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Diabetes patients need effective blood glucose (BG) management to 
avoid developing serious health complications. Real-time BG prediction 
and anomaly detection through deep learning techniques improve 
diabetes care in this project. This study utilized the ShanghaiT1DM 
dataset to train Long Short-Term Memory networks for blood glucose 
prediction with a dataset split of 70% training and 30% testing aimed 
at optimizing a 30-minute prediction horizon. The study imputed 
missing data before validating stationarity through both the 
Augmented Dickey-Fuller and the Kwiatkowski-Phillips-Schmidt-Shin 
tests. The evaluation of anomaly detection methods included the rule-
based approach alongside the statistical technique of Z-score and the 
machine learning algorithm of the isolation forest method. The highest 
accuracy for the detection of hypoglycemia was attained by the 
isolation forest (0.948), followed by the rule-based (0.887) and Z-score 
(0.791) methods. In the detection of hyperglycemia, the most effective 
method was the rule-based (0.847), followed by lower accuracies from 
the Z-score (0.715) and isolation forest (0.550) methods. Furthermore, 
the rule-based method exhibited superior performance in both the 
detection of hypoglycemia (accuracy = 0.887) and hyperglycemia 
(accuracy = 0.847), exhibiting high precision, recall, and F1-scores 
throughout, hence established as the strongest method for the 
detection of anomalies. The results from this research attest that the 
combination of LSTM-based prediction of blood glucose and rule-based 
detection of anomaly yields the most accurate method for the detection 
of hypoglycemia and hyperglycemia from the dataset analyzed. Though 
the rule-based method proved superior over statistical and machine 
learning methods, the Z-score and isolation forest methods retain 
potential for improvement. 
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1. Introduction 
Diabetes, a prevalent metabolic disorder affecting millions globally, necessitates effective blood glucose (BG) 
management to mitigate complications and long-term health risks [1]. Traditional methods, requiring frequent 
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manual interventions, underscore the need for automated, accurate predictive systems [1]. Type 1 Diabetes 
Mellitus (T1DM), characterized by beta cell degradation, highlights the urgency for advanced monitoring and 
intervention strategies [2]. 

Blood glucose anomaly detection is critical for managing diabetes, where abnormal glucose levels can lead to 
severe health consequences. Various approaches have been proposed and refined, incorporating advancements 
in continuous glucose monitoring (CGM) systems; machine learning, deep learning and hybrid models. Rule-based 
and statistical approaches have been foundational in early anomaly detection methods [3,4]. Rule-based methods 
have been commonly used in clinical practice to trigger alerts when glucose levels cross predefined limits. In 
contrast, statistical methods like Z-score, autoregressive models and moving averages have been employed for 
glucose trend analysis. Machine learning and deep learning methods have significantly advanced blood glucose 
anomaly detection with supervised learning models like decision trees, support vector machines (SVM), random 
forests, long short-term memory networks (LSTM) and convolutional neural networks (CNN) have been widely 
used to detect anomalies in labelled glucose data and unsupervised learning like k-means clustering, isolation 
forests, and one-class SVM are used in detecting anomalies without needing predefined labels [5-8]. Additionally, 
hybrid models such as model predictive control and Bayesian and probabilistic models combine physiological 
knowledge with data-driven approaches for more robust anomaly detection [9-11]. 

The identification of the anomalies in predicted time-series blood glucose levels is established based on 
forecasting models such as LSTM for the prediction of short-term glucose dynamics and thereafter identifying the 
abnormal deviations based on residual analysis or machine learning methods such as Z-score, isolation forest, or 
autoencoders. By integrating this method with edge computing, real-time detection of hypoglycemia, 
hyperglycemia, and inconsistencies in data is achieved that will enable timely alerting independent of cloud 
connectivity. This has the potential for effective personalization in the management of diabetes, particularly for 
portable or wearable monitoring systems. Nonetheless, implementation in resource-constrained edge devices 
gives rise to concerns of limited memory, less processing power, and energy efficiency. Models therefore require 
optimization in direction toward lightweight computation while maintaining accuracy, robustness, and reliability 
in a wide range of real-world conditions. Addressing these concerns shall be a prerequisite for furthering effective 
real-time glucose monitoring solutions. In this direction, use of lightweight or less complex models becomes a 
prerequisite since not only is the computation overhead less, but a higher feasibility for constant execution by 
wearable and portable devices is induced, while maintaining nonetheless clinically useful accuracy [12-14]. 

This paper investigated BG anomaly detection by integrating LSTM-based time-series prediction and rule-
based, Z-score, and isolation forest methods and tested them on the ShanghaiT1DM dataset. It is hoped that it 
offers comparative analysis of statistical and machine learning approaches used for predicted glucose levels for 
the detection of hypoglycemia and hyperglycemia as a reference for exploration of less computationally intensive 
models that are able to achieve clinically significant levels of accuracy. This connection is particularly significant 
for edge device implementation, whereby memory, compute power, and energy are limited. By connecting 
accurate computation of anomaly detection and the requirement for efficient computation, this work can serve as 
a springboard for further development of useful, portable, and real-time glucose systems that are suited for 
individualized diabetic therapy. Our contributions can be summarized as follows. 1) Demonstrates that 
integrating time-series blood glucose prediction using LSTM with anomaly detection techniques can effectively 
identify hypoglycemia and hyperglycemia events. 2) Provides a comparative evaluation of statistical and machine 
learning approaches in hypoglycemia and hyperglycemia detection, offering insights into the accuracy and 
robustness of the methods.  

2. Related Work 
In this section, we mainly review previous research related to anomaly detection in predicted time-series blood 
glucose levels. 

2.1 Anomaly Detection from Model-predicted Glucose 
Blood glucose (BG) prediction has increasingly relied on deep learning, particularly Long Short-Term Memory 
(LSTM) networks, in extracting temporal associations in glucose dynamics and enabling short-term prediction for 
active management of diabetes [15-17]. Accurate prediction, however, is not quite enough for applications, since 
the identification of anomalies is needed for early indication of hypoglycemia and hyperglycemia and also for the 
identification of sensor faults. Classical statistical approaches, such as Z-score residual analysis and adaptive 
filters, have been used for the identification of irregular deviations from predicted glucose levels [18], whereas 
machine learning approaches, such as isolation forests and autoencoders, offer enhanced functionalities for the 
identification of infusion-set malfunction and inherent complex irregularities [19-21]. 

Open-source databases such as ShanghaiT1DM [22] and T1DiabetesGranada [23] have made model building 
and model validation for those models feasible. However, it is challenging to implement those approaches in 
wearable or portable systems due to constraints in energy, computation, and memory. Recent research identifies 
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that model pruning, quantization, and lightweight models play a crucial role in edge-level computation-efficiency 
vs. prediction-robustness trade-off [25, 24]. Hence, available research emphasizes not only accurate BG prediction 
and anomaly detection but also resource-aware model construction that makes real-time, continuous execution 
feasible for wearable and edge systems. 

3. Methodology 
This study used the Chinese Diabetes Dataset ShanghaiT1DM [22], an open-access dataset. This dataset contains 
16 data of continuous glucose monitoring (CGM) with 15-minute time intervals on data spanning 3 to 14 days for 
12 individuals diagnosed with T1DM. The methodologies employed in this study are to develop and implement 
anomaly detection in predicted blood glucose levels for individuals with type 1 diabetes mellitus (T1DM). Python 
and its libraries (e.g., pandas, NumPy, matplotlib) are extensively used for data manipulation, visualization, and 
model development. The study leverages Google Colaboratory for its integrated Jupyter Notebook environment, 
facilitating efficient development and execution of Python code, which is particularly advantageous for machine 
learning tasks. 

Fig. 1 shows the overall process to evaluate anomaly detection methods using LSTM-predicted blood glucose 
levels. It begins with data preparation, which includes preprocessing for missing data imputation and train/test 
split, and analysis for seasonality identification and stationarity testing. Following this, the LSTM neural network 
is developed for blood glucose prediction with the performance evaluation using Root Mean Squared Error 
(RMSE) and Mean Absolute Error (MAE) metrics. The procedure then diverges into three paths for anomaly 
detection: one employing a rule method, another employing the Z-score statistical method, and the last employing 
the Isolation Forest algorithm. Performance evaluation involves assessing prediction accuracy and comparing the 
effectiveness of the outlier detection methods. Finally, a confusion matrix was used to quantify the effectiveness 
of anomaly detection techniques, and accuracy, precision, recall, and F1 score were used to assess their 
performance. 

3.1 Data Preparation 
The methodology begins with the meticulous handling of the dataset. Only one dataset, named Dataset 3, from 16 
datasets was specifically chosen for the result presentation due to a limited number of pages, and a missing 
timestamp was from Dataset 3. The missing value in the continuous glucose monitoring (CGM) variable was 
addressed using imputation techniques, calculating the average of the values immediately before and after the 
missing timestamp and using that average as the filled-in value tailored for univariate time series data. Python 
libraries such as Matplotlib, Pandas, NumPy, and PyTorch are employed for data manipulation, visualization, and 
deep learning model implementation. 

The dimensionality and temporality of the dataset were verified to understand its structure and time-related 
aspects, followed by decomposing the time series into trend, seasonal, and residual components. Stationarity tests 
were conducted using the Augmented Dickey-Fuller (ADF) and Kwiatkowski-Phillips-Schmidt-Shin (KPSS) tests 
to assess the data's stability over time. In contrast to the ADF test, the KPSS test assumes stationarity as the null 
hypothesis. A p-value exceeding a specified significance level (e.g., 0.05) indicates stationarity in the series. 
Conversely, a p-value below the significance level suggests non-stationarity [26]. Moreover, ground truth labels 
for hypoglycemia, hyperglycemia, and normal glucose levels were generated based on predefined thresholds, 
ensuring the dataset's readiness for subsequent analysis. 

3.2 LSTM Model Development for BG Time Series Prediction 
Long Short-Term Memory (LSTM) deep learning model was employed to predict blood glucose levels, leveraging 
its capability to capture temporal dependencies in sequential data. The LSTM architecture consists of an input 
layer tailored for univariate time series data and a hidden layer comprising 50 LSTM units to extract temporal 
features. The output layer maps LSTM outputs to predicted glucose values, with a horizon of 2 and 4 representing 
30-minute and 60-minute prediction intervals, respectively, calculated based on the dataset's time interval per 
data point. The dataset was split into 70% training and 30% testing sets, with sequences generated using a 
lookback of specified time steps. Training involves 200 epochs selected based on experimental results using Adam 
optimizer and Mean Squared Error (MSE) loss function, managed by PyTorch DataLoader for efficient batch 
processing. Performance evaluation encompasses tracking RMSE and MAE metrics. 
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Fig. 1 The overall evaluation process of anomaly detection using LSTM-based blood glucose predictions 

3.3 Anomaly Detection of Hypoglycemic and Hyperglycemic Events 
The anomaly detection in this study employed three distinct techniques: rule-based, statistical-based, and 
machine learning-based detection. The rule-based method defines hypoglycemia and hyperglycemia thresholds 
at 70 mg/dL and 180 mg/dL [27], respectively, labelling anomalies as -1 for hypoglycemia and 1 for 
hyperglycemia. Statistical-based detection uses the Z-score method to identify outliers, with the Z-score threshold 
greater than 2 or less than -2 to detect moderate outliers [28]. On the other hand, a stricter criterion of Z-scores 
greater than the threshold of 3 or less than -3 identifies data points as highly unusual or extreme outliers. The 
choice of threshold depends on the sensitivity needed for the analysis: using a threshold of 3 (or -3) detects fewer, 
more extreme outliers, while a threshold of 2 (or -2) or less flags more, moderately unusual points. The Z-score 
was calculated using Equation 1, and it was then compared to the set thresholds. Where Z is the Z-score, X is the 
specific CGM data point, μ is the average of the CGM data, and σ is the standard deviation. In this work, the Z-score 
statistical-based anomaly was detected using three thresholds, which are 1.5, 2.0 and 2.5, to determine the best 
threshold. If the Z-score exceeded or under the defined threshold, the data points were classified as anomalies. 
 

𝑍𝑍 =  (𝑋𝑋 −  𝜇𝜇) / 𝜎𝜎  (1) 
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While the machine learning-based detection applies the isolation forest algorithm to classify data points as 
inliers or outliers, with an isolation contamination parameter set to ‘auto’. This parameter determines the 
proportion of the dataset that the algorithm should consider anomalies [28, 29]. This automatic adjustment helps 
to adaptively identify a suitable contamination rate, which can be particularly useful when the exact proportion 
of anomalies in the data is unknown. This approach allows the Isolation Forest to effectively distinguish between 
normal and anomalous data points without requiring a predefined contamination fraction. Then the labels are 
assigned to anomalies such as hypoglycemia or hyperglycemia based on the blood glucose thresholds. 

Dataset 3 was specifically selected for the result presentation for its missing timestamps, imputed with the 
mean glucose values before and after gaps [30]. Visualization of actual versus predicted glucose levels was 
performed using Python libraries, highlighting anomalies with scatter plots. Performance evaluation included 
comparing results against ground truth labels, calculating the accuracy, precision, recall, and F1-score for each 
detection method, to ensure a comprehensive assessment of the anomaly detection. 

4. Results and Discussion 
The ShanghaiT1DM dataset, which contains 16 datasets of time-series glucose data, was analyzed using the 
seasonal decompose function, revealing a clear trend component but no detectable seasonal pattern or significant 
residual noise. Stationarity tests, including the Augmented Dickey-Fuller (ADF) and Kwiatkowski-Phillips-
Schmidt-Shin (KPSS) tests, confirmed the data's stationarity. The missing CGM value on the timestamp 2021-05-
22 02:47:00 was imputed using the average of the values of the CGM immediately before and after the missing 
timestamp, which is 39.6 mg/dL. Fig. 2 shows the dataset 3 stationarity test result in (a) and was imputed with 
the average value as shown in (b). Additionally, baseline data of BG anomalies were created based on thresholds 
at 70 mg/dL and 180 mg/dL for all 16 datasets to classify events as hypoglycemia and hyperglycemia, respectively, 
for performance evaluation of the anomaly detection methods.  
 

 
Fig. 2 Data preprocessing results from Dataset 3. (a) Stationarity test results; (b) Imputed value using the average 

 
The LSTM model has been trained on 16 datasets over 200 epochs, with a lookback period of 10 time steps 

and prediction horizons (PHs) of 2- and 4-time steps, each 15 minutes apart. By epoch 200, the model achieved 
balanced performance between the model training and testing without overfitting. Fig. 3 shows the train and test 
learning curves representing RMSE vs the number of epochs for PHs 2 and 4 from Dataset 3. The trend for RMSE 
is generally decreasing over epochs as the model learns the patterns in the data. For a shorter PH, which is 2, the 
model can often capture the immediate patterns more effectively, resulting in a lower RMSE. The RMSE stabilises 
after fewer epochs compared to a larger PH, indicating that the model has learned the short-term dependencies 
well. Meanwhile, for PH 4, the trend for RMSE decreases a bit slowly and is higher overall compared to the horizon 
2 case, as predicting further into the future is inherently more challenging.  

 

 
 

(a) (b) 
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Fig. 3 Train and test learning curves for prediction horizons (PHs) of (a) 2; and (b) 4-time steps from Dataset 3 
 

Table 1 shows the average RMSE and MAE values for PHs 2 and 4 obtained from 16 datasets. These results 
highlight that PH 2 balances accuracy and efficiency for short-term forecasting, making it optimal for anomaly 
detection. 

Table 1 Average RMSE and MAE values of blood glucose prediction for prediction horizons 2 and 4 
Prediction Horizon RMSE (mg/dl) MAE (mg/dl) 

Train Test Train Test 
2 (30 min) 10.285 14.116 7.159 9.752 
4 (60 min) 17.429 22.380 12.118 16.009 

 
Anomalies were detected using three methods, which are the rule-based, Z-score and isolation forest machine 

learning model for all 16 datasets. In the Z-score statistical-based anomaly, it is found that threshold 1.5 detects 
anomalies better than thresholds 2.0 and 2.5, as more data points were relevantly detected as anomalies because 
more Z-scores of the data points exceeded or fell below the threshold of 1.5 compared to the thresholds of 2 and 
2.5.  

Table 2 shows the overall performance evaluation using accuracy, precision, recall, and F1-score key 
performance metrics for anomaly detection in hypoglycemia and hyperglycemia based on the rule, Z-score, with 
the threshold of 1.5 and isolation forest. The results indicate the average values of the performance metrics from 
the testing sets of the 16 datasets. Evaluating the anomaly detection methods for hypoglycemia and hyperglycemia 
reveals nuanced performance across the three different anomaly detection approaches. 
For hypoglycemia detection, the highest accuracy was 0.948, achieved by the isolation forest method. 
This was followed by the rule-based method with an accuracy of 0.887, and the Z-score method with 0.791. 
For hyperglycemia detection, the rule-based method achieved the highest accuracy of 0.847. 
The Z-score method recorded a lower accuracy of 0.715, and the isolation forest method achieved 0.550. 

The rule-based method provides the best balance for hypoglycemia anomaly detection, with higher precision 
and recall. Meanwhile, the Z-score has the lowest recall and F1-score, indicating poorer performance in identifying 
true cases. The isolation forest shows the highest accuracy but relatively lower recall and F1-score, suggesting it 
might be overly conservative in its predictions. Moreover, the rule-based method significantly outperforms the 
other methods for hyperglycemia detection, showing the highest accuracy, precision, recall, and F1-score. The Z-
score offers a reasonable balance but with lower performance metrics, and the isolation forest has the lowest 
accuracy and precision, indicating the weakest overall performance for hyperglycemia detection.  

However, it is also interesting to note that the baseline data of the BG anomalies derived are from the actual 
data according to the threshold of hypoglycemia and hyperglycemia; thus, although the rule-based anomaly 
detection method performed better, it cannot be said that the performance of the Z-score and isolation forest 
methods is not good at all. Their performance may improve by using ready-labeled datasets to evaluate their 
performance, or for the machine learning model, its performance can vary based on whether they are trained on 
shared dataset or personalized for individual users. 

  
(a) (b) 
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Table 2 Overall performance evaluation for hypoglycemia and hyperglycemia in rule-based, Z-score and isolation 
forest anomaly detection methods 

Anomaly 
detection method 

Hypoglycemia Hyperglycemia 
Accuracy Precision Recall F1-score Accuracy Precision Recall F1-score 

Rule-based 0.887 0.626 0.552 0.525 0.948 0.847 0.8553 0.849 
Z-score 0.791 0.475 0.255 0.281 0.715 0.532 0.443 0.428 
Isolation forest 0.948 0.545 0.364 0.417 0.550 0.302 0.490 0.315 

 
Fig. 4, Fig. 5 and Fig. 6 show the actual versus predicted plots of BG values in PH 2 with anomaly detection 

data points of Dataset 3 in rule-based, Z-score with the threshold of 1.5 and isolation forest anomaly detection 
methods, respectively. From the results of the rule-based approach shown in Fig. 4, the red line represents actual 
glucose levels, while the blue and green lines show predictions for the training and testing using Dataset 3. 
Magenta and yellow markers on the blue line indicate instances of predicted hyperglycemia and hypoglycemia in 
the training set, whereas cyan and purple markers on the green line highlight these anomalies in the testing set. 
Gray markers denote normal glucose levels for both datasets. Meanwhile, Fig. 5 displays the anomalies in Dataset 
3, detected using a Z-score threshold of 1.5. The magenta marker indicates both hyperglycemia and hypoglycemia 
in the training set, while the purple marker represents hypoglycemia and hyperglycemia in the testing set. Whilst, 
according to the results of the isolation forest method shown in Fig. 6, hyperglycemia anomalies are marked in 
magenta and hypoglycemia anomalies in cyan for the training set, while hyperglycemia anomalies are purple and 
hypoglycemia anomalies are yellow for the testing set.  These visual representations demonstrate each of the 
approaches’ ability to identify abnormal glucose levels, showcasing their potential for glucose monitoring and 
management. 

Table 3 presents the confusion matrix analysis for anomaly detection using the three methods for 
hypoglycemia and hyperglycemia in the testing set of 270 data points, with 74 positive and 196 negative cases for 
hypoglycemia and 18 positive and 252 negative cases for hyperglycemia, of Dataset 3. From the rule-based 
anomaly detection for hypoglycemia, the confusion matrix values indicate that the model correctly identified 67 
true positives (TP) and 187 true negatives (TN), while it incorrectly classified 9 false positives (FP) and 7 false 
negatives (FN). The accuracy of the model, which measures the proportion of correctly classified instances, is high 
at 0.9407, indicating reliable overall performance. Precision, which indicates the proportion of true positives 
among all positive predictions, is 0.8816, suggesting that most positive predictions are correct. Recall, reflecting 
the model's ability to identify actual positives, is 0.9054, demonstrating good sensitivity. The F1-score, a harmonic 
mean of precision and recall, is 0.8933, showing a balanced performance between precision and recall. Overall, 
these metrics indicate that the method performs well in detecting outliers for hypoglycemia. Meanwhile, for 
hyperglycemia, the confusion matrix shows that the model correctly identified 17 TP and 248 TN, with 4 FP and 
1 FN. The accuracy, indicating the proportion of correctly classified instances, is very high at 0.9815, reflecting 
strong overall performance. The precision, which measures the proportion of true positives among all positive 
predictions, is 0.8095, suggesting that most positive predictions are correct. The recall, indicating the model's 
ability to detect actual positives, is 0.9444, demonstrating high sensitivity. The F1-score, a harmonic mean of 
precision and recall, is 0.8718, indicating a balanced performance between precision and recall. Overall, these 
metrics indicate that the model is highly effective in detecting hyperglycemic levels using the rule-based method. 

From the Z-score threshold 1.5 anomaly detection for hypoglycemia, the confusion matrix shows that the 
model did not identify any true positive and also did not falsely identify any cases as hypoglycemia (FP: 0). 
However, it failed to detect 74 cases of actual hypoglycemia, classifying them all as false negatives (FN: 74), while 
correctly identifying 196 instances as not hypoglycemic (TN: 196). The accuracy, which represents the proportion 
of correct classifications, is 0.7259. Precision and F1-score are not defined (nan) because there are no true positive 
predictions, rendering these metrics meaningless in this context. The recall is 0.0, indicating that the model did 
not detect any instances of hypoglycemia. These results suggest that the model is ineffective for hypoglycemia 
detection, essentially indicating that the test set does not contain any hypoglycemic instances according to the 
model's predictions. Whereas for hyperglycemia, the model correctly identified all 18 hyperglycemia cases (TP: 
18) without missing any (FN: 0) but also falsely flagged 15 non-hyperglycemia cases (FP: 15). It correctly 
identified 237 non-hyperglycemia cases (TN: 237). The accuracy is high at 0.9444. Precision is moderate at 0.5455 
due to the false positives, but recall is perfect at 1.0, meaning all hyperglycemia cases were detected, and the F1-
score is 0.7059, indicating moderate overall performance in Z-score. 

According to the isolation forest model for hypoglycemia, the model achieved high accuracy (0.9185) with 57 
TP, 191 TN, 5 FP, and 17 FN. Precision is 0.9194, indicating most identified hypoglycemia cases are correct. The 
recall, reflecting the model's ability to identify actual hypoglycemia cases, is 0.7703, indicating some missed 
detections. The F1-score is 0.8382, showing a good balance between precision and recall. Overall, the model 
effectively detects hypoglycemia with high precision and good overall performance. For hyperglycemia, the 
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confusion matrix in Table 3 shows that the model correctly identified 17 TP and 180 TN, but it also produced 72 
FP and missed 1 actual hyperglycemia case (FN). The model's accuracy is 0.7296, indicating a moderate 
proportion of correct classifications. Precision is low at 0.191, suggesting that many identified hyperglycemia 
cases are incorrect. However, recall is very high at 0.9444, meaning the model successfully detected nearly all 
actual hyperglycemia cases. The F1-score is 0.3178, reflecting the imbalance between precision and recall.  
 

 
Fig. 4 Actual versus predicted plots with anomaly detection data points of Dataset 3 in the rule-based 

anomaly detection method 
 

 
Fig. 5 Actual versus predicted plots with anomaly detection data points of Dataset 3 in Z-score anomaly 

detection method 
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5. Conclusion 
This work aims to analyze time-series blood glucose data, develop a deep learning Long Short-Term Memory 
(LSTM) model for the BG prediction, and explore the rule-based, Z-score statistical and isolation forest machine 
learning anomaly detection methods on the BG prediction using the ShanghaiT1DM dataset. The dataset analysis 
confirmed stationarity and addressed missing values in dataset 3 through imputation. LSTM model showed 
promise in predicting glucose values, with a forecasting horizon of two (30 minutes) proving optimal for accurate 
short-term predictions. The rule-based method performed better for both hypoglycemia and hyperglycemia 
anomaly detection, while the Z-score method showed averaged performance outcomes in both hypoglycemia and 
hyperglycemia detections and the isolation forest was particularly limited in detecting hyperglycemia. While the 
rule-based method showed superior performance in this study, the results do not preclude the potential of the Z-
score and isolation forest methods. Their accuracy could improve when evaluated on pre-labeled datasets, and 
machine learning models may yield better results when tailored to individual users rather than relying solely on 
shared datasets. Thus, it is important to understand the strengths and limits of these models to use them 
effectively in managing glucose level issues. Future work will enhance LSTM models with autoencoders and 
diabetes-specific features, and optimize them for edge deployment to enable real-time, personalized blood glucose 
monitoring. 
 

 
Fig. 6 Actual versus predicted plots with anomaly detection data points of Dataset 3 in isolation forest anomaly 

detection method 

Table 3 Confusion matrix analysis for anomaly detection using the three methods for hypoglycemia and 
hyperglycemia in the testing set of Dataset 3 

Anomaly detection 
method 

Anomaly type Confusion Matrix Accuracy Precision Recall F1-score 

Rule-based Hypoglycemia TP: 67       FP: 9 
FN: 7      TN: 187 

0.9407 0.8816 0.9054 0.8933 

Hyperglycemia TP: 17      FP: 4 
FN: 1     TN: 248 

0.9815 0.8095 0.9444 0.8718 

Z-score Hypoglycemia TP: 0       FP: 0 
FN: 74      TN: 196 

0.7259 nan 0.0 nan 

Hyperglycemia TP: 18      FP: 15 
FN: 0     TN: 237 

0.9444 0.5455 1.0 0.7059 

Isolation forest Hypoglycemia TP: 57       FP: 5 
FN: 17      TN: 191 

0.9185 0.9194 0.7703 0.8382 

Hyperglycemia TP: 17      FP: 72 
FN: 1     TN: 180 

0.7296 0.191 0.9444 0.3178 
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