ABM structure has led to their

development and use many fields.

The history of ABMs spans more than four decades with applications in ecology, social science,
economicsandmore recenthepidemiology. The first work on ABMs included work by Thomas
Schelling on community segregatta nd Robert Axelrod on the Prisoner
first known application of ABM t@ biological problem was by Craig Reynolds in 1987 with a simulation
of bird flocking patterns§? In the 1990s many programming languages were developed forlmpatt
simulations, the Journal of Artificial Societies and Social Simulation was first released, and many
applications of ABMs were pursuétiModels adapting cognitive characteristics into agersed social
simulations were developed in the REd) 0 °¢>with further implementation of ABMs into systems
pharmacology and health sciences as recently as®20dst recently, ABMs have been used as a tool to
betterunderstand the transmission of Zika virus in agents with varfedades Aegypfivector) contral’

and the individual transmission probability of Ebola virus in Lib&tia.

The recent use of ABMs in epidemiological studies may help istiatmtiuence of vaables in
a network of causewshich may better address themplex, interrelated processes which are resistant to

interventions focused on one or two causal efféfResearchers in social epidemiology have been



movingtowards social network analyses agkntbased models within the last decati¢Vithin this

time, ABMs havealsobeen designed and built to assess water treatment technologies.

Designing, building and running an ABM

ABMSs havealsobeen used to simulate behavior regarding watetniexa decisiormaking®?
Researchers have used ABMs to investigate water usage in Dutch and US hoG3ahdldsarrive at
HWTS predictors of early childhood diarrh@CD) incidence within a communi§t.Some researchers
have foundhe complex interactions in water and sanitation systembetter studied withsystems
approachSince agents contain both internal (e.g. elevated risk for a disease, perception of risk of
transmis®n) and external factors (e.g. transmission of disease, diffusion of information, clirotte)
must be accounted for to model the system as a whioie allows investigators to predict outcomes
within a population and social environment, given differetgrvention characteristicABMs arewell-
suited toadopt asystems approadit the individualevel as they calbok at multipleHWTS
interventionswithin a communityanddetermine thénfluence of technological, behavioral and
psychosocial factor®-%> Therefore ABMs can complement established randomized controlled trials of
HWTS, which commonly look at only one intervention and impact, by looking at multiple possible
interventionsLike the IBM-WASH model, ABMs can capture the complex nature of field interventions
and interactions between factors predicting suc@ddkls can also produce poliaglevant testbesifor
alternative intervention® Along with these benefitghe process of designing amsingan ABM to

investigae health outcomes brings with it important challenges.

Care must be taken when designing, runpangl interpretindABMs. To design an ABM, the
individual bénaviors of each agent and tiéeractions with other agents and the environment must be
well-defined and justified? As with any model, tese must be based on tesearchyuestion and
knowledge of th contexwithin whichtheagents existDesign of an ABM model consists afeveloping
aconceptuaframework oftheagentghatdescrbes the relationship of these agents to the broader

environment. This conceptushmeworkcan include methods fa@omparinghe interactionsf agents



andthe outputs of the modelThis is important, as the conceptual framework of the model directly

influences the scope of the model to be built.

Model building consists of translating the concepfraheworkof agerts and their interactions
into computer code which a program asse to createsimulaton. Thi s can kWe whodne i n
way, where the conceptuahmeworkand research questianetranslated directly into computer code, or
i n a flpdt twam, wher e t h emputercalaarecatowey toénfiuericeoand and ¢

interact with each othéf.Most ABMs usethe latter process.

Several decisions must be made prior to running ABMisions such abe number of
iterations, the value of parameters to alter, and the amount of time to run the model arts gletmenst
be specifieda priori. With many iterations, there isrisk of producing statistichl significant resultghat
have nopractical significancé& This suggests the number of iterations shouldidgas high as required
to minimizestochastic variation. Theolumeof data produced by these iteratiovithin any altered

parametersan be called the mod@ls p.a c e

Exploration of the modedpace is an important part of evaluating the model outcome variability.
Specifically, it is important to assegariance within iterations of model runs ahevaried parameters.
This can be ampleted through manual metisthatconsist of using triahnderror to find the dominant
parameter values and sensitivities within the mo8lelensitivity analysis can also be completed though
guerybased model exploration, in which dominant parameters are discoveredpesiifg algorithms®®
Comparing altered parameter values t &Canmédnlyasel i ne
thereplication of ABMs isnecessary’ though few replications of ABMs have been repoffed.
Regardless of the strateggedto identify the dominant parameters, oncedbminant parameteege
identified,thexc an be used as fAl ever so ioward$chew behaviarl wor | d t
state® This differs from traditional models in that the results fldBMs are less interpretable for

specific agents but more amendable to wddale policy implicatins, making them usefinl evaluating



wate and sanitation interventions. ABMs can look at the individual factors which lead to a chémge in

overall water use behaviors in an intervention.

CWEF interventions and ABMs

Agentbasd models are especialppropriatdor investigating thémportanceof factors such as
long-term adherence to CWHRterventions. This is importaas experimental field studies have limited
follow-up timesdue to resource constrairitslsing ABMs as a modeling framework also accounts for
high heterogeneity within the characteristics of filter users, which has been reported as an issue in HWTS
interventions and a source of uncertainty in field reSutsterogeneity in the acceptability of filter
attributes and adherence to filter use have been regoitais heterogeneity is accounted for within an
ABM since the aggregate outcome is a function of the behaviors of autonomous indivithald, s

within variable rulesvith stochastic modifiers.

Health interventions to reduce diarrheal disease such as@kEomplex systems, which
display characteristics of emergericeghat processeshich are obsared at the system levabt encoded
for or measured at the individual lev8lA well-built ABM would allow researchers to understand the
myriad impacts that coulde presenin a HWTS interventiofl® For example, the ABM structuie
flexible enough to allow for feedbac#daption, and emergent behavior. Thetsracteristicare hard or
impossible taeplicateusing other statistical methoéfs-urthermore ABMs canbe calibrated with
relevantsurvey data to investigate thastainability of a specifimterventioncontext’®* This allows for
the ABMs to beespecially wehsuitedin dealing with the complexity in CWF interventiQasong with

other model designs.

Comparing ABMs to other modeltypes

A comparison of traditional statistical modelsABMs is provided in Table ZZomparing the
output ofABMs to other types of models is not straightforw&f.”2A recent paper in the Journal of
Land Use Science has suggesteasl important touseABMs alongsideother statistical models, such as

specifically linking to regression metho#A comparison of these models is also important, as ABMs

8



can model behaviors that vary among individuals and over time, but lineass&gr may be a simpler
option if the effect of these behaviors on the overall system outcome is neghgjbid-based models

also do not require independent samples, and may be useful for outcomes such as diarrhea where the
likelihood of having the outime one dagan bepredictive of having the outcome the néXA

comparison between theseo models could be facilitated fyint output analysis throughols plots®

Table2 A comparison of statistical models relevant to CWF interventionsranttelcharacteristics.

Outcomes modeled Outcomeas
Type of Model Name Iterafuons individual Source
model required? response or mean
response
Traditional Linearregression No Continuous Mean 74
statistical Logistic regression No Categorical Mean 4
models Mixed linear model No Continuous Individual/Mean 4
Agrigzbe?sed Intervention ABMs Yes Continuous/Categorical  Individual/Mean 50

Limitations of ABMs

Although ABMs are weltsuited to some research applicatiottdis modelingechnique has
limitations. Theissuesstemfrom thefact thatsmall changes within agentek largescale systematic
outputsor results This leads to issues with verification, calibrafiprocess uncertainty, stochasticity,

interpretation and validatioft:"

In order to verifyan ABM, the mechanism, process, and outpust be compared for consistency
with the research question. First, the output must bes-cleecked withrealisticestimates for accuracy,
including bothexternalandinternal validation. For example, a reportaimABM of tobacco use stated
that the model was verified using social networladat smoking cessation outconassa source of
external validatiot® However, these verifications may be biased if tmsle selected in the network is
not representative of the broader populatidmese results are complemented Ipy@cess of internal
validationwhere the internal processes andputs areompared to expected values. The internal

validation process isspecially complex due to the common occurrence of emergent phenomena which

9



canchange the result§ This can be overcome by meticulous crolscking ® model processes in
isolationto be sure all components work apeated howeverit is unexpected that testing each element
in isolation would produce coherent results due to the emergent properties of the Bserboth

testing of internal elements along with craf&cking output with realistic estimates musturcc

After verifying theexternal and internal consistenafythe code and model design, thixstill a
need for calibration. This consists of Atuningo t
modeled. If data have been collected onpghiemeters of interest, then quantitative calibration can occur;
otherwise, a qualitative estimate can be u8dthis calibrationcan be a source of error and a limitation if

data are not available.

Even after calibring the model, there is still uncertainty implicit in tABM modeling process.
The main outputs of the model are a function of the evolution of the system as aamdatemmonly
includes random variable§his structurds meant to simulate the portion of agent heterogeneity which is
due to random variations of oreasired variables. To overcome random influencesiy model
iterations are needednotherlimitation of working withABMs is thatthe outputs are hard to
sumnarize, as they are dependent on tloenber of iterationssed Additionally, the number of iterations
must beenough to detect a change in the outconitegikists, but not sananythat commoly employed
statistical tests lose practical significaiéeViodels often includeeproduciblerandomness, through the
use of random number generators to change a process valgrall(seedlamountduringmultiple

model runs® Multiple iterations produce the data from which relevant trends must be exffacted.

Finally, interpretation antheoreticalvalidation of theextractednodel results requires careful
thought similar to all theoretical model$he ABM output can be comparedémpirical data (other than
those used as input datay. similar comparison populatigngualitative patterns drawn from the
literature, an examination of the applicability of the assumptions which underlie the model itself, or an

evaluation of the theories behind the assumptions in the rffd8i@indardprotocols for describing,

10



testing and presentinf@BMs have been suggested in the literattifeand these may help formalize the

process of understanding the ABM output.

In cases where agents are not heterogeneous and the indbgtaslors are less influential,
other statistical models or systems dynamics tools may be simpler and more appmpgatéor
example, th&Jnited State§ood and Drug Administration has used both simple linear regression models
and compleXABM technijues to model the likelihood of smoking given certain policy decisfofisey
found thatthe more parsimonious linear regression model adequately predicted the outcome and this
suggests thatn some cases, a technicgieh adinear regression may be able to capture much of the
variability in the outcome of interest, without unnecessary cexityl NonethelessABMs may prove to
be an important tool for assessing the sustainability of an environmental health interwdetion

accounting for complex interactions is requiredch agound in evaluatin@WF interventions

ABM for CWF interventio n in South Africa

Despite the potentialtility of ABMs to evaluate CWF interventions, there is only one known
ABM that has been developed for this context. It was used to model a CWF intervention in Limpopo,
South Africa® The province of Limpopo consists of two communitiéshapasha and Tshibvuipevith
90% of thér population living in impoverished rural aréaand diarrhea being the second leading cause
of death among resident childréThe model structure includedio agents: households and children.
Householdowned characteristicthataffeciedthe microbiological quality of water consumed by children
within the householdOne childwas randomly allocged to each househoid the start of each model run.
Households were selected as agaaithpugh caregivers wetke actual water treating entities. The
model simulatde ach day or #fAticko (the small estsehalchi t of
couldcollect water from one of three sources present in the commEHaitih household hadpreferred
primary andsecondary water sourcaswell as thenumber of days they could wait if their source was
functional. Water source functionality was drawn from survey data (% of time functiDoaig this

waitingtime, storedvater couldoe subject to contaminatidrom hands, biofilm layer growth, and water
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transfer implements (e.g.cup orladle). Next, households coulabat this wéer using a CWF if: 1) they
had one?2) they chage to treat their water (adherence), and 8Yitter hadnot yet brolen. At the ore-
year mark, all households clean their filters, if they have Arseimmary of the steps is available in
Figure 1.This series of events resultedan overall water qualitfwater contamination, WGJalue for
each household in the model, which catriger to other days and predicteiirrheal rate$* The model
was run for two years, and thus mibdelchildrenwereunder two years of ag&his model soughb

understand the role of microbiological removal effectiveness, adherence, artdéligienceon ECD

Although this modetonsiderednany factors influencing CWF effectiveness, some key additions
can be made. For example, rather tbalculating adherenass the percentage of days using the filter (if
present) for all households in the studgrying levels of adherence (always, partial, never adhere) can be
used within households to describe individual likelihoods to filter. Thisnnpdete adherence within a
household water source has been shown to influence field CWF intervention effect?¢éwmielisonally,
flow rate estimates were not included in the model, althdlogv rates have been recorded for CWF
interventions in Limpopé&! and low flow rate has been reported as a reason for CWF distise.

previous ABMwasred er i ved fr om-buddnaoe domdeddireesss t hese key

The goal ofthisthesisis to address these gaps through the furthezldpment of theoretical
models. he importance of indidual factors such as filteteaningflow rate preference, and correct and
consistent use (adherence) on the potentiaHenyg effectiveness of CWFs will be assessed using
ABMs. Herethe ABM will include decisiomma ki ng fiagent sd0 defined as indi

autonomy, that operate under behaaioules in a dynamic environmefit.
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Aims of this study
The overall aim of this study is to evaluate the utility of models in explaining the effectiveness of

CWEF interventiongndto select the mostalid modelfor future field applications. In order to do this, |
will:
1. Rebuild an established ABNh predictingeCD fora CWF interventionand compare to
previous results.
a. Build on the previously publishe@BM to incorporateadditional measures afiherence
and filter flow ratein four separate experiments.
2. Compare the redis of the modified ABM to the results asimplelinear regression model in

predicting the number of casesED in a CWF intervention to determine the mealid model.
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1 SETUP

i CreateHouseholds(n = 410)
9 Attributeinitial valuesto somehousehold (n = 49).
1 CreateChildren (n=410)

v

2 WATER CONTAMINATION (WC)

1 Collect water fronprimary source?
o Community piped (CP)
o Surface water (SW)
0 Municipal Tap (MT)

9 Sourceoperational?
9 If not, can household waitPno, usesecondary source
1 Calculate contamination from source to house, regrowth, and cleaning
I Final WC
2
3 CERAMIC WATER FILTER
I Use Final WC from (2)

I Householdchasfilter?

o0 Cleanfilter today?

o Do filtersbreak today?

A Canpurchasenew filter?

o Isfilter flow rate acceptable?Will household adhere?

o Is water quality greater than tttereshold of detection?
Use CWF todayif possible.
 Final WC

=

v

4 ECD CALCULATION

Use Final WC from (3)

UsedCWF today?

Boiled water today?

CalculateECD probabilities based on CFU / 100 mL water
0 Increase likelihood ihge < 1 year

Is childdrinking water?

Is childvaccinated?

Is householdvashing hands?

1 Calculate finaECD probability

=a =4 —a -9

= —a -9

KEY VARIABLES : Ticks (time), daily water contamination, primary water source, secondary W
sour ce, t oday 6-svashimg coatamination stacage contaiaar type, days househol
keep water, boiling frequency, filter cleaning frequency, adherence, flopreference, andVTP.

Figure 1 A simplified flow chart of the ABM, with additiomalbbdelmodifications highlighted in red. A list of key

variables is provided. Further information on variables and model steps is provided inbadka
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METHODS

There were three major components of this th&sist, anABM which had already been developed
and validated in the field was-beiilt without personally identifiable data from potential filter users. Next,
alterations to the ABM structure in adherence to filiseand perception of filter flow rate were
perfomed Finally, a linear regression model was developed, anprdticteddiarrhea ratesere

compared tahe results of the ABM tdetermine the mosfalid model.

1. CWF Agent-based model hvestigation

Model Building
The agenbased model was builisingpreviously published source cotfeComputer code was
extracted from the published source cadaPortable Document Format (.pdf) fileimg Optical Text

Recognition in Microsoft Word (Redmond, VA) and exported in text (filetformat.

The resulting text was manually entered intoAlBM computer program NetLog&enter for
Connected Learning and CompuBaised Modeling, Northwestern University, Evanston, Which has
been used previously to model complex syst&fid\Next, model structural validity was confirmed
through visual inspection of code, NetLogo complier chaskessment of reasonatdues(e.qg.
positive integes for ECD) and matching of modelater contamination and meamaulative ECD cases

to previously published values.

In order to adapt the previously developed model without using persaohetitifiable
information from study households, an estimation of missing data was néadedata was not
available due to both time constraints and limited access to original, perddealifiable datalt was
assumed that mean values reported farskbolds in previous studies coblel adapted using a frequency
distribution of random nmnal or random exponential values around each rifeadditional data
required for running the model including the frequency of household source water use, type of household

source water use, and frequency of household water treatment were collected by personal communication
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with the oiginal model authorRandomness is made reproducible using a consistent resekhvalue
which draws the randomness from a similar random distribfiosach model rurirhe assumptions for

each unknown variable are outlined below.

Water source usage

The individual water source usage frequencies (the types of water source eaahskgiise
each householdere collected from field data and weneavailable at the time @iiis writing5* The
frequency of water source use was estimated from a previous study of bacterial regrowth in containers
based in Limpopo which showed that 57% of participants received water from the community pipes, 25%
received watefrom the municipal tapand 17%received watefrom surface watet It was previously
reported that the community piped system in Tshibvomo provides untreated river water to the pipes. The
hoses also used the same untreated water as’pifiass, it was assumed that 10% of the households

using pipes actuallyse hose water.

Household locations

Theglobal positioning systenGPS coordinates of each househeldre originally collected
during the 2009 census of Limpdpandwereused in the resulting ABMs tiefinethe relative locations
of agent household$5*As these data were not availabiem the original studythe relative GPS
coordinates were extracted from a screenshot of the househatidhscin Figure S3 of the Supporting
Information of theoriginal ABM papef® using the geseferencing procedure in qG¥3This provideshe
same relativgosition of households, without individualigentifiable GPS coordinates. These are shown

in Figure2.
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Pfaleni River

Figure 2 The original photo which served as the source for thergéarencing process (A) aride final product
(B), showing all hoseholds agreen(Village 2)and purple(Village 1)dots®?87Image A is provided with
permission from ASCEhis material may be downloaded for personal use only. Any other use requires prior
permission oftie American Society of Civil Engineers.

Household preferred water sources

The individual household preferences for water sources include both primary and secondary
preferences. Although data for these were not available, preferred water sources were tieerillage
level in previous work! Each of the two villages in Limpogmave about 800 residents in more than
400 household®€ Model households were split by village typsingthe Pfaleni River as dividing line.
Selected Village 1 households hacklativelatitude and longitude of less than 30.453016-and
22.778395respectively. All other selected households were considered péffage 2. In the previous
study, peferenes of water sourceere assumed and are stated in TabfeTBerefore, a random number
of households in each villageere askedo set their primary and secondary water sources to a certain
type of water at thgiven frequenciesThis is consistent with previously published values of secondary

reliance on surface water souréés.

Table 3 The water source preferences for the villages in Limpopo, South Africa.

Village Water source Sand Filter Municipal Tap  Surface Water
type % % %
1 Primary 82 13 6
1 Secondary 41 16 43
2 Primary 0 34 66
2 Secondary 0 9 91
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Household storage containers
Thefrequency ofstorage containers used by each household elzaéned from personal
communication with the model author, reported as approximatefyopé@n to 2/3 closed neck.

Containers were classified by closed (bpand open top (2shown below in Figurg.8*

Figure 3 The types of containers used by househaldsmpopo, (a) is open and (b) is closed or narrow rféck.
Images provided with permissiondurnal of Artificial Societies and Social Simulation

Fecal coliform contamination

The level of fecal coliform present in each storage container and water transfer device (cups) was
measured in the field butasnotavailablefor the present studyrhe known frequencies of contamination
weregiven as histograms for total coliform measurements of biofilm on storage containers and biofilm
inside of cups as reported in the original ABM (Supplemental Informatidif)ese frequencies were
visually extracted frm each graph and weirgout manuallyinto Microsoft Exce(Redmond, VA) Then,
these values wemnterecas a matrix intdNetlogo. Each household then cowdshdomly select a value
from thelist of fecal coliform measurements. This same process was aigaeted for minimum
collection interval, maximum collection intervahaximum days a household cowdit before getting
water,the number of times water was boiled per,@ad handwashing frequency. This procesh@vn

in Figure 4
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Figure 4 Values for contamination frequencies at each bin size were extracted from publish&hwdrtonverted
to known frequency values. These were input as a matrix into Netlothe feurveyed households (n=4@)ere the
remairing householdsvererandomly assigedthevalue of the most proximal surveyed household

A comparison of the characteristics of the ABM developed herein and models which preceded it
are provided in Appendix A. For more detail, Appendix B provides @epth comparison of the
assumptions used tievelop this aggregate ABMhe parametenssed in two previous iterations of this
model were summarized and used to progdielanceor theaggregate ABMValues within the baseline
model in theoriginally publishedvork®* wereselected to replicate previomsdel assumptions. These
included: 100% prevalence of CWF, 90% adherence to CWF use, a threshold detection of water
contamination, and 730 total days of model time, among other factors (AppendixeB)in Appendix
C the Overview, Design Concepts andt@is + Decisioamaking framework is adapted to provide a
theoretical backgroundnoverview of the modeling process, and inforimatabout thesteps agents take
within the modelPrevious researchers haaigggestdthat epidemiologistshould develop stalardized
reporting and best practices for ABMsise this framework to do $6The goal of this standardized
reporting framework is tprovide future investigators adequate information to understand the attribute of
the model presented in this thediext, AppendixD provides a flow chart of model design for model

setup, water contamination calculation, ceramic water filter intervemtiatiinal ECD calculation.
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Statistical analyses

To compare with previously published valuesCW measured as 100 Colony Forming Units
(CFU) per 100 mL an&CD is measured as number of eveaasespver 100 iterationsThe influence
of parameters itluding drinking water collection levéirequency) boil level(frequency) and municipal
tap contamination levélCFU per 100 mLpn ECD casewascompared with previous model output.
Resultsareplotted as bx plots and marginal means plots in Ste@al. If the mean W@ output over a
single model run was significantly different from previously published work accordingtest the
baseline model was reviewed to check for errors. The baseline model was developed to match the
baseline characteristi®f the previously published modéliter any alterations, the model code was
reviewed for errors. If errors were found, the model was reviewed digaterrors were found in the

baseline model after twenty review cycleg thodel was considered corep

Model Testing

For each experiment, the model was run for two years (730 days) in accordance with previously
published method¥.Themain model outputs were mean daMC and btal ECDcases of the
households. These were automaticallyatgd as meansnediansor total(sums) for each model day
over100 iterationsTheaverages were compared to previgymiblished ECD values usiran analysis of
variance (ANOVA) tesat equivalent followup times in Stata 13.1 (College Station, TX) to ascertain
realistic model function. The number of iteratiavesslimited based on maximum file sizeitaport

outputinto Stata.

Model paameters foadherence (amourdecling and typ¢ and average filter flow rate
preference were varied faur separate experiments. Each experiment was completed using the Behavior
Space analysis tool in Netlogo. With this taadl,other variables were held constant and the parameter of
interest was variedrhemean dailywC and totaECD casesvere monitored for each ageiithis
parameter sweep analysis allowed for the investigation of the influence of a single parametgr on man

outputs of the ABM system. The specific varialdéiered in these experiments wetg varying
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adherence (A00%); 2) declining adherence-100% decline in use per montl);type of adherence {0
100%split into always, partial and neyeand 4 flow rate preference (4.7% decline to adherélter

use.

Varying adherence
Varying adherence was modeled by randomly selectib@036 (in 1% increments) of all model
households to adhere to filter use. All other households did not adhere to filter udemRs&hection was

performed in Netlogo using a random number generator.

Rate of decline in adherence
Declining adherence was modeled by randomly selecting values betvl@&8d(in 5%
increments) of all model households with filters to stop using ttee fittthe end afach30-day time

step.

Type of adherence
Type of adherence was modeled by setting each household with a filter as either: 1) always using
treated water (children receive only water treated by CWFs if the household is adb@0dity
adherenck 2) partially using treated watdrdquseholds randomly adhere to treatment fie®®% of
day9; or 3) never using treated water (children receive no treated, W&esidherengdor each day.
This provided a househeldvel adherence estimatgth householdselecting a random partial adherence

each day

Flow rate preference
Flow rates were modeled by relating the flow rate of filters to acceptability estimatesCAdf a
in South Africa4.7% of participants found average flow rate of 3.94hr £ 1.10 L / hourastoo slow

and 90.7% found thihis flow rate acceptahf€ To model the impact of flow rates on the intervention, a

random selection of 4. 7% of tot al mo d e | househol
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sl owd (rounded to the nelaad sas hiionuesveehro | add) h e raenndt ow eerv

previouslyclassified as adherent.

2. CWF Model Selection and Comparison

Model Selection
Due to the structure of the datgth random allocation obne child within each household

observed over 730 dayslimearregression model was selectéthear regression may be the most
parsimonious modelsa household and childrenbs characteri sti
which may approximatendependent samplind he regressiomodel was developagsinghouselold
predictors includinglaily householdVC, primary household water source type, secondary household
water source type, current source of wabefpre handvashing contaminatiqrstorage container type,
length of timea household wilstorewater, boilirg rate (maximum), filter cleaning frequency
(maximum), adherare rate, declines in adherenaeceptable filter Biw rate $6), time (days),
willingness to pay, and chilgeographicoordinates (X and Y).

Thepredictors were used to predict caseEOGD over the course of the baseline model run.
Water contamination, another outcome of the previous modelisegbonly as a predictor in this case.
Data for these predictors for each model household andwéitgextracted from thbaselinfABM
model inLimpopo, South Africa, and personal communication with the model gutkimig the methods
previously describef Outcome data ofrpdictedepisodes of diarrhea wecellected for every model
day for each child.

A linear regression modelasdevelopedn Stata 13.1 (College Station, TXAny variables
which were nosignificantly predictive of ECD in univariate linear regression analfsis 0.05 were
excluded Additionally, when a variable increased Reby less than 30, it wasexcluded Variables
were added individuallyThe beta coefficients, standard eriemd pvalues for each included predictor
variablewererecordedor the final regression modé\. nornrconstant linear regression was used as ECD
cases are confined at ze@ollinearity was assessed by considerirgvidriance inflation factorand

correlation matri¥or each modellinteractiondbetween variables wetestedbased on theoretical
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justification and were selected from the included predictbing distributim of the residuals was

examined (Appendix E).

Model Comparison
Significant predictors in thinearregression were listed and compared to dominant gioedi

previously identified by Behaviorgace (sensitivity) analysis in the AMBmodel Additionally, thedaily

predicted cumulative ECD caskes the ABM and the linear modelerecompared by scattergilover

the model period.
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RESULTS
1. CWF Agent-based Model Investigation

Model Building
The structural validity of the source code was ascertained by visual inspection of code, compiler

check inNetlogo, and comparison to previously published maotatacteristic§? With each model
alteration, the relevamtutcomegwater contamination and ECD) warmviewedto ascertain if the value
was reasoable {or instancea positive number)The model was iterated twenty times, and determined to

be structurally similar to the previous model.

Thecurrentmodel adequately reproduces the result8\f@ras generatkby the previous ABM
(Figureb). Overall, thecurrentbaseline model predicts a meatC of 256+ 151 CFU / 100 mLanda
mean ofLl391+ 1043cases of diarrhea over the tywear model period. TH&/C model has a similar
general trend as the previous model WK increasing over each otyear model runSpecifically,
meanWC increases until agents clean the filters at theyaae mark, which decreases ¥W&E to almost
baseline (~ 10 CFU / 100 mL féellor et al 2014 and ~ 100 CFU / 100 mL foucent ABM model).
Note that the order of magnitude of the predicted WC is diffehenighthe trends are similabue to
this, theincreased meaw/C was significantly differat from the previous ABM ft= -34.17, p< 0.001).
Nevertheless, predictedater contaminatiofit much better when normalized by the initial predicted

values (subtracting 100 CFU / 100 mL from each value), as shokigure .
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Figure 5 Thewater contammationfor the baseline model in the current ABM model (red) compared to the previous
ABM model (blue) over two simulated years (730 dédk)After decreasing the current ABM predictions by 100
CFU /100 mL, predictiongere closer (B)

The model outputvas compared to the previously published model oifigtire §. The

aggregate model developed herein shows stweegpredictionof medianWC by at most 50 CFU / 100

mL compared to the original model.

All parameters show a strong skamd differentemporaltrends than the previous model,
including drinking water collection level, boil level, and municipal tap contamination [Ba#éction
interval and boil interval show ancreasingrend in mediatWC with increasingcollection and boil
levelscompared to the previous modgligureséa andéb). Municipal tap (MT)water contaminatioalso

shows an increasing trend in median WC,lmdomes static after 200 CFU / 100 (Higure &).

Nonetheless, a comparison between baseline aggregate modelmlttl previously
published output suggedtsat themodeloutcomes areealistic. TheaneanpredictedECD per household
for the tweyear model period wek.4 (s =2.5 maximum =7.9) caseswhich comparewith the previous
modelmeanof 8.49cases per haeholdand a 2010 survey of children in Africa which reporetiean

of 8.45 cases per househdfd.
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Figure 6 Box plots of aggregat@BM model output and previously published averages. Models were run under baseline conditiobis for 10
iterations using the Behavi@pace function in Netlogo

Model Testing
Parameters for adherence (amount, dectind type) and average filter flow rate were varied in

four separate experiments using MetlogoBehaviorSpace analysis tool over 100 iterations. Varying

adherence from-Q00% over the twayear model period produced a significant variatiomaanECD
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cases(F1o,804000= 255.94 p <0.0001) compared to baseliffehe relationship between declines in
adherence anBCD was nodinear, asshown Figure @& Overall, the predicted mean ECD cadesline

from 1145 caseat 20% to 1075casesat 50-90% adherenct 1050casesat 90i 100% adherence.

Altering therate of declinen adherence from-200% produced a significaaériation in ECD
(Fo, 70s03= 580.54 p< 0.0001) compared to baselinehe relationship betwedhe rate of declinm
adrerence and ECD as nonrlinear, though the mean predicted ECD cases was generally lower with

higher adherencg-igure D).

Similarly, altering the type of adherence (always, partialendrom 3100% produced a
significant variation in ECD (v, so4100= 27.95 p <0.000) compared to baselinAs type of adherence
varied from 690% per monththe expected number BICD cases was near 2160 though this dropped to

2060 cases with greater th@@% type of adherence (Figure).7

Finally, altering thepercent of households that found the flow rate acceptaiste0-100%
produced a significant variation in EQB.o, 70s03= 1818.13 p< 0.000) compared to baseline. As flow
rate preferencearied from 890% per monththe expected number &CD cases vasnear 250@hough

this dropped to almost zero cases wgitbater than @6 flow rate preferencé~igure ).
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A Current Model: Vary Adberence Level A Adpasted Predictions of ECD by Adherence

i

1130

Linsar {Audh Prodicted Cases of ECD

L]

ﬁ B. Cument Model: Decline Adherence Level 3 B. Adjusted Predictions of ECD by Declining Adherence
r 'l
g Bs.
E k]
i 5
F" h
1 i
| =1
[ A E O a B 1 2 13 n.;-uiu E 1 % 3
C. Current Model: Type Adherence Level €. Adpasted Predctions of ECDY by Type Adherence
g 2| S D (D S T S O |
g EE_IIIIIJIJJ
=
%g. !g_
i :
8 i
N &
mwumawnwm i!hiﬁ@wm&ﬁﬂhlﬁﬂ
. Corrent Model: Floor Rate Preference Level " D. Adposmd Predictions of ECD by Flow Prefarence
¥ i
N
i |
“i !’_.

Figure 7 Box plotsand margiral meanplotsfor predicted ECCfor values ofadherence, decline indherencetype
of adherencandflow rate peference experimentshis models 410 householdsntaining410 children. Whiskers
on marginal mean plotare confidence intervals.
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2. CWF Model Selection and Comparison

Model Selectiond Linear regression
Variables extracted from tH@BM are summarizeth Table 4 Variables wereonsidered

iteratively in the order listed imable 4to generate a linear regression modehe mean dailyeCD

cases

Table4 Variables which were extréed from the ABM for use in regression analysis.

Variable Obs () Mean Std. Dev. Minimum  Maximum
Ticks (time) days 29971000 365 211.0 0 730
Daily water
contamination CFU/100mL | 29971000 524.8 902.6 11.9 4911.3
Primary Water  River water
Source (RW)
Community
2 Piped (CP) 29971000 0.07 0.25 0 1
3 M”“'(f\}lpT"‘;' Tap | 29971000 0.32 0.47 0 1
Secondary wate RW
source
2 CP 29971000 0.01 0.12 0
3 MT 29971000 0.12 0.33 0
Today's water RW
source
2 CP 29971000 0.06 0.24
3 MT 29971000 0.12 0.32
Before hand
washing CFU/100mL | 29971000 924.7 2187 0 9000
contamination
: 1 = wide neck
Storage containe =, _orow | 29971000  0.58 0.49 0 1
type neck
Days household cal
keep water Days 29971000 094 2.0 0 44
Boiling frequency Boils every X
(maximum) days 29971000 17.7 12.4 1 30
Filter cleaning cl X
frequency 9P VY Y 29971000 136.6 142.3 0 492
(maximum) Y
% of time using
Adherence the filter 29971000 33.4 24.0 6.5 89.9
Adherence (overall) ;ﬁé/;?r:gd 29971000 90 0 90 90
% of people
Flow rate preference who dislike the| 29971000 4.7 0 4.7 4.7
filter
_— South African
Willingness to pay 29971000 177 155 20 500

Rand

29



Child Longitude Degrees 29971000 -0.76 18.8 -30.42 30.42

Child Latitude Degrees 29971000 15.8 32.1 -60.19 60.36

Variables including i cks, pri mary and secondary water sou
household can keep watemraximum boiling intervalmaximumcleaning intervaladherence (overall),
flow rate preference, willingnesstopay c hi | d & s d | albngitudgsthavedstrongcollinearity
(r > 0.30) werenonsignificantpredictorsin linear regressiofp > 0.05) orincreased th&?2 by less than
0.30 and werghusremoved from analysig.he variables adherence and havakhing contamination
were adled as an interaction term, as households were more likely to adhere with higher threshold

contamination levels, which can tiendecreasd through hangvashing®*

The remaining variables wetsed as independent variables lmaarregressioomodelto
predict ECD cased he theoretical equation for this model of n = 410 children across n = 730\days

=100 iterationgan be expressed as:

006 0 f wo f 6QQ 1 QPw YOET B O AN QF 0 6 Ow |

where:

ECD; predicted household ECD for each child from the ABMéntotal cases)
WCi daily watercontaminatiorfor each household (CFU / 100 mL)
BeforeHW handwashing contaminatiofCFU / 100mL)

StorG storage container growth and contamination (CFU/ 100mL)

Adhere adherence to using the filter (% of time using the filter)

Adh#BHW; the interaction between adherence and haashing contamination

fi unexplained variance in the model (error)

All independent variables wergaificant predictorof ECD (Table 5. The model explained

53.5% of the variability in mean ECD cases (9001).
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Table5 Themodel output for thénear regressionrmodel

Variable | Coef. Std. Error p-value 95% ClI

Daily water | oo, _ 001 <0.001 0.593 0.594
contamination

Before handwashing 5oy gp1 <0.001 0.084 0.085
contamination

Adherence| 1.55 0.006 <0.001 1.54 1.57

Storage Containe| 1260.6 0.451 <0.001 1260 1261
Adherence and Befor

HW Interaction| -37.3 0.037 <0.001 37.4 37.2

(9000 CFU /100 mL)

Intercept:

No constant (intercept) was used in this model.

Variance inflation factorfor the constantontaining regressiowere between 1.13 arid19

(mean=1.16). Residuals werdistributedas shown ira scatterplot of the standardized residuals

(AppendixE) suggesting that there is bias in the linear mogklch may be due to unaccounted for

interactionsA comparison of the predicted ECD values for the ABM (blue line) and the linear regression

model(red line) is provided in Figure 8oth models predicted increasing cases of ECD over increased

time (ticks), with different trends.
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Predicted ECD cases for ABM and Linear ECD Models

2000 3000

Predicted Cumulative ECD cases
1000

T | T T T
0 200 400 600 g00
Ticks (days)

# ABM Predicted ECD # Linear Model Predicted ECD

Figure 8 Predicted cases of ECD over the model period forAB& (blue)and thelinear model(red).
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DISCUSSION

In this thesis, a previously developed ABM predicting ECD in Limpopo, South Africa was
reproduced withouadditionalindividuatlevel data. As with the previously developed model, the present
ABM suggested thdtlter adherencanddeclining adherence are among the nivogortantpredictors of
ECDrates?Addi ti onally, the ABM was constructed to con
perception of filter flow rate. Perception of filter flow rate was a significant predictor of ECD and further
supports théheorythat high adherence is necessargustain reduction imliarrhea caseas a result of
CWEF interventions! Type of adherenceesultssupported th@mportance otonsistent use, as partial
adherence provided reduced ECD declifi¢ss agrees wittprevious studiethathave showrthat social
and behavioral factors can impact diarrheal diseass®&f This thesis providginsightinto the complex
interactions between technological factors (filter flow rates) and behavioral factors (flow rate perception)

that influenceCWF sustainability and use.

Model Building - Reproducing an Agentbased model

The ABM model presented in this thesishe first knownattemptat replicathg a water and
sanitation ABM.This reproduction is important to further the use of ABM as a methodology in water and
sanitation modeld\otably, the original ABM was reproducible even withoampleteindividuatHevel
data The outputs from both the original and reconstructed model matched in magnipuedictied
contamination, biofilm growth, arid theinfluence offactors such as the presence and adherence to CWF
use For example, in the origin@lBM, the predicted biofilm contamination was as high as 1979
CFU/100 mL and the predicted contamination of hands was as high as 1040 CFU/&QA the.
reconstructed model, the predicted mean biofilm growth2483 CFU / 100 mL. and the mean
contamination from hands was 92%U / 100 mL These magnitudes match reasonably well and this
agreement makes sense siricgaspreviouslyfound that biofilm regrowth waduebothto poor

handwashing antb contamination fronwater transfer devices (cugs).
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Despite the overall agreement in the results from the original and neatadtmodels, there was
stronger agreemeirt WC duringthe first 200 days of the moddlhe pattern deviateddm 200 to 365
days. This is likely due to the use of randdistributionsbased orstatic, field derived values which may
have ovetestimatedvater contaminationver time For exampleassumptions abobiacteriological
regrowth andstorage container contamination may hpkeduced higher househdldC contamination
than the previous modéd®revious versions of this modey Jeffrey Demarest d. have used random
normal distributions tapproximataevatercontamination and child height. Trassumptiormay have
limited their overallmodel accurarc§? In this model, nitial water contaminationbservations were
derived fromfield datain the model code, but stochastic variatwithin the model frameworkan lead
to deviations over timel'hese driftsacross time series have been reportedcmsbenge in creating
ABMs. Time-series analyses can be applied to reduce the apparent de¥i&tiother deviation was
found between the trends as baseline parameters were changed, irardintimg water colletion level,
boil level, and municipal tap contamination lev&though trends were nelmear, this is not
unprecedentedeven in disease modéfsThis nonlinearity in trends within ABM$as been reported
elsewhere, and can begplained as a result afnanticipated or complerelationships among
variables™

It was also found thatdherence was less influentiialthis ABM modelthan other studigsave
shown My model producedeclines in ECD up t8.2% with varied adherence, whaseother studies
have reportediarrhealdeclines up to 96%* Studies of chlorine hav@soshownsignificantdeclines in
intervention effectivenessather measures afdherencéfree chlorine residual) declin®.A review of
multiple household water treatment technologies also founcderence was a major predictor of
intervention effectivenes§ This means the current ABM model may underestimate the impact of
adherence on intervention effectiveness comparétetprevioushpublished literatureAdditionally,
flow rate preference produced a rapid dexbf cases of ECDptalmost zero. However, this wilsely a
result ofthe way thathis variable was coded. The code asks the households who will adhere (set to 90%
at baseline) minus those who at prefer the filter flow ratep use the filter. Hoever,this circumvents
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other portions of the model including ceramicevdilter efficiency declines, and may not be realistic.
These differencesay beaddresseth the futureby better estimates of the role of perception of ceramic

water fiter flow rates and subsequent acceptability among households.

Notwithstanding theseconsistenciesmportant conclusions about the influence of factors on
the effectiveness of ceramic water filters in reducing water contamination can be Median\WC was
espeally influenced by factorsuch asadherence antthe rate oflecline in adherencéncreased water
collection frequency and boiling frequencegrepreviously reported adecreasingvater contaminatiafft
This generakelationship waseplicated by the reconstructed madiebugh WC was ovepredicted in
the reconstructed model. Thegh modeledWC would underestimte the impact of preveative
measuresas CWF interventionare less effective at reducing higher levels of fecal coliform
contamination to a safe levislen at lower levels of contaminatiorhis may not have substantially
impackdthe overall results as the mean number ofrldéa cases reported in the previous model (8.49
cases per househgtflare close to the maximum predicted cases of ECD iprément recornsicted

model(7.9 cases per household).

In theoriginal (Mellor et al 2012)study, baseline data including water sources and treatment
methodsrom Guatemala and South Africa were ugardcalibraton. Results were different betwetre
Guatemalan and South African models, but contained siwdlaesof ECD.%2 This suggests that the
modelis transferabléo similarcontexts as long as the data canrealerived in aggregate forf¥%-°’As
shown in this thesis, reconstructing the model with aggregate data is possiblestRecting ABM can
overcome logistial, budgeary, and ethical constraints in losigrm inteventionrcontrolled trialsvhere

individual data may not be available

Reproducibility ofcomplex system modeis an important, yet challenging, practi€eevious
work has attempted replication of ABMs and has reported issues in finding statistical equivalence
between model¥.Due to the random behavior and stochasticity between moepligation is

challengingf modelsare drawn from different data rthey have differenassumptions?

35



Implementation bagent interactions can differ if agents hdiferent ruledor interaction and the rules
arenot explicit®” This can make the comparison of ABMihwtraditional statistical tools equally
challengingln this work, comparisons were completed at the same level of iterations (100) anelfollow
time (730 days) for each analysis. These were carefully matched to the previously developed model to
producea structurally similar model. Finallgomeindividual household pameters werestimated as
original data was natvailable

In order to correctly estimate household parameters, assumptions were made about preferences
(water sourced|ow rate,etc) during the design of the mod#alues for these variablegere drawn
from published matéal and discussions with Dr. Jonathdellor.>° This is an important step for
developing an aggregate agéaised model, with reference to the original conceftaalework of how
agents antheir environmentelate With careful development of assumptions, conceptual design and
edited computer cod#&e replication of a model can be standardized. Similarly, careful application of
statistical tests including checking foeteroscedasticitgndcontrolling the number of observations
collectedcan produce comparakiesults Finally, internal and external validation checks were especially
important during model building and analysis. The use of a main outcome (water contam&)ias
a validdion targetwas essential for determining proper model funcfidre ability of ABMs toassess
multiple outcomeswith joint influencesrom predictorsmakes thdramework especially useftf.

Multiple outcomes (WC and ECRJsoprovidegreateropportunitiesfor model comparison.

Even if a reproduced ABM is statistically comparable to the origioalever ABMs ae still not
robustwhen consideringntirelymissing data or systems that are not wwhlracterized at the local level.
For exampleheightfor-age zscores{AZ) data on child height stunting, which was included in the
original modeF? was not replicated in this model due to the lack of individexat| data. Obtaining

access to individualatain this case would have improved the utility of the ABM
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Comparing modeing methods

The ABM developedor this thesisvas able to predia/C trends in Limpopo. This suggests that
ABMs can beausefulresearch togldepending on the research question of inteNmsterthelesghere is
a question of whether thigproachis superior to traditional modeling approaches. To address this
guestion, a simple linear model was also developed and compared against the ABM. The linear model
predicteds3% of the variability of ECD cases ugj onlyfive predictor variablesncluding WC (Table
5). Notably, thidinearmodel did not use childpecific predictors as these weamdomly allocated to
each household at the start of each modeanthwould not be expected to predict ECD cases. The
random allocation of children to households also meant that a more complex model structure, such as a
multilevel model, was not necessary. In r@alld systems, children are nested within households so if
individuallevel data were used, a multilevel nebevould be more appropriate than a simple linear
model.

Although the linear model performed well, the ABM might be better suited to model systems that
change with timeThe linear model also assessed the interaction betweemizaiihg contamination
andadherence, teeeif households that have higher handwashing contamination are more or less likely to
adhere. This term was significaipt< 0.001) suggesting that there is an iratetion between those
variablesand the behaors may influenceach otheover the course of the twaear model periad~or
example when comparing modeling strategies to predichdgraphic transitions due to armed conflict in
Nepal the linear model was more predictive of stable behaviors while the ABM was more predictive of
behaviors that changed over tiffteThis makes sense since ABMs can exfilighclude time in the
simulatiors whereas linear models cannot. The linear regression devétojésithesisised similar
methodgo the Nepal moddio compae the two modelsBoth usedhe predicted outcome over the period
of study,drawn from norrardom predictors in thinear regression model. Selection and estimation of
parametersor individualswas noted as an important challenge, and an area where ABMs may be more
suitable than other modedsich as linear regressidiDue tochangesri behaviors over time, ABM can
be a useful model fgerospectivanterventionstudies.
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Additionally, ABMs are useful when agent heterogenkiéga strongnfluence on thenodel
output(s)and when there are multiple interacting technological, environmental, and behavioral
factors?*1%°Depending on the complexity of the interactions, these could still be modeled with traditional
approaches. Nevertheless, an ABM couldude dynamic sumodels of agent decisiemaking
processes that could be more representative ofuadd systems?® In practical terms, ABMs are more
challenging to run as they take longesemore storage and processing, agguire andise more
complex input data. These practicahsiderations will likely become less important as computational
resources and processing power incréa$eaining of practitioners in the use and interpretation of
ABMs would also assist the development of ABMs.

Overall, linear regression modelimgsonly marginallysufficient to aswer the research
guestion psedin this thesis. This is likely due in part to the complexity in the calculation of ECD risk for
each level of water contaminationer time A direct relationship was assumed between the exposure to
water contamination (QF/ 100 mL) and a resulting likelihood of ECD in the original mddéin ABM
is more useful in this contexisthere were more ndmear ielationships within the system and
interactions between agents and their environment. For example, aMseful for modeling processes
which can be influenced by human decisions, such as how water @aalibhe affected by means of
transporfrom source to storage to use within the houseAdidse nodinear impacts on intervention
effectiveness can be linked back to the social, technological and contextual factors as outlined in the
IBM-WASH framework® This thesisconfirms that social factors such as adherence and flow rate

preference can impact the effectiveness of a CWF intervention.

Limita tions

Although this study has produckdgely comparableesultswith the original study*there are
some limitations to noté=irst, some limitations were carried over from the original study. For example,
since drinking watesamples for coliform analysis were only taken montthligre could bseasonal
variation or sampling errd® There were also limitations introduced through the reproduction of the

ABM. From a theoretical perspective, it may not be reasonable to afizaintiee population size and
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birth rate are static over the twear model period. Additionally, the lackioflividual information

precluded childevel factors from being included in the model since these characteristics were randomly
assigned each itation. It was also assumed that the underlying data is drawn from a mibstrialution,

in order togenerate the random valud$ismay have also been incorrect and that walddreas¢he
accuracy of the model. Furthermore, the assumption that a psesasa of ECD increases the risk of a
future case bg.05may not adequately capture the influence of nutrition uptake, breakdown of intestinal

cilia, or other factors®!

Moving forward, it would be useful for models to accoumtgathogens other than fecal coliform
since that wouldbetter approximate realorld conditionsOver50% oftested municipal tap samples
haveassimiableorganic carbomhatcould support the growth of cholera aBdColi.?* Additionally,
since CWF do not remove all pathogevith the same level of effectiveng@sg.CWF do not effectively
remove parasites such @syptosporidiuny, it would be useful to include contamination by parasites and
viruses in the modéf.Finally, the link between fecal coliform and diarrtikat is used to assign ECD
risk (Appendix B)is not strongly supported in the literature. There is a weak link between fecal coliform
and diarrhedor highly contaminated water{000 CFU / 100 mL) watef$? but this model does not
approach that level of water contaminatidhere is a stronger link betwe&n Coli concentration in
drinking water and diarrhé& but no data foE. Coliin thesource water in Limpopo, South Africa was

available.

Future suggestions for ABMs

Future studies should usameworks such as ti@verview, Design Concepts and Details +
Decisionmaking (OD+D) frameworkto standardizeeporting ofABM design andesults (Appendix
C). The use of this framewonkill help provide clarity forfuture replication of result&nsuring that a
more computatinally simple methoés not sufficient should precede efforts to build ABM&*Each

ABM should be interpreted carefully based on the context of the study population.
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Reflections on ensitivity and replication

The rebuilt model predicted water contamination and diarrhea (ECD) cases with similar
magnitude but different trends than the originally published model. Additionally, when the frequency of
water collection, frequency of boiling, and municipal tap fregyewere varied, different trends in mean
water contamination were recorded. The response of the model to adherence was also more restrained
than previous work, andlas not consistentith epidemiological literaturen adherencé&:%Both the
previous ABM and current epidemiological literatstewa stronger impact of adherenme
intervention succedban reported heire This suggests that thevious ABM and this ABM are
different in important ways, and the success of the replication should be reviewed.

Other ABM researchers have suggested that there are five componemsménce in
completinga replicatiorexercise. Thesimclude: time, hardware, (computer) languagesjkits,
algorithms and authof$.In this work, Ireplicate a model two years after its original publication, on
different hardware, using diffemetoolkits and algorithms, completed by a different author. Only the
computer code is consistent between models. Researchers in computer science have noted the importance
of a replication standard for comparing simulation models, including both simtfauteifnumerical
similarity) and distributions (distributional similarity> | find that the replication standard of nuncal
and distributional similaritglid not match between the-bailt ABM model and pevious model as
discussed above, although many replication characteristicssimgtar. The limited sensitivity analysis
completed for the frequency of water collectitrequency of boiling, and municipal tapntamination
showeda different magnitude of sensitivity in thelvailt ABM model.

This would suggest that the reproduced model developed herein may not adequately represent all
interactions present in the originmodel. This discrepancy must be investigatedtcifim of complete
reproductioris to be madelnteractions leading to divergent results can be investigated using sensitivity
analysis®1%Sensitivty analysis can be defined as a method to understand how results vary across the

range of a single parameter or interest (keeping all other values unch&hged).
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A sensitivity analysis using the Behavior Space platform within Nettagde completed. This
has been used in previous studies to provide an estimate of the influence of a single variable on overall
system outcmes®*’2In thisthesis the freqency of water collection and boiling were varied in a
rudimentary sensitivity analysis, but further analysis should include all model parameters. However, the
researcher would be required to manually develop code routines for testing all possiblednsfacti
This process of incrementally varyi ngATsandrisghee v ar i
simplest way to conduct a sensitivity analysis when consideglativelyfew variables. However, this
simple approach could lead to user error, and requires long processing timagnedtemumber of
variables of interest. The @H approactonly functions well for linear modelsanda hallmark of agent
based models is their ndinear behaviat® Other methods of sensitivity analysis can account for some
nortlinearity, including model free output variance decomposition (or gieblablsensitivity analysis)
and modebased output variance decompositiceg(essiorbasedsensitivity analysis)®® Each method
of sensitivity analysis hdsenefits and drawbacks, and have been revi@redously!®®1°However,the
ability of these methods to compare ABM senditg for model reproductiohas noteenassessed
Such an assessmengaisiseful next step.

Thus methals of sensitivity analysiarecurrentlyinsufficient for investigating the reproduction
of complex agenrbased modelithout robust applicatiaff®!1° To address this problem, there has been
recent work linking Netlogo and othagentbased modeling programs to more powerful statistical
software. These programs can provide a full suite of sensitivity analysis methods. For example, work by
Dr. Jan Thiele produced the NetleBeExtension statigtal package for the program'R.This paperdid
not suggest any specific sensitivity analyeshniquesbut the program R contains many otkeftware
routines ( commo n Wwhichamaperdfoerithesdiapka. Ohe @& xammemf)this is the R
package "lhs", which can perform Latin Hypercube Sampling (LHS). This is a method for extracting
values from the multidimensional parameter space in order to find thetetabtairs the most
represatative subset of results given a known set of parameters of intérEisis has been used
alongstle sensitivity analysifor agentbased models of social systetfsCompleting tls process of

41



sensitivity analysisisingrobust statistical programs withe correctmethods may clarify the

completeness of a model reproductibar example, e field of economics has begun to use sensitivity
analysis (OFAT) to compare modelsd the assumptions within théMTheseapproacks to estimate

model sensitivitymay be a better method than visual comparison. | suggest that future studies compare
multiple methods of sensitivity analysis to ascertain eagion. Other agertased models must also
produce sensitivity estimates, in order to facilitate compagasaohfuture replicatiorThis will better

allow researcher® characterize goodness of fit between atpased madels, and provide a method for

replication studies.

CONCLUSIONS

An ABM of the water sanitation behavior Limpopo, South Africa was reconstructedm a
previously publishedhodel using aggregate data. The reconstrutiede! overpredictedwater
contaminatiorand undesestimated the ffuence of factors such agater collection frequencgnd boiling
interval® The ABM predicted ECD risk well, howeverhis suggests thaeplication is possible using
aggregate data which means that ABMs could be usgeriteeadditional informatiorabout the long
term sustainability of interventions whesieort ternfield-studies have already beeompleted This
method has advantagexiuding protecting individual privacy, increased flexibility in moeballding,
and increased speed and ease in model building. Applying this methodology in the case of Limpopo
suggested that the sustainability of CWF interventions is influenced bySacttiras perception of flow

rates.

Although it was possible to build and use an ABM from aggregate data, ABMs ditbady
perform better than simple linear regression models in predicting ECD cases. Linear regression modeling
wasamore efficient ananoreeasily interpreted ECD medl Nevertheless, ABMs did characterize
individual WCmore accuratelgnd thisunderlines the importance of the choicanfinalytical nodel

most appropriate fathe researcljuestionThe linear model also contained bias according to
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standardized residual®verall, ABMs can providausefulinsight inb the field of water and healénd

further researcemploying ABMmethods should be conducted.
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APPENDIX

Appendix AT A comparison ofmodels forthe effectiveness of the ceramic water filter (CWF)

intervention against early childhood diarrh& = not reported, N/A = not applicable

Model QMRA ABM CWF-ABM CWF-ABM CWF-ABM
Citation Brown et al (2012) Mellor et al fiBasic AAddi ti This paper
(2012) Routinf CWF Rou
Mellor et al Mellor et al
(2014) (2014)
Desian Qusggifgseegggmal AgentBased AgentBased AgentBased GSSQIP(BA%SG?
9 (OMRA) Model (ABM) | Model (ABM) | Model (ABM)
Health Disability-adjusted life Earlg_LchlrI]dhood EarIg_LchlrI]dhood EarIg_LchlrI]dhood Earlé/_-chlrlldhood
outcome years (DALYS) iarrhea iarrhea iarrhea iarrhea
(ECD) (ECD) (ECD) (ECD)
~ ‘ Filter log Filter log
3n0?_66 Isot caj N/A reduction Filter log reduction
' Go 2.92 logo reduction 2.92 logo
Log Removal S N Filter log 1 logio Filter log
(Bacterial 2 OI\T;O:% ngeo N/A reduction reduction
removal ! Go 1.63 logo 1.63 logo
effectiveness) . Filter log Filter log
~ , Filter log . )
AfBasic | g / ducti reduction reduction
1-2logio NIA reduction 5 logio 0.42 logo
0.42|Oglo )
High N/A Adherence was
91-100% . varied from 0
Medium Compllance was Compliance was| 100% at 1%
N/A varied from 80 . .
Adherence 71-90% 90% at 10% varied from 0 intervals.
Low intervals 10.0% at 10%
50-70% N/A intervals
Surface water
(SW) Varied given
. Varied given Varied given experimental
Source water Treated water ~Community experimental experimental mean values
Untreated water piped water (CP)  mean values mean values
Municipal tap
(MT)
AHIi gh i SW NR
1CFU/L
iModerate cP Varied given Variedgiven
Sourcewater 01CFU/L 075,000 CFU/ ex erirr?ental ex erirgental Varied given
taminat iModer at e L mgan alues mgan alues experimental
contamination 0.01CFU/L vaiu vaiu mean values
AfModer at e MT
0.001 CFU/L 07 1,000 CFU/
ALow ris L
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0.0001 CFU /L

Breakage rate NR N/A 20% N/A 20%
Prevalence of 0 o 100%
CWEs NR N/A 100% 0-100%
. 2.05 times as
2.05 timesas likely to treat if
Detection of likely to treat if threshold
etection 0 NR N/A NR threshold )
Contamination . 071 2,000 CFU/
071 2,000 CFU/
L L, threshold set
at 100 CFU /L
Oracle Crystal Ball,
Software used Fusion Edition Netlogo NetLogo NetLogo Netlogo
Volume Drank | 17 5 Liters /person / day N/A N/A N/A N/A
4.7% less likely
Perception of to use a filter due
N/A N/A N/A to filter

filter
effectiveness

N/A

perception, rangg
from 07 100%
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Appendix B A comparison of the model variables and parameters betweearotleds developed by
Dr. Jonathan Mell&#54and this work.

Model
Variable type Parameter (units) Citation
ABM ABM
Aggregate ABM ABM Mellor et al (2012) Mellor et al
This paper Mellor et al (2012) BehaviorSpace (2014)
Range
Children (n) 410 410 410 410
Households (n) 410 410 410 410
Filter Prevalence 100% N/A 0-100% by 10% 100%

General variables

Filter Breakage
Rate 20% N/A 0-100% by 10% 20%
(over two years)
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Adherence

, 90% N/A 0-100% by 10% 90%
(compliance)
Frequencies draw
Cleaning Interval | from histograms in . No baseline,
(Every X days) Figure S4 Mellor N/A 07 730 by 60 days 07 730 days
et al 2012
Yearly adherence Baseline 2%, 0 .
(compliance) 100% from N/A 0-100% No baseline,
decline Cambodia CWF 07 100%
Study®
10 [day], OF 730 N/A . No baseline,
Breakage Date days 071 730 by 60 days 0 to 730 days
N/A . No baseline,
ngﬁgrﬂ%\;‘t’gﬁr 100 CFU / 100mL 01 i%%?nf':w 07 2000 CFU
/ 100mL
Selects a random
value from the list.
one-of [50 100 300 No baseline,
Willingness to Pay | 150 30 500 50 20 N/A 207 500 Rand 2071 500
500 150 70 200 Rand
100 100 80 250
500 150100])
Rotavirus vaccine 44.1% 44.1% 44.1% 44.1%
effectiveness
Drawn from
Drawn from Drawn from sourcewater
sourcewater sourcewater contamination
Daily Water contaminatiordata | contaminatiordata| 07 4000 CFU / data for SW,
contamination for SW, CP, MT | for SW, CP, MT 100mL CP, MT and
and the Water and the Water the Water
Chain analysis Chain analysis Chain
analysis
Primary water SW, CP, MT SWwW, CP, MT SW, CP, MT SW, CP, MT
source
Secondarywater SW, CP, MT SW, CP, MT SW, CP, MT SW, CP, MT
source
Days have kept >0
water > 0 days > 0 days > 0 days days
Maximum days can flzrtr)?:]m;]?snt((:)lgrsa(rjnr?,i\:] Values reporte.d by
households in 17 14 days N/A

keep water

Figure S6 Mellor

et al 2012

surveyskFigure S6
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Water collection

Frequencies draw
from histograms in

Values reported by

interval Figure S6 Mellor sur;\?g;gtll?é]ﬁénse Every 1i 10 days N/A
et al 2012
Water container Drawn fro_m a .
cleaning interval CWF study in t_he Unclear source | Every 1i 365 days N/A
same community
Water boiling Ez)er;ql;l?snt(c:)lgersa(rjr:zvi\:w Values reporte_d by .
: . households in | Every 1i 30 days N/A
interval Figure S7 Mellor surveys Figure S7
et al 2012
Frequencieslrawn Values reported b
Daily _handwashmg frqm histograms in househg)lds in | 0- 24 days N/A
interval Figure S8 Mellor surveys Figure S8
et al 2012
Coliforms Frequgncies drav_v Va_llu_es measured )
associated with fro_m histograms in  within survey_ed 07 8615 CFU/ N/A
hands Figure S5 Mellor hoqseholds in 100mL
et al 2012 Figure S5
Biofilm layer Frequgncies drav_v Va_llu_es measured )
coliform fro_m histograms in  within survey_ed 07 10,000 CFU / N/A
contribution (HHS) Figure S5 Mellor hoqseholds in 100mL
et al 2012 Figure S5
Water transfer Frequgncies drav_v Va_llu_es measured )
device coliform frqm histograms in  within surveygd 07 5064 CFU/ N/A
contribution Figure S5 Mellor hoqseholds in 100mL
et al 2012 Figure S5
Sex M/F M/F N/A N/A
Age (days) 07 730 07 730 07 730 N/A
Single case, Single case, Single case,
ECD Status Double case, non¢ Double case, non{ Double case, none N/A
Daily growth | 4 198 -0.176 cm| -0.198i -0.176 cm| -0.198i -0.176 cm N/A
Increment
Duration of stunted 240days 240 days 240 days N/A
growth
Single ECD Case -1.507 1.47 -1.507 1.47 "
HAZ Reduction -1.5071 1.47 N/A
Double ECD Case -2.181 1.93 -2.1871 1.93 .
HAZ Reduction -2.18i 1.93 N/A
SW Water 01 4120 CFU/ 071 4120 CFU/ 071 4120 CFU N/A
contamination 100mL 100mL 100mL
CP Water 071 1220 CFU/ 071 1220 CFU/ 071 1220 CFU/ N/A
contamination 100mL 100mL 100mL
Global variable MT Water 07 500 CFU / 07 500 CFU/ 07 500 CFU/ N/A
contamination 100mL 100mL 100mL
SW Reliability N/A 100% 100% N/A
CP Reliability N/A 45.4% 45.43% N/A
MT Reliability N/A 68.4% 68.43% N/A
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Probability ECD |

WCO0i1 1CFU/ N/A 0% 0% N/A
100mL
Probability ECD |
WC 17 10 CFU/ N/A 0.757 2.00% 0.751 2.00% N/A
100mL
Probability ECD |
WC 107 100 CFU/ N/A 0.8771 3.00% 0.871 3.00% N/A
100mL
Probability ECD |
WC 1007 1000 N/A 0.9471 3.71% 0.947 3.71% N/A
CFU /100mL
Probability ECD |
WC > 1000 CFU / N/A 1.081 3.29% 1.081 3.29% N/A
100mL
The water usage
MT Usage "gifwaef#rgj% t;)nz 0i 100% 0i 100% N/A
0.96 for each day.
The water usage
CP Usage "gifwf‘:#rgjg t;’nz 0i 100% 0f 100% N/A
0.96 for each day.
The water usage
SW Usage "gifwf‘:#rgjg t;’nz 0i 100% 0f 100% N/A
0.96 for each day.
The water usage
ANarrow was assumed to b " .
Container Use between 0.49 and 0T 100 0T 100 N/A
0.96 for each day.
Frequencies draw
Single Parameter Biofilm Layer from histograms in 07 5000 CFU / 07 5000 CFU/ N/A
Behavior Space Contribution Figure S4 Mellor 100mL 100mL
Analysis et al 2012
Water Transfer Frequgncies drav_v . .
Device (Cup) frqm histograms in 071 5000 CFU / 07 5000 CFU/ N/A
Contribution Figure S4 Mellor 100mL 100mL
et al 2012
Slow Sand Filter ON ON ON / OFF N/A
Frequencies drawi Values reported by
SW Reliability from histograms in  households in 1.7 N/A
(Every X Days) Figure S8 Mellor | surveys Figure S§
et al 2012
CP Reliability 45.43% 45.43%
(Every X Days) L-7 N/A
MT Reliability 68.43% 68.43% 1-7 N/A

(Every X Days)
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Collection Interval

Frequencies draw
from histograms in

Values reported by
households in

(CoIIeS;ES\,/)ery X Figure S6 Mellor | surveys Figure S6 1-7 N/A
y et al 2012
Cleaning Interval Frequencies drawl Values reported by
9 from histograms in  households in
(Clean every X Ei S8 Mell Fi 1-7 N/A
Days) igure ellor | surveys Figure S§
et al 2012
Hand-washing Frequencies drawi Values r@orted by
(Hand-washing from histograms in households in 1-32 N/A
events per day) Mellor et al 2012 | surveys Figure S§
Frequencies draw Values drawn
SW Water from histograms in from field 07 2500 CFU/ N/A
contamination Figure S4 Mellor 100mL
measurements
et al 2012
Frequencies draw Values drawn
CP Water from histograms in . 07 1000 CFU/
contamination Figure S4 Mellor from field 100mL N/A
measurements
et al 2012
Frequencies draw values drawn
MT Water from histograms in . 0-500 CFU/
contamination Figure S4 Mellor from field 100mL N/A
measurements
et al 2012
- Frequencies drav_v Values reported by
Boiling Interval from histograms in . .
. households in 177 N/A
(Every X Days) Figure S7 Mellor survevs Figure ST
et al 2012 ys g
Storage Container 1=Wide or 2 1= Wide or 2 1=Wide or 2
_ _ _ N/A
Type =Narrow =Narrow =Narrow
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Appendix C T This was dapted from the template f(@verview, Design Concepts and Details +
Decisionmaking)ODD+D, with the guiding questions and responses relevant to thisragetto
formalize the description of agebased models with @ognitive componeniThis template is available

onlineand inMuller et al, 20137114115

Overview

1)

Outline GU|d|_ng ODD+D Model description
guestions
l.i Purpose l.i.a What is the| The goal of the ageiiitased model (ABM) in this

purpose of the
study?

study is to understand the effectiveness of
established ABM for predicting early childhood
diarrhea (ECDHuringa CWF intervention, while
revising the model to include additional measure
of adherence andter flow rates.

This is drawn from ta goal of the previous resear
(to Aiinvestigate the r
imperfect use of CWFs in preventing early
childhood diarrhea using an extensairan ABM
described previousty.6264

Lii.b For whom | This model has been developed for scientists an

is the model researchers. Unigue additions to the model inclu

designed? packaging all components (where feasible) into 4
password protected executable file, to streamling
reproducibility while maintainindgjmited
confidentiality. This may allow for the use of the
model by others (decision makers, stakeholders
This model was developed withatgmplete
individuaklevel dataas a replication of the origing
model

Lii Entities, state variables, and scales | l.ii.a What Agents in this model include households and
kinds of entities| children.
e;:go:glghe Household agents own attributes which relate to

their WASH status and available drinkingter
contaminatior(WC).

Households can provide water to cralgents.
Children are all under two years of age, consumy
water in the househagldnd get sick from
consuming poor quality water. There is one child
per household in this model.

The grid cells in this model correspond to GPS
points, which include houselblocations, and
water source locations. These GPS points are
measured in decimal formathey do not
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correspond directly to actual household locationg
due to the geoeferencing process.

Lii.b By what
attributes (i.e.
state variables
and parameters
are these
entities
characterized?

Agents:There are 410 children born to 410
households at fAday 060
age 0, and grow until age 2 during the course of
model.

They are loated at the GPS coordinates of the
households in Limpopo, South Afriead were
subjectf an original series of agebtaised
models?Z64

The sex ratio of the children is taken from survey,
data. The height distribution is taken from the
WHO SD heights.

Households can own ceramic water filters, and t
can use these filters if they decide to. Each

household is randomly assigned a filter degradat
curve, taken from field measurements.

Households who have no information on water
source, filter usage, avater storage search radiall
out until the find a household with survey
information, and set their information to match th
survey information. More households are simula
in this model then survey data were originally
collected for.

Spatial units:In Netlogo, the spatial units are
aligned on a grid of x and y coordinates.

Collectives:Filters collectivelybreak on a given
dayand children are born on a given day (day 0)

More information on agent characteristics can b
found in Appendix B.

l.ii.c What are
the exogenous
factors / drivers
of the model?

The sources of water available to the agents are
derived from field measures. In this wayater
contaminatioris driven by the shifts in
microbiological contamination among three sour
of water.

Additionally, the children can be protected from
the main outcome (ECD) through vaccination,
which is influenced by a myriad of contextual
factors.
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Lii.d If
applicable, how

This is a georeferenced model, wihatial data
incorporated into the locations of households. Sy

is space is included as the location of households and
included in the | children.

model?

liLeWhatare |One tinieko¥steppf(Bsents
the temporal model time.

and spatial

resolutions and
extents of the

One grid cell represents one decimal point of GR
coordinate system.

model? Children grow for two years, and the model is ru
for two years.
For the baseline model, easimgle parameter valu
was run DO times (usinghte Behavior Space
Analysis tool in Netlogo).

Liii Process overview and scheduling | Liii.a What At the start of the modethildren (in code:
entity does children) are randomly born thouseholds
what, and in (householdg one per house. These are linked

what order?

within the model conceptually. Each day, each
householdcancollect water ¢ollectwater) from
various water sources, including a municipal tap
system intWQ), a local river surface watesyrf
WQ and community piped watsupply pipewq).
Each household has a preferred so(pcewater
sourcd, and a seandary preferred sour¢eec
watersourcs, if the primary source is not
operational. Each source has a fiditived
frequency of which it is operational.

If their primary source is not operational, agents
wait a number of days (with a frequency drawn
from survey data, and applied randomly to all
households) urtreach their limit of waitingh-
dayscanwait), and then switch to their secondary
source andepeat.

After the households collect water, it must be stq
in astorage containes{oragecontaine) which has
some risk of biofilm growth, which can have a
narrow or wide necknarrow-neckor wide-neck.
Water can be removed withcap or hand, restihg
in contaminationgup_total orbhw_tota). This
process has been descr
Cont ami na t®Househdltis cae ¢lean
their storage containers, which can improxser
quality. The household now has a final water
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qguality for e aQiliDestrbeadask
WC in thesis, and WiQn code).

At this point, if a househollas a filter hasfilter =
1) they can use the filter to reduce water
contamination. Some level of households Wwhve
a filter will decline to use the filter according to ar,
adherenceadherencgvalue. Of those that chose
use, those thdind their filter too slow (4.%
randomly selected households) will chose to stoj
filtering their water, even if they would otherwise
filter.

Finally, thewater contaminationWf/Qj) after
filtering is converted into a potential for ECD give
the propensity for drinking water and the
probability of getting ECDgreviouscases,
vaccination, handvash. Finally, this probability is
converted into predicted cases of early childhoog
diarrhea éll-ecdcase$ amongchildren which
causes growth stunting, recordedasl days
stunting fotal-stuntdayg. In the version of the
model used herein, the growgtunting model is no
utilized. Model steps are provided in Appendix D

Design Concepts

IN)

Il.i Theoretical and Empirical
Background

Il.i.a Which
general
concepts,
theories or
hypotheses are
underlying the
model 0s
at the system
level or at the
level(s) of the
submodel(s)
(apart from the
decision
model)? What is
the link to
complexity and
the purpose of

The general concept which underlies this model
that although CW$&have been shown to work wel
in the field, issues with adherence (correct and
consistent use) filter breakage, filter flow rate, an
bacterial recontamination of water storage vesse
has been an issue. This model addresses these
concerns for field impleentations of CWF in a
virtual way, without the expense of lotgrm field
studies.

The link to complexity is especially shown with th
filter flow rate perception, as the response of

households to the performance of the filter has
shown strong heterogemgiand this may influence
the effectiveness of CWF interventions.

the model?
Decision| Assumption
Il.i.b On what
assumptions Which source of water to use? We assume that
is/are the households can communicatieout their water use

patternsand that the households surveyed, on

65



agent so
model(s) based]

average, reflect the processes of those around tt
It has been noted that thegberence for water
treatment isnfluenced by social pressuaad
previous culturaéxperience$®

Should I filter this water? | It has also been show
thatin some cases, people are able to perceive s
in water quality and adapb these shifts in
contaminationWeassume that households with g
WC abovea threshold {00 CFU/100mL) are 2.05
times as likely as those below to filter their water
We assume that the ability of houselsold detect
contamination does not appreciably vary among
households

Should | buy another filter? | After the first batch
of 410 CWF are distributed free of charge on day
some of these filters may break. When they do,
households have an option to regldlaem, if the
current price of ceramic water filtershelow their
willingness to pay as determined &yperimental
field data.

Should I wash my hands? Hands, in the case tha
they were used for the transport of water from th
storage container, weeepossible vector for
exposure to pathogens.
choice to wash hands is another factor. This cho
is drawn from experimental field data, and
frequenciesdr each level of handwashing are
applied to all households, randomly.

IL.i.c Why is Experimental and fieldlerived decision models
al/are certain were preferred over theoretically derived models
decision References to other studies were also used.
model(s)

chosen?

Il.i.d If the The model comes from household surveys, direg
model / a observations by previous study staff, statistical
submodel (e.g. | census (WHO height values), GIS data collectior
the decision and previously published work.

model) is lased

on empirical

data, where

does the data

come from?
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Most data are at the household or individual leve
(each household has one child). The only group

[Lii Individual Decision Making

Il.i.e At which level variables would be: tHeeakdatefor filters,

level of the frequency of water collectiowéter-collect

aggregation freg), the GPS locations of the households

were the data | (hhb_abm_gps_locations2.txt, ceraraios

available? locations2.txt, remainingabmgpslocations2.txy,
and thewater contaminationf the sourcespipe-
wq, mgwd, surfwq).

Ilii.a What are | Households without survey datadter source,

the subjects ang length of time that agents can wait to useuil

objects of handwahing and water storage behaviors) look t

decision other households nearby that have survey data 4

making? On match themselves to ff

which level of
aggregation is
decision
making
modeled? Are
multiple levels

radial pattern.

Households can also look to tivater quality of
their sourcesind decide whether to treatrat to
treat.

of decision
making
included?
ILii.b What is Agent behaviors are mostly drawn from the resu
the basic of field studies; thus they would be an example ¢
rationality bounded rationality. This may suffer from
behind publication bias, however.
decision - I

L Agents do not pursue a specific objective, but raf
making in the : ,
model? Do refer to a set of field and sty derived rules.
agents pursue
an explicit
objective or
have other

success criteria

Il.ii.c How do
agents make
their decisions?

Deci sion trees are useE

making.

The househol dbés deci si
adherent household or not?) are ascribed randoi

ILii.d Do the

agents adapt
their behavior tg
changing

endogenous an

Yes.Agentsca fAper cei veo caodn
adapt their filtering or treating methodsadjust.
This is completed by comparing theusehold
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exogenous state
variables? And
if yes, how?

water contaminatioto a threshold of detection, se
at 100 CFU / 10 mL in the baseline model.

Il.ii.e Do social
norms or
cultural values
play a role in
the decision
making
process?

Partially. Hougholds look to their neighboesd
copy them directlyln this way, there is a cultural
norm for water source selection.

ILii.f Do spatial
aspects play a
role in the
decision
process?

Yes. Households who are next to each other are
more likely to be similar.

ILii.g Do
temporal
aspects play a
role in the
decision
process?

Yes. Children who have had diarrhea argeno
likely to have diarrhea again.

IL.ii.h To which
extent and how
is uncertainty
included in the
agent so
rules?

Stochasti c e ldecisiennmaking and
the random allocation @gentcharacteristics for
highlight uncertainty.

[Liii Learning

ILiii.a Is
individual
learning
included in the
decision
process? How
do individuals
change their
decision rules
over time as
consequence of|
their

Agents do not learn through time.

experience?

ILiii.b Is No collective learning (no genetic algorithms or
collective evolution).

learning
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implemented in
the model?

ILiv Individual Sensing

Iliv.a What
endogenous an
exogenous statg
variables are
individuals
assumed to
sense and
consider in their,
decisions? Is thg
sensing procesy
erroneous?

Agents can dectly sense water quality. Househo
agents can also sense other households who hal
survey data.

ILiv.b What
state variables
of which other
individuals can
an individual
perceive? Is the
sensing procesy

None.

erroneous?

Iliv.c What is | Local (sense until you see another survey

the spatial scale household, or look for the closest water source).
of sensing?

ILiv.d Are the | Sensing is only local. Netwotiased sensing woul

mechanisms by
which agents
obtain
information
modeled
explicitly, or are
individuals
simply assumed
to know these
variables?

be useful, but is not currently implemented.

Il.iv.e Are costs
for cognition
and costs for
gathering
information
included in the
model?

No.
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[l.v Individual Prediction

Il.v.a Which
data uses the
agent to predict
future

Spatial observations.

conditions?

Il.v.b What They do not have internal models. They do have
internal models | limit of how long they can keep watand howlong
are agents they can wait if they canm@ccess a source of
assumed to use| water before they revert to their secondary water
to estimate source.

future

conditions or
consequences (
their decisions?

Il.v.c Might
agents be
erroneous in the
prediction
process, and
how is it
implemented?

Agents are never wrorigno internal capability wa;
modeled Neverthelessthe ability of agents to
sense the water is a range (uncertain).

Il.vi Interaction

Il.vi.a Are
interactions
among agents
and entities
assumed as
direct or
indirect?

Agents are alays interacting directly. There is an
undirected link from household to child which
allows them to transfer information.

Il.vi.b On what
do the
interactions
depend?

Spatial distance (GPS)

Il.vi.c If the
interactions
involve
communication,
how are such
communicationg
represented?

N/A

Il.vi.d If a
coordination
network exists,
how does it

No coordination network beydnGPS coordinates.
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affect the agent
behaviouris
the structure of
the network
imposed or
emergent?

Il.vii Collectives

Il.vii.a Do the
individuals
form or belong
to aggregations
that affect, and
are affected by,
the individuals?
Are these
aggregations
imposed by the
modeller or do
they emerge
during the
simulation?

No social groupsr human networks.

Il.vii.b How are

Collectives are not represented in the model.

Il.viii Heterogeneity

collectives

represented?

Il.viii.a Are the | Yes.Agents are heterogeneous by source water
agents type, WASH behaviors (handwashing, water
heterogeneous? storage, etg, and by GPS location.

If yes, which

state variables
and/or
processes differ
between the
agents?

Il.viii.b Are the
agents
heterogeneous
in their
decision
making? If yes,
which decision
models or
decision objects
differ between
theagent®

Yes. Agents are randomly allocated to different
decision paths.
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Il.ix Stochasticity

Il.ix.a What
processes
(including
initialization)
are modeled by
assuming they
are random or
partly random?

Coliform contamination of water sources, filter
microbiological removal deterioration rate, and
HAZ values are modified by random variables
along their distribution.

[1.x Observation

Il.x.a What data
are collected
from the ABM
for testing,
understanding,
and analyzing
it, and how and
when are they
collected?

Two main outcomes are collected: the total numl
of ECD cases per chilce¢dcase$ and the total
WQi (WQi, herein W@ for each houseiid. They
are automatically output by Netlogo in .xls forma

I1.x.b What key
results, outputs
or
characteristics
of the model arg
emerging from
the individuals?
(Emergence)

None

Details

1)

IL.i Implementation Details

Ill.i.a How has
the model been
implemented?

#1: Windows 10 | 8320 Processor | 8 GB RAM
#2: Windows 10 | i6500 Processor | 16 GB RAM
Simulation Platform: Netlogo 58nd Netlogo 5.3.1

Runtime:From 10 hour$ 32 hours

ILii Initialization

I1li.b Is the Pleaseemail kyle.monahan@tufts.edpermission
model from Dr. Jonathan Mellor will be requested.
accessible and i

so where?

Ill.il.a What is | The households afermedwithout water sources
the initial state | and with one child inside eacAll variables other
of the model than water quality and location are set to null, or
world, i.e. at set containing ndata [ ]).

time t=0 of a

simulation run?

Iii.b Is
initialization

The intialization is always the same. A random
seed value of 22 is used to standardize randomr]
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always the
same, or is it
allowed to vary
among
simulations?

llLii.c Are the
initial values
chosen
arbitrarily or
based on data?

They are based on data.

[1Liii Input Data

lll.iii.a Does the
model use input]
from external
sources such ag
data files or
other models to
represent
processes that
change over
time?

Yes. Water gality inputs are drawn from field
observations.

I1l.iv Submodels

Ill.iv.a What, in | Submodels would include the Water Source Cha
detail, are the | where the water caoe contaminated along the
submodelsthatf ichai no from sousande, t
represent the | ingestion.

:ar(:]cesséelsg I:Stgd A simple_submodel of cognition includes the
overview and assumption that 4._7% of households do not adhg
schedy]| |duetoalowperceived flow rate.

llLiv.b What Model parameters are given in Appendixadd B.
are the model

parameters,

their

dimensions and

reference

values?

lll.iv.c How The Water Source Chain satodelswere

were submodeld parameterized by previous authéfs.

designed or

chosen, and

how were they
parameterized
and then tested

73



Appendix DT A flow chart for the ABM process, adaptiekdm Supplemental Info for the previous
model® This includes: 1) setup, 2) water contamination, 3) ceramic water filter intervention and 4) ECD
calculations.

Setup Initial
Values(WC,
Lat/Long)

A 4

Setup household
(410)

A

Setup containers, collection frequencies, prim4
and secondary water sources, boiling rates, 3§
handwashing rates.

Attribute to each household (49). Remaining
households search radially for their nearest
neighbor, and match values.

A

Setup children
(410)

dNLl3dS T

Create link
between
households and
children
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WC =[0.17 0.01] *WC

Ves Collect water Ves
today?
_\?e_s_ o _: No
\ 4 \ 4 . A
|
Community Surface water |1 Municipal Tap
Piped (CP) (SW) ! (MT)
I
|
v v : v
. No . 1 No .
Operational?|--- | Operational?| 1 = Operational?
| ! 1
v Yes | ¥ Yes A v Yes
| 1
WC = CP | WC=SwW ! WC = MT
| : 1
| 1
v Canwait |, _| i -5 Canwait
Sand longer? : longer?
ﬁlter ON? Yes ~~~"“~_’_\I‘O : Yes ~§‘~~~J10
Yes | Wait Use Secondary : Use Secondary]
I
:
|

Count days waiting.

Calculate container water volume.

(D) uoneuiweuo) Jslep\ | 09D 2

Calculate biofilm dilution, water transfer devic
(WT) and hand contamination (BHW).

\ 4
Is WC < Biofilm Concentration Given WT and

BHW?
Yes !
/I No
14
WC = Biofilm Kept water Ii 6 Yes Coliform
Contaminatioror days? i regrowth Final
WT/BHW .+ o / . N,o/ e
Calculate cleaning > CIg:nJ)ng d
freauencv v

\

Adapted from Mellor (2014) WC = [0.73 08]* WC
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WC from Water Quality (2)

A 4

Household has filter (CWF)?

Yes

A 4

Clean filter today?

Yes

LRV = LRV at start ~

Do filters break today? No

Yes |

y

Did this fi

Iter break?

Yes l

WTP > CWF Price No

Yes y

y

Purchase new filter

e

Filter flow rate acceptable?

Yes

A 4

WC > Threshold of detection by household?

No

- - - - __

Use CWF Today

2.05x higher

Use CWF Today

T
+NO

L

WC = 10'RV * WC

Adapted from Mellor (2014)
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WC from CWF (3)

A 4

Used CWF Today?

No

Yes
\ 4

Boiling Day?

~

Yes S~a

WC =WC * (x = 0.014,

Households

WC > (x = 4000, SD =
SD = 0.0001) A 250)? If yes, set equal ito
(x =4000, SD = 25).

—

Children
Calculate ECD Probabilities:

ECD1 = 210 CFU/100ml [0.75 2.00%]

ECD10 = 16100 CFU/100ml [0.87 3.00%)]
ECD100 = 1061000 CFU/100ml [0.94 3.71%)]
ECD1000 =1000+ CFU/100ml [1.083.29%]

Qullnoy uole|ndeo dod 109 v

No new

ECD

Yes | [0 -100]OECD(1,10,100,1000)*1.93

pd

WC O1 CFU/100ml » Had ECD < 1 yr age(v

‘| [0 - 100] OECD(1,10,100,100®) |- -

Yes

Possible New ECD

Yes

&
<

[77)

Is child drinking |Ye

[0 - 100] <Rotavirts Vaccine |Yes

A 4

water? Effective (44.1%)?

A 4

Calculate HandVashing

Frequency

No

/

No New ECD

Adapted from Mellor (2014)
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v

Hand wash BenefltiWF ={x
=0.43,SD =0.07}/ 32

Yes

N

[0i 100]<
HWB?

)
\\ No
<

New ECD
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Appendix ET The standardized predicted residuals forlithearregressioranalysis are plotted. Ehne is
notablebias withintheresidu# plot, suggestindinear regression may not b@propriate
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