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Abstract: Accurate and timely health evaluation is a cornerstone of modern medical care. This paper presents a novel 

framework that integrates continuous pH surveillance with machine learning techniques to enhance diagnostic precision 

and responsiveness. Conventional pH assessments are limited by their intermittent nature, often missing transient yet critical 

physiological fluctuations. In this research, we propose a system combining wearable biosensors and intelligent data analysis 

to provide minute-level monitoring of pH variations in real time. The system identifies early deviations from individual 

baselines, potentially indicating conditions like acidosis, sepsis, or renal distress. Utilizing models such as Long Short-Term 

Memory (LSTM) networks and anomaly detection algorithms, it analyzes patterns to recognize abnormalities. This 

approach not only improves detection accuracy through continuous analysis but also facilitates predictive diagnostics, 

enabling proactive medical intervention to prevent further decline. By merging technology with personalized healthcare, 

this interdisciplinary. 
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I. INTRODUCTION 

 

Early detection and timely intervention are crucial in 

clinical care. Among key indicators, pH variances can 

foreshadow life-threatening conditions like sepsis, kidney 

malfunctions, and metabolic abnormalities. However, existing 

diagnostics depend on periodic pH evaluations, frequently 

neglecting dynamic physiological alterations between tests. 

 

Recent bio sensing innovations and refined AI models 

now facilitate a change to perpetual, real-time diagnostics. 

This study proposes an arrangement connecting wearable pH 

trackers and smart analytics to find divergences in their 

infancy, individualize medical analyses, and enable proactive 

treatment. Subtle pH fluctuations could provide early hints of 

deterioration, allowing swifter reaction which can 

significantly impact results. Meanwhile, continuous tracking 

may uncover subtle but significant correlations between pH 

patterns and underlying diseases not evident from discrete 

readings alone. 
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II. LITERATURE REVIEW 

 

The adoption of continuous bio sensing coupled with 

artificial intelligence for real-time health assessment has 

dramatically changed the model of diagnosis. Traditionally, 

physiologic assessments such as pH analyses were based on 

episodic measurements which captured only a fraction of 

important transient shifts [1]. This problem has sparked an 
increase in the development of wearable biosensor-based 

continuous monitoring systems. The recent advances in 

microfluidics, flexible electronics, and the design of 

biocompatible sensors have made it possible to track health 

with minimal invasiveness [2][3]. These systems enable the 

collection of data in real time, and when combined with 

intelligent analytics, even subtle physiologic changes can be 

detected. For example, flexible pH sensors mounted on the 

skin have shown the ability for continuous surveillance of 

metabolism which sets the stage for precision diagnostics [4]. 

With respect to modelling the time series of bio signals, 

sophisticated machine learning techniques, and in particular 
recurrent structures like LSTM (Long Short-Term Memory) 

networks, have made major contributions. LSTM models are 

able to capture long-range dependencies which are crucial for 

detecting the patterns of clinical deterioration [5][6]. At the 

same time, anomaly detection methods have been applied to 

identify predictors for critical events such as septic or acute 

kidneys. There is growing attention to the contribution of 

unsupervised learning in real-time biomarker changes 

associated with defined thresholds [7][8]. These strategies 

support the ongoing shift toward forecasted and tailored 

medicine as noted by Topol [9], who advocates for preemptive 

AI technologies for diagnosis. While notable progress has 

been made, some problems still need to be addressed, such as, 

calibration precision over time, cross-talk from environmental 

signals, and adherence of the patients to the prescribed 

protocols. concerns such as the secure transmission of data and 

transparency of algorithms need investigation [10]. 

Nonetheless, the combined use of biosensor technologies and 

AI analytics provides more proactive and patient-centred care 
systems. Based on this multidisciplinary foundation, the 

current study suggests a single framework with continuous pH 

monitoring and integrated smart diagnostic analytics operating 

for prompt clinical intervention at an early stage. 

 

III. METHODOLOGY 

 

The research uses a mixed methodology that combines 

continuous physiological monitoring for physiological and 

behavioural measurements from wearable pH biosensors, and 

machine learning features for early diagnostic evaluation. The 

hybrid methodology is comprised of six modules: sensor 
configuration and data collection; preprocessing of the signals; 

temporal modelling with individual LSTM networks; anomaly 

detection; decision logic to rouse clinicians' responses in 

practice; system evaluation. 

 

A. Framework Overview 

The proposed architecture integrates hardware (wearable 

biosensors) and software (machine learning models) to 

analyze pH values at minute-level intervals for early detection 

of abnormal physiology.[15][18] 

 

 
Fig 1 System Architecture of the Proposed Diagnostic Framework 

 

The system includes biosensor input, wireless data 

transmission, pre processing, deep learning modeling, 

anomaly detection, and healthcare dashboard integration. 
 

B. Wearable Sensor and Data Acquisition 

Continuous pH data was obtained using skin-mounted 

flexible biosensors based upon microfluidic channels and 

electrochemical detection [15][16]. Sensors measure 

interstitial pH and report data via Bluetooth to a cloud-based 

analytics server every minute. 

 
Fig 2 Flexible Skin-Mounted pH Sensor Prototype 
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C. Data Preprocessing 

 

Table 1 Data Preprocessing 

Step Technique Used Purpose 

Noise Filtering Moving Average & Gaussian Smoothing Reduce transient and high-frequency noise 

Baseline Normalization Personal Average Subtraction (ΔpH) Highlight deviations from individual baseline 

Sensor Drift Correction Polynomial Regression Adjust signal decay due to calibration drift over time 

 

 
Fig 3 Raw vs. Preprocessed pH Data Over 24 Hours 

 

D. Time-Series Modeling with LSTM Networks 

Long Short-Term Memory (LSTM) networks are used to 

forecast future pH trajectories based on historical data. LSTM 

was selected for its ability to capture long-range temporal 

dependencies crucial for detecting physiological decline. 

 

 Model Parameters: 

 

 Input: 60-minute rolling window of ΔpH data. 

 Layers: Two LSTM layers (128 units), Dropout (0.2), 

Dense output layer. 

 Output: Predicted ΔpH over the next 30 minutes. 

 

 
Fig 4 Model Parameters 

E. Anomaly Detection Module 

An unsupervised anomaly detection technique supports 

the LSTM predictions to indicate early deviations. 

 

 Two Models were Tested: 

 

 Auto encoder: Learns compact representations; anomalies 

are high-reconstruction-error inputs 

 One-Class SVM: Trains a class-boundary for normal 
physiology [20] [21]. 
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Fig 5 Anomaly Detection on Δ pH Time Series 

 

Out-of-range alarms are generated for detected 

anomalies beyond clinical ranges (e.g., ΔpH > 0.3 or < -0.3). 

 

F. Clinical Alert and Decision Layer 

The Clinical Alert and Decision Layer translates machine 

learning output into near real-time clinical insights to connect 
predictive analytics to actionable healthcare results. This layer 

acts as a final step in the system pipeline and bundles together 

the detection of anomalies with decision thresholds to trigger 

alerts toward clinical staff. 

 

 The Decision-Making Analysis Combines: 

Estimated ΔpH trajectory for the following 30 min, 

deviation from baseline at present, and Clinical risk 
thresholds (e.g., ΔpH > 0.3 or 10 minutes). 

 

 
Fig 6 The Decision-Making Analysis Combines: 
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IV. FUTURE DIRECTIONS 

 

The implementation of this wearable pH monitoring 

system in the hospital will require additional development and 

exploration of several dimensions in order to maximize the 

potential benefit ,increase of the Monitored Parameters 

including more biomarkers, e.g., lactate, glucose and distinct 

electrolytes, the diagnostic sensitivity increases and a more 
specific risk assignment of the patient is enabled 

[2][13][36].The use of reinforcement learning to tailor alerts 

based on patient-specific information has the potential to 

“reduce the likelihood of false alarms and increase the clinical 

relevance of alerts that are delivered” [6][19][26]. There is a 

pressing need for real-world testing in intensive care units and 

emergency departments in order to study practical deploy 

ability, staff response ,and clinically-measurable 

improvements in patient safety, triggered by our 

alert[8][10][25].Ensuring that every message is dispatched, 

stashed, and recorded in a manner that complies with HIPAA 

and GDPR will earn regulators' blessing and consumer 
confidence[10][22].Optimizing sensor flexibility, battery 

longevity, and skin adhesion will allow the device to remain 

on in hospital or at home without incessant 

interference[3][15][35]. The wearable sensors combined with 

intelligent algorithms provide the foundation for the next 

generation of diagnostic tools. Future versions may become 

large, AI-guided platforms that spot early signs of trouble and 

deliver personalized care round the clock [9][30][34]. 

 

V. CONCLUSION 

 
Bringing constant pH tracking together with smart 

machine-learning tools marks a real step away from waiting 

for problems to appear before acting. The system we built-a 

wrist-mounted sensor, LSTM forecasts, and real-time alarms-

works steadily in the background to watch vital trends. 

Because of that, it can catch early shifts tied to threats like 

metabolic acidosis, sepsis, or kidney failure long before they 

become critical. Results are turned into clear, graded alerts for 

caregivers, so care teams decide on the right action at the right 

moment, keeping the patient at the centre of every choice 

[5][6][9].The work shows that lightweight, wise wearables can 

spot trouble more accurately and give doctors precious extra 
minutes. Unlike standard spot tests, the approach follows 

living baselines and opens the door to preventive steps instead 

of clean-up ones [1][4][7] 

 

REFERENCES 

 

[1]. M. Kiani et al., “A portable system for continuous 

monitoring of blood pH,” IEEE Trans. Biomed. 

Circuits Syst., vol. 14, no. 2, pp. 421–431, Apr. 2020. 

[2]. W. Gao et al.,“Fully integrated wearable sensor arrays 

for multiplexed in situ perspiration analysis,” Nature, 
vol. 529, pp. 509–514, Jan. 2016. 

[3]. J. Kim et al.,“Soft wearable systems for real-time sweat 

analysis,” Nature Electronics, vol. 4, no. 7, pp. 439–

450, Jul. 2021. 

[4]. S. Choi et al., “Skin-mountable, stretchable 

electrochemical sensors for stable long-term sweat 

monitoring,” ACS Sensors, vol. 3, no. 10, pp. 2281–

2289, 2018. 

[5]. Y. Zheng et al., “Time series anomaly detection in 

medical sensor data using LSTM-based models,” IEEE 

J. Biomed. Health Inform., vol. 25, no. 5, pp. 1621–

1630, May 2021. 

[6]. Y. Yin et al., “Long-term physiological signal 

prediction using LSTM and attention mechanisms,” 

Computers in Biology and Medicine, vol. 144, pp. 
105309, Feb. 2022. 

[7]. T. Nguyen et al., “Real-time anomaly detection for 

wearable health monitoring using unsupervised 

learning,” Sensors, vol. 19, no. 4, pp. 844, 2019. 

[8]. X. Liu et al., “Unsupervised learning for early detection 

of sepsis with wearable biosensors,” IEEE Access, vol. 

8, pp. 102496–102508, 2020. 

[9]. E. Topol, Deep Medicine: How Artificial Intelligence 

Can Make Healthcare Human Again, New York, NY: 

Basic Books, 2019. 

[10]. J. Heikenfeld et al., “Wearable sensors: modalities, 

challenges, and prospects,” Lab on a Chip, vol. 19, no. 
2, pp. 217–248, 2019. 

[11]. Z. Tang et al., “Recent Advances in Wearable 

Potentiometric pH Sensors,”Membranes, vol. 12, no. 5, 

pp. 504, May 2022. 

[12]. Y. Li et al.,“Development of pH-sensitive fluorescent 

proteins for visualizing mitochondrial pH 

dynamics,”Front. Pharmacol., vol. 14, pp. 1339518, 

2023. 

[13]. M. Booth et al., “In vivo monitoring of pH and lactate 

using fiber-based electrochemical biosensors,” Anal. 

Chem., vol. 93, no. 2, pp. 891–898, 2021. 
[14]. K. J. Livak, “Physiological Measurement of pH in 

Critical Care,”Clin Chem, svol. 64, pp. 345–350, 2018. 

[15]. J. Heikenfeld et al., “Wearable sensors: modalities, 

challenges, and prospects,”Lab on a Chip, 2018. 

[16]. J. Kim et al., “Soft wearable systems for continuous 

monitoring of biosignals,” Nature Reviews Materials, 

vol. 4, no. 6, pp. 398–414, 2019. 

[17]. A. J. Bandodkar et al., “Epidermal sensors for 

continuous monitoring of biomarkers,” Advanced 

Healthcare Materials, vol. 4, no.9,pp.1215–

1220,2015. 

[18]. Z. C. Lipton et al., “Learning to diagnose with LSTM 
recurrent neural networks,”arXiv preprint 

arXiv:1511.03677, 2015. 

[19]. E. Choi et al., “RETAIN: An interpretable predictive 

model for healthcare using reverse time attention 

mechanism,” NeurIPS, 2016. 

[20]. R. Chalapathy and S. Chawla, “Deep Learning for 

Anomaly Detection: A Survey,” arXiv preprint 

arXiv:1901.03407, 2019. 

[21]. M. Ahmed, A. N. Mahmood, and J. Hu, “A survey of 

network anomaly detection techniques,” Journal of 

Network and Computer Applications,vol.60,pp.19–
31,2016. 

[22]. E. Topol, Deep Medicine: How Artificial Intelligence 

Can Make Healthcare Human Again, Basic Books, 

2019. 

[23]. A. Pantelopoulos and N. Bourbakis, “A Survey on 

Wearable Sensor-Based Systems for Health 

Monitoring and Prognosis,” IEEE Trans. Syst. Man 

https://doi.org/10.38124/ijisrt/25jul123
http://www.ijisrt.com/


Volume 10, Issue 7, July – 2025                                              International Journal of Innovative Science and Research Technology 

ISSN No:-2456-2165                                                                                                                                             https://doi.org/10.38124/ijisrt/25jul123 

 

IJISRT25JUL123                                                              www.ijisrt.com                                                                                             12  

Cybern. C, vol. 40, no. 1, pp. 1–12, 2010. 

[24]. Ghosh, P., Hazra, S., & Chatterjee, S. Future Prospects 

Analysis in Healthcare Management Using Machine 

Learning Algorithms. the International Journal of 

Engineering and Science Invention (IJESI), ISSN 

(online), 2319-6734. 

[25]. Hazra, S., Mahapatra, S., Chatterjee, S., & Pal, D. 

(2023). Automated Risk Prediction of Liver Disorders 
Using Machine Learning. In the proceedings of 1st 

International conference on Latest Trends on Applied 

Science, Management, Humanities and Information 

Technology (SAICON-IC-LTASMHIT-2023) on 19th 

June (pp. 301-306). 

[26]. Gon, A., Hazra, S., Chatterjee, S., & Ghosh, A. K. 

(2023). Application of machine learning algorithms for 

automatic detection of risk in heart disease. In 

Cognitive cardiac rehabilitation using IoT and AI tools 

(pp. 166-188). IGI Global. 

[27]. Das, S., Chatterjee, S., Sarkar, D., & Dutta, S. (2022). 

Comparison Based Analysis and Prediction for Earlier 
Detection of Breast Cancer Using Different Supervised 

ML Approach. In Emerging Technologies in Data 

Mining and Information Security: Proceedings of 

IEMIS 2022, Volume 3 (pp. 255-267). Singapore: 

Springer Nature Singapore. 

[28]. Das, S., Chatterjee, S., Karani, A. I., & Ghosh, A. K. 

(2023, November). Stress Detection While Doing 

Exam Using EEG with Machine Learning Techniques. 

In International Conference on Innovations in Data 

Analytics (pp. 177-187). Singapore: Springer Nature 

Singapore. 
[29]. Hazra, S. (2024). Pervasive nature of AI in the health 

care industry: high-performance medicine. 

[30]. Sima Das, Siddhartha Chatterjee, Sutapa Bhattacharya, 

Solanki Mitra, Arpan Adhikary and Nimai Chandra 

Giri “Movie’s-Emotracker: Movie Induced Emotion 

Detection by using EEG and AI Tools”, In the 

proceedings of the 4th International conference on 

Communication, Devices and Computing (ICCDC 

2023), Springer-LNEE SCOPUS Indexed, DOI: 

10.1007/978-981-99-2710-4_46, pp.583-595, vol. 

1046 on 28th July, 2023. 

[31]. Chatterjee, R., Chatterjee, S., Samanta, S., & Biswas, 
S. (2024, December). AI Approaches to Investigate 

EEG Signal Classification for Cognitive Performance 

Assessment. In 2024 6th International Conference on 

Computational Intelligence and Networks (CINE) (pp. 

1-7). IEEE. 

[32]. Adhikary, A., Das, S., Mondal, R., & Chatterjee, S. 

(2024, February). Identification of Parkinson’s Disease 

Based on Machine Learning Classifiers. In 

International Conference on Emerging Trends in 

Mathematical Sciences & Computing (pp. 490-503). 

Cham: Springer Nature Switzerland. 
[33]. Ghosh, P., Dutta, R., Agarwal, N., Chatterjee, S., & 

Mitra, S. (2023). Social media sentiment analysis on 

third booster dosage for COVID-19 vaccination: a 

holistic machine learning approach. Intelligent Systems 

and Human Machine Collaboration: Select 

Proceedings of ICISHMC 2022, 179-190. 

[34]. Rupa Debnath; Rituparna Mondal; Arpita Chakraborty; 

Siddhartha Chatterjee (2025) Advances in Artificial 

Intelligence for Lung Cancer Detection and Diagnostic 

Accuracy: A Comprehensive Review. International 

Journal of Innovative Science and Research 

Technology,10(5),1579-1586. 

[35]. K. T. Mpofu and P. Mthunzi-Kufa, “Recent Advances 

in Artificial Intelligence and Machine Learning Based 

Biosensing Technologies,” IntechOpen, Mar. 2025. 
[36]. D. Thomas, “The Future of Biosensors: Emerging 

Trends and Market Growth,” Int. J. Sensor Netw. Data 

Commun., vol. 14, no. 1, 2025. 

[37]. Nitu Saha; Rituparna Mondal; Arunima Banerjee; 

Rupa Debnath; Siddhartha Chatterjee; (2025) 

Advanced Deep Lung Care Net: A Next Generation 

Framework for Lung Cancer Prediction. International 

Journal of Innovative Science and Research 

Technology, 10(6), 2312-2320. 

[38]. “Biosensors Global Market Report 2025: 

Electrochemical Biosensors Dominate with Over 70% 

Market Share in 2024,” Yahoo Finance, 2025. 

https://doi.org/10.38124/ijisrt/25jul123
http://www.ijisrt.com/

	I. INTRODUCTION
	II. LITERATURE REVIEW
	III. METHODOLOGY
	IV. FUTURE DIRECTIONS
	V. CONCLUSION

