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Traditional machine learning methods struggle with the dynamics of continuous glucose monitoring 

(CGM) data. This study developed a Hierarchical Hidden Markov Model (HHMM) integrating CGM 

features for diabetes risk profiling and compared it with standard classifiers. Data from 86 patients, 

including clinical and CGM measurements, were analyzed using eight features. The HHMM was trained 

and compared with the standard models using a 70/30 split ratio. HHMM enhanced with CGM achieved 

8 8. 5% precision and 94. 3% ROC-AUC, outperforming random forest (88. 5% precision, 92. 0% AUC), 
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logistic regression (84. 6% precision, 92.0% AUC), gradient boosting (76.9% precision, 76. 1% AUC) 

and Support Vector Machine(SVM) (84. 6% accuracy, 70. 5% AUC). The HHMM identified 

hyperglycemic and normoglycemic patients, whereas the discriminative models failed to detect minority 

classes. CGM Time Below Range was the most significant feature, followed by smoking pack years and 

BMI. This model identified three latent states of glucose regulation. The CGM data improved the model 

accuracy by 9.7% and ROC-AUC by 10.2 when HHMMs were applied to small datasets. The 

framework demonstrated superior performance in diabetes risk stratification, even in the presence of a 

high feature correlation and class imbalance. The efficacy of the framework was validated using the 

Tigga Garg survey dataset. 

Published on: 
18-01-2026 

These findings support the utility of this model, indicating its potential application in clinical settings for 

monitoring diabetes control. 
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Introduction 

This study addressed diabetes risk 
stratification using Continuous Glucose 
Monitoring (CGM) data to extract 
temporal information(1)(2). Traditional 
machine learning classifiers struggle with 
temporal dynamics in diabetes risk 

processes in healthcare by modeling 
disease progression through latent states 
representing glucose regulation phases. In 
this study, we developed and validated an 
HHMM for diabetes risk assessment and 
compared it with conventional classifiers. 
The approach demonstrated enhanced 
predictive accuracy for small, high- 
dimensional temporal datasets, with CGM 
data improving model accuracy by 9.7% 
and ROC-AUC by 10.2% compared with 
clinical features alone(11),(12),(13). 

profiling(3)(4). We implemented a 
Hierarchical Hidden Markov Model 
(HHMM) to model these processes, 
outperforming other models. Our goal was 
to validate HHMM for risk profiling and 
compare its performance with that of 
traditional classifiers for improved 
accuracy(5). This study identified 
smoking, CGM TimeBelowRange, and 
BMI as key 

Key components of this study include 
the following: 

features. The importance of features in the 
hierarchical hidden Markov model can be 
assessed through emission probability 
analysis, state discrimination, log- 
likelihood contribution, and 

The outcomes of this research will 
contribute to the development of targeted 
interventions designed to optimise dietary 
habits, which enhance insulin adherence 
and ultimately improve glycemic control 
for individuals with type 1 and type 2 
diabetes. 

perturbation analysis(6). 

Traditional classifiers employ a variety of 
techniques. Random Forest uses Gini 
importance, permutation importance, and 
out-of-bag importance(7)(8). Logistic 

The proposed model focuses on capturing 
the latent states of dietary behaviors and 
insulin management, along with their 
impact on observed blood glucose levels 
over time. This will be achieved using the 

Regression considers coefficient 
magnitude |β| values, odds ratios exp(β), 
and statistical significance. Gradient 
Boosting assesses feature importance and 
partial dependence, while SVM uses 

expectation-maximization technique 
within a Hidden Markov Model. 

permutation 
feature importance across models can be 
evaluated using rank correlation, top-k 

importance(9),(10). The By modeling the temporal patterns and 
transitions of these factors, we can gain 
valuable insights for designing 

agreement, and stability analysis. personalized and tailored treatment 
strategies. Continuous Glucose Monitoring (CGM) 

provides comprehensive glucose level data 
throughout the day, capturing variability 
and trends, unlike traditional single-point 
measurements. While traditional machine 
learning approaches have been used in 
diabetes research, they struggle with 
temporal data and glucose regulation 

I. Method and Material 
This study, as detailed by Zhu (2022)(14), 
analyzed secondary data from 86 patients 
with complete clinical and CGM profiles, 
excluding those with incomplete data. The 
diverse participants varied in terms of 
diabetes duration and glycemic control. 

dynamics, necessitating advanced 
techniques such as Hidden Markov 
Models. Hierarchical Hidden Markov 
Models effectively capture temporal 
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The Key metrics included age, BMI, 
diabetes duration, sex, smoking, alcohol 
use, and hyperglycemia status. CGM data 
were standardized, quality checked, and 
missing values imputed, which was 
suitable for Hierarchical Hidden Markov 
Models. Eight CGM features were used to 
assess glucose dynamics, including levels, 
variability, and specific ranges, adhering 
to CGM standards. Smoking was the 
primary discriminative feature, followed 
by CGM TimeBelowRange and BMI. 

 T: Sequence length, N: Number of 
hidden states 

 d: Observation dimensionality 

B. Assumptions of the model 

 

 

 Markov property: P(S[t+1] — S[1:t]) = 
P(S[t+1] — S[t]) 

 Observation Independence: P(X[t] — 
 S[1:T], X[1:t-1]) = P(X[t] — S[t]) 

Stationarity: Transition probabilities 
remain constant over time 

C. Mathematical Framework of the Model 
A hierarchical hidden Markov model is 
defined by the tuple λ = (Q, B, π), where a 
State Transition Matrix Q: Q[i,j] = 
P(S[t+1] = j — S [t] = i). This is a 3×3 
matrix relevant to our model with three 
states, and each row sums up to one 

Emission Probability is modeled using a 
Multivariate Gaussian Distribution. For 
each hidden state s, the observations 
follow this distribution: X[t] | S[t] = s ∼ N 
(µ[s], Σ[s]). The probability density 
function is expressed as: P(X[t] | S[t] = s) 

(stochastic 
Probability Matrix B: B[i] 

P(X[t] — S[t] = i). This involves a 

constraint). Emission = (2π) −d/2 |Σ[s]| −1/2 exp − 1 2 (X[t] − 
µ[s])T Σ[s] −1 (X[t] − µ[s]) . d = 14 
(dimensionality of features), µ[s] = mean 
vector for state s (14×1), Σ[s] = covariance 
matrix for state s (14×14) 

= 
multivariate Gaussian for continuous 
observations, with one distribution per 
hidden state, • Initial state distribution π: π 
[ i] = P (S [1] = i). These are the prior The Parameter Interpretation of the model: 

State 1 (Stable Regulation): low average 
glucose levels, minimal fluctuations, 
Strong covariance structure, high values 
for time spent within the target range. 

probabilities of the initial states (15). 

The Hierarchical Hidden Markov Model 
(HHMM) structure comprised a three-state 
model: S1 (stable), S2 (moderate), and S3 State 2 (Moderate Dysregulation): 
(severe). This model incorporates Moderate increase in glucose levels , 

Greater variability in parameters, Mixed 
results in glycemic control metrics. State 3 
(Severe Dysregulation): elevated average 

hierarchical constraints that preclude direct 
transitions between the stable and severe 
states. 

glucose levels,Significant variance 
A. mathematical notation of the model components, and Indicators of poor 

glycemic control.  
 

 S[t]: Hidden state at time t. 
 X[t]: observation vector at time t. 
 λ = (Q, B, π): HHMM parameters. 
 α[t](i): Forward probability 
 β[t](i): Backward probability 
 γ[t](i): State posterior probability 
 ξ[t](i,j): Transition posterior 

probability 
 δ[t](i): 

This mathematical framework serves as 
the foundation for the Hierarchical Hidden 
Markov Model (HMM) approach used to 
stratify diabetes risk, employing 
continuous glucose monitoring data. 

 Viterbi probability 
II. FUNDAMENTAL ALGORITHMS OF 

HIERARCHICAL HIDDEN MARKOV 
MODEL 

 ψ[t](i): Viterbi back pointer 
 µ[s], Σ[s]: Gaussian parameters for 

state s 
 N(µ, Σ): Multivariate normal 

distribution 1128 
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When deploying Hidden Markov Models, 
several factors are essential for optimal 
performance and stability. Numerical 
stability was managed using log-space 

ALGORITHM 
MAXIMIZATION 
Input: Observation sequences O (1), O 
(2),..., O (M), Initial model λ (0) Output: 
Optimized model λ* 

2: EXPECTATION- 

calculations, scaling factors, and 
regularization of the covariance matrix. 
Initialization methods, such as K-means 
clustering, random perturbation, and 
domain knowledge integration, are crucial 
for initial state assignments. Hyper 
parameter tuning, including state numbers, 
convergence tolerance, and covariance 
structure, uses the model selection criteria 
and cross-validation techniques. 

1. Initialize: k = 0 λ (k) = λ (0) convergence 
= False 

2. WHILE NOT CONVERGENCE: 

E-STEP: FOR m = 1 to M: For each 
sequence, compute γ (m) t (i), ξ (m) t (i, j) 
using the forward-backwards end for m 
M-STEP: Update transition probabilities 
FOR i = 1 to N: FOR j = 1 to N: 
aˆij = X m X t ξ (m) t (i, j)/ X m X t γ (m) 

t (i) 
END FOR j END FOR i 
Update emission parameters (Gaussian) 

for j = 1 to N: 

ALGORITHM 
BACKWARD ALGORITHM 
Input: Observation sequence O = {o1, o2, . 

. , ot}, Model λ = (A, B, π). Output: State 

1: FORWARD - 

. 
probabilities γt(i), Transition probabilities 
ξt(i, j) 

Mean update µˆj = P m P t γ (m) t (j) × o 
(m) t / P m P t γ (m) t (j) 
Covariance update Σˆ j = P m P t γ (m) t 

(j) × (o (m) t − µˆj )(o (m) t − µˆj ) T / P m 
P t γ (m) t (j) END FOR j P FORWARD PASS: 

1 
= 
2 

. Initialize: For i = 1 to N: α1(i) Update initial probabilities for i = 1 to N: 
πˆi = m γ (m) 1 (i)/M END FOR i 
Check convergence L(k+¹ ) = P m log 
P(O(m)—λ (k+¹ ) ) IF —L(k+¹ ) - L(k)— / 
—L(k)— ¡ ε: convergence = True END IF 
k = k + 1 λ (k) = λ (k+¹ ) 

πi × bi(o1) END FOR I 
. Induction: For t = 1 to T-1: For 

j = 1 to N: αt+1(j) = [ P i αt(i) × aij ] × bj 
(ot+1) END FOR j END FOR t 
3 . Termination: P(O—λ) = P i 
αt(i) 3. RETURN λ (k) 

Time Complexity: O(I × M × T × N² × D) 
Space Complexity: O(M × T × N + N × 
D²) 

BACKWARD PASS: 
. Initialize: FOR i = 1 to N: βt(i) = 1 END 

FOR i P 
. Induction: FOR t = T-1 to 1: FOR i = 1 

to N: βt(i) = j aij × bj (ot+1) × βt+1(j) 
END FOR i END FOR t 

1 

2 ALGORITHM 
ALGORITHM 

3: VITERBI 

Input: Observation sequence O = {o1, o2, . 
. . , ot}, Model λ = (A, B, π) Output: 
Optimal state sequence Q * = q1 *, q2 
*,..., qt * 

COMPUTE PROBABILITIES: 
1 . State probabilities: FOR t = 1 to T: FOR 
i = 1 to N: γt(i) = αt(i) × βt(i)/P(O|λ) END 
FOR i END FOR t 1. Initialize: FOR i = 1 to N: δ1(i) = πi × 

bi(o1) ψ1(i) = 0 END FOR I 2 . Transition probabilities: FOR t = 1 to T- 
1 
= 

: FOR i = 1 to N: FOR j = 1 to N: ξt(i, j) 
αt(i) × aij × bj (ot+1) × βt+1(j)/P(O|λ) 

2. Recursion: FOR t = 2 to T: For j = 1 to N: 
δt(j) = maxi [δt−1(i) × aij ] × bj (ot) ψt(j) = 
arg maxi [δt−1(i) × aij ] END FOR j END 
FOR t 

END FOR j END FOR i END FOR t 
Time Complexity: O(T × N² × D) Space 
Complexity: O(T × N) 3. Ending: P = maxi δt(i) q t = arg maxi ∗ ∗ 

δt(i) 
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4 

5 

. Backtracking of the path: FOR t = T-1 to 
: q ∗ t = ψt+1(q ∗ t+1) END FOR t 

. RETURN Q * = q1 *, q2 *,..., qt * 

dysregulation. The parameters were 
estimated using expectation-maximization 
with K-means initialization and cross- 
validation. The HHMM identified both 

1 

Time Complexity: O(T × N²) Space 
Complexity: O(T × N) 

hyperglycemic and normoglycemic 
patients, whereas the discriminatory 
models did not detect the minority class. 
The study compared Logistic Regression, 
Random Forest, Gradient Boosting, and 
Support Vector Machine (SVM) for 
diabetes risk stratification. Random Forest 
used 300 decision trees with bootstrap 
aggregation, while SVM employed a 
Radial Basis Function kernel. All features 
were standardized using StandardScaler 
and median substitution for missing 
values. Hyperparameter tuning used 5-fold 
stratified cross-validation with ROC-AUC 
scoring. The data set was divided into 70% 
training sets and 30% test sets with data 
stratification. The performance of the 
model was evaluated using accuracy, 

ALGORITHM 4: CLASSIFICATION 
ALGORITHM 
Input: New observation sequence Onew, 
Trained model λ ∗ Output: Risk 
classification High, Low 

1 

2 

. Compute forward probabilities: Run the 
forward algorithm on Onew with λ ∗ 

. Compute posterior probabilities: 
P(hyperglycemic | Onew) = [αt(2) + αt(3)]/ 
P i αt(i) 

. Apply the threshold: IF P(hyperglycemic | 
Onew) > τhigh: classification = ”high risk” 
ELSE: classification = ”low risk” END IF 

. RETURN classification, P(hyperglycemic 

3 

4 
— Onew) ROC-AUC, precision, and recall. 

Statistical comparisons were performed 
using McNemar and DeLong’s tests with 
bootstrap confidence intervals. Feature 
importance analysis employed various 
techniques: emission probability analysis 
and state discrimination for HHMM, Gini 
importance for Random Forest, coefficient 
magnitude for Logistic Regression, and 
cumulative gain for Gradient Boosting. 
The cross-model comparison assessed the 
consistency of the importance of features, 
with 

Time Complexity: O(T × N² × D) Space 
Complexity: O(T × N) 
These algorithms form a complete 
computational framework(16) for the 
HHMM-based diabetes risk stratification 
system, incorporating both theoretical 
rigor and practical implementation 
considerations. 

The hierarchical Hidden Markov Model 
(HMM) is a probabilistic graphical model 
in which observable states depend on 
hidden states, following the Markov 
property. The model enables multiple 

CGM TimeBelowRange emerging as the 
most discriminative feature, followed by 
smoking pack-years and BMI 

abstraction levels, with glucose 
measurements at lower levels and 
metabolic phases at higher ones. The 
architecture comprises K hidden states that 
represent metabolic conditions, a 14- 
dimensional 
(consisting of eight CGM characteristics 
and six clinical characteristics), 

III. Result and Discussion 
This study used a variety of features, 
including continuous glucose monitoring 
(CGM) and clinical details, to predict the 
risk of hyperglycemia. The characteristics 
of the study group encompassed 
demographic and clinical information, 

characteristic vector 

a 
multivariate Gaussian emission model and 
a first-order Markov chain. These states 
comprise stable glucose regulation, 
moderate dysregulation, and severe 

along with the distribution of 
characteristics derived from CGM. These 
characteristics are crucial to comprehend 
the study context and the relevance of its 
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results. The key factors included the 
duration of low blood sugar, smoking 
history, and body mass index. The 
researchers used an advanced statistical 

model for data analysis, which proficiently 
identified patients at risk of having 
elevated blood sugar levels. 

TABLE I 
SUMMARY OF MODEL PERFORMANCE 

Model 

HMM 

ROC-AUC 

94.3 

Feature Importance 

0.927 CGMTimeBelowRang 
e 

Random 
Forest 

92.0 

92.0 

76.1 

70.5 

SmokingPack Years 0.546 

0.375 

0.26 

Logistic 
Regression 

BMI 

Gradient 
Boosting 

CGMTimeAboveRang 
e 

SVM CGMSD 0.239 

TableI summarizing the model performance rankings and the most significant features from 
the study 
Figure 1 shows that the moderate class overlap in the PCA space suggests a preference for 
generative modeling. The high correlation among CGM features is better managed by the 
HHMM than by discriminative models. The HHMM demonstrated superior performance, 
achieving the highest ROC AUC of 0.943 among all models. 

Fig. 1. HHmm vs Machine learning comparison 
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Fig. 2. HHMM parameters 

The impact of sample size indicates the 
following: while the advantage of HMM 
diminishes with larger datasets, it remains 
significant at the current size. Figure 2 
illustrates the parameters of the Hidden 
Markov Model (HMM), which represent a 
stratified representation of diabetes 
progression. The emission parameters 
define unique glycemic profiles: states 1 
and 2 are marked by lower than average 
glucose levels and optimal time in range. 
In contrast, state 3 is associated with 
higher glucose levels, poor time in range, 
and significant variability. Frequent shifts 

between States 1 and 2, with high 
bidirectional transitions (97-99%), reflect 
dynamic glycemic variability in well- 
managed patients. In contrast, severe state 
entrapment in state 3, with a 99.75% self- 
persistence rate, indicates considerable 
therapeutic challenges in cases of severe 
dysregulation. The lack of direct 
transitions from severe to stable states 
aligns with the clinical understanding of 
the gradual progression through 
intermediate states. 
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Fig. 3. Disease progression pathway 
Figure 3 illustrates that State 3 (Severe) is characterized by an expected duration of 407 time 
steps, which is approximately equivalent to 34 hours. This duration suggests a concerning 
persistence of severe dysregulation. In contrast, States 1 and 2 are notably transient(5). 

Fig. 4. HHMM framework validation process 
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Figure 4 illustrates the validation provided. The hierarchical Hidden Markov 
Model (HHMM) has demonstrated 
potential in clinical settings by accurately 

methodology for the HHMM framework, 
which was applied to the Tigga-Garg 
dataset to demonstrate the utility of the 
model. This indicates that HHMM is 

capturing glucose 
risk 

dynamics and 
for facilitating stratification 

statistically robust and clinically personalized diabetes management. Our 
validation confirmed these capabilities. 
The integration of CGM data facilitates 
adaptable risk assessment, which is 
particularly beneficial for small, high- 
dimensional temporal datasets. This study 
identifies challenges in terms of sample 
size, correlation, and class imbalance. 
Future directions include model validation 
in larger populations, incorporation of 
electronic health 

significant for applications in diabetes risk 
stratification. Validation confirmed our 
diabetes risk stratification framework, 
which delivered exceptional predictive 
precision with Random Forest, achieving 
9 3. 4% precision and an AUC of 0.967. 
This separates the groups of patients for 
clinical risk stratification. The framework 
models disease progression through 
HHMM state transitions, maintaining 
interpretability with a transparent risk 
score. This shows potential for scalability 
in population screening programs. The 
framework was validated on the Tigga 

records for holistic assessment, and 
exploration of real-time risk prediction 
using streaming CGM data. 

Garg dataset (n=951)(17), with a 
prevalence of diabetes of 28. 0%, 
demonstrating its effectiveness for clinical 
use. 

IV. Conclusion 
The Hierarchical Hidden Markov Model 
demonstrated superior efficacy in 
stratifying diabetes risk by modeling the 
underlying metabolic dynamics rather than 
relying on static decision boundaries. The The study demonstrates the superiority of 

Hierarchical Hidden Markov Models in 
capturing glucose dynamics compared to 
traditional methods, particularly in 

integration of continuous glucose 
monitoring data significantly enhanced the 
model accuracy and provided valuable 
insights into glucose regulation. This 
approach has substantial potential to 
impact diabetes management and improve 

detecting hyperglycemic and 
normoglycemic patients. The identification 
of distinct latent states corresponding to 
the glucose regulation phases provides 
insights into metabolic processes. The 
HHMM approach offers advantages over 
traditional diabetes risk stratification by 
modeling metabolic dynamics. This is 
valuable for small, high-dimensional 
datasets with temporal structures in 
clinical settings. The hierarchical structure 
enables an understanding of disease 

patient outcomes by facilitating 
personalized medicine in diabetes care. 
The Hierarchical Hidden Markov Model 
(HHMM) is highly effective for stratifying 
the risk of type 2 diabetes. Offering 
actionable risk categories, it enhances 
resource distribution and enables more 
precise intervention. The validation 
process confirmed that the HHMM 
framework was prepared for clinical use, 
with promising advantages in population 

progression through latent 
states(18),(19),(20). Whereas traditional 
methods struggle with temporal data and 
feature correlation, HHMM effectively 
handles these challenges. By integrating 
CGM data and identifying key features, 

screening, clinical decision-making, 
preventive care, treatment planning, and 
quality enhancement. The HHMM 
provides a standardized method for risk 
assessment, which can lead to more such as CGM TimeBelowRange, a 

comprehensive diabetes risk assessment is consistent and effective diabetes 
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management in the future. These findings 
underscore the necessity for further 
research and clinical validation of 
advanced modeling techniques in diabetes 
care to fully realize their potential in 
enhancing risk prediction and personalized 
interventions. 
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