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Introduction Highly active antiretroviral therapy (HAART) has been used in HIV-

infected pregnant women to suppress viral replication and reduce perinatal transmis-

sion. However, the influence of HAART on the breast milk microbiome remains largely

unknown. In addition, analysis of unbalanced longitudinal studies of V-diversity data is

limited by a lack of appropriate statistical methods. The purpose of this study is to in-

vestigate the effects of HAART and time on V-diversity of breast milk microbiome from

HIV-infected women during the first month postpartum using a novel statistical analysis

method.

Methods HIV-infected pregnant women in Nairobi, Kenya in two separate stud-

ies were randomized to receive either HAART (treated group) during pregnancy to 6

months postpartum or short course zidovudine (control group) up to delivery. Breast

milk samples were collected from 25 treated and 24 control women every week during

the first month postpartum. These samples were subjected to 16S ribosomal sequenc-

ing. Microbial community analysis (PERMANOVA with restricted permutation for V-

diversity) was used to determine the effects of HAART and time on the breast milk

microbiome.

Results PERMANOVA analysis revealed statistically significant changes in breast



milk microbiome V-diversity when comparing postpartum week 1 to week 4 (? < 0.01).

In contrast, no obvious difference was detected between the treated and control groups.

Conclusion PERMANOVA analysis with restricted permutation was used to eval-

uate the effects of time and treatment in mixed models on an unbalanced longitudinal

dataset. During the first month postpartum, the V-diversity of the breast milk micro-

biome changed significantly in HIV-infected women from both arms of the trials. In

contrast, HAART treatment had minimal effects on the V-diversity.
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Chapter 1

INTRODUCTION

Human breast milk provides complete nutrition for infants in the first 6 months. In

addition, it plays an important role in seeding the gut microbiome of infants, which is

essential for protection against infection and immune system maturation [20, 13]. Thus,

the maternal microbiota is considered a significant determinant of infant health [8]. Us-

ing culture-dependent techniques it has been shown that most bacteria from human

breast milk are Staphylococcus, Streptococcus, Lactobacillus and Bifidobacterium spp [10].

The advancement of polymerase chain reaction (PCR) and next-generation sequencing

suggest a more diverse and complex microbial community [15, 9]. Moreover, the mi-

crobiome composition undergoes distinct changes over lactation stages [14, 6, 10]. In a

recent study in Guatemala, [11] identified a shift from Staphylococcus and Streptococcus to

Sphingobium and Pseudomonas in the breast milk samples collected over the first 6 months

postpartum.

HIV infection and the subsequent loss of CD4 cells can disrupt the balance between

host and endogenous microbiota, leading to potential shifts in bacterial composition and

diversity. A previous study of 121 breastfeeding women from a high-HIV prevalence area

showed that HIV RNA-positive breast milk samples had an increased bacterial diversity

and higher frequency of Lactobacillus spp [12]. In a more recent study in Kenya, no signif-

icant differences in composition or diversity were detected in breast milk samples from

HIV-infected women, suggesting the microbiome resilience under immunosuppression

[18].

Highly active antiretroviral therapy (HAART) suppresses viral replication and helps

CD4 cells recover in HIV-infected patients. Consequently, the immune response to ART

can induce microbiome changes. Previous studies on gut microbiome show that HIV-
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infected individuals have decreased richness and diversity [25, 21]. These alterations can

contribute to inflammation, pathogenesis, and the persistence of HIV [23, 16]. Moreover,

HAART has not been consistently found to help restore gut microbiota, and may some-

times even enhance dysbiosis [3, 22]. In contrast, the changes in breast milk microbiome

induced by HAART are not well understood.

In this study, we aim to compare the breast milk microbiome of HAART-treated

HIV-infected women to those without HAART over time with a particular interest in

V-diversity, which measures the difference in microbial composition between commu-

nities. Permutational multivariate analysis of variance (PERMANOVA) was developed

for multivariate ANOVA in a chosen dissimilarity measure [2] and has been widely

used in biodiversity studies. Some types of mixed effects models can be constructed in

PERMANOVA using centroids [4, 5]. However, this method does not work on phyloge-

netic distance nor in unbalanced longitudinal analyses. To evaluate the effects of time

and HAART accounting for the random effect of subject, we develop a method of us-

ing PERMANOVA with restricted permutations to characterize changes in microbiome

V-diversity.
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Chapter 2

METHODS

2.1 Study Design and Procedures

This study used data and specimens from two previous randomized clinical trials among

HIV-infected pregnant women. Recruitment, description of study cohort, and sample

collection have been published [19, 7]. In [19], women in the treatment arm received

HAART (300 mg of zidovudine (ZDV), 150 mg of lamivudine, and 200 mg of nevirapine

twice daily from 34 weeks gestation until 6 months postpartum. The control arm in [7]

received the Thai-CDC regimen which was 300 mg of ZDV twice daily from 34 weeks

gestation until the onset of labor, and every 3 hours from onset of labor until delivery.

This secondary analysis included 25 treated (HAART) and 24 control (Thai-CDC)

subjects. Breast milk sample collection occurred once a week during the first 4 weeks

postpartum. A total of 173 samples were subjected to 16S ribosomal sequencing.

2.2 Microbial Community Characterization

Matrices of relative abundances at multiple taxonomic levels were generated. Taxa with

relative abundances less than 3% in all samples were classified as “other”. Stacked bar

plots were created on phylum or order level to display the proportions of major taxa in

each group and at each time point.

The unweighted UniFrac (qualitative), weighted (quantitative) UniFrac and Jaccard

dissimilarity distances were used to analyze microbiota diversity between samples. Un-

weighted UniFrac and Jaccard are qualitative measures based on presence / absence of

species, while weighted UniFrac further incorporates phylogenetic information. Each

of these distance measurements were used to calculate beta diversity, which is defined

as the difference in microbial composition among communities. Each distance measure
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was visualized with principal coordinate analysis (PCoA) plots.

2.3 Statistical Analysis

To investigate the changes in microbiome composition between the treatment and control

groups over time, PERMANOVA was conducted in the space of weighted UniFrac dis-

tance. The analyses were executed using the vegan and permute packages in R. Besides

PERMANOVA, zero-inflated beta regression (ZIBR) and negative binomial mixed model

(NBMM) can also be used for correlated microbiome data, but these methods test indi-

vidual biomarkers. To compare microbiomes at the community-level, [24] proposed a

correlated sequence kernel association test (cSKAT). Furthermore, [17] extended cSKAT

into a generalized linear mixed model, which can handle other types of traits besides

those following a Gaussian distribution (GLMM-MiRKAT). It was used as an alternative

method to confirm the PERMANOVA results. The details of this analysis is included in

the Appendix D.

Instead of deriving the null distribution from theory, PERMANOVA randomly shuf-

fles the data to create a distribution of test F-statistics under the null hypothesis and then

calculates the empirical p-value [1]. Our implementation of PERMANOVA performs

permutations based on null hypotheses to obtain correct p-values. This ensures the

null distribution generated through permutations matches the corresponding F-statistic.

Therefore, to investigate the different effects of time and treatment on microbiome V-

diversity, it was necessary to construct two models and perform two separate permuta-

tion schemes. The sample codes were shown in the Appendix B. A confirmatory analysis

using centroids in PERMANOVA was performed and included in the Appendix C.

2.3.1 Time effect

The model contains two covariates: group and time point, and uses type III sums of

squares (SS) to evaluate the marginal effect of time. Under the null hypothesis, the mi-

crobiomes at four time points should be equivalent in terms of their V-diversity index.

However, completely random shuffling of the time points is inappropriate since obser-
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vations from the same subject are correlated. Therefore, permutations were restricted

within each subject.

In cases in which the PERMANOVA results show strong evidence against the null

hypothesis, post-hoc tests were performed to identify which pair(s) of time points were

different. P-values for multiple testing were adjusted using the Benjamini-Hochberg

procedure. Detailed information is shown in the Appendix.

2.3.2 Treatment effect

The random effect of subject (id) needs to be taken into consideration when evaluating

the effect of HAART. Therefore, the model contains three covariates: group, id and time

point, and uses type I sequential sums of squares. However, the default PERMANOVA

setting incorrectly calculates the F-statistic of treatment group �6 as the ratio of the mean

squares (MS) of group to MS of residual, and uses random permutations.

The correct �6 should be the ratio of MS(group) to MS(id). Accordingly, the permu-

tations are implemented to randomly assign group labels to each id. In each permuted

scenario, F-statistic of treatment group is calculated to generate the null distribution. An

empirical p-value is calculated as (1 + number of � > �6) / (1 + total number of � ). It is

worth noting that this permutation scheme requires the number of observations within

each subject to be equal. After removal of subjects with missing data, 17 subjects in the

treated group and 15 in the control group, each with 4 time points, were retained.

Sensitivity analyses were done to examine the robustness of the results. This analysis

was repeated on (i) subsets of subjects with three complete time points and (ii) subsets

of a single time point, which resulted in slightly larger sample sizes. These outcomes

were compared qualitatively to see if removal of missing data dramatically changed the

overall conclusion.

Besides PERMANOVA, a distance-based kernel association test based on the generalized

linear mixed model (GLMM-MiRKAT) was used as an alternative analysis method. The

details of these analyses are included in the Appendix.
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Chapter 3

RESULTS

3.1 Breast Milk Microbiome Composition

Overall, 24 control and 25 HAART-treated HIV-infected women were included in the

study. Women had a median age of 25.5 and 26.0 in control and treated groups, re-

spectively. Baseline CD4 count was lower in treated (260 cells/mm3) than control (446

cells/mm3) women (Table 3.1). A total of 173 breast milk samples were collected during

the first month postpartum and subjected to 16S sequencing. Among all 49 participants,

32 had four samples, 13 had three samples, 2 had two samples and 2 had only one

sample.

Stacked bar plots representing relative abundance of bacterial taxa on the order level

are shown in Figure 3.1. The taxa with the largest abundance are compared between

groups and across time points. In both groups, Bacillales and Lactobacillales had the

highest abundance. They were 29.3% and 20.9% in the treated group, 23.6% and 25.7%

in the control group, respectively (Figure 3.1A). This is consistent with previous find-

ings that genus Staphylococcus, Bacillales and genus Streptococcus, Lactobacillales were

predominant in the breast milk microbiome of HIV-infected women [12, 18]. Over the

first 4 weeks, these two orders had a decreasing abundance, while the proportions of

Actinomycetales and Clostridiales increased (Figure 3.1B).

To visualize the high-dimensional microbiome composition data, PCoA plots were

generated based on weighted UniFrac metrics. The first two principal components ac-

count for 21.9% and 16.3% of variation, respectively. The inter-sample distances between

groups or time points were compared. The 95% confidence interval ellipse of the HAART

group largely covered that of the control group, although the HAART group had slightly

larger dispersion (Figure 3.2A). In contrast, samples at four time points showed some
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Table 3.1: Baseline characteristics of the subjects and sample sizes at each time point.
Displayed in Number (%) or Median (IQR). Statistical significance assessed by Fisher’s
exact test, Mann-Whitney test.

Maternal Characteristics Control (n=24) HAART (n=25) P-value
maternal age 25.5 (21.9, 29.3) 26.0 (24.0, 29.0) 0.989
parity 2 (0.5, 2) 1 (1, 2) 0.542
primiparous 18 (75%) 20 (80%) 0.742

Antenatal Characteristics
premature labor 4 (16.7%) 1 (4%) 0.190
baseline CD4 count 446 (268, 660) 280 (248, 421) 0.049
plasma HIV RNA 4.6 (4.4, 5.4) 4.9 (4.4, 5.0) 0.984

Postpartum Characteristics
mastitis 4 (16.7%) 3 (12%) 0.702
breast abscess 1 (4.2%) 2 (8%) >0.999

Supplements
iron 7 (29.2%) 17 (68%) 0.01
folate 8 (33.3%) 16 (64%) 0.047
vitamin A 3 (12.5%) 1 (4%) 0.349
multi vitamins 1 (4.2%) 1 (4.2%) >0.999
any antibiotic 10 (41.7%) 5 (20%) 0.128
antimalarials 2 (8.3%) 0 (0%) 0.235

Breast Milk Sample Size
week 1 21 24
week 2 21 22
week 3 22 23
week 4 18 22

differences in both the centroid and dispersion (Figure 3.2B). Finally, the samples were

stratified by group to assess the time effect. Figure 3.3 shows that the ellipses of 4 weekly

clusters largely overlapped in the control group, while samples were more widely spread

and had slight separation in the HAART group.
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Figure 3.1: Stacked bar charts of the mean relative abundance of the 8 most abundant
taxa across individuals in (A) groups (ctrl vs. trt), (B) time points (week 1/2/3/4), (C)
groups at each week.

Similar analyses were performed on unweighted UniFrac and Jaccard distance mea-

sures. However, the first two principal components only explained a small amount of

variance and did not capture the dissimilarities among samples (15.5% for UniFrac, 4.4%

for Jaccard. Figure A.1). Weighted UniFrac distance reduces the effects of low abundance

species and thus was used for analyses.



9

−0.1

0.0

0.1

−0.1 0.0 0.1
PCo1 (21.9%)

PC
o2

 (1
6.

3%
) time pts

1

2

3

4

PCoA of time points (weighted)

−0.1

0.0

0.1

−0.1 0.0 0.1
PCo1 (21.9%)

PC
o2

 (1
6.

3%
)

group
trt

untrt

PCoA of trt vs. untrt (weighted)
PC

o2
 (1

6.
3%

)

-0.1

0.1

0

-0.1 0.10
PCo1 (21.9%)

PC
o2

 (1
6.

3%
)

-0.1

0.1

0

A BGroups in weighted UniFrac Time points in weighted UniFrac

trt
ctrl

w1
w2
w3
w4

−0.1

0.0

0.1

−0.1 0.0 0.1
PCo1 (21.9%)

PC
o2

 (1
6.

3%
) time pts

1

2

3

4

PCoA of time points (weighted)

−0.1

0.0

0.1

−0.1 0.0 0.1
PCo1 (21.9%)

PC
o2

 (1
6.

3%
)

group
trt

untrt

PCoA of trt vs. untrt (weighted)

-0.1 0.10
PCo1 (21.9%)

−0.3

−0.2

−0.1

0.0

0.1

0.2

0.3

−0.2 −0.1 0.0 0.1 0.2
PCo1 (28.1%)

PC
o2

 (1
6.

1%
) time pts

1

2

3

4

PCoA for treated (weighted)

−0.3

−0.2

−0.1

0.0

0.1

0.2

−0.2 0.0 0.2 0.4
PCo1 (25.1%)

PC
o2

 (1
6.

8%
) time pts

1

2

3

4

PCoA for untreated (weighted)

PC
o2

 (1
6.

8%
)

-0.2

0.2

0

-0.2 0.20
PCo1 (25.1%)

PC
o2

 (1
6.

1%
)

-0.2

0.2

0

A BTime points in control group Time points in treated group

w1
w2
w3
w4

-0.2 0.20
PCo1 (28.1%)

−0.3

−0.2

−0.1

0.0

0.1

0.2

−0.2 0.0 0.2 0.4
PCo1 (25.1%)

PC
o2

 (1
6.

8%
) time pts

1

2

3

4

PCoA for untreated (weighted)

w1
w2
w3
w4

−0.3

−0.2

−0.1

0.0

0.1

0.2

0.3

−0.2 −0.1 0.0 0.1 0.2
PCo1 (28.1%)

PC
o2

 (1
6.

1%
) time pts

1

2

3

4

PCoA for treated (weighted)

Figure 3.2: Beta diversity between group (A) and across time points (B). PCoA plots of
V-diversity by weighted UniFrac distance matrix showing the sample points with 95%
confidence interval ellipses.
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Figure 3.3: Beta diversity comparison between time points, separated by group. PCoA
plots of V-diversity by weighted UniFrac distance showing the sample points with 95%
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3.2 Significant Changes in Beta Diversity Over Time

This analysis assessed changes over time in V-diversity during the first month postpar-

tum. Instead of including id in the model, the random effect of subject was accounted

for through random shuffling of observations within each subject, and generating an

empirical null distribution to estimate a p-value. Based on PERMANOVA results in

weighted UniFrac metrics, the centers of sample clusters by time points are statistically

significantly different (? = 0.005; Table 3.2).

Table 3.2: Sample dissimilarity in weighted UniFrac distance was associated with time.

DF Sums of Sqs Mean Sqs F Pr (F)

Group 1 0.128 0.128 1.71
Time Point 3 0.394 0.131 1.76 0.005 **
Residual 168 12.541 0.075
Total 172 13.063

Table 3.3: Pairwise comparisons indicated that V-diversity in weighted UniFrac distance
at week 1 was significantly different from the last time point week 4.

Pairwise comparison P-value adjusted

W1 - W2 0.676
W1 - W3 0.051
W1 - W4 0.006 **
W2 - W3 0.641
W2 - W4 0.105
W3 - W4 0.105

Furthermore, to identify where the difference came from, pairwise post-hoc tests

with Benjamini-Hochberg p-value adjustment was done. Only the comparison for week

1 versus week 4 (? = 0.006) was statistically significant (Table 3.3). This difference in

microbiome composition was apparent in the visualization in the PCoA plots, with the

least overlap between week 1 and week 4 in the treated group (Figure 3.3B).
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3.3 Microbiome diversity not altered by HAART

An additional question of interest was the effect of HAART on V-diversity. PERMANOVA

analysis was conducted with permutation of group labels for each subject. Such a per-

mutation scheme requires an equal number of observations per cluster, therefore only 15

control and 17 treated subjects who had 4 time-point samples were included. The analy-

sis suggested that in the first postpartum month, HAART regimen did not significantly

change the breast milk microbiome diversity in HIV-infected women (? = 0.308; Table

3.4).

Sensitivity analyses assessed the robustness of results to missing data. To obtain a

larger sample size, various combinations of time points were chosen and the analysis

was repeated. At week 3, samples came from 22 control and 23 treated subjects and

were not statistically significantly different (? = 0.107; Table A.1). Analysis on data from

3 time-points (week 1/2/3 and week 1/3/4) combinations also confirmed the absence

of any treatment effect on V-diversity (? = 0.452 and 0.366, respectively; Table A.2, A.3).

Overall, these outcomes were consistent, indicating that removal of missing data did not

qualitatively change the result, and there was no detectable alteration on V-diversity by

HAART.

Table 3.4: HAART did not significantly alter microbiome V-diversity in weighted UniFrac
distance in PERMANOVA analysis with 32 subjects (=2CA; = 15, =CAC = 17) who had sam-
ples collected all 4 weeks.

DF Sums of Sqs Mean Sqs F Pr (>F) 1

Group 1 0.118 0.118 1.12 0.308
Id 30 3.169 0.106
Time Point 3 0.323 0.108
Residual 93 6.546 0.070
Total 127 10.157

1F-statistic and p-value were obtained as described in Methods.
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Chapter 4

DISCUSSION

This study analyzed the V-diversity of breast milk microbiome among HIV-infected

women during the first month postpartum. Women who had been receiving HAART

from 34 weeks gestation showed minimal difference from controls. However, there were

statistically significant alterations in V-diversity when breast milk samples from week 1

compared to week 4 postpartum. Restricted permutation techniques were used to obtain

empirical p-values accounting for random effects. This method allows us to partition

variation in the space of weighted UniFrac distance with no multivariate normality as-

sumption.

V-diversity at week 1 was found to be significantly different from week 4 postpartum.

An alteration in temporal V-diversity is expected, as previous studies have shown micro-

biome dynamics over lactation stage [14, 6, 10]. However, despite prolonged exposure to

HAART, no obvious difference in V-diversity was detected between the HAART group

and the control group. These conclusions are further confirmed by GLMM-MiRKAT,

a distance-based kernel association test for correlated microbiome samples. Since all

the samples were collected over a relatively short period of time, HAART impact might

have been overshadowed by the natural modulations in microbiome composition. Over-

all, differences in breast milk microbiome V-diversity is not associated with prolonged

HAART but rather with time after delivery in HIV-infected women.

To handle the mixed effects model on the unbalanced longitudinal data, our analysis

adopted PERMANOVA with restricted permutation. This methodology has several ad-

vantages. First, it can be used for any distance measure, such as Bray-Curtis dissimilarity,

and UniFrac distance. The mixed model shown in the Appendix C only works with dis-

tance that does not need phylogenetic information (e.g., Euclidean distance). Therefore,



13

our method expands the scope of applications of mixed model PERMANOVA in micro-

biome studies. Second, strata is used to account for the random effect, and restricted

permutations are implemented to obtain correct p-values. When analyzing the crossed

factor (e.g. time), a balanced design is not required for permutation within strata. In our

case, all subjects with at least two samples were included in the analysis of the effect of

time. This enables us to take full advantage of the sample size and increase statistical

power.

This proposed methodology also has several limitations. First, the permutation of

strata itself requires equal sample size per strata. For example, in the analysis of the

treatment effect, each person must have an equal number of observations, therefore 26%

of the samples were excluded from that analysis. Although sensitivity analyses con-

firmed that excluded samples did not qualitatively change the results, a loss of statistical

power is inevitable for such unbalanced designs. Moreover, the dataset only covers 4

time points during the first month postpartum. Our failure to detect any HAART effect

could be the result of temporal changes overshadowing any effects of HAART. Further

research is needed to establish any long-term effect of HAART on breast milk micro-

biome.
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Appendix A

SUPPLEMENTARY FIGURES AND TABLES

Table A.1: Cross-sectional PERMANOVA at week 3 indicated no significant effect of
HAART on V-diversity.

DF Sums of Sqs Mean Sqs F Pr (>F)

Group 1 0.108 0.118 1.56 0.118
Residual 43 2.963 0.069
Total 44 3.071

Table A.2: No effect of HAART in PERMANOVA analysis with 38 subjects (n2CA; = 18,
nCAC = 20) who had samples collected for weeks 1/2/3.

DF Sums of Sqs Mean Sqs F Pr (>F) 1

Group 1 0.092 0.092 0.91 0.452
Id 36 3.611 0.100
Time Point 2 0.117 0.059
Residual 74 4.819 0.065
Total 113 8.639

Table A.3: No effect of HAART in PERMANOVA analysis with 36 subjects (n2CA; = 17,
nCAC = 19) who had samples collected for weeks 1/3/4.

DF Sums of Sqs Mean Sqs F Pr (>F) 1

Group 1 0.098 0.098 1.07 0.366
Id 34 3.131 0.092
Time Point 2 0.295 0.148
Residual 70 4.326 0.062
Total 107 8.639

1F-statistic and p-value were obtained as described in Methods.
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Figure A.1: V-diversity comparison between groups, time points measured by un-

weighted UniFrac (A, B) and Jaccard dissimilarity (C, D). PCoA plots showing the sample

points with 95% confidence interval ellipses.
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Appendix B

SAMPLE CODE OF PERMANOVA

B.1 Time effect

# dat is the meta dataset for 173 samples

# it contains id (subject id), grp (group label), tp (time point)

# WUDM is a matrix representing the weighted unifrac distances

# wudm is a dist object (lower triangular matrix), wudm = as.dist(WUDM)

perm <- how(nperm = 999, within = Within(type = "free"),

plots = Plots(strata = dat$id))

adonis2(wudm ~ grp + tp, data = dat, permutations = perm, by = "margin")

# post-hoc

pair_dat <- function(dist_mat, info, t1, t2) {

ind <- info$tp == t1 | info$tp == t2

pair_info <- info[ind, ]

pair_mat <- as.dist(dist_mat[ind, ind])

return(list(dm = pair_mat, pi = pair_info))

}

# pairwise time points

pair_tp <- combn(unique(dat$tp), 2)

pval <- c()

for (i in 1:ncol(pair_tp)) {

x <- pair_dat(WUDM, dat, pair_tp[1,i], pair_tp[2,i])

perm <- how(nperm = 999, within = Within(type = "free"),

plots = Plots(strata = x$pi$id))

res <- adonis2(x$dm ~ grp + tp, data = x$pi, permutations = perm, by = "margin")

p <- res$‘Pr(>F)‘[2]

pval <- c(pval, p)

}

# p-value adjustment

padj <- p.adjust(pval, method = "BH")

rbind(pair_tp, padj)



20

B.2 Treatment effect

# select subjects with 4 time point samples: dat_1234, wudm_1234

# SS table

x <- adonis(wudm_1234 ~ grp + id + tp, data = dat_1234, by = "terms",

permutations = 2)

# calculate the correct F-statistic for group

f.grp <- x$aov.tab$F.Model[1] / x$aov.tab$F.Model[2]

# manually permute

n <- 999; f <- c(); dt <- dat_1234

perm <- how(within = Within(type = "none"),

plots = Plots(strata = dat_1234$id, type = "free"))

for (i in 1:n) {

dt$grp <- shuffle(dt$grp, control = perm)

x <- adonis(wudm_1234 ~ grp + id + tp, data = dt, by = "terms",

permutations = 2)

fp <- x$aov.tab$F.Model[1] / x$aov.tab$F.Model[2]

f <- c(f, fp)

}

# empirical p-value

sum(f>f.grp, 1)/(n+1)
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Appendix C

COMPARISON OF MIXED MODEL AND
RESTRICTED PERMUTATIONS

To validate the results of our restricted permutation methodology, we compared it to

a well-established method of analyzing mixed effects models in PERMANOVA. This

method is appropriate for balanced designs and distance measures that do not rely on

phylogenetic information. Therefore, a subset of 15 control and 17 treated subjects with

all 4 time point sampled was used. Group and time point were modeled as fixed effects,

and subject id as a random effect. Euclidean distance instead of a V-diversity measure

was used as the response.

First, a full model was fit, with group, id and time as fixed effects (Table C.1). The

F-statistic for time was correctly calculated as the ratio of MS(time) to MS(residual),

and so was the permuted p-value. Time was not found to be statistically significant

(� = 1.229, ? = 0.187). However, the F-statistic of group should be calculated as the ratio

of MS(group) and MS(id) to account for the random effect. Permutations also needed

to be performed accordingly. Therefore, 4 observations for each subject were averaged

into one centroid, and the distance between centroids was then fit into a second model

with group only (Table C.2). No statistically significant effect of treatment was detected

(� = 1.427, ? = 0.183).

Next, the analyses of dissimilarity in Euclidean distance were repeated using our

novel method with restricted permutations. When testing for the effect of time, a model

with group and time was fit, and the null distribution of F(time) was generated by per-

muting observations within each subject id (Table C.3). Similar to the previous method,

time was not found to be statistically significant (� = 1.056, ? = 0.182). A second model

with group, id, and time was fit using sequential sums of squares. The F-statistic of
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group was calculated as the ratio of MS group to MS id, and the p-value was obtained

through permutation of group labels among ids (Table C.4. � = 1.427, ? = 0.19).

When comparing the mixed model with the restricted permutations, both approaches

indicate the absence of time and treatment effect in Euclidean distance, and the empirical

p-values are fairly similar. Overall, these results confirm the validity of the restricted

permutation method.

Table C.1: Evaluation of time effect using a full model with group and subject id in
Euclidean distance. Group and time are fixed effects.

DF Sums of Sqs Mean Sqs F Pr (>F)

Group 1 2999 2999
Id 30 63035 2101
Time Point 3 4636 1545 1.229 0.187
Residual 93 116943 1258
Total 127 187613

Table C.2: To account for the random effect of subject, a second model was fit with
time-averaged observations of each person.

DF Sums of Sqs Mean Sqs F Pr (>F)

Group 1 750 750 1.427 0.183
Residual 30 15759 525
Total 31 16509
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Table C.3: Repeat PERMANOVA analysis in Euclidean distance with restricted permu-
tations. For time effect, a model with group and time was fit, and p-value was obtained
through permutation of time.

DF Sums of Sqs Mean Sqs F Pr (>F)

Group 1 2999 2999
Time Point 3 4636 1545 1.056 0.182
Residual 123 179978 1463
Total 127 187613

Table C.4: To evaluate the HAART effect, a model with group, id, and time was fit. F
statistic was calculated as the ratio of MS group to MS id, and p-value was obtained
through permutation of group labels between ids.

DF Sums of Sqs Mean Sqs F Pr (>F)

Group 1 2999 2999 2999/2101 = 1.427 0.19
Id 30 63035 2101
Time Point 3 4636 1545
Residual 93 116943 1258
Total 127 187613
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Appendix D

GLMM-MIRKAT

To address correlated microbiomes in family-based or longitudinal studies, Koh et al.

proposed a distance-based kernel association test based on a generalized linear mixed

model (GLMM-MiRKAT) [17]. Compared to previous methods, GLMM-MiRKAT is a

community-level association test and can handle non-Gaussian traits. Because GLMM-

MiRKAT can be sensitive to the choice of distance measure, [17] adopted a data-driven

method (aGLMM-MiRKAT) and considered multiple distance metrics (Jaccard dissimi-

larity, Bray-Curtis dissimilarity, UniFrac distances). With the optimal distance measure,

aGLMM-MiRKAT can achieve robustly high power based on simulation experiments.

As specified below, a GLMM-MiRKAT model with random intercepts for the group

was fit first, adjusting for time point (Table D.1). All the five distance measures suggested

no obvious effect of HAART on the breast milk microbiome composition (Table D.2).

This matches with the visual inspection of the overlapping ellipses between control and

treated groups in PCoA plot and the PERMANOVA with restricted permutation results

(Figure 3.2A; Figure A.1).

To evaluate the temporal effect, a random-intercept model was fit for time points in

continuous scale, adjusting for group. Jaccard dissimilarity (? = 0.0004), Bray-Curtis dis-

similarity (? = 0.0002), generalized UniFrac distance (? = 0.0002), and weighted UniFrac

distance (? = 0.0004) all indicate a strong association between microbial composition and

time point, while unweighted UniFrac distance did not (Table D.2). Again, these GLMM-

MiRKAT results are consistent with our previous conclusion based on PERMANOVA

with restricted permutation that time postpartum was associated with statistically sig-

nificant differences in breast milk microbiome composition in HIV-infected women.



25

Table D.1: Model details for assessing the effects of treatment and time, respectively.
Column y refers to the trait of interest, and covariate includes traits for adjustment.
These two models assumed random intercepts.

y covariate time.pt mod random slope

Model 1 Group - Time point Binomial F
Model 2 Time point Group - Gaussian F

Table D.2: Summary of the results using different distance measures. aGLMM-MiRKAT
column represents the p-value obtained from the optimal choice of metric.

Jaccard Bray-
Curtis

Unweighted
UniFrac

Generalized
UniFrac

Weighted
UniFrac

aGLMM-
MiRKAT

Model 1 0.18 0.31 0.14 0.08 0.24 0.23
Model 2 0.0004 0.0002 0.2795 0.0002 0.0004 0.0002


