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Abstract

Background Evaluation of parasite clearance patterns in experimental human infection trials helps increase under-
standing of drug action. In a previously reported phase Ib trial of a new investigational anti-malarial drug M5717,
parasite clearance showed a biphasic linear pattern: slow removal phase with a near flat clearance rate followed by a
fast clearance phase with a steep slope. In this study three statistical approaches were implemented and compared
to estimate the parasite clearance rate for each phase and the time point corresponding to the change of clearance
rates (changepoint between the two phases).

Methods Data using three M5717 doses 150 mg (n=6), 400 mg (n=8), 800 mg (n=8) were used to estimate bipha-
sic clearance rates. Three models were investigated: firstly, segmented mixed models with estimated changepoint—
models with/without random effects in various parameters were compared. Secondly, a segmented mixed model
using grid search—this method is similar to the first except that changepoints were not estimated, instead they

were selected based on model fit from given candidate values. Thirdly, a two-stage approach whereby a segmented
regression model fit to each participant followed by a meta-analysis method. Hourly rate of parasite clearance (HRPC)
interpreted as the percentage of parasites removed each hour was calculated.

Results The three models generated similar results. Using segmented mixed models, the estimated changepoints
after treatment in hours (95% Cl) were: 150 mg: 33.9 (28.7,39.1); 400 mg: 57.4 (52.5,62.4); and 800 mg: 52.8 (47.4,58.1).
For all three treatment groups, there was nearly no clearance before the changepoints, but rapid clearance in the sec-
ond phase (HRPC [95% Cl]): 150 mg: 16.8% (14.3, 19.1%); 400 mg: 18.6% (16.0, 21.1%); and 800 mg: 11.7% (9.3, 14.1%).

Conclusions All three statistical approaches are effective tools to characterize the bi-phasic clearance of M5717
in the phase 1b experimental Plasmodium falciparum malaria human infection study. The statistical approaches
produced similar results to estimate the two-phase clearance rates and the changepoint for each treatment dose
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of M5717. However, the segmented mixed model with random changepoints has several advantages: it is compu-
tationally efficient, provides precision for changepoint estimates and is robust concerning outlying datapoints or

individuals.

Keywords Parasite clearance, Segmented mixed model, Malaria

Background

Globally, malaria continues to bear a huge disease
burden, and in 2020 alone affected 241 million peo-
ple, resulting in 627,000 deaths [1]. The pharmaceuti-
cal industry, in partnership with Product Development
Partners and the World Health Organization (WHO),
is engaged in developing drugs to eliminate malaria. In
early-stage clinical trials, it is critical for developers and
investigators to understand how new anti-parasitic drugs
work in humans. Key information is obtained by evalu-
ating patterns of parasite clearance after drug treatment.
Human experimental challenge models (a safe and reli-
able approach of inducing controlled blood stage Plasmo-
dium falciparum malaria infection in healthy volunteers)
[2, 3], have been developed and standardized for malaria
to allow for early readout of parasite clearance.

A frequently used challenge model is induced blood-
stage malaria (IBSM), which involves intravenously
inoculating healthy volunteers with synchronous P fal-
ciparum ring-stage parasites. The volunteers are moni-
tored for safety, and once the parasite count reaches
a certain threshold, the volunteers are treated with
the drug of interest. Drug concentration and parasite
counts are measured over time and can be used to ana-
lyse pharmacokinetic-pharmacodynamics (PK-PD)[4].
The life cycle of malaria in human body and its clear-
ance mechanism have previously been described in detail
[5]. As indicated in the work by White [5], anti-malarial
drug effects on parasite clearance demonstrated through
PK-PD modelling can be a useful tool in predicting ther-
apeutic responses and dose-finding. Marquart et al. [6],
Flegg et al. [7], Jamsen et al. [8] and Sharifi-Malvajerdi
et al. [9] have analysed the pharmacodynamic effect of
anti-malarial treatments based on controlled human
malaria infection models and quantitative polymerase
chain reaction (qQPCR), and estimated the parasite reduc-
tion ratio and parasite clearance half-lives.

A phase I clinical trial sponsored by Merck KGaA,
Darmstadt, Germany, describes the anti-malarial activi-
ties of a new investigational drug, M5717, using con-
trolled infection of malaria in humans, specifically, by
applying the IBSM challenge model [10]. A biphasic lin-
ear pattern in parasite clearance was observed in study
participants after M5717 treatment. Specifically, there
was a slow parasite clearance phase with a near zero
clearance rate before a fast parasite clearance phase with

a steep clearance rate. The biphasic clearance profile is
specific to M5717 and attributed to the mode of action
of the molecule, stopping parasite protein synthesis
through inhibition of the P. falciparum elongation factor
2 enzyme.

To estimate the bi-phasic parasite clearance rate, the
timing of the changepoints (an instance in time where
the statistical properties before and after this time point
differ), and their dependence on treatment groups of
M5717, an appropriate statistical analysis method is
required. This method needs to manage two proper-
ties of the data: repeated measurements which are cor-
related within individuals, and a segmented pattern with
changepoint(s).

In the original analysis of the phase 1b study [11],
estimation of the bi-phasic clearance was based on a
two-stage approach. Firstly, the clearance rates and the
changepoint were estimated for each individual using
segmented regression [12]. Secondly, a combined esti-
mate of the clearance rates and changepoint were calcu-
lated as a weighted average across all individuals for each
parameter (using the inverse variance as the weight).
However, this approach has some disadvantages: Firstly,
fitting one regression model for each individual does not
use the data efficiently because the estimate of variabil-
ity in model residuals is not shared between individuals.
Secondly, there is no measure of the overall fit to evaluate
the performance of the model, which may be necessary to
determine whether to include certain covariates or inter-
actions in the model. Thirdly, at individual level the data
can be sparse under some circumstances, and the fitted
regression model may be unstable or unreliable.

The most widely used conventional method for
analysing repeated measurement data is the mixed-
effects model [13] in which a random effect(s) is
assigned at the individual level to account for within
individual correlations. Most statistical packages have
well-developed procedures or functions to implement
linear or generalized linear regression models with
mixed effects. Mixed models do not naturally accom-
modate for multiple phases in the slopes i.e. segments,
but if the changepoints are known, a relatively simple
manipulation in the dataset can make this accommo-
dation. Huang [14] demonstrated a piecewise (i.e. seg-
mented) linear mixed model using statistical analysis
system (SAS) in which the changepoint or breakpoint
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was required to be known or chosen in advance. The
challenge in analysing data from the Phase 1b study
is that the changepoints in the trajectories of parasite
clearance are unknown. Modelling the changepoint
itself, in a Bayesian [15] or likelihood framework [12]
is commonly practiced in many areas, but mostly in
the context of non-correlated data analysis [16].

Therefore, a mixed effects model that allows change-
points to be estimated and potential adjustment for
covariates can provide a flexible modelling approach.
A segmented mixed model with random changepoints
in a likelihood-based framework has been developed
[17], which allows for covariates and random effects
for all model parameters including changepoints. This
model does not require a smooth or parametric transi-
tion between segments, and allows for a linear or non-
linear segment making it ideal for analysing the M5717
parasite clearance data. Recently this method has been
implemented to model blood pressure trajectories in
a population study [18]. The segmented mixed model
with random changepoints has not yet been used to
estimate bi-phasic parasite clearance rates, though a
similar Bayesian method has been developed and used
to estimate different parasite clearance rates with lag
and tail phases [9, 19].

In this study, we implement three statistical meth-
ods to estimate parasite clearance rates for the 22 par-
ticipants administered with M5717 in the Phase 1b
trial. Firstly, the segmented mixed model with random
changepoints [17] was employed. Using data across all
participants, this method allowed simultaneous esti-
mation of the slopes and changepoints for the three
M5717 treatment groups whilst allowing for random
effects of intercepts, slopes and changepoints. Sec-
ondly, a grid search method for changepoint based
on segmented mixed models with two slopes was
explored following the tutorial of Huang [14]. This
method requires performing many segmented mixed
models, whereby for each model the changepoint is
considered known and presumed to be one of many
candidate values on the time axis for each treatment
group. For each set of possible changepoints, a seg-
mented model was performed and a model fit statis-
tic calculated. The model with best fit was chosen and
used for determining the changepoints and estimating
clearance rates. Thirdly, the two-stage approach of fit-
ting a segmented regression model [12] for each par-
ticipant followed by meta-analysis was implemented.
Using each method, the parasite clearance rates for
the two phases was estimated and compared and the
timing of changepoints was estimated for each of the
three M5717 treatment groups.
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Methods

Study design, inoculation and treatment

As the study has been previously reported [10, 11], the
clinical trial and data analysed are not described in detail.
In brief, healthy volunteers were inoculated intravenously
with erythrocytes harboring a defined number of P, falci-
parum parasites. The evolution of the parasitaemia was
measured by quantitative polymerase chain reaction
(gqPCR) [20] over time, before and after single dose treat-
ment with M5717.

Three treatment groups of participants were enrolled
to test different doses of M5717: 150 mg (n=6), 400 mg
(n=8), 800 mg (n=8). Participants were evaluated for
the presence of a patent parasitaemia by qPCR once per
day from 4 days after inoculation, then once detected,
twice daily until M5717 administration at the trial site
which was about 9 days after inoculation (when the para-
sitaemia was above 5,000 parasites/mL). After treatment
(Day 1, hour 0), the participants continued to be evalu-
ated twice daily or more intensively until clearance of
parasites (PCR negative) or up to 144 h after treatment,
whichever came first. Thereafter, visits were scheduled
daily or twice daily until treatment threshold was reached
and then every few days to monitor recrudescence up to
day 44 [11]. On Day 22, all participants were given res-
cue medication with artemether-lumefantrine and pri-
magquine to ensure final clearance. If parasitaemia failed
to clear or recrudescence occurred, rescue treatment was
administered early. The study objectives were to establish
parasite clearance profiles after treatment, and to under-
stand their relationship with M5717 doses [11].

The objective of this analysis was to estimate the
slope(s) and changepoints (if any) used to estimate the
clearance profiles. This analysis used log;, transformed
geometric mean of the triplicate parasitaemia data meas-
ured from M5717 administration (0 h) to PCR negative
(all triplicates not-detected) up to 144 h after treatment.
No recrudescence occurred within this period. The raw
data for each participant appeared to have two log-linear
clearance phases, hence the parameters of interest were
the two slopes and the changepoint where the two slopes
transit.

Modelling methods

For the following description of the models, y; was
denoted to be the parasitaemia measurement for the i
individual (i = 1,...,N) at time ¢; (j =1,..., n,'), where
Li1>. .., Lip; was the time after treatment administration
in hours for the i individual. The following methods
were used to calculate the clearance rate, and hourly rate
of parasite clearance (HRPC), which was defined as the
percentage of parasites cleared in each hour. For each
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clearance stage HRPC was calculated as the 1 — 10°%7¢,
Other common measures such as parasite clearance half-
life and parasite reduction ratio [6] were also derived
from the same regression coefficient. Additional details
are provided in Supplementary Material: Additional
file 1.

The segmented mixed effects model with random
changepoints

To account for the change-point in the two parasite
clearance rates, ¥; was denoted to be the time of the
change-point between the two clearance phases for the
i individual. The segmented mixed effects model with
random changepoints [17] was given by:

yii = Boi + Buitij + 8i(tij — Vi)l (L > ¥i) + &5 (1)

where participant Bo;, B1;, d; and &; were the intercept,
slope 1, the difference between slope 1 and slope 2, and
the error term, respectively, for individual i, and I(.)
was an indicator function which takes value 1 if a data
point was after the changepoint (¢;) and O otherwise.
Each of the parameters By;, 81, ¥; and §; were the sum
of a fixed effect and a random effect, e.g. 6; =6 + d;,
and the fixed term could depend on covariates, e.g.
Bii = Bio —|—x1Ti/31 + b1;. The changepoint parameter
composition when covariates were included was more
complicated, but had a similar style, as detailed in
Muggeo et al. [17], which could be implemented in R
[21].

In this analysis, the outcome variable was
log,,(parasitaemia/mL). All models were adjusted for
baseline parasite levels, i.e. the log;,(parasitaemia/mL)
at the time of treatment, and treatment group assum-
ing post-treatment parasite level depended on the initial
parasite level and treatment dose in addition to time. A
random intercept for each individual, By;, was included in
all the models. Treatment group was used as a categori-
cal variable as the dose-response relationship was not
assumed to be linear. A total of four models with differ-
ent fixed and random effects were considered and are
detailed in the Supplementary Material: Additional file 2.
Briefly, Model 1 (M1) had fixed and same slopes for all
treatment groups, fixed and same changepoint for all
treatment groups. Model 2 (M2) had fixed slopes that
differed for treatment groups, fixed changepoint that dif-
fered for treatment groups. Model 3 (M3) built on M2 by
including random slopes for each individual and Model
4 (M4) built on M2 by including random effects for the
slopes and also for the changepoints. As shown in the
Supplementary Material: Additional file 3, M4 showed
best fit to the data indicating that random effects for all
the slope and changepoint parameters are necessary.

Page 4 of 10

Hence in the next two segmented mixed effects model
methods, we used the models that are similar to M4 in
structure.

Segmented mixed effects model with grid search

for changepoints

Instead of estimating changepoints directly as detailed in
the previous section, the segmented mixed effects model
with grid-search method treats changepoints in a non-
parametric way. It was assumed the changepoints could
be any reasonable timepoint on the time axis within the
study duration based on the observed data. For each set
of possible changepoints (i.e. one for each treatment
group), a segmented mixed model was implemented and
the fit statistic Akaike information criterion (AIC) was
calculated. By comparing the model fits given different
sets of changepoints, the best fit (i.e. changepoint corre-
sponding to the minimum AIC) was selected as the final
model, which provided estimates of slopes.

The process is illustrated in the flow chart (Fig. 1).
Each reatment group was assumed to have K, M, L
candidate changepoints (150, 400 and 800 mg group,
respectively), thus in total K x M x L unique combina-
tions (or sets) of candidate changepoints. For each set
of candidate changepoints, at the data preparation step,
one more time variable fime2 was created for each par-
ticipant: before the changepoint its value was 0, and after
the changepoint the value was the actual time minus the
changepoint value.

Changepoints hence were “known” values in each
round. Then at the segmented mixed model step, both
time and time2 were used as explanatory variables in
the same model, so that the corresponding coefficients
were the slope 1 and the difference between slope 1 and
slope 2. The corresponding model fit statistic AIC was
provided. This whole process was repeated for K x M
x L times providing K x M x L AIC values. Ultimately,
the model with the smallest AIC was chosen as the final
model. The corresponding k, m, [ used and the regres-
sion coefficients estimated in this chosen model were
the identified changepoints and slope estimates for the
three treatment groups, respectively. In this analysis, the
changepoints at all integer values between 25 and 60 for
each of K, M and L were tested. The segmented mixed
model was set the same as M4 above except that change-
point was not a parameter to be estimated. Instead time2
was included as an additional regressor. Compound sym-
metry structure was used for all random effect covari-
ance matrices. This analysis was performed using nlme
package in R [22].

In these models, basep was the variable name for base-
line parasite level, log,,(# parasites) at hour 0; cht is the
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Suppose cohort 1 has K, cohort 2 has M and cohort 3 has L possible CPs. For each unique

combination of CPs k, [ and m:

Data Preparation
One variable added
Time2 = (time — CP)*I(time > CP)

=

Segmented Mixed
Model with known CP

basep, time, cht, time2 as
variables in the models

Model fit statistic
e.g. AIC

1

|

Repeat KeMeL times

Compare AICs from the KeMeL
models and choose the one with
smallest AIC

l

E
[

Final model:
The set of CP k, |, m used in this
model are the CPs and regression
coefficients for clearance rates

|
|

Fig. 1 Flowchart for changepoint (CP) identification based on grid search

variables for cohort. time was the time variable and its
coefficient was the slope 1 for Cohort 3; CP: changepoint.

Two-stage segmented regression approach

Unlike the two methods described above that modelled
data from all individuals simultaneously, in the two-stage
approach, a unique segmented regression model [12] was
fit to the parasitaemia measurements of each participant;
then the model parameter estimates across individuals
were combined using a meta-analysis approach.

Step 1: Segmented model at individual level
For a given participant, to model the relationship of the
parasitaemia over time, the segmented regression model
(Eq. 2) had a similar form as the segmented mixed model
(Eq. 1) without the random effects:

V(G > ¥) + ¢

yj = Bo + Bt + 8(4 — (2)

where y; is the /" parasitaemia measurement, ¢ was the
time since treatment administration in hours, 8o, B1, &
and ¢; were the intercept, slope 1, the difference between
slope 1 and slope 2, and the error term, respectively, and
I1(.) was an indicator function which takes value 1 if a data
point is after the changepoint () and 0 otherwise. The
model resembled simple linear regression except it had
two slopes that transited at the changepoint. The estima-
tion of the changepoint was implemented in R using the
segmented package [23]. The process of segmenting the
function involved an iterative procedure with bootstrap

sampling to identify a changepoint that split the function
into two slopes. The iterative procedure stopped when
the change in slope difference estimate was not signifi-
cantly different from 0. An initial estimate of the change-
point was needed to help with model convergence. The
participant specific estimates including for parameters
B1, § and ¢ from the converged final model were saved for
meta-analysis.

Step 2: Meta-analysis

For each treatment group, for each of the parameters
B1, § and ¥, the pooled estimate was calculated across
all individuals using meta-analysis with random effects
techniques [24]. The random effect in the meta-analysis
assumed the parameter of interest from different indi-
viduals followed a normal distribution rather than being
identical. These pooled clearance rate estimates were
converted to HRPC.

Of note, in the primary trial publication [11] the cor-
responding results were obtained using this method.
Two participants were excluded from the meta-analysis
for the 400 mg because of their outlying estimated break-
points and insufficient points in the second phase, and
one individual was excluded from the meta-analysis for
the 800 mg dose due to very low parasitaemia through-
out the study and imprecise estimates of the segmented
regression. Details about this exclusion are in the study
manuscript. For this methodology comparison study, no
participant was excluded from analyses.
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All the analyses were performed using R version 3.6.1
(R Core Team [2019]).

Ethics approval and consent to participate

This study was approved by the QIMR Berghofer Human
Research Ethics Committee. Ethics number P2334/
QP16C19. All study volunteers were required to sign an
informed consent prior to entry onto the study.

Results
The characteristics of the study participants are in the
primary trial publication [11]. In brief, these healthy
volunteers were all males, mean age 28 (SD 9) years old,
mostly white (73%) and non-Hispanic or Latino (86%).
All three statistical methods to estimate the bi-phasic
parasite clearance profile of M5717 performed similarly.
Table 1 has the parameter estimates for all three meth-
ods and summarizes the parameter estimates from M4
at treatment group level; Fig. 2 displays all the predicted
models against the observed data. From the segmented
mixed model, the estimated changepoints and 95% con-
fidence intervals for 150, 400 and 800 mg treatment
groups were at 33.9 (28.7, 39.1), 57.4 (52.5, 62.4), and 52.8
(47.4, 58.1) hours after treatment, respectively. Counter
to intuition, the lowest dose group (150 mg) showed the
earliest changepoint, with nearly no clearance activity in
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the first phase with HRPC -0.8% (-2.5, 0.9%) and a fast
clearance in the second phase 18.6% (16.0, 21.1%). For the
other two treatment groups, the HRPC in the first phase
were 400 mg: 0.9% (0.2, 1.6%), 800 mg: 1.9% (1.1, 2.6%); in
the second phase, the HRPC were 400 mg: 16.8% (14.3,
19.1%) and 800 mg: 11.7% (9.3, 14.1%). To be noted,
although the data is not shown in this manuscript, 3 out
of 6 participants in the 150 mg treatment group, 2 out 8
participants in the 400 mg treatment group and 0 out of
8 in the 800 mg group developed recrudescence after the
parasite count was not detected after M5717 dosing [11].

The results from the grid search methods based on
M4 and meta-analysis are also summarized in Table 1.
The selected changepoints point estimates from the
grid search method did not have precision estimates
because of its non-parametric nature. The final models
from all three methods demonstrated a strong fit to the
data (Fig. 2). In general, the results from all three meth-
ods were similar, as demonstrated by the fitted models
from the three methods mostly being overlapping. One
exception was participant 8 in the 800 mg treatment
group whose individual level model from the two-stage
approach appeared different from the two other meth-
ods. This individual’s baseline parasitaemia was lower
than required by the study protocol and the fluctua-
tion before hour 50 made fitting individual level model

Table 1 Parasite clearance rate and changepoint estimates from M4, all methods

Method Parameter estimates with 95% ClI
Treatment group
CP (95% Cl, hours) Slope before CP Slope after CP HRPC before CP (%) HRPC after CP (%)
(log,[parasites/ml] / (log,,[parasites/ml] /
hour) hour)
Segmented mixed model
150 mg (n=6) 339 0.003 —0.090 -08 18.6
(28.7,39.1) (= 0.004,0.011) (=0.103,-0.076) (=25,09) (16.0,21.1)
400 mg (n=8) 574 —0.004 —0.080 09 16.8
(52.5,62.4) (—0.007,-0.001) (—0.092,-0.067) 0.2,1.6) (14.3,19.1)
800 mg (n=8) 528 —0.008 —0.054 1.9 1.7
(47.4,58.1) (—0.011,-0.005) (—0.066,—0.042) (1.1,26) 9.3,14.1)
Grid — Search Segmented mixed model
150 mg (n=6) 35 0.000 —0.088 —-00 18.3
(NA) (=0.006, 0.006) (—=0.099,-0.076) (=14,13) (16.1,20.4)
400 mg (n=8) 54 —0.003 —-0.072 0.6 153
(NA) (—=0.006,0.001) (—0.082,-0.062) (=02,1.4) (133,17.2)
800 mg (n=8) 52 —0.008 —0.053 19 115
(NA) (—0.012,-0.005) (—0.063,—-0.043) (1.1,26) (9.5,13.6)
Two-stage segmented regression approach
150 mg (n=6) 36.1 0.000 —0.093 0.1 19.2
(29.9,42.2) (—0.006, 0.006) (=0.107,-0.078) (=13,14) (16.4,21.9)
400 mg (n=38) 58.9 —0.004 —0.081 0.9 17.0
(53.2,64.6) (=0.007,-0.001) (—=0.094, —0.068) (03,1.6) (14.4,19.5)
800 mg (n=8) 51.8 —0.008 —0.052 1.8 113
(45.8,57.7) (=0.011,-0.005) (—=0.065,-0.039) (12,24) (8.7,13.8)

CP changepoint, Cl confidence interval, HPRC hourly rate of parasite clearance
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150 mg Subject 5 150 mg Subject 6

Method
Segmented mixed model
— Grid search
Meta-analysis
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Fig. 2 Fitted parasite clearance profile for all participants from M4, all estimation methods. Each panel depicts one participant, aligned by
treatment group. Dots represents observed data, and lines are for fitted model

difficult/unreliable. Nevertheless, the segmented mixed
effects models were able to absorb this deviation and fit
models through the observed data points.

Discussion

The segmented mixed model with changepoint as a
parameter estimated using the likelihood-based method
[17], was shown to be a convenient one-step tool to char-
acterize parasitaemia clearance data with multiple phases
of linear pattern. All parameters of interest including
slopes and changepoints can be modelled with random
effects and as functions of covariates. Precision estimates
for these parameters are either provided directly or can
be derived. There are many features of Muggeo’s method
that make it suitable for this analysis. Firstly, by allowing
random effects for intercept, slopes and changepoint, the
segmented mixed model accounts for within participant
correlation due to repeated measurements. Secondly, the
segmented mixed model allows for two (or more) slopes:
e.g. B for slope 1, B1 + 8 for slope 2. Thirdly, the inter-
cept, slopes and changepoint can be functions of covari-
ates, which enables estimation of the slopes and the
changepoint for each treatment group by including treat-
ment group as a covariate. Fourthly, as a pooled analysis
and a contrast to the two-stage approach, the model uses
data efficiently and is robust to outlying data points or

individuals. Fifthly, the model provides fit statistics e.g.
AIC and BIC which facilitate comparison between mod-
els with and without any covariates or random effects
and interactions terms. In addition, the same as the other
methods studied, the model does not require all partici-
pants to have the same measurement frequency or the
same number of measurements.

The segmented mixed model with grid search for
changepoint compares model fit given different possible
values. The selected changepoints, the HRPC estimates
and confidence intervals are similar to those estimated
using likelihood-based method [21]. However, the grid-
search method is computationally excessive. Due to the
grid searching nature, one limitation of this approach is
that only finite sets of possible changepoints can be cho-
sen from. In this analysis, the changepoints were exam-
ined at integer values. Fractional values are possible, but
to test them all is computationally intensive and unfeasi-
ble in practice.

Another limitation of the grid search method is that
precision estimates of the selected changepoints are not
available. One possible solution is bootstrapping. How-
ever, several properties of the data make it improper.
Firstly, as applicable to all regression models, bootstrap-
ping for this data would have to be based on entries
instead of single values. The explanatory variables are
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fixed, and each round of resampling would lose some
information. Secondly, bootstrapping requires data
entries to be independent, however this data is on the
opposite, i.e. repeated observations within participants.
The resampling has to be done at participant level. When
the sample size is small, i.e. n<50, the reverse percentile
based confidence intervals tend to be too narrow [25]. In
this study, there were only 22 participants. Thirdly, boot-
strapping would be computationally excessive, even if
proper. One round of grid search is already computation-
ally heavy, i.e. K x M x L segmented mixed effects models
are usually in the thousands and bootstrapping for con-
fidence intervals would require the whole process to be
repeated thousands of times, meaning millions of models
to be run. In short, bootstrapping for estimating the pre-
cision of the estimated changepoints was considered to
be improper and very challenging, if at all possible.

The two-stage approach of fitting a segmented model
for each participant followed by meta-analysis to esti-
mate dose-specific estimates, had similar results to the
one-step methods (Table 1, Fig. 2). There has been litera-
ture investigating the efficiency of using meta-analysis of
summary results and joint analysis of individual partici-
pant data, which suggests that theoretically and numeri-
cally, meta-analysis of summary results is statistically as
efficient as joint analysis of individual participant data
[26, 27]. As expected, the results from the two-stage
approach (i.e. analysis of individual level data followed by
meta-analysis) were similar toa one-stage approach (i.e.
overall mixed effects model). Although, as noted already,
at individual level, the fit of segmented model could be
problematic due to limited numbers of observations or
measurements, although fortunately this was not the case
for this data. The analysis performed for this study was
mainly a methodology exploration of mixed effect seg-
mented model approaches to estimate parasite clearance
trajectory for the bi-phasic clearance observed in the
M5717 phase I trial [11]. The results from the two-stage
approach presented here uses similar methodology to the
two-stage approach presented in the M5717 phase I pub-
lication [11]. The major difference, is that in this current
study, all 22 participants were used in the meta-analysis
for treatment group estimates, whereas in the M5717
phase I trial publication, three of the 22 participants
were not. Minor differences between the analyses could
be because different estimation/maximization options
in statistical functions or different precisions were kept
in intermediate calculation results. As discussed in the
M5717 phase I publication [11] the mechanism underly-
ing the biphasic clearance is likely related to the mode of
action of M5717 in the process of protein synthesis and
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possibly also related to the qPCR technology used which
does not differentiate between viable and dead parasites.

This research work has some limitations. There are
other factors which could potentially impact the perfor-
mance of the three methods but were not studied, such
as sample size (number of individuals and number of
observations in each), the quality and complexity of the
data, the underlying mechanism for generating the data
and the specific assumptions to be taken (e.g. biphasic
or other mutiphasic, straight line in each phase and the
mode of connection between different phases). Another
limitation is that the analyses performed were restricted
to this data-set, i.e. the 3 specific dose levels and repeated
measurements from O to 144 h post-treatment. The
interpretation of the models should stay within the data
ranges and extrapolation beyond these ranges should be
avoided.

Conclusions

Segmented mixed model with random changepoints as
estimated using a likelihood-based method [21], is a con-
venient one-step tool to characterize the bi-phasic para-
site clearance of M5717 in the Phase 1b study. Alternative
methods including segmented mixed effects models with
grid search to estimate the changepoint and the two-
stage approach by fitting a segmented regression model
for each individual followed by meta-analysis yield simi-
lar estimated parasite clearance rates and changepoints
for the three treatment groups. However, the segmented
mixed model with random changepoints is a computa-
tionally and mathematically efficient approach as pre-
cision estimates are calculated for the changepoints,
covariates can be included and it is more robust to outly-
ing or influential data points.
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