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ABSTRACT Current compliance identification methods in psychoeducational interventions often rely on
discrete retrospective assessment and cannot dynamically capture continuous state evolution. To address
this limitation, this paper proposes a continuous behavioral state modeling method based on the Hidden
Markov Model. Real-time user interaction behavior sequences are collected through a digital intervention
platform and used as observation data. Potential internal compliance states are defined according to
psychoeducational theory, and the probabilistic relationship between observed sequences and latent states
is modeled using HMM. Through parameter learning of state transition and observation probabilities and
decoding algorithms, the user’s real-time compliance state sequence is dynamically inferred, enabling
continuous and automated tracking of compliance levels. Experimental results show that the proposed
method is highly consistent with expert annotations in identifying turning points, achieving a state
sequence alignment accuracy of 0.833, outperforming random forest and rule-based methods. For early
warning, the model detects “significantly decreased compliance” and “intervention dropout” events 12.5
and 18.2 days earlier on average, with recall of 0.900 and AUC of 0.892.

INDEX TERMS hidden markov model, psychoeducational intervention, compliance recognition, contin-

uous behavior modeling, early warning

I. INTRODUCTION

S a prominent preventive and promotional tool, psy-

choeducational intervention focuses on providing sys-
tematic training in psychological adjustment via knowl-
edge transfer, skill development (training), and cognitive
restructuring. The advanced integration of digital technology
has resulted in the gradual evolution of psychoeducational
intervention from a one-time, static offline model to an
ongoing, dynamic, and interactive online activity. The level
of ongoing participation and engagement on the part of the
user—i.e., “intervention compliance”—is now recognized as
a crucial process contributing to overall effectiveness of the
intervention itself.

At present, the primary means of identifying compliance
during a psychoeducational intervention uses retrospective
evaluations through phase-sensitive self-report measures or
interviews. The retrospective design of these methods re-
stricts their ability to determine the length of time to conduct
the evaluation, produces a significant level of subjectivity,
and does not permit capturing the fluctuation in compliance
that occurs throughout the intervention process [1,2]. There
have also been several studies that utilized digital methods
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to collect behavioral data to enhance the objectivity and
timeliness of compliance’s evaluation. Still, nearly all digital
methodologies utilize static feature identification or time-
point hydraulic classification for their analyses [3,4]. How-
ever, very few methods have developed a valid modeling
method for the continuous nature of behavioral evolution
[5,6]. Also, although traditional measures may yield some
degree of validity in selected situations, their retrospec-
tive nature makes them ineffective for providing timely
projections and coordinating intervention modifications in
an immediate manner [7,8]. Moreover, achieving contin-
uous, dynamic, and interpretable automated identification
of compliance status remains a key challenge for current
research. For continuous modeling of behavioral states,
time-series probabilistic models have shown unique value.
Hidden Markov Models (HMMs) are powerful in behavioral
analysis, health monitoring and other fields because they
can describe the probability transition of hidden states
over time [9,10]. At the methodological level, multilevel
HMMs [11] and Bayesian multilevel HMMs [12] provide a
more flexible modeling framework for processing complex
behavioral data, while reasoning optimization based on
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expert knowledge [13] also enhances the interpretability
and adaptability of the model. At the application level,
some studies have shown that HMMs have been widely
used in learning engagement modeling [14], daily activity
identification [15], user participation dynamic analysis [16],
internal threat detection [17], mental health status prediction
[18,19], and dependency evolution early warning [20]. In ad-
dition, related time-series models such as Markovmodulated
Hawkes processes have also shown potential in modeling
sudden behavioral events [21]. However, in the field of
psychological intervention, although some studies have at-
tempted to analyze behavioral patterns using hybrid Markov
models or model human-computer collaboration dynamics
using HMMs, no systematic work has yet applied HMMs
to the continuous compliance state modeling and real-time
identification in the psychological education intervention
process [22,23]. Existing methods generally lack the ability
to explicitly model the continuous evolution of behavioral
states, which is the core of achieving dynamic and refined
compliance assessment.

Therefore, this paper aims to address the key problem
of the difficulty in dynamically and continuously identify-
ing compliance in the psychological education intervention
process, focusing on achieving continuous behavioral state
modeling through HMMs. The study adopts an HMM-based
modeling framework, defining three potential compliance
states—high,” “medium,” and “low”—based on psycho-
logical education theory. User behavior sequences collected
from a digital platform are used as observations. The Baum-
Welch algorithm estimates state transition and observation
probabilities. The Viterbi algorithm then decodes the most
probable sequence of hidden states from the observed behav-
ior stream, producing a real-time, time-stamped trajectory
of the user’s compliance level throughout the intervention.
This paper’s major contribution is the definition of a number
of potential states with distinct psychological significance
while providing the ability to carry out probabilistic mod-
eling and decoding continuously using HMM. This will
allow real-time, dynamic, and automatic tracking of an
individual’s compliance to an intervention during a psychoe-
ducation intervention process, and additionally allow a new
way to assess and adjust digital interventions.

Il. COMPLIANCE STATE MODELING AND RECOGNITION
METHOD BASED ON HIDDEN MARKOV MODELS

A. DIGITAL PLATFORM BEHAVIORAL DATA
COLLECTION AND OBSERVATION SEQUENCE
CONSTRUCTION

The information contained within this document originates
from a standardized digital intervention platform for mental
health that delivers psychologic educational content through
a digital platform (e-learning platform). This is accom-
plished through the backend/staging system for logging all
interactions that using the e-learning system, providing the
user with access therapeutic content, representing the user’s
learning progress as they work through each class/module,
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details of assigned practice tasks that were completed, as
well as the frequency of returning to previously completed
modules. User data is captured session by session in order
to capture the continuing evolution of the user experience,
maintained as long as they remain engaged with the plat-
form.

The behavioral data generated by a single user during a
complete intervention session are organized temporally to
construct the observation sequence required for the Hidden
Markov Model (HMM) [24,25], as shown in Figure 1.

In Figure 1, it can be seen that the cleaning and pre-
processing of raw log data to eliminate noise records that
result from network latency/mis-operation/system failure.
Based on cleaned log data, a multidimensional behavioral
feature set was extracted according to the framework for
analyzing the psychoeducational intervention process. The
extracted features allow this paper to quantitatively measure
the quality and nature of how a user participates within
program. Some important dimensions of user behaviour are:
click frequency (the number of interactions which occur on
average per time unit); dwell time (the time spent actively
engaging with specific content within our intervention); task
completion rate (the percentage of assigned exercises/tasks
completed by a user; and interaction depth (the amount
of content accessed). Each feature is normalized and dis-
cretized to adapt to subsequent model input requirements.

Specifically, user behavior is sliced using fixed time
windows or key intervention event nodes. To accommo-
date variability in user interaction frequency, empty time
windows resulting from periods of inactivity are assigned
a designated observation symbol representing absence of
engagement, ensuring that the observation sequence main-
tains a consistent temporal resolution without introducing
bias into state transition estimation. This process employs
a sliding time window approach, as depicted in Figure 1.
The multidimensional behavioral feature values within each
time slice are vectorized, and the vector is transformed
into a discrete observation symbol using predefined sym-
bol mapping rules. Finally, these observation symbols are
arranged chronologically to form an observation sequence
representing the user’s behavioral pattern. This sequence
serves as input to the HMM to characterize the user’s
explicit interactive behavior evolving over time.

B. THEORETICAL DEFINITION OF LATENT
COMPLIANCE STATES AND INITIALIZATION OF LATENT
STATE SPACE

In the Hidden Model (HMM) framework, latent states
represent the user’s inherent psychological attributes that
cannot be directly observed [26,27]. This paper operational-
izes “intervention compliance” as the psychological and
behavioral tendency of users to consistently, proactively,
and with high quality follow a pre-set intervention plan. To
model this, based on mature theories of behavioral change
stages and engagement in the field of psychoeducation,
this continuous internal construct is discretized into a finite
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FIGURE 1. Construction of observation sequences

number of latent states [28,29]. This discretization aims
to balance the expressiveness and computational feasibility
of the model, while ensuring that each state has clear
psychological meaning and distinguishability.

The set of latent states S contains three levels of engage-
ment: “high compliance S1,” “medium compliance S2,” and
“low compliance S3.” In the following sections, these states
are referred to as the high compliance state, the medium
compliance state, and the low compliance state to enhance
clarity. The definition of each of these states is as follows:
“high compliance” is associated with users engaged at a
high level and actively changing behaviors. Therefore, a
user in this state should frequently visit, complete tasks
consistently, and interact deeply. A user in “medium com-
pliance” experiences a period of ambiguity and may exhibit
some level of consistency in their behavioral traits, but not
consistent with high compliance. In contrast, users in low
compliance states will likely be pre-reflecting and have a
high risk of dropping out and have very infrequent, shallow,
or intermittent engagement patterns. The boundaries of each
state and the corresponding expected behavioral characteris-
tics are determined by domain experts based on theoretical
analysis and prior empirical data to ensure content validity.

Regarding the relationship between observed symbols and
latent states, as described in Section 2.1, the multidimen-
sional behavioral feature vector is discretized to generate
observed symbols. Each observed symbol is not directly
and deterministically assigned to a particular latent state,
but rather a probabilistic relationship is established through
the observed probability matrix B of the Hidden Markov
Model (HMM):

B = {bj(k)}’v (D

b;(k) is defined as the probability of generating the ob-
servation symbol v, given the latent state S;. Therefore, the
mapping from the observation sequence to the latent state

bj(k) = Plor =vi | ¢ = S;)
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sequence is an indirect inference relationship constrained by
the probabilistic model. The model automatically estimates
the probability of generating various observation behavior
patterns under each compliance state from the data through
subsequent parameter learning. A sensitivity analysis exam-
ining the influence of the precise state definitions on model
performance is presented in Section 3.7.

C. HMM PARAMETER LEARNING AND MODEL
TRAINING

After completing the construction of the observation se-
quence and the definition of the latent state, this paper uses
Hidden Markov Models (HMMs) to model the dynamic
evolution of compliance [30,31]:

A=A,B,r @)

7 is the initial state probability distribution vector, rep-
resenting the probability that the user is in each potential
compliance state at the start of the intervention; A is the state
transition probability matrix, whose elements describe the
pattern of transition from one state to another, quantifying
the dynamic evolution pattern of compliance level.

Since potential states cannot be directly observed, model
parameters need to be estimated through a data-driven
approach. This paper uses the Baum—Welch algorithm based
on the expectation-maximization idea to train the model
[32,33]. The algorithm’s input is the set of observation
sequences of all users collected from the digital platform,
and iteratively maximizes the log-likelihood function of the
observation sequences:

N
L) =Y logP (O(") | /\> 3)
n=1

In each iteration, the Baum-Welch algorithm performs
two steps. First, it uses a forward-backward algorithm
to calculate the posterior probability of the hidden state
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[34,35]. Given the observation sequence, the probability of
being in S; at time ¢ is:

(i) = P(g = Si | O, \) 4)

The joint probability of a state transition occurring at
adjacent time points is:

&(4,5) = Plgr = S, qer1 = 55 | O, N) (5)

Subsequently, in the maximization step, the model pa-
rameters are updated based on the aforementioned expected
statistics:

T—14 . -
o > &l )
1) T T—1 . )
> im1 Ye(d) (6)
™ = 7(1)

The iterative process continues until the increase in the
model’s log-likelihood is lower than a preset threshold,
and the optimal parameters after convergence are obtained.
After training, A reveals the intrinsic law of compliance
state evolution, while B characterizes the typical behavior
generation patterns under different compliance levels.

D. REAL-TIME COMPLIANCE STATE DECODING AND
SEQUENCE INFERENCE
After the model training is completed, a set of optimal
parameters is obtained, which encapsulates the transition
law between potential compliance states and their generation
relationship with observed behavior. For a new user, or a
new real-time behavior data stream generated during the
intervention process, the core task is to infer the most
likely potential state sequence behind the observed be-
havior sequence. This process is called decoding, which
realizes the mapping from observable explicit behavior to
unobservable intrinsic compliance state. This paper uses
the Viterbi algorithm to complete the real-time decoding
task [36]. This algorithm is an optimal path search method
based on dynamic programming, and its goal is to find
the state sequence with the highest probability under the
given model and observation sequence. The algorithm is
executed in the form of a sliding time window, which can
dynamically update the inference results with the generation
of new observation data, thereby meeting the real-time
requirements.

The decoding process is as follows: First, initialize the
variables at time t=1. For each S, calculate its initial
probability:

(51(2) = T - bi(Ol), Vi (7)

01(4) represents the maximum probability of reaching S;
along all possible state paths up to time t, generating the
observation sequence, and recording the path:

Pi(i) =0, Vi ®)
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¥1(i) is then used to backtrack and record the state
preceding the point with the maximum probability. Sub-
sequently, a recursive calculation is performed. For each
subsequent time step t from 2 to T, and for each Sj ,
the following is calculated:

6t(5) = max, [6:—1(7) - aij] - bj(or), Vi ©)

And recording the state i that makes the expression reach
its maximum value, that is:

Yy(j) = arg B [0i—1(@) - asz], Vj (10)

The goal of this phase (backtracking) is to identify an
individual “optimal predecessor state” for each “current
state” (the present time step) as well as each time point
(the previous time steps). The globally-optimal path is
established through backtracking, after all of the observed
sequences have been processed.

The final output sequence of ‘“‘state investigators” is
compiled into one trajectory that indicates how users have
moved from one state of “high” to “medium” user com-
pliance during this intervention period up until the time
of intervention. Therefore, the path tracked by these ‘“state
trajectories” provides continual insight into the quality of
users’ engagement patterns over time.

lll. MODEL PERFORMANCE AND RECOGNITION
CAPABILITY EVALUATION

This chapter aims to systematically assess how well the
HMM method for modeling continuous behavioural states
performs in identifying adherence or compliance during
psychoeducational interventions. Using the state space and
parameter-learning and sequence-decoding components de-
scribed in the method section, this paper performs a multi-
dimensional analysis of the model’s ability to identify “key
turning points”, state transition patterns; continuity in state
sequences, interpretability, and early warning effectiveness.
In addition to comparing model’s output state sequence with
expert-annotated results and other baseline methods, this pa-
per will provide a comprehensive comparison of the model’s
output state sequence regarding its temporal consistency,
structural rationality, and decision support capabilities.

A. IDENTIFICATION OF THE EVOLUTION TRAJECTORY
AND KEY TURNING POINTS OF COMPLIANCE STATUS

To evaluate the Hidden Markov Model’s (HMM) ability to
identify key nodes in the dynamic evolution of compliance,
this paper defines “key inflection points” as moments when a
substantial change in state occurs. Specifically, an inflection
point is operationalized as the time point at which a user’s
potential compliance state transitions across categories. Self-
transitions during state maintenance are not considered
inflection points. The evaluation benchmark was indepen-
dently constructed by two researchers with over five years
of experience in digital interventions in psychoeducation.
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These researchers performed the annotation without access
to the HMM’s inference results or its parameter initial-
ization values. Their annotations were based solely on the
raw behavioral log data and a standardized coding manual
derived from established psychoeducational theory, ensuring
an independent reference standard for subsequent quantita-
tive comparison. Evaluators were provided with complete
time-series logs of user behavior, stripped of any model
inferences, including all interaction events, timestamps, and
derived features. Based on the predetermined operational-
ized definition and behavioral pattern paradigms, evaluators
independently labeled each user with the moments when
all perceived states changed throughout the intervention
period, along with their preceding and following state labels.
Cohen’s Kappa coefficient was used to calculate inter-
evaluator consistency, ensuring good consistency in the
annotations presented in this paper. For discrepancies in
the labeled points (approximately 7.2%), a consensus was
reached through review by a third senior researcher, forming
the final standard inflection point sequence.

The state sequence output from the HMM decoding was
compared user-by-user with the standard inflection point
sequence annotated by the experts. For a model-predicted
inflection point, if the difference between its timestamp
and the timestamp of an expert-annotated inflection point
is within a preset tolerance window (set to 1 observation
time unit in this paper, i.e., between two adjacent behavior
slices), and the predicted state change direction (e.g., from
S1 to S2) is consistent with the annotation, it is considered
a correct identification (True Positive, TP). Inflection points
predicted by the model but not found to match in the
standard annotation are recorded as false positives (False
Positive, FP), and inflection points present in the standard
annotation but not predicted by the model are recorded as
false negatives (False Negative, FN). To visually demon-
strate the comparison between the model’s identification
results and expert annotations, a typical user is used as
an example, and their behavior observations over time, the
state sequence decoded by the HMM, the model-identified
inflection points, and the expert-annotated inflection points
are plotted. As shown in Figure 2, which clearly shows
the continuity of the model’s inferred state trajectory and
the alignment of inflection point identification in the time
dimension.

Figure 2 presents the behavioral observation sequence,
HMM decoding state sequence, and key inflection point
identification comparison of a typical user during the in-
tervention process through four subplots. In Figure 2(a),
the horizontal axis represents the observation time series,
and the vertical axis represents the behavioral feature values
normalized to the [0,1] interval. It shows the changes over
time in click frequency (fluctuating between 0.2 and 0.8),
dwell time (varying between 0.3 and 0.9), task completion
rate (fluctuating between 0.15 and 0.65), and interaction
depth (varying between 0.35 and 1). These features gener-
ally show a decreasing trend around time points 35 and 65,
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while exhibiting low-level fluctuations after time point 75,
reflecting the changing process of user engagement quality.
Figure 2(b) also shows the observation time series on the
horizontal axis and discrete potential compliance states on
the vertical axis. The state sequence decoded by the HMM
shows that the user was in state S1 from time 1 to 34, in
state S2 from time 35 to 65, briefly returned to state S1
from time 66 to 74, and entered state S3 from time 75 to
100. This trajectory reveals the dynamic evolution path of
user compliance from high to low levels. In Figure 2(c),
the inflection points are marked with red dashed lines and
squares in the State Sequence of the model. These inflection
points are time points 35, 66, 75, and 84. The time points
35, 66, and 75 are the locations of the change from state
S1 to S2, S2 to S1 and S1 to S3. The inflection point
(84) at the time, indicates that the model has identified the
major state transitions, as well as some smaller fluctuations;
therefore, when using the State Sequence of the model to
identify inflection points in the compliance states, the model
captures all major transitions in the compliance states (i.e.
inflection points) and most small fluctuations. The inflection
points identified by experts in Figure 2(d) are 35, 66, and 76,
indicated with green dashed lines and asterisks. The experts
agree with the model in identifying the first and second
inflection points (i.e., time points 35 and 66). The expert
mark of 76 (i.e., one time point later than the model) may
be due to their different threshold of state persistence used
to identify compliance states based on behavioral patterns.
Overall, the expert evaluations and model results are highly
consistent in identifying the same primary inflection points,
supporting the conclusion that the model is able to success-
fully follow the evolution of compliance states over time
and accurately identify the location of the primary inflection
points.

B. ANALYSIS OF STATE TRANSITION PROBABILITY
MATRIX AND ITS BEHAVIORAL INTERPRETATION
The model was validated to successfully capture state
change nodes. A more detailed analysis of A (after training
convergence) was then performed to comprehensively un-
derstand the evolution of compliance states. As described in
Section 2, each element in A corresponds to the probability
that an individual will transition from one compliance state
to another in adjacent time slices. Quantitative analysis of
A allows us to categorize the decay trajectory as either a
rapid, direct decline or a gradual decline through transitional
states until eventual exit from the compliance state, thus
determining whether the decline in compliance is abrupt or
phased. Furthermore, by combining specific observed be-
havioral patterns (rapid clicking and low completion rates),
the difference between the transition probability under these
patterns and the global transition probability is compared
to assess its potential value as a risk warning signal. The
analysis results are shown in Figure 3.

Figure 3 analyzes the impact of A and specific behavioral
patterns through five subgraphs: Figure 3(a) presents the
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FIGURE 2. Comparison of User Compliance State Evolution and Turning Point Identification: (a) User Behavior Observation
Sequence; (b) Latent Compliance State Sequence Decoded by HMM; (c) Key Turning Points Identified by the Model (Red Dashed
Line); (d) Turning Points Annotated by Experts
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global A in the form of a heatmap, with the horizontal and
vertical axes representing the next state and the current state,
respectively. The matrix elements show that the high com-
pliance state S1 has a probability of 0.75 to remain itself,
a probability of 0.20 to transfer to the medium compliance
state S2, and a probability of 0.05 to directly transfer to the
low compliance state S3; the medium compliance state S2
has a probability of 0.70 to remain itself, and a probability
of 0.15 to transfer to S1 and S3; the low compliance state
S3 has a probability of 0.70 to remain itself, a probability of
0.25 to transfer to S2, and a probability of 0.05 to transfer to
S1. This indicates that each state exhibits high self-stability,
and compliance decay usually requires transfer through S2.
Figure 3(b) compares the global probability starting from S1
with the conditional probability after observing the “rapid
clicks and low completion rate” pattern M. The data shows
that when pattern M appears, the probability of staying in S1
decreases from 0.75 to 0.45, the probability of transitioning
to S2 increases from 0.20 to 0.40, and the probability of
directly transitioning to S3 increases from 0.05 to 0.15,
indicating that this behavioral pattern significantly increases
the risk of state deterioration. Figure 3(c) shows a heatmap
of the conditional transition probability matrix under given
pattern M. Its structure is similar to the global matrix, but the
transition tendency changes. Figure 3(d) compares the case
starting from S2. Under pattern M, the probability of staying
in S2 decreases from 0.70 to 0.60, and the probability of
transitioning to S3 increases from 0.15 to 0.30, showing
that this pattern also exacerbates the decay from medium to
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low compliance. Figure 3(e) quantifies the multiplier of the
probability increase of pattern M on the critical decay path.
The probability of going directly from S1 to S3 increases by
3.0 times, from S1 to S2 by 2.0 times, and from S2 to S3 by
2.0 times. The probability of the two-step decay path from
S1 to S2 to S3 increases by 4.0 times. This conclusively
proves that the “fast click and low completion rate”” behavior
pattern is a strong predictor of compliance decay, providing
a quantitative basis for early warning.

C. SMOOTHNESS AND STATE PERSISTENCE
ANALYSIS OF DECODED STATE SEQUENCES
Besides the accuracy of inflection point locations, the con-
tinuity and smoothness of the compliance state sequence
over time are also important aspects for evaluating model
quality. If the model’s output state oscillates frequently
between adjacent time points, it will be difficult to reflect the
true psychological evolution process and will also weaken
its usability in actual intervention. Therefore, this paper
analyzes the decoded state sequence from two perspectives:
state duration and state switching frequency. First, the
average duration of different compliance states in the test set
is statistically analyzed and compared with the theoretical
expected value derived based on self-transition probability
to verify the stability of the model output. Second, the State
Switching Frequency (SSF) and Jitter metrics are introduced
to quantify the degree of fluctuation of the sequence over
time. The relevant results are shown in Figure 4.

Figure 4 illustrates the smoothness and persistence of the
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state sequence through four subgraphs: Figure 4(a) presents
a state sequence segment of a typical user at 100 time
points. The horizontal axis is the observation time series
index, and the vertical axis is the compliance state (S1, S2,
S3). The sequence shows four consecutive state segments—
S1 lasting 30 points, S2 lasting 20 points, S1 lasting 25
points, and S3 lasting 25 points. There are only 3 state
transitions during this period. The calculated SSF is 0.030
and the Jitter is 0.667, indicating that the state changes
are smooth and without drastic fluctuations, which verifies
the smoothness of the model output sequence. Figure 4(b)
compares the actual statistical average duration (observation
point) of each state with the theoretical estimate based on
the self-transition probability. The actual values are S1:

28.5 points, S2: 15.2 points, and S3: 42.8 points, respec-
tively, while the theoretical values are S1: 4.00 points,

S2: 3.33 points, and S3: 3.33 points, respectively. The
actual values are significantly higher than the theoretical
values, reflecting that once a state is entered, it tends to last
for a long time, exceeding the duration expected by the one-
step transition probability alone. In Figure 4(c), the actual
durations are S1: 57.0 days, S2: 30.4 days, and S3: 85.6
days, while the theoretical reference ranges are S1: 90-180
days, S2: 14-60 days, and S3: 30-1000 days. The actual
duration of S1 is 57 days, which is below the theoretical
lower limit of 90 days. This discrepancy is attributed to
the specific user cohort in this study, which consisted of
individuals with subclinical symptoms rather than clinically
diagnosed cases, resulting in a shorter sustained period of
high engagement compared to theoretical models developed
from clinical populations. Figure 4(d) shows the distribution
of state sequence smoothness indices for 100 users. The
median SSF is 0.028, and the median Jitter is 0.020. Both
indices are concentrated at low levels, further confirming
that most users have low state sequence switching frequency
and small variation amplitude, and have high smoothness
and stability overall.

D. CALCULATION OF CONTINUITY EVALUATION INDEX
FOR STATE SEQUENCE INFERENCE

Based on confirming the overall smoothness of the state se-
quences, this paper further quantifies the model performance
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from the perspective of sequence-level consistency. Two
metrics are introduced: State Sequence Alignment Precision
(SSAA) and edit distance (which measures the minimum
number of edit operations required to transform one state
sequence into another, including inserting, deleting, and
replacing a state label). These metrics respectively measure
the consistency between the model’s predicted sequence and
the expert-annotated sequence at the time-point level and
the overall structural level. Simultaneously, to verify the
advantages of Hidden Markov Models (HMMs) in modeling
temporal dependencies, they are compared with two base-
line methods: a method based on artificial threshold rules
(denoted by RB) and a Random Forest (RF) classification
method based on sliding windows. The Random Forest
method, while not inherently sequential, serves as a strong
non-temporal baseline representing conventional machine
learning approaches for feature-based classification, whereas
the rule-based method reflects simplistic threshold-driven
heuristics commonly used in practice. The three methods
calculate the average SSAA and normalized edit distance
on the same test set, and statistical tests are used to analyze
the significance of differences. The comparison results are
summarized in Figure 5.

Figure 5 provides a comprehensive evaluation of the
continuity of the state sequence through four subplots:
Figure 5(a) presents a heatmap showing the point-by-point
alignment between the HMM predicted sequence and the
expert-annotated sequence for a typical user (user #50,
sequence length T=98). The horizontal axis represents time
points (1 to 98), and the two rows on the vertical axis
represent the alignment status (green for matching, red for
mismatch) and the predicted state, respectively. The green
area corresponds to a high SSAA (0.847), indicating that
the model is consistent with the expert annotations at most
time points. The red stripes are sparse and scattered, mainly
concentrated at switching points, corresponding to a low
relative edit distance (0.173). The combination of these
two aspects shows that the HMM performs well in both
overall accuracy and temporal continuity, and even with
local biases, it does not disrupt the overall structure of the
sequence. Figure 5(b) compares the average performance
of the three methods using a biaxial bar chart. HMM has

2889



JOURNAL
¢ ORG

AE

J.Lietal

Match

Alignment

Predicted state

Mismatch

10 20 30 40 50 60 70 80 90

SSAA

< 0.8
<

1

0.4
. Ir
I .
0 0

HMM RF RB =
Method Mlissan
d —o—Relative edit distance

clative edit distance

1

0.4
HMM RF RB

Method

3 Time step
= L c
2 * HMM
£ 04 * i, RF
b=} Wt RB
5 02 .._'.:Wet o | % cenwoid| 0.6
2
g . e
s 0 ‘
~ 04 0.6 0.8 1
SSAA

FIGURE 5. Comprehensive evaluation of state sequence continuity: (a) Point-by-point alignment of HMM predictions; (b) Average
performance comparison; (c) User-level continuity and accuracy distribution; (d) Distribution of SSAA in different methods

the highest SSAA (0.833), significantly higher than RF
(0.701) and RB (0.512), while its relative edit distance is
the lowest (0.182), much lower than RF (0.298) and RB
(0.389), indicating that HMM has the best continuity while
maintaining sequence accuracy. Figure 5(c) presents the
distribution of 100 users in the two-dimensional space of
SSAA and relative edit distance as a scatter plot. HMM user
points (blue) are densely distributed in the ideal region of
SSAA>0.75 and relative edit distance<0.25, RF user points
(orange) are more dispersed, and RB user points (pink)
are concentrated in the region of SSAA<0.6 and relative
edit distance>0.3. The center point coordinates of the three
methods are (0.833,0.182), (0.701,0.298), and (0.512,0.389),
respectively, which intuitively show the dual advantages of
HMM in terms of continuity and accuracy. Figure 5(d)
further illustrates the distribution of SSAA. The median of
HMM is 0.837 with an interquartile range of [0.802, 0.874],
the median of RF is 0.704 with an interquartile range of
[0.662, 0.746], and the median of RB is 0.508 with an
interquartile range of [0.466, 0.562]. HMM not only has the
highest median but also the most concentrated distribution
range, confirming that its output sequence has stable and
superior continuity quality. The overall results show that
HMM, by modeling the temporal dependencies between
states, can generate highly smooth and accurate state se-
quences in the time dimension, significantly outperforming
traditional methods that ignore temporal information.

E. DYNAMIC INTERPRETABILITY ANALYSIS OF
COMPLIANCE BASED ON STATE TRANSITION
PATTERNS

To further enhance the model’s credibility in practical ap-
plications, this paper conducts an interpretability analysis
of the relationship between state transition structure and
observed behavioral patterns. By jointly analyzing A and B,
the most representative behavioral patterns under different
compliance states can be identified, and their impact on
subsequent state evolution directions can be quantified.
Specifically, firstly, a directed graph of state evolution is
constructed to represent the main transition paths; sec-
ondly, given specific observation symbols, the expected state
transition distribution is calculated and compared with the
global transition structure, thereby identifying behavioral
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signals with significant predictive value. The results of the
correlation analysis are shown in Figure 6.

Figure 6 systematically reveals the interpretable structure
of the state transition pattern: The chord diagram in Figure
6(a) arranges three state nodes (S1, S2, S3) and four
observation symbol nodes (v1 to v4, corresponding to “high
completion rate for deep browsing”, “medium completion
rate for regular interaction”, “low completion rate for quick
clicks”, and “short-term pause to skip tasks”) in a circle, and
the associations are represented by chords; the blue chords
represent the transitions between states, and their line width
is proportional to the transition probability; the colored
chords represent the probability of a state generating an
observation symbol, and their line width is proportional to
the value in B. Intuitively, S1 is mainly strongly associated
with vl (probability 0.40), while S3 is closely related to the
behaviors of v3 (probability 0.40) and v4 (probability 0.40),
and the state transition chords reveal the main evolutionary
direction. Figure 6(b) highlights the main evolutionary paths
with a probability greater than 0.05. Among them, the blue
curve shows the self-transfer paths (S1 to S1, S2 to S2, S3
to S3) with the largest flow, with probabilities of 0.75, 0.70,
and 0.70, respectively, indicating that each state has high
stability. Among the red curve decaying transfer paths (to
lower compliance), S1 to S2 (probability 0.20) and S2 to S3
(probability 0.15) are the main paths, while the direct jump
path S1 to S3 has a lower probability (0.05), indicating that
compliance decay usually occurs gradually. The green curve
recovering transfer paths (to higher compliance) generally
have low probabilities (S3 to S2 is 0.25, S2 to S1is 0.15, and
S3 to S1 is only 0.05), revealing the difficulty of recovering
from a low compliance state and indicating that there is a
certain hysteresis effect in the system.

F. VALIDATION OF THE EFFECTIVENESS OF EARLY

WARNING AT KEY INTERVENTION TURNING POINTS

Finally, from the perspective of practical intervention ap-
plication, the performance of the HMM method in early
warning of key adverse events was evaluated. Based on the
state sequence decoding and risk triggering rules proposed
in the methodology section, the first or sustained entry into
a low compliance level was considered as a warning signal,
and this was compared with traditional retrospective scale
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assessment methods. By statistically analyzing the warning
lead time, precision, recall, and F1 score, the efficacy differ-
ence between the two methods in predicting “significantly
decreased compliance” and “intervention dropout” events
was systematically evaluated. The experimental results are
presented in Figure 7 and Table 1, where Figure 7 shows
the distribution of the HMM’s lead time relative to scale
assessment, and Table 1 summarizes the key performance
indicators.
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FIGURE 7. Distribution of time advance (AT) in HMM assessment relative to
traditional scales
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Figure 7 shows the distribution of the advance time (AT)
of HMM compared to traditional scale assessment. The
horizontal axis represents the two event types (“significant
decline in compliance” and “intervention dropout”), and the
vertical axis represents the advance time (days). The data
shows that for the “significant decline in compliance” event,
HMM provides an average advance warning of 12.5 days,
and for the “intervention dropout” event, it provides an
average advance warning of 18.2 days. Moreover, the main
distribution of all AT values is above the zero reference line
of the traditional scale assessment warning time, indicating
that HMM can provide earlier warnings in most cases.

VOL. 15, NO. 3, AUGUST 2026

TABLE 1. Summary of Key Indicators for Early Warning Effectiveness

HMM Method Traditional Scale

Assessment

Evaluation Dimension Specific Metric

Warning Accuracy Precision 0.821 0.857
Recall 0.900 0.600
F1 Score 0.840 0.720
Comprehensive AUC 0.892 0.735

Discriminatory Ability
Decision Benefit Proportion of Events Captured in Top 68.3% 42.5%

30% of Users

Table 1 shows that HMM significantly outperforms tradi-
tional scales in recall (0.900 vs. 0.600) and F1 score (0.84
vs. 0.72), indicating that it can capture real risk events
more comprehensively. Although the scale is slightly higher
in precision (0.857 vs. 0.821), HMM’s comprehensive dis-
crimination ability (AUC of 0.892 vs. 0.735) and decision
benefits (capturing 68.3% of events when issuing warnings
to the top 30% of users, far exceeding the scale’s 42.5%)
are outstanding. This confirms the comprehensive advantage
of HMM in providing more timely and sensitive warnings
in digital intervention, and provides a quantitative basis for
real-time adaptive adjustment of intervention strategies.

G. ROBUSTNESS OF STATE DEFINITIONS

To evaluate the stability of the model’s performance with
respect to the operationalization of the latent compliance
states, an additional analysis was conducted. A second panel
of experts, independent from the original group, was asked
to define an alternative set of boundaries for the high,
medium, and low compliance states based on the same
theoretical framework. These alternative definitions involved
minor adjustments to the threshold values of the behavioral
features that delineate the states. The observation sequences
for all users were then relabeled according to these new
state definitions, and the HMM was retrained using the same
procedures described in Section 2.3. The performance of this
alternative model was assessed on the test set (See Table 2).
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TABLE 2. Model Performance Comparison Under Original and Alternative
State Definitions

Performance Metric Original State Alternative State

Definition Definition

State Sequence Alignment 0.833 0.826
Precision

AUC 0.892 0.885
Recall for Early Warning 0.900 0.892
Events

Precision for Early Warning 0.821 0.818
Events

F1 Score 0.840 0.835

In Table 2, The state sequence alignment precision
achieved was 0.826, compared to the original 0.833, and the
area under the curve was 0.885, compared to the original
0.892. The recall for early warning events remained at
0.892, slightly below the original 0.900. These marginal
differences demonstrate that the HMM’s performance is
robust to reasonable variations in the expert-defined state
boundaries, supporting the generalizability of the findings.

IV. CONCLUSION

This research evaluates how to match psychoeducational
interventions with users in a way that dynamically and
continuously monitors compliance levels. The approach is
based on HMM to define three distinct compliance levels —
high, medium, and low. The observations used for modeling
user compliance with these three states are taken from use
of an online system to observe and interpret user behaviour
sequences as they occur over time while implementing the
psychoeducational intervention. Using the results of the
experiments conducted, the earliest warning of compliance
levels with users has been determined; these results also
provide evidence that the tracking of users’ compliance
levels over time can be accurately tracked through the
application and monitoring of real-time HMM decoding.
This paper provides a continuous and dynamic compliance
monitoring framework for psychoeducational interventions,
expands the application of time-series models in the field
of mental health, and facilitates refined assessment and
adaptive adjustment of the intervention process.
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