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Abstract

We present a comprehensive framework which describes the systematic (binary) choice
of individuals to either take treatment, or not for any reason, over the course of multiple
rounds of mass drug administration (MDA) — which we here here refer to as
‘adherence’ and ‘non-adherence’. This methodology can be fitted to (or informed by)
program data as well as manipulated to reproduce the same adherence behaviours of
past analyses, and can go beyond past analyses to describe new behaviours that have
yet to be considered in the literature. Our model also has a straightforward
interpretation and implementation in simulations of mass drug trials for disease
transmission studies and forecasts for control through MDA. We demonstrate how our
analysis may be implemented to statistically infer adherence behaviour from a dataset
by applying our approach to the recent adherence data from the TUMIKIA project, a
recent trial of deworming strategies in Kenya. We stratify our analysis according to age
and sex, though the framework which we introduce here may be readily adapted to
accomodate other categories. Our findings include the detection of past behaviour
dependent non-adherence in all age groups to varying degrees of severity and
particularly strong non-adherent behaviour of men of ages 30+. We then demonstrate
the use of our model in stochastic individual-based simulations by running two example
forecasts for elimination in TUMIKIA with the learned adherence behaviour
implemented. Our results demonstrate the impact and utility of including
non-adherence from real world datasets in simulations.

Author summary

Mass drug administration (MDA) is an important tool in prevention of morbidity from
various neglected tropical diseases (NTDs). Due to a variety of social and medical
reasons, many people will either not be offered or refuse such treatment, and if this
behaviour is recurring then control measures may face a challenge to achieving their
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stated goals. Learning the patterns of individual adherence or non-adherence to MDA
control measures for NTDs from real world data followed by their implementation in
simulated scenarios is a relatively recent development in the study of NTDs. Past
analyses assessing individual adherence have informed the approach we take in this
work. However, we have sought to provide a framework which encapsulates as many
types of adherence behaviour as possible so that their implementation in modern
simulations is streamlined effectively. Our example application to the TUMIKIA data
highlights the importance of such a general framework as we find past behaviour
dependence that may have been missed by other methods.

1 Introduction

Recent reviews, guidelines and work predicting the outcome of MDA to control the
transmission of various NTDs all strongly stress the importance of individual adherence
in successfully reaching elimination targets [119] (see also Ref [10] for a review on
patient adherence to HIV medication). Such analyses have taken a variety of approaches
in describing the strength in tendency of participants in a given MDA program with
multiple rounds to either passively or actively avoid treatment in a potentially repetitive
manner. The precise nomenclature for this behaviour is also debated, where terms such
as ‘compliance’, ‘adherence’ and ‘concordance’ were all discussed for their relative merits
in a recent review |7]. In this work, we shall refer to the binary choice of individuals to
either take treatment, or not for any reason, over the course of multiple rounds of MDA
as revealing their ‘adherence’ or ‘non-adherence’. Ultimately, the effect that this

behaviour has on the success or failure of control through MDA is equally unambiguous.

In this paper, we develop a general approach to describe individual adherence or
non-adherence to MDA, into which past literature approaches (or future ones) may be
incorporated. Our principle intention is to provide a framework within which as many
behaviours as possible are captured so that computational modelling approaches are
more flexible. To illustrate how our methodology may be implemented and interpreted
in practice, we apply it to the TUMIKIA project: a recent cluster randomised,
controlled trial in Kwale County, Kenya [11H13].

2 Adherence models

2.1 Model definitions

There are a range of studies of treatment adherence in the literature and models of
adherence are included in micro-simulations of disease control strategies across a
number of diseases. See, e.g., Refs [1L[3Hg8]. In this section, we will lay out a general
model for the treatment adherence across multiple rounds in an MDA intervention
program. In Appendix S3, we discuss other implementations of adherence in models and
how they fit within our general framework.

At the level of an individual involved in an MDA treatment program, we model
adherence as a binary choice, made at each round of MDA, of whether to accept
treatment or not. We associate a probability with this choice, making each round a
Bernoulli trial for each individual. The probability of accepting treatment is a
combination of personal choice and also an individual’s access to treatment.

We identify three main ways in which the probability of adherence can vary in a
population over the course of an MDA intervention.

1. Dependence on past behaviour: An individual’s probability of adhering in the

current round may depend on their individual history of adherence in past rounds.
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For example, someone may feel that being treated last year makes it less
important to receive treatment in the current round. Alternatively, they may have
been put off treatment due to side effects from initially taking the drug (e.g.
praziquantel to treat schisosomiasis makes some children suffer from headaches,
dizziness, stomach pain, nausea, or tiredness)

2. Time dependence: everyone involved in the trial may be subject to global
influences that change over time. For example, enthusiasm or funding for the trial
may drop as it proceeds, or unforeseen sociological or political events may change
people’s desire to adhere to the program. This will result in the probability of
treatment in a given round for a given individual being explicitly dependent on
time and is distinct from dependence on past behaviour, which will also result
implicitly in the probability of treatment for an individual changing over time.

3. Population-level heterogeneity: the probability of adherence may vary across the
population. That is, individuals may have a personal probability of adherence
that they retain across multiple rounds of the intervention. In this case, the
probability of adherence will have a distribution across the population. Typically,
population-level heterogeneity may be strongly correlated with covariates such as
sex or age group, in which case it can be represented by a stratification (or
‘binning’) of the population into sub-groups, each with their own adherence
probability.

In reality, any model of adherence might include one or more of these sources of
variability, or none at all in the default case in which the adherence probability is
constant across all individuals and all treatment rounds and doesn’t depend on past
history. For purposes of illustration, we can create a tree of possible model types based
on the possible sources of variability (see Fig . Models can be stratified into types
which have some degree of dependence on the past behaviour of individuals and those
that do not. Within each group, there are models with and without population
heterogeneity in adherence (heterogeneous and homogeneous populations, respectively)
and those with and without time-dependent adherence probabilities (time-dependent
and independent, respectively).

The distinctions above are of critical importance as it is possible, e.g., for a
treatment program to suffer severely from past behaviour dependent non-adherence
without any apparent heterogeneity in adherence within the population. They also allow
us to categorise and clarify models of adherence already described in the literature,
which include Refs [1,/4-8].

Several models of MDA treatment programs employ an adherence model developed
by Plaisier in the context of onchocerciasis (the Plaisier model) [8]. The Plaisier model
assigns a probability of adherence to each individual which they then retain for the
duration of the MDA program [141[15]. As such, this model would be characterised by
us as a heterogeneous population, time-independent model with no explicit individual
dependence on past behaviour. For the interested reader, we discuss the relationship of
the Plaisier model (and others [5]) to our categorisation of adherence models with more
detail in Appendix S3.

We shall now proceed with a technical overview to the three categories of adherence
illustrated by Fig[I]in Secs [2.2] 2.3] and [2:4] respectively. Additional technical details
and calculations may also be found in Appendix S1.
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Fig 1. A decision tree illustrating the possible classes of behaviour which may be characterised in adherence models.

2.2 Individual past behaviour dependent adherence
2.2.1 Basic model

Before we introduce the notion of dependence on past behaviour in our model, it shall
be instructive to describe the situation where it is absent. When the probability of an
individual taking treatment is not dependent upon any of their past behaviour, then it
is simply given by the coverage ¢, in each round n of MDA. In the absence of
population heterogeneity, this probability would then apply to all individuals within a
given cohort — a case which corresponds to either the 6th or 8th row of Fig[l]
depending on whether the coverage changes over time, i.e., between rounds.

For the case of a homogeneous population with a dependence on past behaviour
between successive rounds, let us consider the dynamics of a single individual. In this
case, the model becomes a simple Markov chain. The possible patterns of adherence
behaviour by an individual after two successive rounds of treatment are TT, TF, FT
and FF, where T and F are accepting and avoiding treatment, respectively. Let the
probability of accepting treatment in the first round be set to P(T) = «. In round 2, we
now fix the conditional probability of getting treated, given treatment in the first round
as P(T'|T) = 8. Let us also set a corresponding conditional probability for not being
treated in the second round given that there was no treatment in the first round as
P(F'|F) =1 —~. As such, 8 and « are now measures of consistent behaviour.

To avoid unnecessary repetition, we shall once again use the notation p, to denote
the probability of treatment in the n-th round. Assuming that the conditional
probabilities S and « are constant, the time-independent Markov model may be mapped
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to the following recursion relation 11
Pn=Bpn-1+ (1 =)L = pn-1). (1)

Defining the system state vector as 142
o= (,7,) ©)

we may rewrite Eq above in the form p,, = M p,,_; where we have defined the 143

following transition matrix 144

ME(fﬁ 17)' )

The eigenvalues and eigenvectors of M are given by

I r_ 1 1_'7
N=1, v—2_7_ﬁ<1_6>, (4)
A=B+~v-1, v:<11>. (5)

where v/ is normalised to sum to 1. As long as |8 + 7| < 1, the system will relax to the s

v’ state, which has a unit eigenvalue, giving a long-term probability of treatment 01E| 146
|
= ——. 6
2—-y-p ©)
In addition, the relaxation will be oscillatory if A < 0. In Appendix S1, we demonstrate 1
how to obtain the following solution to Eq 148
pn=aX"""+q(1-A""1). (7)

Notice that by matching p,, to the coverage of treatment in a given population, one may 1o
directly compare the impact of adherence models such as Eq to those with past 150
behaviour independent adherence behaviour. Furthermore, by setting A = 0 in Eq 151
one finds a model for past behaviour independent adherence that is time-independent, 1
ie,p,=0=1—1. 153

Any sequence of treatments can be seen as a set of alternating adherent and 154
non-adherent runs. A key statistic in the context of preventive chemotherapy is the run s
length (in rounds) over which an individual complies or fails to adhere. For an adherence  1ss
run, this is the number of consecutive treatment adherences, given an initial adherence. 17
This can also be thought of as the first passage time to failure. Since the P(T'|T) = 8 is 1

constant, the run length is distributed according to a geometric distribution, with 150
1 1 1
P = 4" 11— E = = . 8
(n) = "1 =B, B(n) = 15 = T T (®)
Correspondingly, for a run of failures, 160
1 1 1

P(n,)=7"""(1-7), E(n,) (9)

T 14 1-Xgq
Any long run of treatment choices by an individual will breakdown into an alternating i
sequence of F and T runs. Hence, the probability of a round chosen at random being T, 1
P(T), is 163

PO o ) .

1One may confirm this trivially by satisfying pn = pn—1 and Eq simultaneously.
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Table 1. Probability table corresponding to two successive rounds of treatment.

Behaviour Probability
TT af
TF a(l—p)
FT | (1—a)(1=7)
FF (1—a)y

matching the conclusions drawn earlier from the eigenvalues and eigenvectors of Eq .

From Eqs and @, it is clear that as A approaches 1, the length of both success and
failure runs grows as 1/(1 — A). In the absence of past behaviour dependence, A = 0 and

the adherent and non-adherent run lengths are given by 1/(1 — ¢) and 1/¢, respectively.

2.2.2 Statistical inference from data

Let us now only consider two rounds of treatment to illustrate how we may calculate
the important quantities for statistical inference of the time-independent Markov model
from a real dataset. Recall that the possible patterns of adherence behaviour by an
individual after two successive rounds of treatment are TT, TF, FT and FF, where T
and F are accepting and avoiding treatment, respectively. Once again, let: the
probability of treatment in the first round be set to P(T) = «; the conditional
probability of getting treated in the second round, given treatment in the first round be
set to P(T’|T) = B; and the conditional probability for not being treated in the second
round given that there was no treatment in the first round be set to P(F'|F) =1 — .
In this model, there are effectively 4 types of people with probabilities and

behaviours, mapped out in Table [l} Using the probability table, one may infer directly
that the the likelihood E(D|0) of the data D = {NT, NF, NTT>NTF>NFT>NFF} —
where Nt and Ny are the number treated and not treated in the first round and N is
the number treated in the first and the second rounds, etc. — is a multinomial
distribution, where 8 € (g is now a 3-vector defined over the model parameter space
0 = (o, 8, ~y) within the prior domain Qg = {66, € [0,1],02 € [0,1],605 € [0,1]}. The
multinomial can then be factored into independent functions of the three parameters,
such that

L(D]6) = a™* (1 — a)Ne gNr (1 — g)NeeaNer (1 ) Ner (11)

The likelihood above is effectively three independent beta distributions, one in each of
the parameters, such that the posterior distribution P(8|D) becomes
P(0|D) =
1
z Beta(a; Nt + 1, Nr + 1)Beta(8; Nt + 1, Nt + 1)Beta(y; Npp + 1, Npr + 1),
(12)

where we have assumed a flat prior 7(8) o 1 to derive the following Bayesian evidence
normalisation

I'(Ntr 4+ 1)I'(Ntr + DI (Npr + 1)I(Npr + 1)

€= (Nt + 1)(Np + DI(N +2) ’

(13)

and N = Nt + Ny is defined as the total number of individuals.
Note here that Eqs and may be generalised to the case where n rounds of
treatment have taken place. We have provided these expressions in Appendix S1.
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2.3 Time-dependent adherence and more general behaviour
2.3.1 Introducing the choice matrices

A significant generalisation of Eq introduces the lower triangular matrices, with
elements C1 , and C! , corresponding to the conditional probabilities of treatment and
non-treatment in round n given treatment and non-treatment in round n’, respectively,

such that

n—1
Pn = Z [C;fn’p”/ + C’rljn’(l _pn/)} . (14)
n’=1

We shall hereafter refer to the above matrices as ‘choice matrices’. In the proceeding
sections we shall demonstrate that the model parameterisation defined in Eq is
extremely general — encapsulating all of the possible adherence behaviours illustrated

in Fig

2.3.2 Lower diagonal choice matrices: the time-dependent Markov model

When the only nonzero elements of the choice matrices in Eq are along the their
lower diagonals, i.e., such that only CY, | = B,n_1#0and CL, | =1—7,,_1 #0,

the system is described by a time-dependent Markov process with recursion relation

Pn = ﬂnnflpnfl + (]- - ’Ynnfl)(]- _pnfl) . (15)

Following a similar argument to the one used in solving the homogeneous Markov model
(which is provided in detail in Appendix S1), we may obtain a solution to Eq ,
which is given by

SRS | O SIS | 19
n’/=2

n''=2 n/=n'

where we have defined an important new quantity
Wp = Bnnfl + Ynn—1 — 1. (17)

Notice, firstly, that when w,, = 0 the system reverts to a time-dependent past
behaviour independent adherence model, i.e., without past behaviour dependence such
that p, = Bnn-1 =1—Ynn_1- By analogy with the time-independent Markov model
(where w, = X in Eq ), |wy| # 0 signals the presence of some degree of past
behaviour dependent adherence behaviour. In more detail, for successive rounds over
which w,, > 0, the system will relax towards the steady state and when w,, < 0 this will
be accompanied by oscillatory behaviour. Note also that w,, may act as an indicator for
the severity of adherence and non-adherence behaviour in the system — where larger
absolute values for w,, approaching a maximum of 1 will indicate increasingly past
behaviour dependent behaviour.

At the extrema of: w,, = 1, individuals repeat their past behaviour exactly and
indefinitely, i.e., TTTTT... and FFFFF...; and w,, = —1, individuals repeat the
opposite of their past behaviour exactly and indefinitely, i.e., TFTFT... and FTFTF....
The value of w,, is therefore a useful indicator for the type of adherence behaviour in
the relatively general description of time-dependent Markov models. We shall use this
parameter to illustrate our results from the TUMIKIA project in Sec [3}
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2.3.3 General choice matrices: non-Markovian models

The most general set of causal adherence models described by Eq have choice
matrices which take the form

0 0 0 0 0 0
Cv?nfl 0 0 C’Sn 1 0 0

T F

C =|cr _, cr 0 C =|cr CE_ 0 , (18)

n—1ln—2

where ‘non-Markovian’ behaviour in the n-th round clearly corresponds to a past
behaviour dependence between rounds which exceeds the immediate last round, i.e.,
CEF 240 where m > 1.

Notice that all of the adherence models that we have identified in this work may be
categorised by various constraints on the elements of the choice matrices introduced in

Eq . For completeness and reference, these are

1. Pabt behav1our independent adherence that is time-independent: ¥n > 1 only
C,n1#0,CF 1 =CF _, =cand p; = c, giving one degree of freedom
multiplied by the number of independent bins for population-level heterogeneity.

2. Past behaviour independent adherence that is time-dependent: Vn > 1 only
nnF 1#0,CF | =CF | =c, and p; = 1, giving n degrees of freedom
multiplied by the number of independent bins for population-level heterogeneity.

3. Markovian past behaviour dependent adherence that is time-independent: Vn > 1

only C’nn 1 #0,CF =8,CF | =1—~andp; = q, giving 3 degrees of
freedom multiplied by the number of 1ndependent bins for population-level
heterogeneity.

4. Markovian past behaviour dependent adherence that is time-dependent: ¥n > 1
only nnF L #£0,CE = Bun1, CE, 1 =1—7,,_1 and p; = o, giving 2n — 1
degrees of freedom multiplied by the number of independent bins for
population-level heterogeneity.

5. Non-Markovian past behav1our dependent adherence that is time-dependent:
Vn > 1 and Vn' <nonly C,, ¥ £ 0 and p; = a, giving 1 + n(n — 1) degrees of
freedom multiplied by the number of independent bins for population-level
heterogeneity.

2.3.4 Statistical inference from data

The universality of the choice matrix approach suggest that it is an ideal candidate for
parameterisation of the inference problem from data and model comparison. Let the
data now correspond to a set of n-vectors D = { X} where each individual’s adherence
or non-adherence behaviour in the n-th round is recorded, such that X,, = T, F. Using
Eq the full generalisation of the likelihood (which supports all of the possible
adherence models) becomes

n'—1
L(D|6) = H H { Z Cowlx, =1+ Chylx, 7] }, (19)

VXp,eDn'=1 (n'"=1

where 1,4 denotes an indicator function which takes value unity when condition A is
satisfied, else it vanishes.
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The large number of available degrees of freedom in Eq motivates a systematic
approach to inferring the choice matrix components from a given set of data. We elect
to consider models which isolate the many degrees of freedom by constructing scenarios
where past behaviour dependent adherence only occurs for a single round and is past
behaviour dependent to only one other round — all other degrees of freedom are hence

set to those corresponding to time-dependent past behaviour independent adherence, i.e.

Cct,=CF , =c,. The likelihoods and Bayesian evidence normalisations for this more
restricted set of models are calculated in Appendix S1.

2.4 Population heterogeneity in adherence (in brief)

The probability of adherence may vary across a population of individuals. The first
possible form that this heterogeneity may take can be attributed to age, gender and
other social factors. In such cases, stratification of the population into separate cohorts
for study is an appropriate tool to quantify this variation. We primarily take this

approach to population heterogeneity in Sec [3| and our analysis of data in Appendix S2.

The second possible form that population heterogeneity could take may not be
immediately attributable to social groupings. In such situations, it is intuitive to
consider that adherence probability for an individual is drawn from a distribution which
applies to the entire population or cohort of study. This approach is the same as used in
other models in the literature (see Appendix S3 for more details). We shall now briefly
elaborate on how one might include this form of heterogeneity in the formalism we have
introduced in this work through a simple, generic example. We leave further specific
applications of this approach to a future publication in progress.

To illustrate the generic effect of the population heterogeneity described above on
our individual adherence probabilities, let us consider the time-independent Markov
model we introduced earlier. The long-term probability of adherence ¢ in Eq may
itself be randomly drawn from a population heterogeneity distribution Ppop(g) for an
individual within the specified cohort of study, such that ¢ ~ P,op(g). Note also that A
in Eq need not vary between individuals at the same time. Using the results given in
Eqgs and @[) for the same model one may deduce that the mean adherent and
non-adherent run lengths are generically modified by

() = =5 (725 ) (20)
E(n,) = %Epop (;) , (21)

where Epop(+) denotes taking an expectation value with the distribution Py, (g). Hence,
depending on the choice for this distribution, one may either shorten or lengthen the
mean run lengths across the population accordingly. Note that due to the fact that ¢ is
a probability, a natural candidate for P,op(g) is the beta distribution.

3 Results

3.1 Overview of statistical analysis

In the four rounds of individual adherence data from the TUMIKIA project, we have
split the population who traced the different possible behaviours into the standard
pre-school-aged children (pre-SAC, ages 0-4), school-aged children (SAC, ages 5-14) and
other adult age categories. Importantly, these age categories were assigned at the
beginning of the trial and hence — particularly in the case of pre-SAC — the effect of
‘ageing-out’ of each category must be considered on the overall adherence behaviour.
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Table 2. A measure of how past behaviour dependent the adherent and non-adherent behaviour of individuals is in the n-th
round of treatment, w, = By n_1 + Ynn_1 — 1, which was introduced in Eq . This value is given for each age group and
sex inferred from the TUMIKIA project dataset and is computed using the maximum likelihood values for the conditional

probabilities.

Age group | wy (Male) | w3 (Male) | wy (Male) | wo (Female) | ws (Female) | wy (Female)

Pre-SAC 0.294 0.241 0.051 0.237 0.250 0.046
SAC 0.209 0.141 0.027 0.213 0.226 0.021
15-29 0.228 0.210 0.111 0.223 0.182 0.066
30-49 0.259 0.308 0.268 0.223 0.174 0.118
50+ 0.244 0.286 0.259 0.195 0.181 0.139

Using the symbolic representation for behaviours which we introduced in Sec [2] —
accepting treatment in a given round is denoted by a ‘T’, whereas not accepting
treatment in a given round is denoted by an ‘F’.

It is important to comment here on the validity of interpretating the inferences made
as directly due to individual behaviour patterns using the TUMIKIA project adherence
data [13]. An important caveat to this interpretation is that, for various reasons, some
individuals were not offered treatment and were hence automatically accounted for as
‘non-adherent’ within the data. The impact of these individuals to the success of the
MDA program is the same as if they had directly refused treatment, and hence the
practical use of inferring this pattern of adherence for simulation forecasts of MDA
outcome is still clear. Despite this fact, however, we cannot fairly discriminate this
behaviour pattern from simply not being offered treatment in the present data.

Using the same age categories as before and the likelihoods for the adherence models
which have been derived in Appendix S1, in Appendix S2 we demonstrate the
applicability of our model for adherence to statistical inference by performing a
thorough analysis of the TUMIKIA project dataset. We note that such an analysis has
already been performed in Ref [13], hence this analysis does not consistute the novelty
of the work presented here but instead is indended to illustrate the application of our
mathematical model. We have a detailed description of these findings in Appendix S2
but we provide a short written summary of our general conclusions below.

In Table [2| we have provided the w,, values, calculated using Eq , for each age
group and sex inferred from the TUMIKIA project dataset. This value was shown in
Sec 2| to be an indicator of how past behaviour dependent the adherent and
non-adherent behaviour of individuals is as a response to MDA treatment. We can see
quite clearly from Table [2] that a degree of past behaviour dependent non-adherence is
indeed present in all the age groups, with the exception of the final round w,4 values for
those in the pre-SAC (which have mostly aged into SAC by this point) and SAC
categories — which is to be expected due to the nature of school-based MDA, and is an
effect which is found and explained in more detail by Ref [13]. Table [2| also shows that
the most past behaviour dependent non-adherent age group and sex appears to be
males aged 30+.

In addition to these results, Eq appears to provide a good descriptive model for
many of the past behaviour dependent non-adherent age groups and sexes, but this
model must be extended to an equivalent time-dependent one — see Eq — in order
to describe other cases.

3.2 The impact of adherence on forecasts

In this section we illustrate the impact of adherence, as described by our mathematical
model, on the predictions made by simulations for the outcome of MDA on the chances
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Table 3. The positive predictive value (PPV) for elimination evaluated by fully age-structured stochastic individual-based
simulations of hookworm (with adult worm and eggs/larvae mortality rates set to pu; = 0.5 and s = 26.0 per year,
respectively and the density dependent fecundity factor is set to v = 0.01, as considered in Ref [16]) with two different
clustered community types specified by the TUMIKIA transmission parameters inferred from the baseline epidemiological
data in Ref [16]. The parameters quoted are the endemic prevalence P, parasite aggregation parameter k, basic reproduction
number Ry and cluster population number N, where the age profiles are all assumed to be exactly flat for simplicity. The
PPVs are evaluated after 100 years post-cessation of MDA and are quoted assuming either past behaviour independent
adherence (i.e., simple time-dependent coverage in age groups) or the adherence behaviour inferred from our model in this
paper for the TUMIKIA project (see Appendix S2).

Cluster type (see Ref [16])

PPV (Past behaviour independent adherence) | PPV (TUMIKIA adherence)

(P, %, Ro, N) = (0.15,0.05, 2.1, 1000) 0.582 0.148

(P,k, Ry, N) = (0.4,0.15, 2.5, 1000) 0.902 0.672

of elimination by considering the case study of TUMIKIA. The adherence models
learned from the statistical analysis in the previous section are applied to stochastic
individual-based simulations of hookworm transmission for two typical clustered
communities that were treated in the TUMIKIA project [16]. The resulting effect that
the known TUMIKIA adherence has on the positive predictive value (PPV) for
elimination of hookworm in these two cluster is given in Table [3, where an equivalent
PPV assuming past behaviour independent adherence is also provided for direct
comparison in each case.

From Table [3|it is immediately clear that although there is relatively high coverage
of MDA in the TUMIKIA project [11,/12], the presence of observed past behaviour
dependent non-adherence has an important effect on the PPVs for elimination, shifting
the chances of hookworm elimination in both clusters lower by 43% and 23%,
respectively, when compared to the standard forecasts which assume past behaviour
independent adherence.

4 Discussion and conclusions

Despite the causes for non-adherent behaviour being varied, the net effect on the
outcome of MDA interventions aiming to eliminate NTDs is much the same, and hence
the predicted outcomes from simulation studies should also reflect this. It is for this
reason that in this paper we have been able to develop a simple but comprehensive
framework which describes the systematic binary choice of individuals to either take
treatment, or not for any reason, over the course of multiple rounds of mass drug
administration (MDA) — which we have referred to as ‘adherence’ and ‘non-adherence’,
respectively.

In Sec 2l we introduced our models for adherence which can account for new
behaviours that have yet to be considered in the literature. We have also demonstrated
that they can also reproduce the same adherence behaviours of past analyses as well in
Appendix S3. Our analysis further yielded an interesting parameter, w,, given in
Eq , which can be used as a guide to indicate the strength of adherent or
non-adherent behaviour in any given setting.

In order to illustrate our framework in the context of statistical inference from a real
adherence dataset, we applied our probability model to the recently collected adherence
data from the TUMIKIA project in Kenya in Sec [3] Findings from this dataset extend
and support the analysis of recent work [13], which include past behaviour independent
adherence/non-adherence for school-aged children (SAC) and the detection of past
behaviour dependent non-adherence to treatment in nearly all other age groups and
both sexes. A full description of our results and analysis is given in Appendix S2.

April 17, 2020

119

328

329

330

331

332

333

334

335

336

337

338

339

340

341

342

343

344

345

346

347

348

349

350

351

352

353

354

355

356

357

358

359

360

361

362

363


https://doi.org/10.1101/2020.04.17.20069476
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2020.04.17.20069476; this version posted April 22, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.

It is made available under a CC-BY-NC-ND 4.0 International license .

In Sec|3| we also commented on the validity of interpretating the inferences made as
directly due to individual behaviour patterns using the TUMIKIA project adherence
data. As we pointed out, for various reasons, some individuals were not offered
treatment and were hence automatically accounted for as ‘non-adherent’ within the
data. However, the impact of these individuals to the success of the MDA program is
the same as if they had directly refused treatment and hence the practical use of
inferring this pattern of adherence (using the formalism which we have outlined in this
work) for simulation forecasts of MDA outcome is still clear. We shall leave the more
direct inference of human behaviour in response to control measures through MDA to
future work with other sets of data.

Using the learned adherence behaviour from the TUMIKIA dataset, we then
demonstrated the use of our stochastic individual-based simulation model for STH
transmission and control by MDA by running two example forecasts for the likelihood
and time to the elimination of hookworm transmission with the adherence behaviour
recorded in Kenya by comparison with runs that assume random adherence at each
round of treatment for any given treatment coverage level. The difference between the
two assumptions are striking. And show clearly how important it is to measure
adherence if the outcome of any given MDA based control program is to be correctly
predicted.

WHO recommendations on how best to measure the impact of MDA programs to
control NTDs only advise recording patterns of treatment coverage round by round with
some rough stratification by age groupings treated. No advice to Ministries of Health is
given on trying to record adherence patterns. As we have demonstrated, the precise
form of the adherence pattern can greatly influence the extent of needed coverage and
the number of treatment rounds necessary to eliminate transmission. In part, lack of
guidance is understandable, given the costs and time involved in longitudinal studies to
record adherence of individuals within any given MDA program. However, given the
importance of these pattens in determining control progamme impact and outcome,
collecting such data should be given a higher priority even if just focused on a few
sentinel sites to broadly capture the prevailing behaviours in defined settings. It is likely,
the social, environmental and other influences will create some heterogeneity in
adherence patterns within countries and health implementation units. Additional
background research on what degree of heterogeneity exists in a given country would
also be of great value. In the coming few years more data on adherence patterns will
emerge from detailed research studies of MDA impact to add to the information
provided by the Tumikia study [11]. These include the ongoing DW3 trial studies in
India, Benin and Malawi for the control of STH [17] and the Geshiyaro study in
Ethiopia for the control of STH and schistosome infections by MDA [18].

Supporting information

S1 Appendix. Extended mathematical notes.
S2 Appendix. TUMIKIA project analysis and figures.

S3 Appendix. A comparison with existing models in the literature.
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S1 Appendix.

Summary. In this supplementary information we derive many of the key mathematical
expressions which are used and referred to in the main text.

Time-independent Markov model

Assuming that the conditional probabilities 8 and - are constant, the time-independent
Markov model may be mapped to the following recursion relation

Pn = Bpn-1 +(1_7)(1_pn—1)- (22)

As in the main text, defining the system state vector as

P, = (1 p"pn> : (23)

we may rewrite Eq 1D above in the form p,, = M p,,_; where we have defined the
following transition matrix
g 1- 7)
M= . 24
(1 -8 v (24)

The eigenvalues and eigenvectors of M are given by

’_ r_ 1 1—v — q
()0
A=B+vy—1, v:<_11>. (26)

where v’ is normalised to sum to 1. Given that |A| < 1 in all realistic circumstances, it
is clear from this description that v represents the equilibrium of the system over
multiple rounds with A defining the rate of relaxation towards it. When A\ = 0, the
model becomes a history-independent model in which the next round is dictated solely
by its probability at that round.

In order to study the dynamics in more detail, we apply the following transformation

Pn = Bn = pa(B+7 = 1)1, (27)
to the relation given by Eq , such that
Pn=pn-1+ (1 =B +y-1)". (28)
Through explicit summation, Eq is solved by
n n
Pn—=P1= Y (o —Pw1) =Y (1=1)B+y-1)"". (29)
n/=2 n'=2

By reapplying the inverse transformation p, — p, to Eq and identifying
1 = p1 = o, we obtain the following solution to Eq

Pn = 04(5-1—’}/— 1)n—1 + Z(l _7)(/8“"}/— 1)7L—n’

n’/=2

1—
=a(B4r =) g TS (B - -] (30)
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a=05 —— v=095 v =0.25
B=05 v =0.85 v =0.05
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0.0 .
2 4 6 8
n

Fig 2. The probability of accepting treatment in the n-th round given by the
Markovian model solution in Eq for a range of v values. The other probabilities
have been fixed to & = 0.5 and 8 = 0.5.

Equivalently, satisfying the dual to Eq in terms of the probability of non-treatment
in the n-th round 1 — p,,, solutions to Eq must also satisfy

1-8
B+v—2

In Fig [2| we illustrate the dynamics of the system using Eq with range of parameter

values chosen for . Notice, in particular, that the system exhibits oscillation before

relaxing to a steady state when < is chosen such that the eigenvalue A = 5+ —1 < 0.
For another way of calculating the expected lengths of repeat adherence E(n..) or

non-adherence E(n;) of an individual (as computed in the main text), given that they

begin with the same choice in the first round, one need only fix (a« = 3, vy =1) or

(e =1—+, 8 =1) and take moments with Eq , respectively, such that

l—-pp=1-a)B+y-1)"""+ [(B+~y-D" P =1]. (31)

(@=7v=1) = E<nT>=f:n(1— P )pn1

n—0 Pn—1
o0 e 1
— ;n(l Bt = 13 (32)
(a=1-v8=1) = En,)=) n (1 1 __pp"1> (1 =pn-1)
n=0 n-
i 1
_ o n-1_ __— .
= 2 n(l —~)y 1=~ (33)

Time-dependent Markov model

Consider the choice matrices with elements C* , and CY,, corresponding to the
conditional probabilities of treatment and non-treatment in round n given treatment

April 17, 2020 15
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and non-treatment in round n’, respectively, such that

n—1

bn = Z [O;fn,pn/ + Cwljn’(l —pn/)} . (34)

n’=1

When the only nonzero elements of the choice matrices in Eq are along the their
lower diagonals, i.e., such that only CY, | = B,,-1#0and CL, | =1—7,,-1 #0,
the system is described by a time-dependent Markov process with recursion relation

Pn = 6nn71pn71 + (1 - ’Vnnfl)(l _pn71> . (35)

Following a similar argument to the one used in solving the homogeneous Markov case,
we may obtain an implicit solution to Eq . Using the transformation

CU | L %
we once again substitute into the relation given by Eq , yielding
- - 1— _
L | A e s 11 o
where Eq is solved by the explicit summation
Bn — 1 = Z (B — P —1) = Z S L SENE)
=2 o Tl —o(Brr—1 + Ynimr—1 — 1)

Using the corresponding inverse transformation to Eq we hence obtain a solution to
Eq , which is given by

n

n n
Pn =« H (/Bn/n’—l‘F’Y’n’n/—l_l)"' Z (1_7n”n”—1) H (6n’n’—1+7n/n’—1_1) . (39)

n’/=2 n'’'=2 n’=n'’

Likelihoods and Bayesian evidence

Let the data now correspond to a set of n-vectors D = { X} where each individual’s
adherence or non-adherence behaviour in the n-th round is recorded, such that

X, =T,F. Using Eq the full generalisation of the likelihood (which supports all of
the possible adherence models, becomes

coey= 1] 1I { i [Conlx, =1+ Chplx ,—F] } (40)

VXp,eDn'=1 (n'"=1

where 1,4 denotes an indicator function which takes value unity when condition A is
satisfied, else it vanishes.

The large number of available degrees of freedom in Eq motivates a systematic
approach to inferring the choice matrix components from a given set of data. We elect
to consider models which isolate the many degrees of freedom by constructing scenarios
where past behaviour dependent adherence only occurs for a single round and is
temporally dependent on only one other round — all other degrees of freedom are hence
set to those corresponding to time-dependent past behaviour independent adherence, i.e.
an, = CSn/ = ¢,. The likelihood for this more restricted set of models — which we
denote as L,/ (D|60), where nn’ corresponds to the pair of rounds chosen to be
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dependent on each other in time — may be obtained by rewriting Eq in the
following form

Ly (D)6) =
(1 - an’)Z¥Fn (Cg‘n’)Z:?T" (1 - C’r]i\n’)zgﬁn (CSn’)ZFT'L H 071:[’7// (1 - Cn”)N_N"N ) (41)
Vn''#n
where we have defined )
AGIE > Nx, (42)

{VX | X, =A, X,=B}

where the data D = {Nx} has now been compressed into the set of numbers of people
who track the same behaviour as X, i.e., for 3 rounds, this forms the set of the
following numbers of people: NprT, Nrrr, NTrT, etc. The Bayesian evidence integral
corresponding to Eq with a choice of flat prior 7(0) o 1 is therefore

1 /n TI,/TI, 1 'I‘I,ITL 71,/71,
gnn’ = / (1 - an/)Z%F (an’)ZTT / (1 - Cr}jn’)ZFF (CSTL/)ZFT dcgn/dCSn/
0 0

1
I | N, —
> |:/ Cn,,[l// (1 _ Cn”)N N”// dcn”
Vn''#£n 0

D(Zpd + DE(Z00 + 1) T(Z38 + DT (ZRF + 1)
D(Zrp + Zin 4+ 2) D(Zph + Zpn 4 2)
I(N,,» + DI'(N — N,y + 1
I'(N +2)

(43)
Vn''#n

Some non-Markovian past dependence may be captured by the likelihood defined in
Eq , however their Bayesian evidence may need to be compared with equivalent
Markovian models which also generate decaying long-term correlations of a particular
form. Using the same formalism as Eq , the time-dependent Markov model has the
following likelihood

L(D|6) =

a1 —a)™ [T - Cr, )% (O]

nn—1
Vn>2

)Z¥;1H<1 . CE )Z;,FTI’!L(CF

nn—1

n—1n
)ZFT
n—1 ’

(44)
and, hence, yields the following Bayesian evidence

1 1
€= / oM (1 - a)¥da [ / (1-CF, %", )7
0 0

Vn>2
1
0
_ IV + DTWe +1) 17 D(Z3p' " + D0(Zip ™ + ) (28" + D2 " + 1)
T(N +2) D(Zpg'"+ Zyp " +2)  T(Zgp "+ Zpp' " +2)
(45)

Egs and may also be used to obtain the likelihood of the time-independent
Markov model

£(D|§) =
aNT (1 _ a)NFﬁzvnz2 Zypt" (1 _ B)ZVnZ2 Ziet nfyZVnZ2 Zpg " (1 _ 7)2%22 Zppt"

Vn>2

?

(46)
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and the Bayesian evidence of the same model
1 1 1 1
£ = / aNT(l _ a)NFda/ BEW;Q Zyr n(l — ﬁ)ZVnZQ Zrg ndﬁ
0 0

1

X / A’/Z\m22 Zg}«:l " (1 _ W)E\mzz Z{?Lj?l " d"/
0

_ I(Np+1I'(Np +1) r (szz Zye't "+ 1) r (Z\mzz Z3T " + 1)
IV +2) L [Svnze (227" + Z557") +2
T Loz 285" 4 1) T (Svmsa Zi0 " +1)

x n—1ln n—1ln ’ (47)
r [szz (Zpg '™+ Zpp' ") + 2}
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S2 Appendix.

Summary. In this supplementary information we apply the framework of our
mathematical model for adherence to the TUMIKIA project [11H13] and write a brief
analysis description for each age group and sex.

Introduction

In Figs [3 [ [} [6] and [7] we plot the maximum likelihood as well as the limits of the
marginalised 95% credible region for the conditional probabilities given treatment (filled
points) or non-treatment (hollow points) in a previous round of the overall, male and
female participants in the top, middle and bottom rows, respectively. In the left column
the constant conditional probabilities between any given sequential pair of rounds have
been inferred, which corresponds to the time-independent Markov model of the main
text and Appendix S1. In the right column all possible round pair dependencies are
considered (indicated by the arrows on the horizontal axis), where in each case the
components corresponding to a given round were measured assuming all other
respective rounds were inferred to be from past behaviour independent adherence. In all
plots, above each pair of components we have also provided the log-Bayes factors [19],
defined by

InB,,  =In (‘Z,"’;) , (48)

where the evidence for each pair &£,, has been evaluated using the relations provided in
Appendix S1 and the reference model evidence &,..¢ has been set to that of
time-dependent past behaviour independent adherence for all components.

Results

In Figs [3] [ and [5] we present our results for the pre-SAC, SAC and 15-29 age groups of
individuals in the TUMIKIA project. These age groups appear to be well-described by
a time-dependent Markov model so past behaviour dependent non-adherence is clearly
present. This may be identified by the largest log-Bayes factor values being given in the
red-coloured right column plots for all three sets of plots. However, the conditional

probabilities in all groups appear to drift closer together by round 4 of treatment, which
signals a gradual transition from past behaviour dependent to independent adherence.

In Figs[6] and [7] we present our results for the 30-49 and 50+ age groups of
individuals in the TUMIKIA project. The overall cohort, as well as the males and
females in both age groups, appear to exhibit strong evidence of past behaviour
dependent non-adherence — in particular, they are all apparently well-described by a
time-independent Markov model. These conclusions may be drawn both by the
consistent distance between all of the values for the inferred conditional probabilities
with the red points of the right column of plots, as well as the largest evidence (as
measured by the log-Bayes factor in the top row of the plots) for a difference in
conditional probabilities in the left column in both plots.

In all of the cohorts studied in Figs 3} [ [5} [f] and [7] we report no evidence for the
existence of dependencies between rounds that depart from a Markovian description (as
can be inferred from the comparatively small log-Bayes factors for the blue and green
conditional probabilities in the right column of all plots). This is an interesting, and
perhaps surprising, result regarding the nature of human behaviour in response to mass
drug administration.
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Fig 3. Left column: The maximum likelihood as well as the limits of the marginalised 95% credible region for the
conditional probabilities of accepting treatment for any given pair of sequential rounds (these are hence homogeneous in time
and the process is Markovian) given treatment (filled points) or non-treatment (hollow points) in a previous round. Right
column: The same as the left column but with allowed time dependence in the conditional probabilities of accepting
treatment in each respective round (highlighted in orange on the horizontal axes). In each case the components corresponding
to a given round were measured assuming all other respective rounds were inferred to be from time-dependent past behaviour
independent adherence and hence the likelihood is given in Appendix S1. Different colours for each point correspond to
different lengths in time for the dependencies in behaviour. The datasets used are from the standard pre-SAC (0-4) age
category from the TUMIKIA project where the: top row corresponds to the overall group; middle row corresponds to the
male sub-group; and bottom row corresponds to the female sub-group.
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Fig 4. Left column: The maximum likelihood as well as the limits of the marginalised 95% credible region for the
conditional probabilities of accepting treatment for any given pair of sequential rounds (these are hence homogeneous in time
and the process is Markovian) given treatment (filled points) or non-treatment (hollow points) in a previous round. Right
column: The same as the left column but with allowed time-dependent in the conditional probabilities of accepting treatment
in each respective round (highlighted in orange on the horizontal axes). In each case the components corresponding to a given
round were measured assuming all other respective rounds were inferred to be from time-dependent past behaviour
independent adherence and hence the likelihood is given in Appendix S1. Different colours for each point correspond to
different lengths in time for the dependencies in behaviour. The datasets used are from the standard SAC (4-15) age category
from the TUMIKIA project where the: top row corresponds to the overall group; middle row corresponds to the male
sub-group; and bottom row corresponds to the female sub-group.
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Fig 5. Left column: The maximum likelihood as well as the limits of the marginalised 95% credible region for the
conditional probabilities of accepting treatment for any given pair of sequential rounds (these are hence homogeneous in time
and the process is Markovian) given treatment (filled points) or non-treatment (hollow points) in a previous round. Right
column: The same as the left column but with allowed time-dependent in the conditional probabilities of accepting treatment
in each respective round (highlighted in orange on the horizontal axes). In each case the components corresponding to a given
round were measured assuming all other respective rounds were inferred to be from time-dependent past behaviour
independent adherence and hence the likelihood is given in Appendix S1. Different colours for each point correspond to
different lengths in time for the dependencies in behaviour. The datasets used are from the 15-29 age category from the
TUMIKIA project where the: top row corresponds to the overall group; middle row corresponds to the male sub-group; and
bottom row corresponds to the female sub-group.
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Fig 6. Left column: The maximum likelihood as well as the limits of the marginalised 95% credible region for the
conditional probabilities of accepting treatment for any given pair of sequential rounds (these are hence homogeneous in time
and the process is Markovian) given treatment (filled points) or non-treatment (hollow points) in a previous round. Right
column: The same as the left column but with allowed time dependence in the conditional probabilities of accepting
treatment in each respective round (highlighted in orange on the horizontal axes). In each case the components corresponding
to a given round were measured assuming all other respective rounds were inferred to be from time-dependent past behaviour
independent adherence and hence the likelihood is given in Appendix S1. Different colours for each point correspond to
different lengths in time for the dependencies in behaviour. The datasets used are from the 30-49 age category from the
TUMIKIA project where the: top row corresponds to the overall group; middle row corresponds to the male sub-group; and
bottom row corresponds to the female sub-group.
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Fig 7. Left column: The maximum likelihood as well as the limits of the marginalised 95% credible region for the
conditional probabilities of accepting treatment for any given pair of sequential rounds (these are hence homogeneous in time
and the process is Markovian) given treatment (filled points) or non-treatment (hollow points) in a previous round. Right
column: The same as the left column but with allowed time dependence in the conditional probabilities of accepting
treatment in each respective round (highlighted in orange on the horizontal axes). In each case the components corresponding
to a given round were measured assuming all other respective rounds were inferred to be from time-dependent past behaviour
independent adherence and hence the likelihood is given in Appendix S1. Different colours for each point correspond to
different lengths in time for the dependencies in behaviour. The datasets used are from the 504 age category from the
TUMIKIA project where the: top row corresponds to the overall group; middle row corresponds to the male sub-group; and
bottom row corresponds to the female sub-group.
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S3 Appendix.

Summary. In this supplementary information, we analyse some of the existing models
of adherence from the literature in the context of our proposed framework.

The Plaisier model

Several models of MDA treatment programs employ an adherence model developed by
Plaisier in the context of onchocerciasis control [8,/20]. The Plaisier model assigns a
probability of adherence to each individual which they then retain for the duration of
the MDA program [141[15]. As such, this model would be characterised by us as a
heterogeneous population, time-independent model with no explicit individual
dependence on past behaviour. The individual probability of adherence is given by
U(=9/¢ where U is a uniform random number and ¢ is expected probability of
treatment and hence the expected coverage. The model is therefore completely
parameterized by the overall expected coverage. The PDF for the adherence probability
for this process is given by

m(p) = ———p2e=D/(=c) (49)
1-c
The PDF of p rises monotonically from zero to one for all values of ¢ > 0.5 and falls
monotonically for ¢ < 0.5 (for ¢ = 0.5, it is flat). Note that 7 (p) is a beta distribution:
m(p) = Betalp; ¢/(1 — ¢), 1]. For this distribution, the mean failure run length is hence

given by
c
E = .
() = 57—

Note that in this model, adherence failure run length becomes undefined at a coverage
of 50% or less. Additionally, one can show that the variance of this random variable
becomes undefined for values of coverage below 66%, suggesting that failure run lengths
in finite populations drawn from this distribution will exhibit extreme variability.

The probability of an individual being untreated across N rounds of MDA in this
model can also be calculated, giving

(50)

1
Tun = / (1 —p)¥Betalp;c/(1 —c¢),1]dp = 1 ¢ Ble/(1—¢),N +1], (51)
0 — C
where B(+,-) is the beta function. Fig [8|shows the distribution of adherence
probabilities for 2 different coverage values and also the probability of an individual not
adhering with treatment across a 4-round MDA program.

The Griffin Model

The adherence model used by Irvine et al [5] to model MDA adherence in the treatment
of lymphatic filariasis was originally created by Griffin et al in the context of intevention
strategies against malaria transmission [21]. The original Griffin model is quite broad
and deals with multiple simultaneous interventions and the correlations in their uptake.
It does not include conditional dependencies for an individual’s behaviour and is
therefore a heterogeneous population, time-independent, individually past behaviour
independent model in its simplest form. Each individual in the population is assigned a
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Fig 8. A) Probability of an individual with adherence drawn from the Plaisier distribution of not adhering with treatment
during a 4 round MDA program. B) The probability distribution for adherence for coverages of 25% and 75%.

correlation parameter, u;, drawn from a normal distribution with mean ug and variance

o2. These parameters are retained throughout the MDA program. At each round a

MDA round, each individual draws a unit-variance normal deviate with mean u;, z.

Treatment is accepted if z < 0. The expected coverage is given by ¢(—ug/v'1 + 02),

where ¢ is the standard normal cumulative probability function. This leaves one free

parameter to control the distribution of adherence probabilities across the population.
The cumulative distribution of adherence probability, p, is given by

m(p) = ¢l (p;0,1) + up; 0,07] (52)
giving a PDF
1—o0? 1 Ug 2
Py xes |- F (670 ) | 53)

The function ¢~!(p;0,1) varies monotonically in the range (—oo, 00) with p. In Eq ,
the parameter o = 1 acts to discriminate between two functional forms. For o < 1, the
distribution has a ‘normal’ shape with a single local maximum, while for ¢ > 1, the
distribution has asymptotes with local maxima at the p = 0 and/or 1. In this, it is very
similar, qualitatively, to the beta distribution (see Fig @)
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