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1 Introduction 

Learning is a dynamic phenomenon which follows the unidirectional forward law 
of time; that is, learning occurs sequentially in a time-ordered manner [1, 2]. 
Throughout this book, we have devoted several chapters to sequence analysis of 
learner-related data, due to its increasingly central role in learning analytics and 
education research as a whole. First, in Chapter 10 [3], we presented an introduction 
to sequence analysis and a discussion on the relevance of this method. Subsequently, 
in Chapter 11 [4], we studied how to build sequences from multiple variables and 
analyse more complex aspects of sequences. Both Chapter 10 and Chapter 11 also 
deal with clustering sequences into trajectories which undergo a similar evolution 
using distance-based methods. Then, in Chapter 12 [5], we learned how to cluster 
sequential data using Markov models. Though Chapter 12 touched briefly on 
simultaneous analysis of multi-channel sequences —albeit only from the Markovian 
point of view— we present the multi-channel perspective in greater detail here. 

In this new chapter, we cover multi-channel sequence analysis, which deals 
with the analysis of two or more synchronised sequences, in greater detail. An 
example in educational research would be the analysis of the simultaneous unfolding 
of motivation, achievement, and engament sequences. Multi-channel sequence 
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analysis is a rather novel method in social sciences [6–9] and its applications within 
educational research in general remain scarce. The increasing availability of student 
multimodal temporal data makes multi-channel sequence analysis a relevant and 
timely method to tackle the challenges that these new data bring. 

Throughout this chapter, we describe multi-channel sequence analysis in detail, 
with an emphasis on how to detect patterns within the sequences, i.e., clusters —or 
trajectories— of multi-channel sequences that share similar temporal evolutions (or 
similar trajectories). We illustrate the method with a case study in which we examine 
students’ sequences of online engagement and academic achievement, where we 
analyse the longitudinal association between both constructs simultaneously. Here, 
we outline two perspectives on clustering multi-channel sequences and present both 
in the tutorial. The first approach uses distance-based clustering algorithms, very 
much in the spirit of the single-channel cluster analysis described in Chap. 10. We  
describe some limitations of this framework and then principally focus on a more 
efficient approach to identifying distinct trajectories using mixture hidden Markov 
models. We also show how covariates can be incorporated to make the Markovian 
framework even more powerful. This main analysis is inspired by the recently 
published paper by Saqr et al. [10]. In the next section, we provide a description 
of the multi-channel sequence analysis framework. We follow with a review of the 
existing literature in learning analytics that has relied on multi-channel sequence 
analysis. Next, we include a step-by-step tutorial on how to implement multi-
channel sequence analysis with R, with particular attention paid to clustering via 
distance-based algorithms and mixture hidden Markov models. Finally, we conclude 
with a brief discussion and provide recommendations for further reading. 

2 Multi-Channel Sequence Analysis 

Multi-channel sequence analysis refers to the process of analysing sequential data 
that consists of multiple parallel channels or streams of (categorical) information. 
Each channel provides a different perspective or type of information. The goal of 
multi-channel sequence analysis is to jointly explore the dependencies and temporal 
interactions between the different channels and extract meaningful insights that 
may not be evident when considering each channel in isolation. The sources of 
information can be of very varied nature. For example, using video data of students 
working on a collaborative task, we could code students’ spoken utterances in 
one channel, and their facial expressions in another channel throughout the whole 
session (see Fig. 1). In this way, we could analyse how students’ expressions relate 
to what they are saying. Multi-channel sequence analysis often follows the following 
steps:
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Fig. 1 An example of two channels of sequence data where the first channel (top) represents 
students’ utterances in collaborative work and the second channel (bottom) represents their facial 
expressions 

2.1 Step 1: Building the Channel Sequences 

Just like in regular sequence analysis (see Chapter 10 [3]), the first step in multi-
channel sequence analysis is to construct the sequences which constitute the 
different channels. A sequence is an ordered list of categorical elements (i.e., 
events, states or categories). These elements are discrete (as opposed to numerical 
values such as grades) and are ordered chronologically. In a sequence, time is 
not a continuum but a succession of discrete timepoints. These timepoints can 
be generated by sampling (e.g., each 30 seconds constitutes a new timepoint) or 
can emerge from an existing time scheme (e.g., each new lesson in a course is 
a new timepoint). In multi-channel sequence analysis, it is very important that 
all channels (i.e., parallel sequences) follow the same time scheme so they can 
be synchronised. As well as time points being aligned in this fashion, it is also 
typically assumed that the sequence length for each observation matches across 
channels (although some of the methods used can also deal with partially missing 
information). The elements of each sequence —typically referred to as the alphabet, 
which is unique for each channel— can be predefined events or categories from the 
beginning (e.g., utterances or facial expressions) or, in cases where we are dealing 
with numerical variables (e.g., heart rate or grades), we can convert them into a state 
or category by dividing the numerical variable into levels (e.g., tertiles, quartiles) or 
using clustering techniques. This way, we can focus on sharp changes in numerical 
variables and conceal small, probably insignificant changes. As Winne puts it [11], 
“reliability can sometimes be improved by tuning grain size of data so it is neither 
too coarse, masking variance within bins, nor too fine-grained, inviting distinctions



432 S. López-Pernas et al.

that cannot be made reliably”. Once we have our channels represented as sequences 
of ordered elements that follow the same time scheme, we can use the steps learned 
in the introductory sequence analysis chapter to construct the sequences. 

2.2 Step 2: Visualising the Multi-Channel Sequence 

When we have built the sequences corresponding to all of the channels, we can 
visualise the data. Visualising multi-channel sequence data is not a straightforward 
task, and we need to decide whether we want to present each channel separately or 
extend the alphabet to show a plot of combined states—or sometimes even both. 
The extended alphabet approach —in which the states are the combination of the 
states of all the channels— helps us understand the structure of the data and the 
typical combinations and evolution of the combined states from all of the channels. 
It usually works well when (1) the extended alphabet is moderate in size, (2) when 
there are no state combinations that are very rare, and (3) when the states are either 
fully observed or missing in all channels at the same time. The extended alphabet 
is likely to be of moderate size when there are at most 2–3 channels with a small 
alphabet in each, or if some combinations are not present in the data. Rare state 
combinations are typically impractical both when visualizing and analyzing the 
data—especially if there are many rare combinations or if the data are very sensitive 
in nature. Finally, if there are partially missing observations, i.e., observations that 
at some specific time point are missing from some of the channels but not all, we 
would need to deal with each combination of missing and observed states separately, 
which further extends the alphabet. If one or more of the three conditions are not 
met, it is often preferable to resort to presenting each channel separately or using 
visualization techniques that summarise information (e.g., sequence distribution 
plots). 

Continuing with the previous example, the possible states in the extended 
alphabet would be all the combinations between the alphabet of the utterances 
channel (Question-Argument-Agreement) and the alphabet of the facial expressions 
channel (Happy-Neutral-Anxious). In Fig. 2, we can see that the first student starts 
by ‘Question/Happy’, then goes to ‘Argument/Anxious’ and so on. 

2.3 Step 3: Finding Patterns (Clusters or Trajectories) 

Patterns may exist in all types of sequences and, in fact, in all types of data. 
Discovering such patterns, variations, or groups of patterns is a central theme in 
analytics. In sequence analysis, similar patterns reflect common temporal pathways 
where the data share a similar temporal course. This could be a group of students, a 
typical succession of behavior, or a sequence of interactions. As such, the last typical 
step in the analysis is to find such patterns. Since these patterns are otherwise latent
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or unobservable, we need a clustering algorithm that unveils such hidden patterns. 
There are different possibilities to cluster multi-channel sequence data, of which two 
are described below: extensions to traditional distance-based clustering approaches 
widely used in single-channel analyses and Markovian models. The two approaches 
are then further distinguished in Sect. 2.4, with regard to the ability of the Markovian 
approach to directly accommodate covariates. 

2.3.1 Traditional Sequence Analysis Extensions 

Broadly speaking, the first paradigm involves extending techniques commonly 
adopted in single-channel analyses to the multi-channel domain, by suitably 
summarising the information arising from all constituent channels. Within this first 
framework, two different approaches have been proposed. 

The first consists of flattening the multi-channel data by combining the states 
(such as in the example in Fig. 2) and treating the sequence as a single channel 
with an extended alphabet. Typically, one would then compute dissimilarities using 
this extended alphabet, most commonly using Optimal Matching (OM). However, 
this approach is not limited to distance-based clustering [12]; any of the methods, 
distance-based or otherwise, that we have seen in the previous chapters related to 
sequence analysis can be used to cluster sequences represented in this way (e.g., 
agglomerative hierarchical clustering using OM, or hidden Markov models). While 
this seems like an easier choice, the models tend to become too complex —in 
the sense of requiring a larger number of clusters and/or hidden states in order to 
adequately characterise the data— when the number of channels or numbers of per-
channel states increase. Moreover, for even a moderate number of channels and/or 
moderate numbers of states per-channel, the size of the combined alphabet can 
become unwieldy. Indeed, using this approach in conjunction with OM has been 
criticised because of the difficulty of specifying appropriate substitution costs for 
such large combined alphabets [13]. As a reminder, the substitution cost refers to 
the penalty associated with replacing one element of a sequence with another one; 
these dissimilarites between all pairs of states are then used to calculate all pairwise 

Fig. 2 An example of a multi-channel sequence object obtained by using the extended alphabet 
approach, i.e., combining the states of the utterances and facial expressions channels of the data 
shown in Fig. 1
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distances between whole sequences, which are treated as the input to distance-based 
clustering algorithms (see Chapter 10 [3]). 

The second, more common approach is explicitly distance-based and relies on 
an extension of the OM metric itself, by using a set of overall multi-channel costs 
derived from channel-specific costs, to calculate a pairwise dissimilarity matrix. 
The method relies on computing substitution costs for each constituent channel, 
combining the channels into a new multi-channel sequence object, and deriving 
an overall substitution cost matrix for the multi-channel object by adding (or 
averaging) the appropriate substitution costs across channels for a particular multi-
state change, typically with equal weight given to each channel [14]. For instance, 
if the cost associated with substituting the states ‘Question’ and ‘Agreement’ 
in the utterances channel in Fig. 1 is .0.6 and the cost of substituting ‘Happy’ 
and ‘Neutral’ in the facial expressions channel is . 1.2, the cost associated with 
substitutions of ‘Question/Neutral’ for ‘Question/Happy’ and ‘Question/Neutral’ 
for ‘Agreement/Happy’ in Fig. 2 would be .1.2 and . 1.8, respectively. From such 
multi-channel costs, a pairwise multi-channel dissimilarity matrix can be obtained 
and all subsequent steps of the clustering analysis can proceed as per Chap. 10 
thereafter. 

That being said, adopting the extended OM approach rather than the extended 
alphabet approach does not resolve all limitations of the distance-based clustering 
paradigm. As Saqr et al. [15] noted, large sequences are hard to cluster using 
standard methods such as hierarchical clustering, which is memory inefficient and 
hard to parallelise or scale [16, 17]. Furthermore, distance-based clustering methods 
are limited by the theoretical maximum dimension of a matrix in R which is 
2,147,483,647, corresponding to a maximum of 46,430 sequences. Using weights 
can fix the memory issue if the number of unique sequences remains below the 
threshold [18]. However, the more states (and combinations of states), the more 
unique the sequences tend to be, so the memory issue is even more typical with 
multi-channel sequence data. In such a case, Markovian methods may be the 
solution. Moreover, the particular choice of distance-based clustering algorithm 
must be chosen with care, and as ever the user must pre-specify the number of 
clusters, thereby often necessitating the evaluation of several computing solutions 
with different numbers of clusters, different hierarchical clustering linkage criteria, 
or different distance-based clustering algorithms entirely. 

2.3.2 Mixture Hidden Markov Models 

Even so, the extended OM approach is still liable to overestimate the number of 
clusters. A second, more sophisticated option is to use mixture hidden Markov 
models (MHMM) [19], which we have already encountered in some detail in 
Chap. 12. Such models notably support both single- and multi-channel sequences 
and often lead to more parsimonious representations of the latent group structure 
than the distance-based paradigm. MHMMs are a thus a far more efficient and 
powerful method for temporally aligning the multiple channels of data into homo-
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geneous temporal patterns. As we have learned in Chap. 12, when we estimate a 
mixture hidden Markov model, we need to specify the number of clusters (K) and 
we create K submodels that are each a hidden Markov model. Each submodel 
can have a different number of hidden states, which allows for great flexibility 
in modeling the variability of the data, without unduly inflating the number of 
clusters as per the distance-based approaches, thereby enabling more concise and 
interpretable characterisation of the distinct patterns in the data. Accommodating 
multi-channel sequences in the MHMM framework requires treating the observed 
states in each channel independently given the current hidden state. This can 
be easily performed by defining multiple emission probability matrices (one per 
channel). The assumption of conditional independence simplifies the model but is 
sometimes unrealistic, particularly if there are strong time-dependencies between 
observed states even after accounting for the hidden state. In some cases, it would 
be better to either analyse single-channel sequences (using an extended alphabet) or 
resort to the distance-based paradigm described above. 

We also learned in Chap. 12 that an advantage of MHMMs, as a probabilistic 
modelling approach, is that we can use traditional model selection methods such 
as likelihood-based information criteria or cross-validation for choosing the best 
model. For example, if the number of subpopulations is not known in advance —as 
is typically the case— we can compare models with different clustering solutions 
(be they those obtained with different numbers of clusters or different sets of initial 
probabilities, for example) and choose the best-fitting model with, for example, the 
Bayesian information criterion (BIC) [20]. Conversely, the distance-based paradigm 
relies on heuristic cluster quality measures for conducting model selection. In 
addition, an advantage of the distance-based approach is that it does not rely on 
making any assumptions about the data-generating mechanism. In other words, it 
does not assume that the data follows a generative probabilistic model, Markovian 
or otherwise. 

The extended OM method for calculating multi-channel dissimilarities is imple-
mented in the R package TraMineR and is applied in our case study, while 
the extended alphabet approach (i.e., combining all channels into a single one 
where the alphabet contains all possible state combinations) is not pursued any 
further here. We also cluster via the MHMM framework in our case study, using 
the R package seqHMM [21], in order to empirically compare and contrast both 
perspectives. It is worth noting that, of the Markovian methods we learned about in 
Chap. 12, only hidden Markov models and mixture hidden Markov models explicitly 
allow for multi-channel sequences by treating the observed states in each channel 
independently given the current hidden state. The more basic Markov and mixture 
Markov models can only accommodate multi-channel sequences by treating them 
as a single channel using the extended alphabet approach described above, but we 
do not consider this option any further here. To summarise, we do not explore the 
extended alphabet approach in either the distance-based or Markovian settings; we 
only demonstrate the multi-channel extension of the OM metric from the distance-
based point of view, and only the MHMM approach from the Markovian point of 
view.
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2.4 Step 4: Relating Clusters to Covariates 

As we have seen, there are, broadly speaking, two conflicting perspectives on clus-
tering in the sequence analysis community; algorithmic, distance-based clustering 
on the one hand, and model-based clustering on the other. Distance-based clustering 
of multi-channel sequences has already been described above, but it is useful to 
acknowledge that mixture Markov models and mixture hidden Markov models 
are precisely examples of model-based clustering methods. Moreover, seqHMM 
and the methods it implements are unique in offering a model-based approach to 
clustering multi-channel sequences. A key advantage of the model-based clustering 
framework is that it can easily be extended to directly account for information 
available in the form of covariates, as part of the underlying probabilistic model. 
Though the recently introduced mixture of exponential-distance models framework 
[22] attempts to reconcile the distance-based and model-based cultures in sequence 
analysis, while allowing for the direct incorporation of covariates, it is not based 
on Markovian principles, and most importantly can currently only accommodate 
single-channel sequences. 

Otherwise, however, distance-based approaches typically cannot accommodate 
covariates, except as part of a post-hoc step whereby, typically, covariates are 
used as explanatory variables in a post-hoc multinomial regression with the cluster 
memberships used as the response (or as independent variables in linear or non-
linear regression models). This is questionable as substituting a categorical variable 
indicating cluster membership disregards the heterogeneity within clusters and is 
clearly only sensible when the clusters are sufficiently homogeneous [23, 24]. It 
is often more desirable to incorporate covariates directly, i.e. to cluster sequences 
and relate the clusters to the covariates simultaneously. This represents an important 
distinction between the two approaches outlined above; this step does not apply to 
distance-based clustering approaches and is a crucial advantage of the Markovian 
approach which makes MHMMs even more powerful tools for clustering multi-
channel sequences. 

In theory, MHMMs can include covariates to explain the initial, transition, and/or 
emission probabilities. A natural use-case would be to allow subject-specific and 
possibly time-varying transition and emission probabilities (in the case of time-
varying covariates). For example, if we think that transitioning from low to high 
achievement gets harder as the students get older we may add time as an explanatory 
variable to the model, allowing the probability of transitioning from low to high 
achievement to diminish in time. However, at the time of writing this chapter, these 
extensions are not supported in seqHMM (this may change in the future). Instead, 
the seqHMM package used in the examples supports time-constant covariates only. 
Specifically, the manner in which covariates are accommodated is similar in spirit 
to the aforementioned mixture of exponential-distance models framework and latent 
class regression [25], in that covariates are used for predicting cluster memberships 
for each observed sequence. Adding covariates to the model thus helps to both 
explain and influence the probabilities that each individual has of belonging to
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each cluster. By incorporating covariates in this way, we could, for example, find 
that being in a high-achievement cluster is predicted by gender, previous grades, or 
family background 

In the terminology of mixtures of experts modelling, this approach corresponds 
to a so-called “gating network mixture of experts model”, whereby the distribution 
of the sequences depends on the latent cluster membership variable, which in turn 
depends on the covariates, while the sequences are independent of the covariates, 
conditional on the latent cluster membership variable (see [26] and [22] for  
examples). This, rather than having covariates affect the component distributions, is 
particularly appealing, as the interpretation of state-specific parameters is the same 
as it would be under a model without covariates. However, it is worth noting that the 
covariates do not merely explain the uncovered clusters; as part of the model, they 
drive the formation of the clusters. In other words, an otherwise identical model 
without dependence on covariates may uncover different groupings with different 
probabilities. However, this can be easily overcome by treating the selection of the 
most relevant subset of covariates as an issue of model selection via the BIC or 
other criteria and taking the number of clusters/states, set of initial probabilities, 
and set of covariates which jointly optimise the chosen criterion. The incorporation 
of covariates in MHMMs and related practical issues are also illustrated in the 
case study on the longitudinal association of engagement and achievement which 
follows. 

3 Review of the Literature 

The use of multi-channel sequence analysis in learning analytics has so far been 
scarce. Most of the few studies that implemented this method used it to combine 
multiple modalities of data such as coded video data [27, 28], electrodermal activity 
[27, 28], clickstream/logged data [10, 29, 30], and assessment/achievement data 
[10, 30, 31]. The data were converted into different sequence channels using 
a variety of methods. For example, [27] manually coded video interactions as 
positive/negative/mixed to represent the emotional valence of individual interaction, 
and used a pre-defined threshold to discern between high and low arousal from 
electrodermal activity data. In the work by [30], two sequence channels were 
built from students’ daily tactics using the learning management system and an 
automated assessment tool for programming assignments respectively. The learning 
tactics were identified through hierarchical clustering of students’ trace log data 
in each environment. Similarly [10], created an engagement channel for each 
course in a study program based on students’ engagement states derived from 
the learning management system data, and an achievement state based on their 
grade tertiles. Another study [29] had five separate channels: the first channel 
represented the interactive dimension built from the social interactions through 
peer communications and online behaviours; the second channel represented the 
cognitive dimension constructed from students’ knowledge contributions at the
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superficial, medium, and deep levels; the third channel represented the regulative 
dimension which represented students’ regulation of their collaborative processes, 
including task understanding, goal setting and planning, as well as monitoring and 
reflection; the fourth channel represented the behavioural dimension which analysed 
students’ online behaviours, including resource management, concept mapping and 
observation, and the fifth channel represented the socio-emotional dimension, which 
included active listening and respect, encouraging participation and inclusion, as 
well as fostering cohesion. 

A common step in the existing works is the use of clustering techniques to detect 
unobserved patterns within the multi-channel sequences. Articles have relied on 
hidden Markov models to identify hidden states in the data. For instance, [30] found 
three hidden states consisting of learning strategies which combine the use of the 
learning management system and an automated assessment tool: an instruction-
oriented strategy where students consume learning resources to learn how to code; 
an independent coding strategy where students relied on their knowledge or used 
the learning resources available to complete the assignments, and a dependent 
coding strategy where students mostly relied on the help forums to complete their 
programming assignments. Most studies go one step further and identify distinct 
trajectories based on such hidden states. For example, [28] found four clusters 
of socio-emotional interaction episodes (positive, negative, occasional regulation, 
frequent regulation), which differed in terms of fluctuation of affective states and 
activated regulation of learning. The authors of [29] found three types of group 
collaborative patterns: behaviour-oriented, communication-behaviour-synergistic, 
and communication-oriented. To the knowledge of the authors, no article has 
relied on the distance-based approach (commonly used in single-channel sequence 
analysis) to cluster multi-channel sequences. However, this approach has been used 
in social sciences [9] as well as in other disciplines [e.g., 32]. 

4 Case Study: The Longitudinal Association of Engagement 
and Achievement 

To learn how to implement multi-channel sequence analysis we are going to practice 
with a real case study: we will investigate the longitudinal association between 
engagement and achievement across a study program using simulated data based 
on the study by [10]. We begin by creating a sequence for each of the channels 
(engagement and achievement) and then explore visualisations thereof. We then 
focus on clustering these data using the methods described above specifically 
tailored for multi-channel sequences, in order to present an empirical view of 
both the distance-based and Markovian perspectives. In doing so, we will first 
demonstrate how to construct a multi-channel pairwise OM dissimilarity matrix 
in order to adapt and apply the distance-based clustering approach of Chap. 10 
to these data. Secondly, we will largely focus on using a mixture hidden Markov
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model to detect the longitudinal clusters of students that share a similar trajectory 
of engagement and achievement. Finally, we will demonstrate how to incorporate 
covariates under the model-based Markovian framework. 

4.1 The Packages 

To accomplish our task, we will rely on several R packages We have use most of 
them throughout the book. Below is a brief summary of the packages required: 

• rio: A package for reading and saving data files with different extensions [33]. 
• seqHMM: A package designed for fitting hidden (latent) Markov models and 

mixture hidden Markov models for social sequence data and other categorical 
time series [21]. 

• tidyverse: A package that encompasses several basic packages for data 
manipulation and wrangling [34]. 

• TraMineR: As seen in the introductory sequence analysis chapter, this package 
helps us construct, analyse, and visualise sequences from time-ordered states or 
events [35]. 

• WeightedCluster: A package to cluster sequences and computing quality 
measures [18]. 

If you have not done so already, install the packages using the install.packages() 
command (e.g., install.packages(“seqHMM”)). We can then import them as 
follows: 

library(rio) 
library(tidyverse) 
library(TraMineR) 
library(seqHMM) 
library(WeightedCluster) 

4.2 The Data 

The data that we are going to use in this chapter is a synthetic dataset which contains 
the engagement states (Active, Average, or  Disengaged) and achievement states 
(Achiever, Intermediate, or  Low) for eight successive courses (each course 
is a timepoint). Each row contains an identifier for the student (UserID), an 
identifier for the course (CourseId), and the order (Sequence) in which the student 
took that course (1–8). For each course, a student has both an engagement state 
(Engagement) and an achievement state (Achievement). For example, a student 
can be 'Active' and 'Achiever' in the first course (Sequence = 1) they take,
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and 'Disengaged' and 'Low' achiever in the next. In addition, the dataset contains 
the final grade (0–100) and three time-constant covariates (they are the same for 
each student throughout all four courses): the previous grade (Prev_grade, 1–10), 
Attitude (0–20), and Gender (Male/Female). The dataset is described in more 
detail in the Data chapter of this book. We can import the data using the ìmport() 
command from rio. A preview is shown in Table 1. 

URL <- "https://github.com/sonsoleslp/labook-data/raw/main/" 
fileName <- "9_longitudinalEngagement/SequenceEngagementAchievement.xlsx" 
df <- import(paste0(URL, fileName)) 
df 

4.3 Creating the Sequences 

We are going to first construct and visualise each channel separately (engagement 
and achievement), and then study them in combination. 

4.3.1 Engagement Channel 

To build the engagement channel, we need to construct a sequence of students’ 
engagement states throughout the eight courses. To do so, we need to first arrange 
our data by student (UserID) and course order (Sequence). Then, we pivot the data 
to a wide format, where the first column is the UserID and the rest of the columns 
are the engagement states at each of the courses (ordered from 1 to 8). For more 
details about this process, refer to the introductory sequence analysis chapter. 

eng_seq_df <- df |> arrange(UserID, Sequence) |> 
pivot_wider(id_cols = "UserID", names_from = "Sequence", values_from="Engagement") 

Now we can use TraMineR to construct the sequence object and assign colours to it 
to represent each of the engagement states: 

engagement_levels <- c("Active", "Average", "Disengaged") 
colours <- c("#28a41f", "#FFDF3C", "#e01a4f") 
eng_seq <- seqdef(eng_seq_df , 2:9, alphabet = engagement_levels, cpal = colours) 

We can use the sequence distribution plot from TraMineR to visualise the distri-
butions of the states at each time point (Fig. 3 left), and the sequence index plot to 
visualise each student’s sequence of engagement states (Fig. 3, right), here sorted
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according to the elements of the alphabet at the successive positions starting from 
the beginning of the sequences: 

seqdplot(eng_seq, border = NA, ncol = 3, legend.prop = 0.2) 
seqIplot(eng_seq, border = NA, ncol = 3, legend.prop = 0.2, sortv = "from.start") 
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Fig. 3 Sequence distribution plot and index plot of the course engagement states 

Please refer to Chapter 10 [3] for guidance on how to interpret sequence 
distribution and index plots. 

4.3.2 Achievement Channel 

We follow a similar process to construct the achievement sequences. First we 
arrange the data by student and course order and then we convert the data into the 
wider format using —this time— the achievement states as the values. 

ach_seq_df <- df |> arrange(UserID,Sequence) |> 
pivot_wider(id_cols = "UserID", names_from = "Sequence", values_from ="Achievement") 

We use again TraMineR to construct the sequence object for achievement and we 
again provide a suitable, distinct colour scheme: 

achievement_levels <- c("Low", "Intermediate", "Achiever") 

coloursA <- c("#a5e3ff","#309bff","#3659bf") 
ach_seq <- seqdef(ach_seq_df , 2:9, cpal = coloursA, alphabet = achievement_levels) 

We may use the same visualisations to plot our achievement sequences in Fig. 4: 

seqdplot(ach_seq, border = NA, ncol = 3, legend.prop = 0.2) 
seqIplot(ach_seq, border = NA, ncol = 3, legend.prop = 0.2, sortv = "from.start") 
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Fig. 4 Sequence distribution plot and index plot of the course achievement states 

4.3.3 Visualising the Multi-Channel Sequence 

Now that we have both channels, we can use the mc_to_sc_data() function from 
seqHMM to convert the two channels of engagement and achievement sequences to a 
single channel with an extended alphabet. If we had additional channels, we would 
just add them to the list, after ach_seq. 

multi_seq <- mc_to_sc_data(list(eng_seq, ach_seq)) 

If we check the alphabet of the sequence data, we can see that it contains all 
combinations of engagement and achievement states. 

alphabet(multi_seq) 

[1] "Active/Achiever" "Active/Intermediate" 
[3] "Active/Low" "Average/Achiever" 
[5] "Average/Intermediate" "Average/Low" 
[7] "Disengaged/Achiever" "Disengaged/Intermediate" 
[9] "Disengaged/Low" 

We now need to provide an appropriate colour scale to accommodate the extended 
alphabet. The colour scale we define below uses green colours to represent active 
students, blue colours represent averagely engaged students, and red colours 
represent disengaged students, whereas the intensity of the colour represents the 
achievement level: darker colours represent higher achievement, and lighter colours 
represent low achievement. 

coloursM <- c("#115a20","#24b744","#78FA94", 
"#3659bf","#309bff","#93d9ff", 
"#E01A1A","#EB8A8A","#F5BDBD") 

cpal(multi_seq) <- coloursM 
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We can finally plot the sequence distribution and index plots for the multi-channel 
sequence (Fig. 5). We can already hint that the students’ multi-channel sequences are 
quite heterogeneous. In the next steps, we will use two distinct clustering techniques 
to detect distinct combined trajectories of engagement and achievement, beginning 
with the distance-based paradigm and then the using the more sophisticated MHMM 
framework. 

seqdplot(multi_seq, border = NA, ncol = 3, legend.prop = 0.2) 
seqIplot(multi_seq, border = NA, ncol = 3, legend.prop = 0.2, 

sortv = "from.start") 
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Fig. 5 Sequence distribution plot and index plot of the multi-channel sequence 

4.4 Clustering via Multi-Channel Dissimilarities 

We now describe how to construct a dissimilarity matrix for a combined multi-
channel sequence object to use as input for distance-based clustering algorithms, 
using utilities provided in the TraMineR R package and relying on concepts 
described in Chap. 10. We begin by creating a list of substitution cost matrices 
for each of the engagement and achievement channels. For simplicity, we adopt 
the same method of calculating substitution costs for each channel, though this 
need not be the case. Here, we use the data-driven “TRATE” method, which relies 
on transition rates, as the method argument in both calls to seqsubm(). In other 
scenarios, we might want to use a constant substitution cost (same cost for all 
substitutions) for one or some of the channels and, for example, manually specify 
the substitution cost matrix for the others.
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sub_mats <- list(engagement = seqsubm(eng_seq, method = "TRATE"), 
achievement = seqsubm(ach_seq, method = "TRATE")) 

Subsequently, we invoke the function seqMD() to compute the multi-channel 
dissimilarities. This requires the constituent channels to be supplied as a list of 
sequence objects, along with the substitution cost matrices via the argument sm. 
The argument what = "diss" ensures that dissimilarities are returned, according 
to the OM method, with equal weights for each channel specified via the argument 
cweight. 

channels <- list(engagement = eng_seq, achievement = ach_seq) 

mc_dist <- seqMD(channels, 
sm = sub_mats, 
what = "diss", 
method = "OM", 
cweight = c(1, 1)) 

Thereafter, mc_dist can be used as input to any distance-based clustering algo-
rithm. Though we are not limited to doing so, we follow Chap. 10 in applying 
hierarchical clustering with Ward’s criterion. However, we note that users of 
the distance-based paradigm are not limited to Ward’s criterion or hierarchical 
clustering itself either. 

Clustered <- hclust(as.dist(mc_dist), method = "ward.D2") 

We then obtain the implied clusters by cutting the produced tree using the cutree() 
function, where the argument k indicates the desired number of clusters. We also 
create more descriptive labels for each cluster. 

Cuts <- cutree(Clustered, k =  6) 
Groups <- factor(Cuts, labels = paste("Cluster", 1:6)) 

It is worth noting that the Groups vector contains the clustering assignment for 
each student. This vector is a factor in the same order as the engagement and 
achievement sequences, and hence the same order as the data frames used to create 
the sequences. Hence, information about which student belongs to which cluster is 
readily accessible. Here, we show the assignments of the first 5 students only, for 
brevity. 

head(Groups, 5)
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1 2 3 4 5  
Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 3 
Levels: Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 

Generally speaking, the resulting clusters for the chosen k value may not represent 
the best solution. In an ideal analysis, one would resort to one or more of the cluster 
quality measures given in Table 8 of Chap. 10 to inform the choice of an optimal 
k value. In doing so, we determined the chosen number of six clusters is optimal 
according to the average silhouette width (ASW) criterion (again, see Chap. 10). 
However, we omit repeating the details of these steps here for brevity and leave 
them as an exercise for the interested reader. 

The obtained Groups can be used to produce visualisations of the clustering 
solution. We do so in two ways; first showing the combined multi-channel object 
with an extended alphabet (as per Fig. 2) using the  seqplot() function from 
TraMiner in Fig. 6, and second using a stacked representation of both constituent 
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Fig. 6 State distribution plots per cluster for the combined multi-channel sequences
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Fig. 7 Stacked state distribution plots per cluster showing both constituent channels 

channels using the ssp() and gridplot() functions from seqHMM in Fig. 7. State 
distribution plots per cluster are depicted in each case. 

seqplot(multi_seq, type = "d", group = Groups, 
ncol = 3, legend.prop = 0.1, border = NA) 

Though there is some evidence of well-defined clusters capturing different engage-
ment and achievement levels over time, a plot such as this can be difficult to 
interpret, even for a small number of channels and small numbers of per-channel 
states. A more visually appealing alternative is provided by the stacked state 
distribution plots below, which shows each individual channel with its own alphabet 
on the same plot, with one such plot per cluster. This requires supplying a list of 
the observations ìn each cluster in each channel to the ssp() function to create 
each plot, with each plot then arranged and displayed appropriately by the function 
gridplot().
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ssp_k <- list() 
for(k in 1:6) {  

ssp_k[[k]] <- ssp(list(eng_seq[Cuts == k,], 
ach_seq[Cuts == k,]), 

type = "d", border = NA, 
with.legend = FALSE, 
title = levels(Groups)[k]) 

} 
gridplot(ssp_k, ncol = 3, byrow = TRUE, 

row.prop = c(0.4, 0.4, 0.2), cex.legend = 0.8) 

From this plot, we can see six clusters, relating respectively to (1) mostly averagely 
engaged high achievers, (2) mostly actively engaged intermediate achievers, (3) 
mostly disengaged intermediate or high achievement, (4) mostly averagely engaged 
low achievers, (5) mostly disengaged low achievers, and (6) mostly actively engage 
high achievers. This clustering approach and this set of plots provides quite a 
granular view of the group structure and interdependencies across channels, which 
differs somewhat from the clustering solution obtained by the application of 
MHMMs which now follows. 

4.5 Building a Mixture Hidden Markov Model 

The seqHMM package supports several types of (hidden) Markov models for single-
or multi-channel sequences of data. The package provides functions for evaluating 
and comparing models, and methods for the visualisation of multi-channel sequence 
data and hidden Markov models. The models are estimated through maximum 
likelihood, using the Expectation Maximisation (EM) algorithm and/or direct 
numerical maximisation with analytical gradients. For more details on the seqHMM 
package, refer to the “Markov models” chapter. We are going to construct a 
mixture hidden Markov model (MHMM). For this purpose, we will rely on the 
build_mhmm() function of seqHMM. In its most basic form, the build_mhmm() 
function takes as arguments a list of observations (i.e., a list of the sequences that 
make up the channels), and a vector n_states whose length indicates the number 
of clusters to estimate, for which the value of each position specifies the number of 
hidden states in each cluster. The build_mhmm() function defines that structure of 
the model (including possible restrictions) and also assigns random or user-defined 
starting values to model parameters for estimation. Though we are not restricted 
to assuming all clusters have an equal number of hidden states, we are going to 
build a model with three clusters and two hidden states per cluster, inspired by the 
results obtained in the previous section (i.e., six clusters). Therefore, our input for 
n_states is c(2, 2, 2). If we instead wanted to build a model with four clusters 
and three hidden states, we would need to provide c(3, 3, 3, 3).
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init_mhmm <- build_mhmm(observations = list(eng_seq,ach_seq), 
n_states = c(2, 2, 2)) 

Now we can fit the model using the fit_model() function. Using the EM algorithm 
and the times argument, we can provide a number to control the number of times 
the model should be fit in a hope to find the globally optimal solution. We need to 
find a number that is not too low (or else we might be settling for a non-optimal 
solution too early) but also not too high (or the code will take forever to run). If 
we provide 100, for example, the model will be estimated 101 times: once from the 
user-defined or random starting values at the build stage and then 100 re-estimations 
with randomised starting values. The function will give the best model as an output. 
Generally, the more complex the model, the more re-estimation rounds are needed. 

set.seed(2294) 
mhmm_fit <- fit_model(init_mhmm, 

control_em = list(restart = list(times = 100))) 

Once the function has finished fitting the model, we need to check if it has 
likely reached the optimal solution. We can do so by checking the variable 
mhmm_fit$em_results$best_opt_restart of the fitted model. For the results 
to be reliable, we would expect to find the best-fitting model a number of 
times from different starting values. In other words, we want to see the same 
value repeating at the beginning of the sequence of numbers returned by 
mhmm_fit$em_results$best_opt_restart for several times if we estimate 
the model 100 times. In this case, we observe the same number quite many times, 
so the stability of our results is acceptable. If the same number does not appear 
several times, we can increase the number provided to the times argument or we 
can provide more informative starting values (for example, using the parameters of 
the newly fitted suboptimal model as starting values for the new estimation). 

mhmm_fit$em_results$best_opt_restart 

[1] -1659.712 -1659.712 -1659.712 -1659.712 -1659.712 -1659.712 -1659.712 
[8] -1659.712 -1659.712 -1659.712 -1659.712 -1659.712 -1659.712 -1659.712 

[15] -1659.712 -1659.712 -1659.712 -1659.712 -1659.712 -1659.712 -1659.712 
[22] -1659.712 -1659.712 -1659.712 -1659.712 

Now we can plot our results using the mssplot() function. Figure 8 shows index 
plots for each of the three fitted clusters. These plots show the categories at each 
time point within each cluster, as well as the hidden states. We can see that Cluster 
1 corresponds to students who are mostly low achievers, wherein State 1 represents 
students who are disengaged and State 2 represents students who are averagely
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engaged. Cluster 2 includes the Active students who are mostly high achievers (State 
2), or intermediate achievers (State 1). Cluster 3 represents mostly low achievers, 
where State 1 mostly represents the disengaged and State 2 the mostly averagely 
engaged. Therefore, the results are quite interpretable and make sense given our 
data. 

HIDDEN_STATES <- c("darkred", "pink", "darkblue", "purple", 
"lightgoldenrod1", "orange") 

mssplot(mhmm_fit$model, 
plots = "both", 
type = "I", 
sortv = "mds.hidden", 
yaxis = TRUE, 
with.legend = "bottom", 
ncol.legend = 1, 
cex.title = 1.3, 
hidden.states.colors = HIDDEN_STATES) 

Fig. 8 Multi-channel sequence index plots. (a) Cluster 1. (b) Cluster 2. (c) Cluster 3 

We may also plot the transitions between the hidden states for each cluster using the 
plot() function (Fig. 9). Most arguments used here are purely cosmetic in nature, 
with the exception of combine.slice which corresponds to the highest probability 
for which emission probabilities are combined into one state. We adopt the default 
value of 0.05 to aid the legibility of the plots. We see that the probabilities of starting 
at each hidden state (initial probabilities), as shown at the bottom of each pie chart, 
are quite balanced: 0.61/0.39, 0.58/0.42, 0.62/0.38. The transition probabilities (i.e., 
the probabilities of transitioning from one hidden state to another within the same
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cluster) are in turn quite low (all < 0.07), meaning that in most cases students remain 
in the same hidden state throughout their whole academic trajectory. Lastly, the 
emission probabilities (i.e., the probabilities of each state within each hidden state) 
are quite diverse, where some hidden states are quite homogeneous (e.g, State 2 in 
Cluster 2 has a 0.84 probability of having Disengaged students) whereas others are 
more evenly distributed among all states (e.g., State 1 in Cluster 3). 

plot(mhmm_fit$model, 
vertex.size = 60, 
cpal = coloursM, 
label.color = "black", 
vertex.label.color = "black", 
edge.color = "lightgray", 
edge.label.color = "black", 
ncol.legend = 1, 
ncol = 3, 
rescale = FALSE, 
interactive = FALSE, 
combine.slices = 0.05, 
combined.slice.label = "States with probability < 0.05") 
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Fig. 9 Transitions between hidden states for each trajectory 

In the previous example, we have used build_mhmm() with the default values in 
which we only need to provide the number of clusters and hidden states. However, 
the function allows much more flexibility by allowing us to constrain the different 
probabilities (initial, transition, and emission) that we have just talked about. An 
interesting case study can be to investigate how students who start in the same 
hidden state evolve throughout their academic trajectory; whether they remain in 
the same hidden state or switch to a different one. To do that, we would need to
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fix the initial probabilities to be 1 for the first hidden state, and 0 for the other. 
To do this for the three clusters, we need to create a list with the vector c(1, 0) 
repeated three times. For the initial transition and emission probabilities, we can just 
simulate random ones using the functions simulate_transition_probs() and 
simulate_emission_probs() respectively. It is worth noting that in the previous 
MHMM example, when we fitted the model using the default probabilities, we just 
needed to provide the number of clusters and numbers of hidden states per cluster, 
via n_states. However, now that we need to fix the initial probabilities, we also 
need to simulate the transition and emission probabilities using the corresponding 
functions, as build_mhmm() requires either n_states to be provided or all three 
of initial_probs, transition_probs, and emission_probs to be provided. 

initial_probs <- list(c(1, 0), c(1, 0), c(1, 0)) 
transition_probs <- simulate_transition_probs(n_states = 2, 

n_clusters = 3, 
left_right = TRUE) 

emission_probs <- simulate_emission_probs(n_states = 2, 
n_symbols = 3, 
n_clusters = 1) 

We must now provide the probability objects to the build_mhmm() function along 
with the observations. Since the number of clusters and hidden states can be derived 
from the probabilities, we no longer need to provide the n_states argument. 
Specifically, this is because emission_probs is given as a list of length 3 with 
each element being a list of length 2, corresponding to three clusters each with two 
hidden states per cluster, as before. This new model is fitted in the same way, by 
using the fit_model() function. 

set.seed(2294) 
init_emission_probs <- list(list(emission_probs, emission_probs), 

list(emission_probs, emission_probs), 
list(emission_probs, emission_probs)) 

init_mhmm_i <- build_mhmm(observations = list(eng_seq, ach_seq), 
initial_probs = initial_probs, 
transition_probs = transition_probs, 
emission_probs = init_emission_probs) 

mhmm_fit_i <- fit_model(init_mhmm_i, 
control_em = list(restart = list(times = 200))) 

Again, we need to check whether the model has converged to a valid solution by 
checking if the same number is repeated at the beginning of the best_opt_start 
output:
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mhmm_fit_i$em_results$best_opt_restart 

[1] -1726.463 -1726.463 -1726.463 -1726.463 -1726.463 -1726.463 -1726.463 
[8] -1726.463 -1726.463 -1726.463 -1726.463 -1726.463 -1726.463 -1726.463 

[15] -1726.463 -1726.463 -1726.463 -1726.463 -1726.463 -1726.463 -1735.624 
[22] -1735.624 -1735.624 -1735.624 -1735.624 

Now that we have checked that our model is correct, we can give the channels and 
clusters representative names so that they look better when plotting: 

mhmm_fit_i$model$cluster_names <- c("Trajectory 1", 
"Trajectory 2", 
"Trajectory 3") 

mhmm_fit_i$model$channel_names <- c("Engagement", 
"Achievement") 

Now we may plot our results, as before, in the form of sequence index plots (see 
Fig. 10a–c). We see that —due to the specified initial probabilities— all clusters start 
with the same hidden state and mostly remain there throughout the whole trajectory, 
although some students switch to the other hidden state as time advances. In Cluster 
1, students are mostly low achievers and start by being mostly averagely engaged 
(State 1), while some transition to disengaged (State 2). In Cluster 2, students are 
mostly highly engaged and start being high achievers (State 1), while some students 
transition to being mostly intermediate achievers (State 2). Lastly, in Cluster 3, 
students are mostly averagely engaged or disengaged high or intermediate achievers 
(State 1), while a small fraction of students become more averagely engaged and 
more highly achieving over time (State 2). 

HIDDEN_STATES <- c("darkred", "pink", "darkblue", "purple", 
"lightgoldenrod1", "orange") 

mssplot(mhmm_fit_i$model, 
plots = "both", 
type = "I", 
sortv = "mds.hidden", 
yaxis = TRUE, 
with.legend = "bottom", 
ncol.legend = 1, 
cex.title = 1.3, 
hidden.states.colors = HIDDEN_STATES) 
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Fig. 10 Multi-channel sequence index plots with fixed start. (a) Trajectory 1. (b) Trajectory 2. (c) 
Trajectory 3 

There are countless combinations of numbers of clusters, hidden states, and 
initial/transition/emission probabilities that we can use to fit our model. The choice 
depends on our data, our research question, the interpretability of the results, and the 
goodness of fit. Regarding the latter, a common way to compare the performance of 
several models is by using the Bayesian Information Criterion (BIC; [20]). The BIC 
can help us score the models which better fit our data while penalising us if we 
overfit it by adding too many parameters (e.g, if we specified 50 clusters instead of 
3, we would better capture the variability of our data but our model would hardly 
generalise to other scenarios). Therefore, as a general rule, the lower the BIC the 
better the model, although we need to take into account the aforementioned issues 
(research questions, interpretability, etc.) to make the final choice. Below we show 
an example of how to calculate the BIC of the models we have estimated. We see 
that the first model with the fixed initial probabilities has a somewhat higher BIC 
than the second one with the restricted initial probabilities. However, we might need 
to try different numbers of clusters and hidden states to make our final choice. 

BIC(mhmm_fit$model) 

[1] 3565.658 

BIC(mhmm_fit_i$model) 

[1] 3656.949
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4.6 Incorporating Covariates in MHMMs 

The BIC can also be used to select the optimal model when different candidate 
models with different subsets of covariates are fitted. Recall that the clustering and 
the relation of clusters to covariates is performed simultaneously. Thus, otherwise 
identical models without dependence on covariates, or using different covariates, 
may uncover different groupings with different probabilities and hence a different 
BIC score. Here, we take the optimal model –with three clusters, each with two 
hidden states, using fixed initial probabilities– and demonstrate how to add and 
select covariates to make the model more powerful and interpretable. We begin by 
extracting the covariate information from the original, long format df. For each 
student, the available time-constant covariates are a numeric variable giving their 
previous grades from an earlier course, a numeric measure of their attitude towards 
learning, and their gender (male or female). The order of the rows of cov_df 
matches the order in the two eng_seq and ach_seq channels. 

cov_df <- df |> 
arrange(UserID, Sequence) |> 
filter(!duplicated(UserID)) |> 
select(Prev_grade, Attitude, Gender) 

The code below replicates the code used to fit the previously optimal MHMM 
model, and augments it by providing a data frame (via the data argument, using 
the cov_df just created) and the corresponding one-sided formula for specifying 
the covariates to include (via the formula argument). For simplicity, we keep 
the same number of clusters and hidden states and fit three models (one for each 
covariate in cov_df). To mitigate against convergence issues, we use the results of 
the previously optimal MHMM to provide informative starting values. 

set.seed(2294) 
init_mhmm_1 <- build_mhmm(observations = list(eng_seq, ach_seq), 

initial_probs = mhmm_fit_i$model$initial_probs, 
transition_probs = mhmm_fit_i$model$transition_probs, 
emission_probs = mhmm_fit_i$model$emission_probs, 
data = cov_df, 
formula = ~ Prev_grade) 

init_mhmm_2 <- build_mhmm(observations = list(eng_seq, ach_seq), 
initial_probs = mhmm_fit_i$model$initial_probs, 
transition_probs = mhmm_fit_i$model$transition_probs, 
emission_probs = mhmm_fit_i$model$emission_probs, 
data = cov_df, 
formula = ~ Attitude) 
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init_mhmm_3 <- build_mhmm(observations = list(eng_seq, ach_seq), 
initial_probs = mhmm_fit_i$model$initial_probs, 
transition_probs = mhmm_fit_i$model$transition_probs, 
emission_probs = mhmm_fit_i$model$emission_probs, 
data = cov_df, 
formula = ~ Gender) 

We estimate each model 50 + 1 times (first from the starting values we provided 
and then from 50 randomised values). 

mhmm_fit_1 <- fit_model(init_mhmm_1, 
control_em = list(restart = list(times = 50))) 

mhmm_fit_2 <- fit_model(init_mhmm_2, 
control_em = list(restart = list(times = 50))) 

mhmm_fit_3 <- fit_model(init_mhmm_3, 
control_em = list(restart = list(times = 50))) 

Note that in an ideal analysis, however, one would vary the number of clusters and 
hidden states along with varying sets of covariates and initial probabilities in order 
to find the model settings which jointly optimise the BIC. Moreover, one is not 
limited to including only a single covariate; one could specify for example formula 
= ~ Attitude + Gender, but we omit this consideration here for simplicity. 
Furthermore, one should check in an ideal analysis that the optimal model was 
found in a majority of the 51 runs. We did so and can be satisfied that there are no 
convergence issues. We select among the three models with three different, single 
covariates using the BIC, and include the previous model with no covariates in the 
comparison also. 

BIC(mhmm_fit_i$model) 

[1] 3656.949 

BIC(mhmm_fit_1$model) 

[1] 3614.673 

BIC(mhmm_fit_2$model) 

[1] 3632.004
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BIC(mhmm_fit_3$model) 

[1] 3649.353 

Recalling that lower BIC values are indicative of a better model, we can see that 
each covariate yields a better-fitting model. Though a better model could be found 
by adding more covariates or modifying the numbers of clusters and hidden states, 
we now proceed to interrogate, interpret, and visualise the results of the best model 
only; namely the MHMM with Prev_grade as a predictor of cluster membership. 

We begin by examining the clusters via sequence index plots using mssplot(), 
as before, in Fig. 11. 

mssplot(mhmm_fit_1$model, 
plots = "both", 
type = "I", 
sortv = "mds.hidden", 
yaxis = TRUE, 
with.legend = "bottom", 
ncol.legend = 1, 
cex.title = 1.3, 
hidden.states.colors = HIDDEN_STATES) 

Fig. 11 Multi-channel sequence index plots for the optimal covariate-dependent MHMM. (a) 
Cluster 1. (b) Cluster 2. (c) Cluster 3 

Compared to Fig. 10, the results are notably similar. One observation previously 
assigned to the first trajectory is now assigned to the third, but the clusters retain 
precisely the same interpretations of Cluster 1 being mostly low achievers who
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move from averagely engaged to disengaged, Cluster 2 being mostly highly engaged 
high achievers, some of whom transition to being mostly intermediate achievers, 
and Cluster 3 being most averagely engaged or disengaged high or intermediate 
achievers, some of whom become more averagely engaged and highly achieving 
over time. It is worth noting that it is possible for the clusters and the interpretation 
thereof to change more drastically than this when covariates are added. As the 
clusters are very similar to what we found before, we give the clusters more 
informative labels as a reminder: 

cluster_names(mhmm_fit_1$model) <- c("LowEngLowAch", "HighEngHighAch", "LowEngHighAch") 

We now present a summary of the model which shows information about parameter 
estimates of covariates and prior and posterior cluster membership probabilities, 
which refer to cluster membership probabilities before or after conditioning on 
the observed sequences, respectively. In other words, prior cluster membership 
probabilities are calculated using each individual’s observed covariate values only, 
while posterior cluster membership probabilities are calculated using individual’s 
covariate values and their observed sequence. In each case, these represent the 
probabilities of belonging to a particular HMM component in the MHMM mixture. 

summary_mhmm_1 <- summary(mhmm_fit_1$model) 
summary_mhmm_1 

Covariate effects : 
LowEngLowAch is the reference. 

HighEngHighAch : 
Estimate Std. error 

(Intercept) -6.253 1.220 
Prev_grade 0.817 0.159 

LowEngHighAch : 
Estimate Std. error 

(Intercept) -1.486 0.960 
Prev_grade 0.158 0.139 

Log-likelihood: -1708.843 BIC: 3614.673 

Means of prior cluster probabilities : 
LowEngLowAch HighEngHighAch LowEngHighAch 

0.40 0.34 0.26 

Most probable clusters : 
LowEngLowAch HighEngHighAch LowEngHighAch
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count 57 48 37 
proportion 0.401 0.338 0.261 

Classification table : 
Mean cluster probabilities (in columns) by the most probable 

cluster (rows) 

LowEngLowAch HighEngHighAch LowEngHighAch 
LowEngLowAch 0.98577 0.00702 0.00721 
HighEngHighAch 0.00316 0.98499 0.01185 
LowEngHighAch 0.01335 0.01552 0.97113 

We will first interpret the information on prior and posterior cluster member-
ship probabilities and then proceed to interpreting covariate effects. Firstly, the 
section named Means of prior cluster probabilities gives information 
on how likely each cluster is in the whole population of students (40% in 
“LowEngLowAch”, 34% in “HighEngHighAch”, and 26% in “LowEngHighAch”). 
Secondly, the section Most probable clusters shows group sizes and propor-
tions considering that each student would be classified into the cluster for which they 
have the highest cluster membership probability. Thirdly, the Classification 
table shows mean cluster probabilities (in columns) by the most probable cluster 
(in rows). We can see that the clusters are very crisp (the certainty of cluster 
memberships are very high) because the membership probabilities are large in the 
diagonal of the table. 

The part titled Covariate effects shows the parameter estimates for the 
covariates. Interpretation of the values is similar to that of multinomial logistic 
regression, meaning that we can interpret the direction and uncertainty of the 
effect –relative to the reference level of “LowEngLowAch”—but we cannot directly 
interpret the magnitude of the effects. The magnitude of the Prev_grade coefficient 
is small with respect to its associated standard error, so we can say there is no 
significant relationship between previous grades and membership of the poorly 
engaged yet highly achieving “LowEngHighAch”. However, the large positive 
coefficient in “HighEngHighAch” indicates that students with high previous grades 
are more likely to belong to the highly engaged high achieving cluster, which makes 
intuitive sense. 

The summary object also calculates prior and posterior cluster memberships for 
each student. We omit them here, for brevity, but demonstrate that they can be 
obtained as follows: 

prior_prob <- summary_mhmm_1$prior_cluster_probabilities 
posterior_prob <- summary_mhmm_1$posterior_cluster_probabilities 

Similarly, to obtain the most likely cluster assignment for each student according to 
the posterior probabilites, we simply need to access the most_probable_cluster 
element from the summary object (summary_mhmm_1). As per the Groups vector
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defined in the earlier distance-based clustering analysis, we show the assignments 
for the first 5 students only below, for brevity. 

cluster_assignments <- summary_mhmm_1$most_probable_cluster 
head(cluster_assignments, 5) 

[1] LowEngHighAch LowEngLowAch LowEngLowAch HighEngHighAch 
LowEngLowAch Levels: LowEngLowAch HighEngHighAch LowEngHighAch 

If we are interested in getting the most probable path of hidden states for each 
student, we may use the hidden_paths() function from seqHMM and pass the 
MHMM model as an argument (mhmm_fit_1$model). We then need to convert 
it to the long format to get a row per student and timepoint and then we extract only 
the value column to get only the hidden state. We can then assign the resulting 
vector to a column (e.g., HiddenState) in the original dataframe which follows the 
same data order. 

df$HiddenState <- hidden_paths(mhmm_fit_1$model) |> 
pivot_longer(everything()) |> pull(value) 

head(df$HiddenState) 

[1] LowEngHighAch:State 1 LowEngHighAch:State 1 LowEngHighAch:State 2 
[4] LowEngHighAch:State 2 LowEngHighAch:State 2 LowEngHighAch:State 2 
8 Levels: LowEngLowAch:State 1 LowEngLowAch:State 2 ... % 

It is good to be aware that the most probable cluster according to posterior cluster 
probabilities may not always match with the cluster producing the single most 
probable path of hidden states. This is because the posterior cluster probabilities 
are calculated based on all of the possible hidden state paths generated from that 
cluster, while the single most probable path of hidden states may sometimes come 
from a different cluster. 

Lastly, we advise readers to consult Chap. 12 for more examples of interpreting 
covariate effects in the context of MHMM models. 

5 Discussion 

This chapter has provided an introduction to multi-channel sequence analysis, 
a method that deals with the analysis of two or more synchronised sequences. 
Throughout this chapter, we have highlighted the growing significance of multi-
channel sequence analysis in educational research. While earlier chapters in this 
book focused on sequence analysis of learner-related data, this method presents 
a suitable approach to leverage the increasing availability of student multimodal
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temporal data. Our review of the existing literature that has utilised multi-channel 
sequence analysis concluded that the applications of this method within educational 
research are still relatively scarce. However, the potential of this framework is 
immense, as it opens up new possibilities to address the challenges posed by the 
complex and dynamic nature of educational data. 

In the tutorial part of the chapter, we examined a case study on students’ online 
engagement and academic achievement to demonstrate how multi-channel sequence 
analysis can reveal valuable insights into the longitudinal associations between these 
constructs. The identification of distinct trajectories through mixture hidden Markov 
models allows for a deep understanding of how both constructs evolve together over 
time and the distance-based clustering approach offers an alternative perspective 
on the group structure within these data. The step-by-step tutorial on implementing 
multi-channel sequence analysis with R according to both clustering frameworks 
provides readers with practical guidance to explore and apply these methods in their 
own research. Armed with this knowledge, researchers and educators can unlock 
valuable insights from their data and make informed decisions to support student 
learning and success. 

Markovian models are relatively scalable and can be used to cluster large 
sequence data. See, e.g., [36] for scalability in terms of hidden states and time 
points in hidden Markov models. In terms of the number of sequences, computations 
can be easily parallelised; see, e.g., [19]. Then again, unlike data-mining type 
sequence analysis, probabilistic models require making assumptions about the 
data-generating mechanisms which may not always be realistic (such as time-
homogeneity or the Markov property itself [19]. Furthermore, analysis of complex 
multi-channel sequence data can be very time consuming [6, 37]. Although we have 
highlighted the advantages of the model-based Markovian approach, particularly 
with regard to the ability to incorporate covariates as predictors of cluster mem-
bership, it is difficult to say if one approach is definitively better than the other 
for all potential use-cases. Although information criteria such as the BIC or cross-
validation can be used to guide the choice of MHMM, particularly regarding the 
choice of the number of clusters (and numbers of hidden states within each cluster, 
and/or initial/transition/emission probabilities), we did not comprehensively do so 
here. Rather, we opted for three clusters, each with two hidden states, in both 
applications of MHMM herein, and only considered different initial probability 
settings and different covariates to arrive at the best model in terms of BIC. In an 
ideal analysis, one would compare different MHMM fits with different numbers of 
clusters and hidden states, different restrictions on the probabilities, and different 
covariates to arrive at an optimal model in terms of BIC or other model selection 
criteria. 

Conversely, the choice of six clusters for the hierarchical clustering solution 
was arrived at in a different fashion, driven by the average silhouette width cluster 
quality measure. Indeed, the BIC cannot be used to choose the number of clusters 
with hierarchical clustering, nor can it be used to compare a hierarchical clustering 
solution with MHMM. However, it is interesting to note that the six clusters 
obtained by hierarchical clustering map reasonably well to the six hidden states
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of the MHMM solutions. As examples, considering the MHMM with fixed initial 
probabilities, one could say that clusters 4 and 5 of the hierarchical clustering 
solution, capturing averagely engaged and disengaged low achievers respectively, 
matches the two hidden states of the first MHMM cluster, while clusters 2 and 6, 
capturing actively engaged intermediate and high achievers respectively, matches 
the two hidden states of the second MHMM cluster. 

Overall, we encourage readers to further explore the potential of multi-channel 
sequence analysis, the merits of both clustering approaches, and broader implica-
tions in the field of education by diving into the recommended readings. The next 
section provides a list of valuable resources for readers to expand their knowledge 
on the topic. 

6 Further Readings 

For more thorough presentations and comparisons of different options for the 
distance-based analysis of multi-channel sequences, we recommend the text book 
by Struffolino and Raab [38] and articles by Emery and Berchtold [8] and Ritschard 
et al. [13]. For assessing whether sequences in different channels are associated to 
the extent of needing joint analysis, Piccarreta and Elzinga [39, 40] have proposed 
solutions for quantifying the extent of association between two or more channels 
using Cronbach’s . α and principal component analysis. 

For general presentations of the MHMM for multi-channel sequences, see the 
chapter by Vermunt et al. [41] and the article by Helske and Helske [19]. For further 
examples and tips for visualization of multi-channel sequence data and estimation 
of Markovian models with the seqHMM package, see the seqHMM vignettes [42, 43]. 

To learn how to combine distance-based sequence analysis and hidden Markov 
models for the analysis of complex multi-channel sequence data with partially 
missing observations, see the chapter by Helske et al. [6]. 
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