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One of the most concerning critical global health issues is tobacco consumption, which 

contributes significantly to preventable morbidity and mortality. Timely and accurate 

detection of cotinine, a primary metabolite of nicotine, is crucial for suggesting cessation 

programs. Gas chromatography-mass spectrometry, high-performance liquid 

chromatography, and immunoassays offer high sensitivity and specificity but are limited by 

high costs, the need for laboratory setup, and sophisticated techniques. The emergence of 

biosensors has led to the development of point-of-care (POC) alternatives due to their 

portability, ease of use, and cost-effectiveness. Their sensitivity and selectivity can be 

enhanced by the incorporation of nanomaterials, such as graphene, carbon nanotubes, and 

metal nanoparticles, enabling the detection of trace levels of nicotine metabolites in 

biological fluids, and the integration of AL and ML algorithms with the biosensors to 

process complex electrochemical signals, extract meaningful features, and quantify accurate 

analyte concentrations. In addition, the integration of biosensors with Internet of Things 

(IoT) infrastructure through smartphones and wireless modules such as Bluetooth, Wi-Fi, 

and NFC enables seamless real-time data acquisition, cloud-based storage, remote 

monitoring, and personalized health feedback. These types of biosensors, incorporated with 

AI & ML and IoT, offer the possibility of continuous, user-friendly, and connected 

monitoring of nicotine metabolite exposure, bridging the gap between laboratory diagnosis 

and digital health ecosystems. This review proposes a biosensor based on Surface Enhanced 
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Raman Spectroscopy (SERS) for the detection of nicotine metabolites in biological samples 

using Au/Ag nanoparticles. The Biosensor is integrated with a smartphone via Bluetooth, 

NFC, and Wi-Fi using an ESP32 Microcontroller, leading to seamless telemonitoring. The 

role of AI/ML in enhancing signal interpretation and the transformative impact of IoT 

integration in enabling connected health systems. It also discusses the current challenges 

related to reproducibility, stability, data security, and regulatory compliance, and outlines 

future directions for the development of smart biosensing technologies for precision tobacco 

exposure monitoring. 

 

 
1. INTRODUCTION 

Nicotine (IUPAC name: 

3-[(2S)-1-methy⁠lpyrrolidin-2-ylpyridi ⁠ne], NIC) 

dep ⁠endence is a l⁠eading cause of morbidity and 

mortality worldwide, associated with increased r ⁠isk⁠s of 

cancer, cardiovascular disease, and pulmonary disorders 

[1]. Accurate monitoring of nicotine exposure is critical 

for clinical⁠ diagnost⁠ics, publi⁠c health surveillance, and 

smoking cessation interven⁠tions. Cotinine, the prim⁠ary 

metabolite of nicotine, s ⁠erves as a robust biomark ⁠e ⁠r due 

to its longer half-life [2]. One key point to consider is that 

tobac ⁠co smoke still lacks a perfe ⁠ct measurement method. 

Accurate measure ⁠ment⁠ is essent ⁠ial for validating risk 

assessments related to tobac ⁠c ⁠o exposure. Historically, 

cotinine has been measured fro ⁠m samples of salive, urine 

and boold. While traditional methods like gas 

chromatography–mass spectrometry (GC–MS) and 

enzyme-linked immunoassays (ELISA) provide hig⁠h 

accuracy, they involve long processing times, high costs, 

and require laboratory infrastructure [3]. As a result, 

there is an increasing need for low-cost, portable, and 

real-time monitoring tools. Recent developments in 

nanomaterials and biosensor technology offer p ⁠romising 

alternatives. Nanostructures, s ⁠uch as graphene, carbon 

nanotubes, and noble metal nanoparticl⁠es, exhibit 

superior electrical, optical, and catalytic properties, 

making them ideal transducers for biosensing [4]. 

Moreover, the i ⁠ntegration of ⁠ AI and mach ⁠ine learning 

(ML) enables efficient bio-signal analysis, enhancing 

sensor ⁠ selectiv ⁠ity and accuracy. Biomarker identification 

using Machine Learn ⁠ing was aided by Artific⁠ial 

Intelligence for classification and Clustering, fa ⁠cilitating 

comprehensive molecular profi ⁠ling analysis. By 

employing top-down approaches, such as Systemati⁠c 

Evo ⁠lution of Ligands by ⁠ Exponential Enrichment (S

ELEX), ⁠ the AI accelerates the disco⁠very of⁠ 

high-specificity biorecep ⁠tors. In data analysis, Machine 

Learni ⁠ng⁠ model ⁠s process complex datasets to classify, 

predict, and interpret biomolecular interactions with 

high accuracy. [5]. This review proposes a smart 

biosenso⁠r platform that combines nanomaterial-based 

transduction with AI-assisted data processing for 

nicotine metabolite detection 

 

2. METHODS 

Data was collected from various sources such as 

Elsevier, Google Scholar, IEEE, and the American 

Chemical Society (ACS) by searching keywords like 

“Biosensors”, “Nicotine”, Cotinine”, “Nanomaterials”, 

“Electrochemical sensing”, “Artificial intelligence”, 

“Machine learning”, “Smartphone-based diagnostics”, 

“Point-of-care devices”, “Tobacco metabolite detection”, 

“Internet of Things”  all the diagrams were drawn using 

Microsoft PowerPoint version 2580 and Biorender. 

 

3. CURRENT BIOSENSING TECHNOLOGIES FOR 

NICOTINE METABOLITES: 

3.1Electrochemical Sensors: 

Traditional techniques like High performance liquid 

chromatogr ⁠aphy (HPLC), Gas chromatography ma

ss-spectroscopy (GC-MS) [6]. High performance liquid 

chrom⁠atography mass-spectroscopy (H ⁠PLC-MS), Gas 
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chromatography (GC) [7] were used for the nicotine ⁠ 

detection, which were very sophisticated, 

time- ⁠consuming, a ⁠nd required preliminar ⁠y ex ⁠traction 

and purification of NIC sample, a ⁠nd involved many 

steps. Now, resea ⁠rchers are switching t ⁠o electrochemical 

sensors because of their fast response, relatively high 

sensitivity, low⁠ detection capabilities, and simple, 

low-cost, and reliable [8]. Shehata et al. developed an 

electroc ⁠hemical sensor for NIC detection. Nano-TiO2 wi

th a carbon paste electrode was used to construct the 

sensor, and NIC w⁠as detected using ⁠ a Nano-TiO2 

modified carbon paste sensor (NTMCP) within the range 

of 2×10−6 M to 5.4×10−4 M⁠ us ⁠ing differential pulse 

voltammetry. With a limit of detectio ⁠n of 1.34×10−8 M, 

the sensor demonstrates high sensitivity, simplicity, and 

selectivity for determining NIC levels⁠ in urine, which 

were compared to real ⁠ cigarettes. Another study 

conducted by Li et al. involved synthesizing nitrog

en-doped graphene sheets (NGS) and chara ⁠cterizing 

them using ⁠ Transmission Electron Mi ⁠croscopy 

(TEM), Raman Spectros⁠copy, X-Ray Diffraction (XRD), 

and X-ray photoelectron spectroscopy (XPS). These 

nitrogen-doped graphene sheet ⁠s were used to modify 

screen-printed carbon electrodes (SPCE). Li et al. 

demonstrated a d ⁠etection sensitivity of 0.627 mA·cm− 2 

mM− 1 with a limit of detection at 47 nM NIC, 

illustrating the sensors' sensitivity ⁠ as shown by Li et al. 

Paper-based potent ⁠iometric sensors have also been 

developed. Electrodes were based on nicotinium cation 

(Nic) w ⁠ith either tetraphenylborate (TPB) or 5-nitro

barbiturate (NB) counter anions as sensing materials for 

NIC recognition. It has been shown t ⁠hat the s

ensors showed rapid and stable response with the 

detectio ⁠n limits of 6.0 and 8.0 μM for [Nic/TPB] and 

[Nic/NB], respecti⁠vely, and s ⁠howed that the sensors 

revealed a constant response over 3.5-6.5 pH. 

This design of the device makes it a por ⁠tabl ⁠e, 

inexpensive way to detect trace levels of ni ⁠cotine. ⁠ NIC 

le ⁠vels from human sweat from heavy smokers and ⁠ fr ⁠om 

different type ⁠s of cigarettes were me ⁠asured, and th ⁠e 

obtained results were compared ⁠ favo⁠urably with results 

obtained from gas chromatography ⁠ [9]. In a study done 

by⁠ D⁠aya ⁠n et al., there is⁠ a proposal for a 3D-printed 

electrochemi ⁠cal sensor, which was printed using a 

3D-printing pen, that quantified NIC levels fro ⁠m 

e-cigarettes and sweat samples. LOD was 2.7 mgL−1, 

withou ⁠t any electrochemical pre-treatment, showing its 

efficiency in dire ⁠ct detection and low cost. Au 

tadpole-like nanostructures immobilized onto titanium 

ox ⁠ide (TiO) were synthesised and characterized using 

transmission electron microscopy (TEM), X-ray 

Diffraction (XRD), and X ⁠-ray photoelectron spectroscopy 

(XPS) to provide a cost- ⁠effe ⁠ctive and s ⁠ensitive nicotine 

detection material. LOD 0.149 μmo⁠l L−1 indicates the 

high accuracy in ⁠ determining NIC levels [10]. Graphite 

carbon-nitride (g-C₃N₄) and multiwalled carbon 

nanotubes (CNTs) [11]; 2D hexagonal boron nitride 

nanosheets (BN) doped graphene film [ ⁠12], were some of 

the other electrochemical sensors used to det ⁠ermi⁠ne NIC. 

 

4. ARTIFICIAL INTELLIGENCE AND MACHINE 

LEARNING IN BIOSENSORS 

The integrat ⁠ion of artificial intelligence in the medical 

and he ⁠alth sectors will mark a milestone in innovat ⁠ion, 

as data generated by machines and biosenso ⁠rs needs to 

be analyzed. This ⁠ is because the data produced may not 

be suitable for traditional analysis methods due to its 

complexity⁠. Not only complexity, but also noise, 

paramet ⁠ers, and other factors influence the use of 

artificial intelligence for solutions. A ⁠ppli⁠c ⁠ations of 

artificial ⁠ intellige ⁠nce and machine learning algorithms in 

electrochemical data analysis hav ⁠e significantly 

improved the sen ⁠sitivity and specificity of detection 

methods [13]. One of the breakthroughs in 

AI-integrated biosensing was Alp ⁠hafold2 [14]. Meta AI 

entered the field by developing a model that p ⁠redicts 

over ⁠ 600 million proteins [15]. Powerful GPU clusters, 

such as NVIDIA-DGX, along with parall ⁠el processing 

technologies, have led to significant advancements in 

processing power and biosensor technolog ⁠ies [16]. 

Real-time monitoring of various biomarkers can be 

achieved using flexible electrochemical sensors 

combined with machine learning algorithms [17]. 

Machine learning is capable of learning from experience 

and adapting to⁠ new datasets. Using machine learning, 

AI sy⁠stems gain the ability from experience, which 

enables the c ⁠reation of algorithms th ⁠at e ⁠nable the 

computer to learn thi ⁠ngs from its own data and 

experiences ⁠ [18]. Ma⁠chine learning is categorized into 

supervised, unsupervised, and reinforcement learning 

(Fig.1)  
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Fig 1: Artificial Intelligence, Machine Learning, and its 

categories. 

Electrochem⁠ical diagnosis can be done using machine 

learning, but the data pre-proces ⁠sing is an essential step 

be ⁠fore train ⁠ing an ML model. The raw data should be 

easily understandable by the model to process. 

Normalization, Feature Extracti ⁠on, Data Augmentation, 

etc, are the numerous pre-processing tech ⁠niques 

[19⁠]. AI-driven biosensors can be used to detect 

cancer-specific biomarkers in blood samples, and 

glucose level monitoring in diabetic individuals [20] [21]. 

beyond blood sugar m ⁠onito⁠ring, these biosensors a ⁠re 

also employed to detect other bioche ⁠mical markers in 

blood and ur ⁠ine, such as lactate, pyruvate ⁠, urea, an ⁠d 

cholesterol biomarkers [22]. Moreover, the ⁠y are also 

used in the detection of enviro ⁠nmental and industrial 

pollutants like nitrate, nitrite, and sulfate [23]. 

  
Fig 2: Schematic representation of Smart Biosensor 

Platforms for Nicotine Metabolite Detection. 

 

ML ca ⁠n⁠ predict smoking-induced non-communicable 

diseases like lung c ⁠ancer and postmenopausal oste ⁠opo

ro⁠sis by identifying biomarkers and genetic profiles [24]. 

Rese ⁠archers are using ML to understand ⁠ psycho-genetic 

pred ⁠ispositions to t ⁠obacco addiction, pr ⁠oviding 

personalized tools for ⁠ quitting, monitoring unregulat ⁠ed 

vaping trad ⁠es in social media by analys ⁠ing behavioural p

atterns in people who u ⁠se tobacco [25] [26]. A major 

cause of lung cancer ⁠ is prolonged e ⁠xposure to tobacco, ⁠ 

with an increasing risk with more years of smoking [27]. 

Many long-term smokers nev ⁠er de⁠velop lung cancer; m

oreover, lung cancer also occurs in non-smokers, which 

is often diagnosed at the fin ⁠al stages, indicating the 

complex interaction of ⁠ the body with t ⁠obacco. The 

sign⁠ificant gap mentioned that there is a need to identify ⁠ 

risk pathways of sm⁠oking carcinogenesis for early 

detection of lung cancer and offering personalized 

treatment ⁠, especially for non-smokers [28]. Chen and 

Lin, 2020 investigated and rep ⁠orted that using machine 

learning, the impact of smoking factors on ⁠ lung cancer 

can be identified, and also ⁠ iden⁠tified specific risk 

pathways associated with smoking-induced lung cancer 

[29⁠]. 

 

5. PROPOSED SMART BIOSENSOR 

5.1 Surface-enhanced Raman Spectroscopy (SERS) 

Surface-enhanced Raman Spectroscopy (SERS) is a hig

h⁠ly sensitive detection tech ⁠nique that ⁠ provides structural 

and chemical information about the target molecule. 

Using si⁠lve ⁠r or gold n⁠anoparticles, SERS can detect nicot

ine at nanomolar concentrations, making it an ideal 

analytical sensor for detecting NIC in complex biological 

sam⁠ples like saliva and blood [30]. SERS is a powerful 

emerging te ⁠chnique that significantly enhances the 

detection limit of Raman scattering when the target 

analyte is adsorbed onto metalli ⁠c nanostructures acting 

as antennas, amplifying the signal while preserving all v

ibrational spectroscopy features [31]. G⁠old and silver 

nan⁠oparticles are commonly used by the SERS 

community due to their cost-effectiveness and ease of 

manipulation, whil ⁠e offering a high enric ⁠hment factor. 

Gold nanoparticl ⁠es are less affected by oxidation and are 

more uniform in size and shape. These advantages make 

them superior to silver nanoparticles, which are 

typicall⁠y synthesized via chemical reactions [32] [33]. 

Compared to traditional and standard 

chroma ⁠tography methods, SERS requires less extensive 

pre-processing, facilitating rapid field deploym ⁠ent. The 

size o ⁠f the SERS sensor is one of the ⁠ notable features, 

allowing it to be integrated with portable spectrometers 

and smartphone integration, whi ⁠ch makes it suitable ⁠ for 

IoT-enabled health ser ⁠vices and point-of-care 

diagnostics [34]. 

5.2 IoT Hardware Architecture. 

5.2.1 Sensing Module 

The Surface-enhanced Raman Spectroscopy (SERS) 

interface collects data from the biological sample 

5.2.2 Interface circuit 

Electrochem ⁠ical signals produced by th⁠e sensor are 

usually detected by amperometric ⁠ and potentiometric 
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measurements [35] [36⁠]. An electric charge is produc ⁠ed 

due to the accumulation of charge molecules at the 

electrodes. Electrochemical sensors require a specific 

recognition of the ta ⁠rget molecule t ⁠o achieve detection 

specificity (e.g., antibodies, prot ⁠eins, peptides). 

Electrochemical analysis techniques can utilize various 

functional units of a smartphon⁠e such as its power 

su⁠pply, wired data transmission int ⁠erfaces like USB 

connectors, audio port-based connectors, and wirele ⁠ss 

peripherals like Blueto⁠oth and Near Field 

Communicatio⁠n (NFC) to⁠ gener ⁠ate excitation signals and 

perform signal⁠ quantification [3 ⁠7] [38]. Electrochemical 

analysis techniques can also be integrated into 

smartp ⁠hones via wired peripherals, such as audio 

connectors and Universal Serial Bus (USB) connectors 

[38]. Mode⁠s of electrochemical detection: the p ⁠roposed 

system⁠ can perform electr ⁠oanalytical techniques like 1. 

Cy⁠clic ⁠ vol⁠tammetry (CV), 2. Chronoamperometry, 3. 

Differential pulse voltammetry (DPV), 4. ⁠ Square wave 

volta ⁠mmetry (SWV) and 5. Potentio ⁠metry. 

 

5.2.3 Microcontroller/Communications Board 

Using the ESP32 ⁠ Microcontroller, the voltage signal thus 

produced can be transferred to a smartphone via Blu

et⁠ooth, Wi-Fi, or NFC. The signal thus produced in the 

ESP32 microcontroller, ESP32 Microcontroller, generates 

a sweep voltage signal, se ⁠nt to the analog circuit, so the 

measure ⁠ment can be read in the ESP32 [39] (Fig.3). 

  
Fig 3: Schematic representation of the working of the 

ESP32 Microcontroller integrated with a smartphone for 

electrochemical sensing. 

  

5.2.4 Smartphone Integration 

 The smartphone app receives the rea ⁠l-time pro⁠cesse ⁠d 

data from the microcontroller t ⁠hrough either Bluetooth, 

Wi-Fi, or NFC. That application dete ⁠cts nicotine levels, 

tracks trends, and, of cou⁠rse, correlates these with 

behavioral data s⁠uch as smoking, medication, and 

geolocation for personalized health insights. The 

processed data can be upl ⁠oaded and stored in the cloud 

securely f ⁠o⁠r remote monitoring, telemedicine 

consultation, or research data aggregation, with user 

consent and encrypted channels [40].  

  
Fig 4: Schematic representation of the proposed 

detection model integrated with Artificial Intelligence 

and Machine Learning  

 

6. DISCUSSION 

 The emergence of nanomaterial-based biosensors 

integrated with artificial intelligence (AI) and machine 

learning (ML) offers a transformative pathway for 

real-time detection of tobacco metabolites, particularly 

nicotine and its primary metabolite, cotinine. Traditional 

laboratory analytical techniques such as gas 

chromatography ⁠–mass spectrometry (GC–MS), 

high-performance liquid chromatography (HPLC), and 

enzyme-linked immunosorbent assays (ELISA) have 

been the gold standard for biomarker detection. 

However, they were limited by their high cost, bulky 

infrastructure, sophisticated techniques, long processing 

time, bulky infrastructure and need of trained personnel 

[3].These constraints make them unsuitable for 

continuous or point-of-care (POC) monitoring, especi⁠ally 

in low-resource settings. The reviewed studies 

collectively suggest that electroch ⁠emical biosensors, ⁠ 

particularly those employing nano ⁠structured materials, 

can address these ch ⁠allenge ⁠s. Electrochemical sensors 

u ⁠sing nanostructured elec ⁠trodes such as nitrogen-doped⁠ 

g ⁠raphene ⁠sheets⁠ [41], titanium dioxide–carbon paste 

composites [8], and Au nanostructure-modified TiO [10] 

have demonstrated exceptional ⁠ sensitivity and low 

detection limits. These sensors exploit the high surface 

area-to-volume ratio⁠, ⁠ con⁠ductivity, and catalyti ⁠c activity 

of nanomaterials, which enhances electron transfer k

inetics and binding efficiency at the electrode interface 

[4]. Such attributes are critical when measuring trace 

metabolite concentrati⁠ons in complex ⁠ biological m ⁠atrices 

like saliva, urine, and blood, where non-specific 

adsorption and matrix inter ⁠ference ⁠ are common. 
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Ad ⁠ditionally, ⁠the use of flexible substrates, paper-based 

platforms, and 3D-printed architecturess [42] [9] further 

improves the portability, cost-effectiveness, and 

field-de ⁠ployability of these senso⁠rs, making them more 

suitable for ⁠ consumer health monitoring. Despite these 

advances, electrochemical biosensors face challenges in 

data interpretation due to complex and often noisy ⁠ 

electrochemical sign ⁠als. This is where AI and ML 

integration provides a substantial advantage. ML 

algorithms can learn⁠ patterns from large dat ⁠asets, ⁠ filter 

noise, extract rele ⁠vant features, and p ⁠redict analyte 

concentrations with high accuracy [13]. Various models 

supervised (e.g., support vector machines, random 

forests), unsupervised (e.g., clustering), and ⁠ 

reinforcement learning can be trained to recognize 

voltammetric, ⁠ amperometr ⁠ic, or i ⁠mpedance signatures 

associated with nicotine metabolites [18]. Such 

approaches enable r ⁠obust classification and quantifi

cation even when raw signals are affected by user ⁠ 

variability, electrode fouling, or envir ⁠onmental 

conditions. Moreover, the use of AI extends beyond 

analy ⁠tical performance. As shown by Chen and Lin, 2020 

ML can identify risk pat ⁠hways linking smoking 

e ⁠xposure to lung cancer, while Sinha et al, 2024 

demonstrated that ML models can predict 

smoking-related diseases such as postmenopausal 

osteoporosis. Integrating these predictive health 

analytics into biosensing platforms could transform 

them from mere diagnostic devices to com⁠prehensive 

p ⁠reve ⁠ntive health systems. This⁠ aligns with broader 

digital health trends where biosensors are coupled with 

smartphone-based data collection, cloud storage, and 

personalized feedback ⁠, f ⁠ostering user engagement and 

behavioral change. Smartphone integration also plays a 

pivotal role in th ⁠e proposed biosensor a ⁠rchitec ⁠ture. 

Electrochemical signals generated dur ⁠ing sensing ca ⁠n be 

powered and read using a smartp ⁠hone’s built-in fun

ctional units power supply, USB/audio con ⁠nectors, and 

wireless peripherals like Bluetooth and NFC [37] [38]. 

Microcontrollers like ESP32 can interface with the 

biosensor to transmit processed data to mobile 

applications in real time [39]. Such mobile hea ⁠lth 

(mHealth) approach ⁠es leverage the ubiquity and 

computational p ⁠ower of smartphones, enabl ⁠i⁠ng 

decentralized diagnostics, telemedicine, and continuous 

mon⁠itoring outside clinical sett ⁠ings [40]. Import ⁠antly, the 

portability and low cost of s ⁠uch integrated systems make 

them suitable for large ⁠-scale epidemiological 

surveillan ⁠ce ⁠, especially in low- and middle-income 

countries ⁠ whe ⁠re tob ⁠acco-related ⁠ disease burdens are 

high. Surface-enhanced Raman spect ⁠rosco⁠py (SERS) 

further enriches the toolbox for nicotine 

metabolite detection. By using metallic nanostructures 

like ⁠ gold and silver nanoparticles, SERS achieves 

molecular fingerprinting wi ⁠th e ⁠xtremely low detecti ⁠on 

limits [30] [31]. Unlike conventional chromato⁠graphic 

methods, SERS requires minimal sample p ⁠reparation, 

operates rapidly, and can be miniaturized for field deplo

yment [34]. This makes i⁠t a strong candidate for 

multiplexed detection of multiple biomarkers from small 

sample volumes. How ⁠ever, standardizing SERS substra

tes and ensuring reproducibili ⁠ty remain ⁠ key challenges 

for clinical t ⁠ransl⁠ation [32] [33]. Despite ⁠ these promising 

technological advances, ⁠ several translational chall ⁠enges 

remain. First, the reproducibility of nanomaterial s ⁠ynthe

sis is crucial, ⁠ as batch-to-batch variation can affect sensor 

performance. Second, the stability and shel ⁠f life of 

biological recognition elements (aptamers, antibodie ⁠s, 

molecularly imprinted polymers) must be optimized for 

real-world use. Third, regulatory and ethical 

considerations mu ⁠st be ad ⁠dressed for AI-driven health 

devices, particularly regarding ⁠ data privacy, model bias, 

and clinical validation. These challenges underscore the 

need for interdisciplinary collaborati⁠on among material 

scientists, ⁠ b ⁠iomedical engineers, data scientists, and 

regulatory agencies. Nevertheless, the converg ⁠ence of 

nanotechnology, electrochemical biosensing, and AI/ ⁠ML 

represents a paradigm shif ⁠t in tobacc ⁠o metabolite 

monit ⁠oring. This approach could enable frequent, 

non-invasive, and user-fr ⁠iendly monitoring of nicotine 

exposure, empowering⁠ b ⁠oth clinicians and individuals to 

track smok ⁠ing behavior, ass ⁠ess risk, and support cessa

ti ⁠on efforts. Furthermore, integrating behavioral an⁠d 

geolocation data via smartphone apps could open 

avenues for precision public health str ⁠ategies, such as 

real-time exposure mapping and targeted interventions 

for high-risk populations [25] [26]. 

 

7. CONCLUSION 

This review highligh ⁠ts the potential of n⁠ext-generation 

bio⁠sensors that synergisti ⁠cally integrate n

anomaterial-based tran ⁠sduce ⁠rs with AI/ML-driven data 
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analytics for nicotine metabolite ⁠ monitoring. Compared 

to conventional laborat ⁠ory-based as⁠says, these smart 

biosensors offer distinct advantag ⁠es like miniaturization, 

portability, cost-ef ⁠fectiveness, real-time response, 

and seamless integration with di ⁠gital healt ⁠h ecosystems. 

Electrochemical sensors using advanced 

nanomaterials such as graphene, carbon nanotubes, and 

metal nanoparticles have already demonstrated 

remarkable sensitivity and low detection limits, while 

SERS offers molecular-level specificity with rapid 

an⁠alysis times. Coupling these sensing platforms with 

AI/ML algorithms enables automated fea ⁠ture extraction, 

noise reduction, and accurate pre ⁠diction of metabolite 

con⁠centrations, thereby overcoming key limitations of 

traditional approaches.  Importantly, 

smartphone-ena ⁠bled biosensors brid ⁠ge the gap between 

laboratory diagnostics and point-of-care applications. By 

leveraging smartphones’ built ⁠-in powe ⁠r, communication 

interfaces, an ⁠d computing capabilitie ⁠s, biosensors can 

become accessible and scalab ⁠le tools for population⁠-wide 

nicotine exp ⁠osure mo⁠nitoring. This has profound 

implications for smoking cessation programs, public 

health s ⁠urveillance, a ⁠nd early disease risk prediction. 

Further ⁠m⁠ore, AI models embedded within such 

pl⁠atforms can continuously learn from user data, 

offering personali ⁠zed feedback and behavioral insights, 

and even pre ⁠dicting downstrea ⁠m health out ⁠comes such 

as lung cancer or osteoporosis. However, realizing this 

vision requires addressing several critical challenges. ⁠ 

Stan ⁠dardizing nanomaterial fabrication methods, 

improving the long-term stability of biorecognition 

eleme ⁠nts, and e ⁠nsurin⁠g the robustness and interpretabil

ity of AI models are esse ⁠ntial for regulatory approval 

and clin⁠ical adoption. Data securi ⁠ty and user priv ⁠acy 

must be safeguarded through encryption, 

anonymization, an ⁠d transparent consent framewor ⁠ks. 

Additionally, inter ⁠disciplinary research collaborations 

and public-private partner ⁠ships will be ⁠ necessary 

to accelerate the translation of th ⁠ese technologie ⁠s from 

proof-of-concept prototypes to widely deployed health 

tools. In conclusion, the fusion of nanotechnology, 

biosensing, AI/ML, and mobile health has the potent ⁠i⁠al 

to re ⁠volutionize tobacco metabol ⁠ite monitoring. ⁠ Such 

integrated platforms could enable proactive, personalize

d, and preventive heal ⁠thcare intervent⁠ions, ultimately 

r ⁠educing the global burden of tobacco-related diseases. 

Future research should focus on developing standardiz

ed protocols, conducting large-scale clin⁠ical validations, 

and creating open-access datasets to train and 

benchmark AI models. With continued innovation⁠ and 

collaboration, smart biosensors for nicotine metabolites 

can evolv⁠e from exp ⁠erimental concepts into 

transformat ⁠ive tools for public he ⁠alth and precis ⁠ion 

medicine. 
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