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Dapivirine (25 mg) in a silicone elastomer Vaginal Ring is a safe and effective method to prevent 

HIV-1 infection in healthy, sexually active, HIV-negative women. Understanding women’s 

adherence to the dapivirine vaginal rings over time and exploring factors that might be associated 

with different patterns of adherence are helpful for supporting women who use the rings and 

achieving better levels of protection against HIV-1. In this analysis, we propose a trajectory 

clustering method that performs K-means clustering with generalized additive models 

implemented to produce cluster means. We identified six different adherence trajectories, using 

data from 1,356 HIV-uninfected women participated in the HIV open-label prevention extension 

(MTN-025/HOPE) trial. While most of the participants were clustered as high adherence (18% 

as high adherence 1; 18% as high adherence 2) and medium adherence (24%), we also identified 



 

 

declining adherence trajectories (15% as high – declining adherence; 13% as declining 

adherence) and a non-adherence trajectory (12%). Baseline characteristics including non-oral 

contraceptive use and lack of menstrual bleeding in the past 3 months were found to be 

associated with being clustered as high or medium adherence. Being clustered as declining 

adherence was found to be associated with having experienced menstrual bleeding in the past 3 

months and non-use of injectable contraceptive. Among participants who showed high 

adherence, contraceptive choice of intrauterine device was found to be correlated with being 

clustered as high adherence 2.  
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Introduction 

Women continue to bear the brunt of the HIV pandemic, accounting for more than half the 

number of people living with HIV worldwide [1]. In sub-Saharan Africa, four in five new 

infections among adolescents aged 15 – 19 years are in girls. Young women aged 15 – 24 years 

are twice as likely to be living with HIV compared to their male counterparts [2].  

As of end of June 2019, 24.5 million people living with HIV were accessing antiretroviral 

therapy [2]. A recent trial named MTN-020/ASPIRE [3] within the Microbicide Trials Network 

found that dapivirine (25 mg) in a silicone elastomer Vaginal Ring (VR) is a safe and effective to 

prevent of HIV-1 infection in healthy, sexually active, HIV-negative women and that high levels 

of protection against HIV-1 can be achieved with regular and consistent use of the rings. 

Motivated by the MTN-020/ASPIRE trial, the HIV open-label prevention extension (MTN-

025/HOPE) trial [4] was designed to assess the safety of and participant adherence to dapivirine 

VRs. In the MTN-025/HOPE trial, participants received a silicone elastomer VR containing 25 

mg of dapivirine, to be replaced monthly, for a total period of 12 months of use. Participant 

adherence was determined by the amount of dapivirine released, which was calculated as the 

difference between the dapivirine concentration measured in the returned, used ring and the 

corresponding baseline level. For each participant, a sequence of monthly adherence 

measurements was obtained across the 12 months of dapivirine VR use, which forms an 

individual adherence trajectory. Understanding participants’ adherence to the dapivirine VR over 

time and identifying factors that influence adherence patterns over time can help target the 

intervention to women who are most likely to benefit from it and support women who use the 

dapivirine VR in the future. 
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One way to understand how participants used the dapivirine VR is to identify subgroups 

(clusters) of participants with similar patterns of ring use through adherence trajectory clustering. 

For example, one subgroup of participants may exhibit consistent high adherence across the 12 

months, while another subgroup may begin with high adherence but shift to low adherence after 

certain time points. We aim to identify these patterns and the subgroups of women who form 

them. 

Overview of Trajectory Clustering 

Methods available for clustering trajectories can be separated into two families. The first family 

contains model-based methods which assume that the data were generated by a certain statistical 

model and attempt to recover the original model from the data. The recovered model then 

constructs clusters and assigns cluster memberships. Examples of model-based methods are 

latent class analysis or mixture modeling techniques. The second family comprises non-

parametric methods that usually involve an extension of the classic K-means clustering 

algorithm. The pros and cons of both methods have been extensively studied and discussed [5 - 

6]. The model-based methods are more generally preferred because of the potential to check 

clustering validity with formal tests, and the flexibility of including demographic or other 

exogenous variables as covariates. In contrast, non-parametric methods have some potential 

advantages, for example, no additional parametric assumptions within clusters are involved, and 

they do not require assumptions regarding the shape of the trajectory.  

Review of non-parametric methods 

Several approaches have been developed for the extended use of K-means algorithm with 

longitudinal data. We will discuss three methods here which provide variant K-means-based 

clustering algorithms for clustering longitudinal data and have realizations on the R platform. 

They may be used in conjunction with different clustering outcomes of interest. In this analysis, 
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for example, participant adherence as outcome is determined by the continuous variable, the 

amount of dapivirine released. 

The KmL package [5] implements a simple extension of the K-means algorithm to longitudinal 

data with adapted distance metrics. Clustering using the Euclidean distance and the Manhattan 

distance are available in the package. Let 𝑌 denote the outcome of interest, participant adherence. 

Observations from the individual adherence trajectory for participant 𝑖 can be written as 𝑌𝑖 =

(𝑦𝑖1, … , 𝑦𝑖𝑡), where 𝑦𝑖𝑡 denotes the measurement at time 𝑡 (𝑡 = 0, … , 𝑇).  

The Euclidean distance between two trajectories 𝑌𝑖 , 𝑌𝑗 is defined as 𝐷𝑖𝑠𝑡(𝑌𝑖, 𝑌𝑗) =

√
1

𝑇
∑ (𝑦𝑖𝑡 − 𝑦𝑗𝑡)

2𝑇
𝑡=1

. The Manhattan distance between two trajectories 𝑌𝑖, 𝑌𝑗 is defined as 

𝐷𝑖𝑠𝑡𝑀(𝑌𝑖 , 𝑌𝑗) =
1

𝑇
∑ |𝑦𝑖𝑡 − 𝑦𝑗𝑡|𝑇

𝑡=1 .  

To address the issue of choosing the optimal cluster number 𝐾, the KmL package uses the 

Calinski and Harabasz criterion, 𝐶(𝐾), aiming at maximizing the between-cluster variance and 

minimizing the within-cluster variance. Let 𝑛𝑘 be the number of trajectories in cluster 𝑘, 𝑘 =

1, … , 𝐾,  𝑌𝑘̅ be the mean trajectory of cluster 𝑘. Let  𝑌̅ be the mean trajectory of the whole data 

set. 𝑣′ denotes the transposition of vector 𝑣′. The between-variance matrix 𝐵 is defined as 

𝐵 = ∑ 𝑛𝑘(𝑌𝑘̅ − 𝑌̅)(𝑌𝑘̅ − 𝑌̅)′

𝐾

𝑘=1

 

the within-cluster variance matrix 𝑊 is defined as 

𝑊 = ∑ ∑(𝒀𝑘𝑖 − 𝑌𝑘̅)(𝒀𝑘𝑖 − 𝑌𝑘̅)′

𝑛𝑘

𝑖=1

𝐾

𝑘=1

 

 𝐶(𝐾) is defined as the ratio of the trace of the between-variance matrix and the trace of the 

within-variance matrix. To deal with the missingness which could be caused by the difference in 
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time points of adherence measurements for two individual trajectories in the clustering process, 

the Gower adjustment is applied by calculating a weighted distance. The weight 𝑤𝑖𝑗𝑡 is 1 if both 

𝑌𝑖𝑡 and 𝑌𝑗𝑡 are available at time 𝑡, and 0 otherwise. For example, the Euclidean distance between 

two trajectories 𝑌𝑖, 𝑌𝑗 with Gower adjustment is given as 

𝐷𝑖𝑠𝑡𝐺𝑜𝑤𝑒𝑟(𝑌𝑖, 𝑌𝑗) = √
1

∑𝑤𝑖𝑗𝑡
∑ (𝑦𝑖𝑡 − 𝑦𝑗𝑡)

2
∙ 𝑤𝑖𝑗𝑡

𝑇

𝑡=1

 

 

This simple extension of the K-means algorithm shares the advantages of non-parametric 

methods with potentially higher efficiency compared with an existing mixture modeling 

procedure. However, several limitations exist for this method. Like other non-parametric 

approaches, a formal statistical test for the validity for the clustering structures is not applicable. 

In the KmL package, the built-in approaches to deal with missingness are not effective under 

certain circumstances where no distance measurement is possible without further assumptions. 

An example would be that, when calculating the distance between two trajectories where one of 

them has missing measurement only at time 𝑡′ while the other has only one measurement at time 

𝑡′, the Gower adjustment ends up being zero which is not informative. 

For trajectories with outcomes that are binary or count data, an updated algorithm from the KmL 

package is available in the R package kmlCov [7]. Because of the dependence between intra-

group variance and mean for binary and counts data, deviance distances instead of classic 

distance metrics are implemented in this approach.  

When describing the trajectory patterns in subgroups, one might be interested in identifying 

individual trajectories that follow the same trends. That is, the progress of a phenomenon is more 

important than the moment at which it occurs. The kmlShape package [8] implements a K-means 
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algorithm that uses the generalized Frechet distance. The Frechet distance is a shape-respecting 

distance measure that considers the flow of the two trajectories, both in vertical (i.e., clustering 

variable) and horizontal (i.e., time) directions. Let 𝑃 and 𝑄 be two curves that are both 

continuous mapping from the time interval [0, 𝑇] to ℝ. Let 𝒜 denote all reparameterizations of 

the interval 𝑡 ∈ [0, 𝑇] and 𝛼 and 𝛽 be two reparameterizations in 𝒜. The Frechet distance 

between the curves 𝑃, 𝑄 is defined as   

𝐷𝑖𝑠𝑡𝐹(𝑃, 𝑄) = min
𝛼,𝛽

max
𝑡∈[0,𝑇]

𝑑 (𝑃(𝛼(𝑡)), 𝑄(𝛽(𝑡))) 

Where 𝑑 is the Euclidean distance. 

The generalized Frechet distance adds a time-scale parameter 𝜆 to deal with the issue that the 

variable of interest and the time variable are not measured using the same units. The generalized 

Frechet distance between curves 𝑃, 𝑄  is the Frechet distance obtained after a transformation in 

time variable, 𝐴: 𝑡 → 𝜆𝑡. 

𝐷𝑖𝑠𝑡𝑔𝐹 = min
𝛼,𝛽

max
𝑡∈[0,𝑇]

𝑑 (𝑃 (𝛼(𝐴(𝑡))) , 𝑄 (𝛽(𝐴(𝑡)))) 

The corresponding mean trajectories based on the generalized Frechet mean are calculated in the 

classification step. By using generalized Frechet distance, the K-means algorithm can easily deal 

with the issue of individuals having different number of repeated measurements at different sets 

of time points.  

The kmlShape package tackles the complexity in the big data setting by allowing data size 

reduction from two perspective. One is to reduce the number of individuals by first identifying 

representative trajectories using classical clustering algorithm. The other one is to reduce the 

number of measurements without much loss of information. 
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In this analysis of adherence trajectory clustering, the moment at which the pattern of ring use 

changes is of interest. Thus, the approach implemented in the kmlShape package might not be the 

best choice.  

Review of model-based methods 

There are several model-based methods available for studying the developmental trajectories. 

Nagin [9] proposed a longitudinal analytic method called group-based trajectory modeling 

(GBTM). The method has been widely applied in varied science fields including physical 

aggression [10], criminal behavior [11], cortisol level [12] and HIV [13 - 14]. GBTM is an 

application of the finite mixture models which assumes that the population is composes of a 

mixture of distinct groups of individuals following similar trajectories of a single outcome over 

time [15]. GBTM assumes that the population distribution of the outcome conditioning on age 

(or time) rises from a finite mixture of order 𝐾, where 𝐾 is the number of groups set apriori. 

Under the assumption of GBTM, population variability is considered to be fully captured by 

differences across groups in the shape and level of their trajectories. Thus, for a given subgroup 

𝑘, conditional independence is assumed for the repeated measurements at time points 𝑡 =

1, … , 𝑇. The model parameters are estimated through maximum likelihood estimation. The 

likelihood for individual 𝑖 can be written as 

𝑃(𝑌𝑖|𝑎𝑔𝑒𝑖, 𝐾, 𝛽1, … , 𝛽𝑘, 𝜋1, … , 𝜋𝑘) = ∑ 𝜋𝑘 ∙ ∏ 𝑝(𝑌𝑖𝑡|𝑎𝑔𝑒𝑖𝑡, 𝑘; 𝛽𝑘)

𝑇

𝑡=1

𝐾

𝑘=1

 

Where 𝜋𝑘 is the unknown parameter stands for the probability of membership in group 𝑘 and 

𝑝(. ) is the conditional distribution of the outcome given the group membership 𝑘, 𝑘 = 1, … , 𝐾 

which is indexed by unknown parameter vector 𝛽𝑘. Two key outputs from GBTM are the shape 
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of the group trajectories indexed by the estimated parameters, and the posterior probability of 

trajectory group membership which determines the clustering. 

Another commonly used model-based method for trajectory clustering is the latent class mixed 

modeling (LCMM). LCMM assumes that the population is heterogeneous consisting 𝐾 latent 

classes of trajectories. LCMM is different from GBTM in the way that the within-group 

variability is modeled [16]. While GBTM fixes within-group variability of individuals to zero, 

LCMM allows individual variability within groups by including random effects. Thus, LCMM 

provides additional information about how closely individual trajectories resemble the mean 

trajectory for a subgroup. A prior probability 𝜋𝑖𝑘 of latent class membership is defined by a 

logistic model based on a set of covariates 𝑋𝑐𝑖
, where 𝑐𝑖 = 𝑘 if the ith individual belongs to the 

kth latent class. The latent class membership model can be written as 

𝜋𝑖𝑘 =
exp (𝜉0𝑘 + 𝑋𝑐𝑖

𝜉1𝑘)

∑ exp(𝜉0𝑙 + 𝑋𝑐𝑖
𝜉1𝑙)

𝐾
𝑙=1

 

The trajectory outcome 𝑌𝑖 conditioning on the latent class membership is described by a linear 

mixed model based on time and covariates associated fixed or random effects. Conditional on 

class 𝑘, the model is defined for individual 𝑖 at time 𝑗 as: 

𝑌𝑖𝑗|𝑐𝑖=𝑘 = 𝑋2𝑖𝑗𝛽 + 𝑋3𝑖𝑗𝛾𝑘 + 𝑍𝑖𝑗𝑏𝑖𝑘 + 𝜖𝑖𝑗 

Here 𝑋2𝑖𝑗 is a vector of covariates associated with common fixed effect 𝛽 across 𝐾 latent classes. 

𝑋3𝑖𝑗 is a vector of covariates associated with class-specific fixed effects 𝛾𝑘. 𝑍𝑖𝑗 is a vector of 

covariates associated with individual random effects 𝑏𝑖|ci=k called 𝑏𝑖𝑘 whose distribution is 

class-specific. 𝜖𝑖𝑗 is a vector of random variables for individual measurement errors. The 

parameter vectors are estimated using maximum likelihood estimation method. Posterior 
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clustering for each individual is then defined as the latent class 𝑘 that generates the largest 

posterior class membership probability. 

The R package lcmm [17 - 18] is available to perform the LCMM for continuous trajectory 

outcome. Posterior clustering of each individual trajectory as well as estimated mean trajectories 

for each subgroup can be obtained and visualized. Prediction of cluster membership for a new 

dataset with a specified profile of covariates is also available. Some built-in methods are 

available for model evaluation, including the selection of the number of latent classes.  

This thesis proposes a trajectory clustering method (KGAM) that can be viewed as a variant of 

K-means algorithm that utilizes a generalized additive model (GAM) when constructing the 

cluster means. KGAM keeps the simplicity of the non-parametric approach and incorporates the 

model-based approach with an attempt to better address the issues of data missingness caused by 

the difference in time points of adherence measurements for different participants. Details about 

this method are introduced in the following sections. The method was applied to the MTN-

025/HOPE trial to identify adherence pattern of dapivirine VR use. Additionally, associations 

between baseline characteristics and the cluster membership assignments were also explored.  

Methods 

Study population 

This thesis is motivated by the HIV Open-label Prevention Extension (MTN-025/HOPE) trial, a 

multi-site, open-label, randomized, Phase 3B trial. The MTN-025/HOPE trial aimed at further 

assessing the safety of and participant adherence to dapivirine (25mg) in a silicone elastomer VR 

as a prevention of HIV-1 infection in healthy, sexually active, HIV-negative women. A total of 

1,572 eligible HIV-uninfected MTN-020/ASPIRE participants were contacted, among which 

1,456 women agreed to continue their participation in the HOPE trial and were enrolled at 14 
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sites in Malawi, South Africa, Uganda, and Zimbabwe. After enrollment, participants received a 

silicone elastomer VR containing 25 mg of dapivirine, to be replaced monthly, for a total period 

of 12 months of use. The ring(s) were returned in the next follow-up visits for adherence 

measurement defined as the amount of dapivirine released. Follow-up visits occurred monthly 

for the first 3 months, and quarterly thereafter for a total period of 12 months. For each 

participant, a sequence of monthly adherence measurements was obtained across the 12-month 

follow-up, which forms an individual adherence trajectory. Besides adherence data, participant 

characteristics including demographic variables, contraceptive choice, and sexual behaviors were 

collected at study enrollment. 

A K-means variant Using Generalized Additive Model (KGAM).  

Introduction to K-means 

K-means is an unsupervised clustering algorithm which belongs to the family of Expectation-

Maximization (EM) algorithms [19]. Specifically, two phases operate in turn to reach the optimal 

clustering: during the Expectation phase, the cluster means are calculated; then in the 

Maximization phase participants are assigned to the closest cluster. The alternation of the two 

phases is repeated until no further changes occur in the clusters or a pre-specified maximum 

number of iterations is reached. The distance between participant 𝑖, 𝑖 = 1, … , 𝑛 and the cluster 

mean is defined as the sum of squared difference between observations from the adherence 

trajectory , 𝑌𝑖 = (𝑦𝑖0, … , 𝑦𝑖,11), 𝑖 = 1, … , 𝑛 and the cluster mean,  𝑌𝑘̂ = (𝑦𝑘0̂, … , 𝑦𝑘,11̂), 𝑘 =

1, … , 𝐾 at each time point 𝑡, 𝑡 = 0, … ,11 .  

𝐷𝑖𝑠𝑡𝑘 = ∑(𝑦𝑖𝑡 − 𝑦𝑘𝑡̂)2

𝑡

 

For each participant, the cluster with the minimum value of the sum of squared differences over 

the 𝐾 clusters is considered to be the closest cluster. 
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Introduction to GAM 

A generalized additive model (GAM) is a generalized linear model (GLM) in which part of the 

linear predictors are represented by the sum of smoothing functions of the predictor variables. In 

this analysis, time in study (month) is the predictor; participant adherence measured by the 

amount of dapivirine released is the outcome. Consider a GLM which describes the relationship 

between the exponential family distributed response variable 𝑌, with mean 𝜇, and the predictors 

via the model 

𝑔(𝜇) = 𝑋∗𝛽∗ + ∑ 𝐿𝑗𝑓𝑗𝑗   

Here 𝑔 is a known monotonic link function. 𝑋∗ represents the data matrix of the parametric 

model components, if any, associated with the coefficients 𝛽∗. Specifically, the 𝑋∗ term includes 

baseline characteristics of interest in this analysis. The 𝑓𝑗 are unknown smoothing functions of 

predictors, and the 𝐿𝑗 are known linear functions that depend on the predictors. In a GAM model, 

the 𝐿𝑗𝑓𝑗 term can be written as 𝑓𝑗(𝑡). Overly wiggly smoothing functions might be introduced to 

ensure low bias when fitting the data. To avoid overfitting, models are fitted by the penalized 

least squares method. In a penalized least squares estimate, the squared residual term is modified 

by the addition of a penalty for each smooth function, penalizing for its “wiggliness”. To balance 

between penalizing wiggliness and penalizing badness of fit, each penalty is multiplied by an 

associated smoothing parameter. In particular, the model is estimated by finding the smoothing 

function which minimizes  

||𝑦 − 𝑓||
2

+ 𝜆 ∫ 𝑓′′(𝑥)2𝑑𝑥  

Where 𝜆 are positive smoothing parameters; the second term measures the wiggliness of the 

smoothing function. Note that larger 𝜆 leads to more smoothness. 
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This approach fits GAM models when constructing the cluster means during the K-means 

process. By fitting a GAM model, we can obtain predicted values of participant adherence 

depending on time in study (month) as predictor, as well as other baseline characteristics as 

covariates of interest. The predicted values of participant adherence will then be averaged to 

obtain the cluster means and be used to calculate the distance between individual trajectories and 

cluster means. Using model prediction values instead of the mean of observations to form the 

cluster means and to calculate the distance between two trajectories allows difference in time 

points of adherence measurements among different participants. As we are dealing with 

adherence trajectories, we would want to account for correlation between repeated measures 

overtime for the same participant. Participant ID as random effects term is added in the GAM 

model fit. GAM is chosen here for more flexibility in terms of identifying non-linear regression 

effect in time. In this analysis of adherence trajectory clustering, the GAM models are performed 

with R package mgcv [20]. Restricted maximum likelihood (REML) method [21] is chosen for 

estimating smoothing parameters, and thin plate regression splines [22] are used to represent the 

smoothing functions.  

Number of clusters 

In K-means algorithm, the number of clusters, denoted here as 𝐾𝑖𝑛𝑖, needs to be pre-specified. 

However, it is possible for the proposed approach to conclude in fewer clusters than 𝐾𝑖𝑛𝑖: if 

during an E-M iteration, there are less than 𝑀 percent of individuals in one or more clusters, the 

smallest cluster will be dropped before reassigning the cluster membership. 𝑀 is a user-specified 

number that depends on the sample size as well as how tight one wants the clustering to be. The 

larger 𝑀 is, the tighter the clusters will be. The number of final clusters is denoted as 

𝐾𝑓𝑖𝑛 (𝐾𝑓𝑖𝑛 ≤ 𝐾𝑖𝑛𝑖).  
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Procedures of KGAM 

1. Initial cluster membership assignment. Participant 𝑖, 𝑖 = 1, … , 𝑛 is randomly assigned to 

cluster 𝑘, 𝑘 = 1, … , 𝐾𝑖𝑛𝑖. With equal probability, 𝑛𝑘 participants are assigned to cluster 𝑘. 

2. During each E-M alternation, each participant is assigned to the closest cluster. 

a. Obtain cluster-specific mean trajectories. Within each cluster: 

i. Build a GAM model. 

ii. Produce predictions of participant adherence at Month 0 – 11 given the 

original covariate values for model fit.  

iii. Calculate the values of mean adherence trajectory, 𝑦𝑘𝑡̂, at Month 𝑡, 𝑡 =

0, … ,11 by averaging over predictions of adherence for 𝑛𝑘 participants.    

b. Calculate the distance matrix and assign cluster membership.  

FOR participant 𝑖, 𝑖 = 1, … , 𝑛 

FOR cluster 𝑘, 𝑘 = 1, … , 𝐾, 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑘 = ∑ (𝑦𝑖𝑡 − 𝑦𝑘𝑡̂)2
𝑡  

   New cluster membership 𝑘𝑖 = min
𝑘

𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑘   

c. Check the dropping group condition. 

IF any 𝑛𝑘 < 𝑀 ∗ 𝑛, 𝑘 = 1, … , 𝐾 

Remove the smallest cluster 

Repeat STEP b 

ELSE continue to the next E-M alternation.  

3. Convergence. The E-M alternation stops if no participant is moved or maximum number 

of iterations is reached. 

Performance evaluation 
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The final clustering results will be evaluated and compared using the adapted Akaike’s 

Information Criterion (AIC) [23] and Bayesian Information Criterion (BIC) [24]. Both AIC and 

BIC are parametric criteria that measure the goodness of fit of a statistical model when 

likelihood methods are implemented. AIC and BIC criteria are commonly used for comparing 

several non-nested models and choosing the best subsets of predictors. They are different in the 

size of the penalty and are recommended to use together in model selection. As AIC and BIC 

measure the information lost from the truth, smaller AIC and BIC indicate that information 

contained in the data are better explained and thus, more appropriate patterns of adherence 

trajectories are identified. 

Suppose we now have a final clustering results with 𝐾𝑓𝑖𝑛 clusters. Let 𝑘, 𝑘 = 1, … , 𝐾𝑓𝑖𝑛 denote 

the final clusters; 𝑛𝑘 be the number of participants assigned to cluster 𝑘; 𝑚𝑘𝑗, 𝑗 = 1, … , 𝑛𝑘 be the 

number of repeated measures for the jth participant in cluster 𝑘; and 𝑛𝑡𝑜𝑡,𝑘 = ∑ 𝑚𝑘𝑗
𝑛𝑘
𝑗=1  be the 

number of total observations in cluster 𝑘. A GAM model is built for each final cluster. For the 

model of cluster 𝑘, let 𝑝𝑘 be the number of estimated parameters; 𝐿𝑘̂ be the maximum value of 

the likelihood function.  

AIC  

The AIC value of the cluster-specific model is calculated using Akaike’s formula 

𝐴𝐼𝐶𝑘 = −2 log 𝐿𝑘̂ + 2𝑝𝑘 

Adapted AIC value for the final clustering results  

Since the 𝐾𝑓𝑖𝑛 clusters contain all the participants exclusively, log 𝐿̂, the log of the maximum 

value of the likelihood function for the final clustering results will be the sum of the cluster-

specific values, that is, log 𝐿̂ = ∑ log 𝐿𝑘̂
𝐾𝑓𝑖𝑛

𝑘=1 . The total number of estimated parameters in final 



14 

 

clustering results is 𝑝 = ∑ 𝑝𝑘
𝐾𝑓𝑖𝑛

𝑘=1 . Thus, an adapted AIC expression for the final clustering 

results generated by KGAM can be written as 

𝐴𝐼𝐶𝑘𝑔𝑎𝑚 = −2 log 𝐿̂ + 𝑝 = ∑ 𝐴𝐼𝐶𝑘

𝐾𝑓𝑖𝑛

𝑘=1

 

The 𝐴𝐼𝐶𝑘𝑔𝑎𝑚 uses the likelihood of all the model coefficients evaluated at the penalized 

maximum likelihood estimation. The number of estimated parameters to be used is the corrected 

effective degrees of freedom as introduced in Wood’s paper [22].  

BIC  

BIC introduces a larger penalty term compared with AIC, which accounts for the sample size 

besides the number of parameters. In the classic expression for BIC, the sample size to use is the 

total number of observations assumed to be independent [25]. In this analysis however, 

information associated with the model is affected by the within-participant correlation. Thus, 

more appropriate BIC penalty for mixed effects models should be applied here.   

Adapted BIC value for the final clustering results 

Delattre [26] proposes a BIC penalty term by deriving a Laplace approximation of the likelihood 

under a model with both fixed effects and random effects presented. Consider the GAM model 

for cluster 𝑘, 𝑘 = 1, … , 𝐾𝑓𝑖𝑛, Delattre’s BIC expression is 

𝐵𝐼𝐶𝑘 = −2 log 𝐿𝑘̂ + dim(𝜃𝑅,𝑘) log 𝑛𝑘 + dim(𝜃𝐹,𝑘) log 𝑛𝑡𝑜𝑡,𝑘 

Where dim(𝜃𝑅,𝑖) is the number of variance components of the individual random effects. and 

dim(𝜃𝐹,𝑖) is the number of population parameters with fixed effects in the model. The new BIC 

penalty terms depend on both the number of participants and the number of repeated measures 

per participant. Thus, adapting from Delattre’s work, a BIC expression for the final clustering 

results generated by KGAM can be written as 
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𝐵𝐼𝐶𝑘𝑔𝑎𝑚 = ∑ 𝐵𝐼𝐶𝑘
𝐾𝑓𝑖𝑛

𝑘=1  

In consistent with the notations in AIC expression, we have 𝑝𝑘 equals the sum of  dim(𝜃𝑅,𝑘) and 

dim(𝜃𝐹,𝑘). 

Results 

Application to MTN-025/HOPE Trial 

Of the 1,456 eligible HIV-uninfected MTN-020/ASPIRE participants who agreed to continue 

their participation in the MTN-025/HOPE trial, 91 participants had no adherence information 

over the 12-month follow-up period and were excluded in the following analysis. The major 

reason for the missingness was that they never accepted a ring during the follow-up visits. Other 

reasons for the missingness include ring usage not applicable due to pregnancy, being 

permanently discontinued from product and ring not returned.   

We performed the KGAM on the MTN-025/HOPE trial data in two settings. In the first setting, 

time in study (month, continuous) as a single predictor along with participant ID as random 

effects term were included in the GAM model fit for producing cluster means. In the second 

setting, additional participant characteristics were considered (Table 1). In preliminary analysis, 

there has been evidence that participants’ baseline characteristics including age less than 25 

years old (binary), use of oral contraceptive (binary), use of intrauterine device (IUD) (binary), 

having primary sex partner in the past 3 months (binary), experiencing menstrual bleeding in the 

past 3 months (binary), having anal sex in the past 3 months (binary), use of injectable 

contraceptive (binary) are significantly associated with participant adherence to the dapivirine 

VR. Thus, to explore the influence of participant characteristics on identifying the adherence 

trajectory patterns, we added the above baseline covariates into GAM model fit for producing 

cluster means.  
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Table 1. Baseline characteristics 

Baseline characteristics N (%) 

N 1,365 

<25 years old 164 (12.0%) 

Oral contraceptive users 188 (13.8%) 

IUD users 256 (18.8%) 

Had primary sex partner 1,321 (96.8%) 

Any menstrual bleeding 1,107 (81.2%) 

Any anal sex 89 (6.6%) 

Injectable contraceptive users 531 (38.9%) 

 

To explore the clustering results under different conditions and to test the algorithm’s ability to 

drop redundant clusters, we ran the algorithm with initial number of clusters 𝐾𝑖𝑛𝑖 equals 5, 6 or 7 

and the dropping cluster criterion 𝑀 equals 0.1 or 0.15. Overall, 2 (covariates setting) × 3 

(initiated number of clusters) × 2 (dropping cluster criterion) = 12 combinations were 

evaluated. For each combination, KGAM was repeated 5 times with different randomly 

generated initial cluster membership. The adapted AIC (𝐴𝐼𝐶𝑘𝑔𝑎𝑚) and BIC (𝐵𝐼𝐶𝑘𝑔𝑎𝑚) criteria 

were used to evaluate the performance of KGAM results. Table 2 presents the best clustering 

results under each combination. The covariates setting, the clustering conditions including 𝐾𝑖𝑛𝑖 

and 𝑀 are indicated in columns 1 – 2; the number of final clusters, 𝐾𝑓𝑖𝑛 is listed in column 3; the 

values of performance evaluation criteria 𝐴𝐼𝐶𝑘𝑔𝑎𝑚, 𝐵𝐼𝐶𝑘𝑔𝑎𝑚 are presented in columns 4 – 5. 

Both 𝐴𝐼𝐶𝑘𝑔𝑎𝑚 and 𝐵𝐼𝐶𝑘𝑔𝑎𝑚  suggested the combination of 𝐾𝑖𝑛𝑖 = 7, 𝑀 = 0.1 and covariate 

setting where seven baseline covariates were added into GAM model fit for producing cluster 

means.  
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Table 2. Performance evaluation by AICkgam and BICkgam. 

Covariates setting Clustering conditions 𝐾𝑓𝑖𝑛 𝐴𝐼𝐶𝑘𝑔𝑎𝑚 𝐵𝐼𝐶𝑘𝑔𝑎𝑚 

Setting 1* 𝐾𝑖𝑛𝑖 = 5, 𝑀 = 0.1 5 41734 42908 

𝐾𝑖𝑛𝑖 = 5, 𝑀 = 0.15 3 43057 44982 

𝐾𝑖𝑛𝑖 = 6, 𝑀 = 0.1 5 41733 42898 

𝐾𝑖𝑛𝑖 = 6, 𝑀 = 0.15 4 42122 44135 

𝐾𝑖𝑛𝑖 = 7, 𝑀 = 0.1 5 41749 42696 

𝐾𝑖𝑛𝑖 = 7, 𝑀 = 0.15 4 42407 43585 

Setting 2** 𝐾𝑖𝑛𝑖 = 5, 𝑀 = 0.1 4 42414 43747 

𝐾𝑖𝑛𝑖 = 5, 𝑀 = 0.15 3 43061 45061 

𝐾𝑖𝑛𝑖 = 6, 𝑀 = 0.1 5 41762 43063 

𝐾𝑖𝑛𝑖 = 6, 𝑀 = 0.15 3 43061 45061 

𝐾𝑖𝑛𝑖 = 7, 𝑀 = 0.1 6 41368 42160 

𝐾𝑖𝑛𝑖 = 7, 𝑀 = 0.15 3 43061 45061 

*In setting 1, time in study (month) as a single predictor along with participant ID as random 

effects term were included in the GAM model fit for producing cluster means **In setting 2, 

seven baseline covariates were added into GAM model fit for producing cluster means, including 

age less than 25 years old, use of oral contraceptive, use of intrauterine device (IUD), having 

primary sex partner in the past 3 months, experiencing menstrual bleeding in the past 3 months, 

having anal sex in the past 3 months and use of injectable contraceptive. 

We identified 6 clusters of dapivirine VR adherence (Table 3). The majority of participants were 

clustered as high adherence (36%) and medium adherence (24%). Of participants who showed 

high adherence, 51% were clustered by KGAM as high adherence 1 where a tendency of 

achieving higher adherence at each quarterly visit at Month 3, 6 and 9 were indicated; 49% were 

clustered by KGAM as high adherence 2 where they showed steady high adherence up to the 

quarterly visit at Month 9 with a bump of increase at Month 6, and had a tendency of achieving 

even higher adherence after Month 9. Among 28% participants who presented a trend of 

declining adherence, 46% presented consistent high adherence until Month 6 with declining 

adherence afterward and were clustered by KGAM as high-declining adherence. 54% presented 
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a declining adherence over the 12 months period and were clustered by KGAM as declining 

adherence. Finally, 12% were clustered as non-adherence. The predicted adherence trajectory 

along with the observed individual adherence trajectories were presented separately in Figure 1. 

Figure 1. Six adherence trajectory clusters. Yellow line represents the predicted trajectory based 

on a GAM model in the corresponding cluster. Horizontal lines indicate target release by design 

(4 mg) and cutoff applied for non-use in previous studies (0.9 mg). Observed values can be less 

than zero due to measurement error.
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Associations between cluster membership and baseline characteristics 

We assessed the associations between the seven baseline characteristics and the adherence 

trajectory cluster membership identified by the KGAM method. Associations were assessed 

individually using univariable logistic regression models with group membership as outcome, 

adjusting for study site. Associations significant at p < 0.10 were included in a multivariable 

regression model. This analysis will help us better understand questions include, (1) What 

factor(s) is (are) associated with being high or medium adherence? (2) Is there any factor that 

distinguishes high adherence and declining adherence? (3) Among participants who showed high 

adherence, is there any factor associated with being clustered in high adherence group 1 instead 

of high adherence group 2?  

Non-oral contraceptive use and lack of menstrual bleeding in the past 3 months were identified 

to be correlated with being clustered as high or medium adherence (Table 4). Specifically, oral 

contraceptive users had 0.38 (p < 0.005, 95% Confidence Interval (CI): [0.15, 0.55]) times lower 

odds of being clustered as high or medium adherence compared with non-users. Compared with 

participants lack of menstrual bleeding, those who had experienced menstrual bleeding in the 

past 3 months had 0.33 (p < 0.01, 95% CI: [0.10, 0.51]) times lower odds of being clustered as 

high or medium adherence. Correlates of being clustered as high or medium adherence were also 

identified for oral contraceptive non-users (p = 0.01) and participants who were lack of 

menstrual bleeding (p = 0.02) in the past 3 months in multivariable model adjusting for study 

site. 
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Table 4. Participant baseline characteristics in high or medium adherence groups versus other 

groups 

Baseline covariates High or medium adherence 

(n = 810) 

Others 

(n = 555) 

OR (p-value) 

<25 years old 85 (10.5%) 79 (14.2%) 0.80 (p=0.20) 

Oral contraceptive user 95 (11.7%) 93 (16.8%) 0.62 (p<0.005) 

IUD user 163 (20.1%) 93 (16.8%) 1.15 (p=0.35) 

Had primary sex partner 782 (96.5%) 539 (97.1%) 0.77 (p=0.42) 

Any menstrual bleeding 643 (79.4%) 464 (83.6%) 0.67 (p<0.01) 

Any anal sex 46 (5.7%) 43 (7.7%) 0.77 (p=0.26) 

Injectable contraceptive user 313 (38.6%) 218 (39.3%) 1.09 (p=0.50) 

OR = Odds Ratio estimation of being clustered as high or medium adherence. Estimations from 

univariable models, comparing women age less than 25 years old to age older than 25 years old, 

oral contraceptive users to non-users, IUD users to non-users, women with a primary sex 

partner in the past 3 month to women without, women who had anal sex to women who had not 

and injectable contraceptive users to non-users.  

Correlates of being clustered as declining adherence include use of IUD, having experienced 

menstrual bleeding in the past 3 months and non-use of injectable contraceptive (Table 5). More 

precisely, the odds of being clustered as declining adherence was 0.47 (p = 0.04, 95% CI: [0.02, 

1.16]) times higher for IUD users compared with non-users. For injectable contraceptive users 

however, the odds of being clustered as declining adherence was 0.44 (p < 0.001, 95% CI: [0.25, 

0.58]) times lower compared with non-users. The odds of being clustered as high adherence for 

women who have experienced menstrual bleeding in the past 3 months was 0.84 (p < 0.001, 95% 

CI: [0.29, 1.65]) times higher compared with women who were lack of menstrual bleeding. In 

multivariable model adjusting for study site, having experienced menstrual bleeding (p = 0.01) 

and non-use of injectable contraceptive (p < 0.01) were found to be associated with being 

clustered as declining adherence.  
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Significant associations between high adherence and the use of IUD, use of oral contraceptive, 

having had menstrual bleeding in the past 3 months and the use of injectable contraceptive were 

identified by Wald test (Table 6) in univariable models. Specifically, the odds of being clustered 

as high adherence 2 was 1.99 (p < 0.001, 95% CI: [0.70, 4.39]) and 0.70 (p = 0.07, 95% CI: [-

0.05, 2.08]) times higher for IUD users and oral contraceptive users respectively, compared with 

non-users. For injectable contraceptive users however, the odds of being clustered as high 

adherence 2 was 0.51 (p < 0.001, 95% CI: [0.28, 0.68]) times lower compared with non-users. 

Participants who had menstrual bleeding in the past 3 months had 0.74 (p = 0.02, 95% CI: [0.11, 

1.75]) times higher odds of being clustered as high adherence 2 compared with participants who 

were lack of menstrual bleeding. Correlates of being clustered as high adherence 2 including use 

of IUD (p < 0.005) were found in multivariable model adjusting for study site. 

Table 5. Participant baseline characteristics in high adherence groups versus declining adherence 

groups 

Baseline covariates High adherence  

(n = 480) 

Declining adherence 

(n = 388) 

OR (p-value) 

<25 years old 52 (10.8%)  46 (11.9%) 1.08 (p=0.72) 

Oral contraceptive user 57 (11.9%) 55 (14.2%) 1.25 (p=0.28) 

IUD user 69 (14.4%) 77 (19.8%) 1.48 (p=0.04)  

Had primary sex partner 464 (96.7%) 380 (97.9%) 1.72 (p=0.23) 

Any menstrual bleeding 356 (74.2%) 324 (83.5%) 1.84 (p<0.001)  

Any anal sex 28 (5.8%)  21 (5.4%)  0.91 (p=0.75) 

Injectable contraceptive user 239 (49.8%) 146 (37.6%) 0.56 (p<0.001)  

OR = Odds Ratio estimation of being clustered as declining adherence. Estimations from 

univariable models, comparing women age less than 25 years old to age older than 25 years old, 

oral contraceptive users to non-users, IUD users to non-users, women with a primary sex 

partner in the past 3 month to women without, women who had anal sex to women who had not 

and injectable contraceptive users to non-users.  
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Table 6. Participant baseline characteristics in high adherence group 

Baseline covariates High adherence 1 

(n = 243) 

High adherence 2 

(n = 237) 

OR (p-value) 

<25 years old 25 (10.1%) 27 (11.4%) 1.02 (p=0.95) 

Oral contraceptive user 24 (9.9%) 33 (13.9%) 1.70 (p=0.07) 

IUD user 22 (9.1%) 47 (19.8%) 2.99 (p<0.001) 

Had primary sex partner 236 (97.1%) 228 (96.2%) 0.71 (p=0.51) 

Any menstrual bleeding 170 (70%) 186 (78.5%) 1.74 (p=0.02) 

Any anal sex 14 (5.8%) 14 (5.9%)  1.01 (p=0.97) 

Injectable contraceptive user 137 (56.4%) 102 (43%) 0.49 (p<0.001)  

OR = Odds Ratio estimation of being clustered as high adherence 2. Estimations from 

univariable models, comparing women whose age were less than 25 years old to those older than 

25 years old, oral contraceptive users to non-users, IUD users to non-users, women who had 

primary sex partner in the past 3 month to women who did not, women who had anal sex to 

women who did not and injectable contraceptive users to non-users.  
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Discussion 

In this analysis we proposed a trajectory clustering method called KGAM and presented the 

applications of KGAM method to the HIV open-label prevention extension (MTN-025/HOPE) 

trial. We identified six trajectories of participant adherence to the dapivirine (25 mg) in a silicone 

elastomer Vaginal Ring (VR), which was found to be a safe and effective prevention of HIV-1 

infection in healthy, sexually active, HIV-negative women in the previous trial, MTN-

020/ASPIRE. Specifically, most participants in the HOPE trial were clustered as high or medium 

adherence through the 12-month period of ring use. However, we also identified declining 

adherence trajectories and a non-adherence trajectory. Non-use of oral contraceptive and lack of 

menstrual bleeding in the past 3 months were found to be associated with being clustered as high 

or medium adherence in logistic regression models. Correlates of being clustered as declining 

adherence include having experienced menstrual bleeding in the past 3 month and non-use of 

injectable contraceptive. Among participants who follow high adherence pattern, use of IUD was 

associated with being clustered as high adherence with a trend of increasing ring use at the end 

of the 12-month follow-up period.  

The KGAM method presents some advantages compared with existing methods for trajectory 

clustering. KGAM provides scope for choosing the optimal cluster member. KGAM inherits the 

flexibility of the non-parametric clustering algorithms with relaxed assumptions on trajectory 

shape. By incorporating model fit to produce cluster means during the K-means process, KGAM 

can deal with missingness caused by difference in time points of adherence measurements for 

different participants and can account for factors that are considered to be associated with the 

outcome of trajectory. Meanwhile, the use of GAM models provides the potential for better fits 

of the relationship between participant adherence and time in study.  
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There are several limitations of the KGAM methods. As with all clustering algorithms, the 

determination of the optimal cluster number is still an open issue. KGAM enables dropping 

redundant clusters along the clustering process by setting a user-defined criterion. In the 

application to the MTN-025/HOPE trial data, we also examined different combinations of the 

initiated cluster number and the dropping criterion to find optimal clustering results. In this 

analysis, we evaluated the clustering performance using parametric criteria AIC and BIC. 

However, there are many other criteria exist (global posterior probability [27], Davies & Bouldin 

[28]). Also, one might consider choosing the number of clusters based on clinical relevance 

rather than an index.    

In conclusion we presented a method for longitudinal trajectory clustering that incorporates 

advantages from both non-parametric clustering methods with the model-based techniques. In 

the applications to the MTN-025/HOPE trial, we identified distinct patterns of participant 

adherence to the dapivirine VR and found participants’ baseline characteristics that were 

associated with trajectory clustering membership. Our results might be useful for understanding 

participant adherence to dapivirine VRs in this open-label trial and for planning future trials that 

implement the use of dapivirine VRs.   
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Appendix A: Best clustering results in different combinations 

Figure 2. Five adherence trajectory clusters. Kini = 5, M = 0.1, baseline covariates not included 

in GAM model fit. 

 

Figure 3. Three adherence trajectory clusters. Kini = 5, M = 0.15, baseline covariates not 

included in GAM model fit. 
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Figure 4. Five adherence trajectory clusters. Kini = 6, M = 0.1, baseline covariates not included 

in GAM model fit. 

 

Figure 5. Four adherence trajectory clusters. Kini = 6, M = 0.15, baseline covariates not 

included in GAM model fit. 
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Figure 6. Five adherence trajectory clusters. Kini = 7, M = 0.1, baseline covariates not included 

in GAM model fit. 

 

Figure 7. Four adherence trajectory clusters. Kini = 7, M = 0.15, baseline covariates not 

included in GAM model fit. 
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Figure 8. Four adherence trajectory clusters. Kini = 5, M = 0.1, baseline covariates included in 

GAM model fit. 

 

Figure 9. Three adherence trajectory clusters. Kini = 5, M = 0.15, baseline covariates included 

in GAM model fit. 
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Figure 10. Five adherence trajectory clusters. Kini = 6, M = 0.1, baseline covariates included in 

GAM model fit. 

 

Figure 11. Three adherence trajectory clusters. Kini = 6, M = 0.15, baseline covariates included 

in GAM model fit. 
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Figure 12. Three adherence trajectory clusters. Kini = 7, M = 0.15, baseline covariates included 

in GAM model fit. 
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