APPENDIX S1

ASSUMPTIONS MADE IN MALHAPLOFREQ ANALYSES AND CLARIFICATIONS ON ITS APPLICATION

MalHaploFreq necessarily makes some assumptions in
the calculations; these are described elsewhere! but are reit-
erated here for transparency. A general introduction to the
principles of maximum likelihood (ML) and its application in
parasitology can be found elsewhere.? It will be desirable to
study the impact of these assumptions in future work, but it
is likely to become statistically complex. Meanwhile, it makes
sense to establish the general principles of prevalence ver-
sus frequency, identify best methods of analysis, and consider
potential sources of bias and the effect of genotyping sensitiv-
ity limit (GSL) as a matter of some urgency before proceeding
to these more subtle aspects of analysis.

ASSUMPTIONS

(1) ML analysis assumes multiplicity of infection (MOI) is
measured correctly, whereas this may not be the case for two
main reasons. First, identical marker alleles (e.g.,in merozoites
surface protein (MSP)1, MSP2, and glurp) may occur in differ-
ent clones infecting the same human purely by chance; if two
clones have the same marker allele, then only a single clone
will be counted and the true MOI will be underestimated. A
more detailed description of this problem, although in a differ-
ent context, can be found elsewhere.? Second, MOI estimation
also has a detection limit, and therefore, in principle, minority
marker alleles may be missed if the other marker alleles are
identical and form a dominant genotyping signal. However,
highly variable marker genes make this statistically unlikely;
for example, even if two clones are identical purely by chance
in a sample with MOI = 5, then their ratios of genotyping sig-
nals will be 2:1:1:1, and none will fall below the GSL of 0.3. The
chance of three clones all sharing an identical marker allele
depends on the sum of the marker allele frequencies cubed
and so, are very unlikely; consequently, it is likely that the first
factor will be the major reason for underestimating MOI. It
is difficult to anticipate the consequences of underestimating
MOI in our analyses. We cannot see how this would systemati-
cally bias the estimates (e.g., by underestimating the true fre-
quency of low-frequency alleles or haplotypes). Preliminary
analyses suggest that the magnitude of MOI underestimation
will be small (A. Ross, personal communication).

(2) It is assumed, in common with others,*® that clones
within hosts are acquired at random and are genetically unre-
lated. Genetic recombination often occurs in the oocysts of the
mosquito, and it is generally assumed that this gives rise to
four distinct but genetically related haplotypes per oocyst. It,
therefore, seems reasonable to conclude that several geneti-
cally related haplotypes may commonly be inoculated into
humans by the same mosquito bite. Whether this leads to
genetically related clones establishing simultaneous patent
infections in the same host is not clear. It has been suggested
to occur in low-transmission areas,” but these regions of low
MOI are not particularly problematic for analysis (see Text).
It is less plausible in high-transmission areas, because inocula-
tion rates greatly exceeds MOI, and therefore, it seems rea-
sonable to assume that the vast majority of inoculations fail

and consequently, the chance of two genetically related para-
sites both establishing successful infections from the same bite
may be negligible. We explicitly searched for genetic related-
ness in parasites coinfecting the same human in an area of
moderately high transmission of Malawi by analyzing oocysts
obtained from local mosquitoes and found no evidence of
genetic relatedness.’

(3) MalHaploFreq necessarily implements GSL in a rather
crude manner. It assumes that all clones are equally detectable
so that if one clone is mutant in a sample with MOI = 4, then
the mutation will be present in 25% of the parasites. In real-
ity, the relative numbers of parasites in different clones vary
enormously, and therefore, it is probably that, in at least some
cases, the mutant clone will have a large number of parasites
(i.e.,>25%) and be detected. This means that the strict GSL
cutoff should, in principle, be replaced by a more probabilistic
criterion, but this will be extremely complex; for example, is
the probability of detecting one mutant clone when MOI = 4
the same as detecting two mutant clones in a MOI = §, and so
on? This is an area that would reward further work, although
we suspect that it may rapidly become statistically very com-
plex and impossible to calibrate.

CLARIFICATIONS

(1) ML is only one of several methods for statistical infer-
ence of allele and haplotype frequencies. The most obvious
alternative is a Bayesian analysis based on Markov Chain
Monte Carlo (MCMC) methods as described previously,® but
all reasonable methods of statistical inference should give
identical (or extremely similar) estimates. We used the MCMC
method to analyze the single SNP frequencies, ignoring GSL,
and confirmed near-identical estimates to those obtained by
ML (results not shown).

(2) There is no formal denominator in ML analyses. Simple
counting or prevalence calculations divide one quantity by
another, and so, a denominator is required. In contrast, ML
simply varies a set of parameters (haplotype frequencies in
this case) until a best match to the data is obtained? no divi-
sion is entailed.

(3) We make no assumptions about the underlying distri-
bution of MOI within patients and simply use the observed
MOI in each of the samples!'; hence, our requirement is that
each sample in our datasets has an estimate of MOI. This con-
trasts with the ML analyses of Hill and Babiker* and Rannala
and others,® neither of which reported MOI for their samples
and were consequently forced to assume that MOI followed a
Poisson* or negative binomial distribution, respectively.’

(4) Tt is likely that not all malaria clones in a human will
enter the blood sample, because sequestration means that
many will be present at very low numbers in venous blood.
This does not affect our analysis, because even if only a subset
of clones are sampled and counted in the MOI, this set simply
represents the number of clones entering our analyses. Note
that exactly this same effect occurs in prevalence estimates
and counting methods.



(5) MalHaploFreq has an inherent barrier to increasing our
assumed level of GSL, because mixed wild type + mutant sam-
ples are not compatible with high GSL. In the dhfr analyses, the
assumed GSL could not be increased beyond 0.33, because, at this
point, it becomes impossible to have a mixed sample if MOI = 3:
there must be one clone of one type and two clones of the other
type so that the proportion of the minor genotype is 1/3 (0.33).
GSL values higher than 0.33 are incompatible with mixed samples
of MOI = 3, because the minor clone should not be detectable.
For dhps analyses, the limit occurred at 40%, which corresponds
to mixed infection when MOI = 5 (because minor clones would
be present at a proportion 2/5 or 0.4). MalHaploFreq contains
a routine to detect these impossible samples and terminate the
analysis; the impossibility would result in a likelihood of zero.

(6) The ML analysis cannot rectify biases present in sam-
pling schemes; it simply estimates the frequencies of alleles
and/or haplotypes in the samples. It is extremely difficult to
avoid sampling bias. Sampling blood after drug treatment will
results in overrepresentation of resistant alleles, as will taking
blood from people who have residual levels of drug from pre-
vious treatments’!!; blood taken from asymptomatic people
may have fewer resistance alleles if these alleles are associated
with a fitness penalty.'”'* Many of these problems disappear if
selectively neutral markers are investigated, but many genetic
studies explicitly study selected markers such as those encod-
ing drug resistance or vaccine insensitivity.

This leads to several points of clarification.

There is no implicit mathematical requirement that the loci

being analyzed should be selectively neutral.

e It is the responsibility of investigators to design appropri-
ate sampling schemes; blaming ML estimation for reflecting
shortcomings in the data is untenable.

e The problems of sampling bias are not specific to ML fre-
quency estimate but apply equally to all summary measure-
ment, including prevalence estimates and direct counting.

¢ We make no claim that the Papua New Guinea and Malawian

datasets are directly comparable in any clinical or epidemio-

logical sense but do assert that they are methodologically
comparably because they were genotyped by the same per-
son in the same laboratory.

It is important to make these points, because readers from
a background in fieldwork (at whom this paper is aimed) tend
to appraise the data and then judge the analysis in this context.
This approach is appropriate for epidemiological studies com-
paring regions, but this is a methodological paper comparing
methods, with the aim of showing and discussing the proper-
ties of different types of analysis. We, therefore, urge readers
to take the datasets at face values and concentrate on under-
standing how different methods are affected by, and become
biased by, factors such as MOI and GSL.

(7) Statisticians prefer artificial, simulated datasets, because
it is easier to quantify, rather than simply illustrate, effects such
as bias. However, we chose to analyze real datasets to illustrate
the results, because experience has shown that they are more
compelling to our intended audience of field workers who
we wish to encourage to report frequencies and incorporate
GSLs. MalHaploFreq does has a facility to simulate datasets,
and we intend to extend this facility in future work to allow us
to examine some of the assumptions detailed elsewhere (i.e.,
possible relatedness between clones, varying clonal densities,
errors in assigning MOI, and so forth). This will require some
rather detailed statistical analysis that would constitute a dis-
traction in the current manuscript.

APPENDIX REFERENCES

1. Hastings IM, Smith TA, 2008. MalHaploFreq: a computer pro-
gramme for estimating malaria haplotype frequencies from
blood samples. Malar J 7: 130.

2. Williams BG, Dye C, 1994. Maximum likelihood for parasitolo-
gists. Parasitol Today 10: 489-493.

3. Gatton ML, Cheng Q,2008. Can estimates of antimalarial efficacy
from field studies be improved? Trends Parasitol 24: 68-73.

4. Hill WG, Babiker HA, 1995. Estimation of numbers of malaria
clones in blood samples. Proc R Soc Lond B Biol Sci 262:
249-257.

5. Rannala B, Qiu WG, Dykhuizen DE, 2000. Methods for estimating
gene frequencies and detecting selection in bacterial popula-
tions. Genetics 155: 499-508.

6. Schneider AG, Premji Z, Felger I, Smith T, Abdulla S, Beck HPMH,
2002. A point mutation in codon 76 of pfert of P. falciparum is
positively selected for by chloroquine treatment in Tanzania.
Infect Genet Evol 1: 183-189.

7. Paul REL, Brockman A, Price RN, Luxemburger C, White NJ,
Looareesuwan S, Nosten F, Day KP, 1999. Genetic analysis of
Plasmodium falciparum infections on the north-western border
of Thailand. Trans R Soc Trop Med Hyg 93: 587-593.

8. Mzilahowa T, McCall PJ, Hastings IM, 2007. “Sexual” population
structure and genetics of the malaria agent P. falciparum. PLoS
One 2: e613.

9. Hastings IM, Watkins WM, 2006. Tolerance is the key to under-
standing antimalarial drug resistance. Trends Parasitol 22:
71-77.

10. Sisowath C, Stromberg J, Martensson A, Msellem M, Obondo C,
Bjorkman A, Gill JP,2005. In vivo selection of Plasmodium fal-
ciparum pfmdr 1 86N coding alleles by artemether-lumefan-
trine (Coartem). J Infect Dis 191: 1014-1017.

11. Hastings IM, Ward SA,2005. Coartem in Africa—the beginning of
the end? J Infect Dis 192: 1303-1304.

12. Babiker H, Hastings IM, Swedberg G, 2009. Impaired fitness of
drug-resistant malaria parasites: evidence and implication on
drug deployment policies. Expert Rev Anti Infect Ther 7:
581-593.

13. Hastings IM, Donnelly MJ, 2005. The impact of antimalarial drug
resistance mutations on parasite fitness, and its implications for
the evolution of resistance. Drug Resist Updat 8: 43-50.

14. Walliker D, Hunt P, Babiker H, 2005. Fitness of drug-resistant
malaria parasites. Acta Trop 94: 251-259.



