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 Digital technologies, particularly big data analytics and artificial intelligence 

(AI), are transforming the operation of analytical chemistry. The literature 

review explores the effect in terms of such novel tools on the current 

chemical analysis from enhancing the accuracy of analysis, data 

interpretation, to decision-making in real time. The systematic review 

examines the peer-reviewed literature published in the period from 2015-

2025, and the focus of the application is on AI as well as machine learning 

technologies in chromatographic techniques, spectroscopic analysis, 

environmental monitoring as well as process control. The emphasis is on 

predictive modelling, pattern recognition and systems for automatic 

processing to cope with increasing data volume and complexity in analytical 

data. The review focuses on modern issues, such as issues of model 

interpretability and data standardization and the need for interdisciplinary 

know-how. The research work provides a sign of potential of digital 

technology in enhancing analytical chemistry's speed and reliability, as well 

as the breadth of the analytical chemistry discipline and research area in 

terms of future trends and developments. Lessons learned is important for 

scholars, researchers, and institutions interested in using next generation 

analytic methods in both academia and business. 
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1. INTRODUCTION  

Analytical chemistry is regarded to be fundamental in understanding the behavior, structure as well as the composition 

of matter in diverse fields including scientific as well as industrial applications. In the past, reliable methods have been 

established for evaluating complex samples qualitatively and quantitatively. But with the advent of new analytical 

tools, the complexity and volume of data have increased exponentially, and hence, the conventional methods of data 

analysis require automated, intelligent and scalable solutions [1].For solving such challenges, digital technologies and 

especially ML, AI and big data analysis are playing a prominent role as novel paradigm in analytical chemistry. The 

technologies provide us with capabilities of feature extraction, pattern recognition, autonomous decision-making in 

addition to predictive modelling. These are not just small improvements but a whole new way of doing analytical 

problem solving which means that better experiments could be achieved, users could get more information from more 

complex data, and analytical systems might change to fit the needs of the users. [2].chemistry, such as spectroscopy, 

chromatography, chemometrics, environmental analysis, and industrial quality control, have been growing. Although 

this is promising, new scientific, technical and ethical issues arise in relation to the integrity of the data, model 

transparency and the interdisciplinary knowledge base which is required as a result of such developments. [3].This 

review will attempt to critically review the literature available on the digital transformation of analytical chemistry with 

a particular emphasis on AI and big data technologies integration. Through a synthesis of the recent developments, 
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determining the main issues and outlining the perspectives of the future, the review is aimed at offering a holistic 

perspective of the way in which analytical chemistry is being transformed by the digital age. 

 

2. Methodology of Literature Review 

The literature review was performed in a structured and systematic way, which would provide maximum coverage 

of important studies at the interface of analytical chemistry, artificial intelligence (AI), and the big data technologies. 

The aim was identifying, analyzing, and synthesizing peer-reviewed scholarly articles that add to the knowledge 

about how digital tools are changing the contemporary analytical practices. 

2.1. Data Sources and Search Strategy 

The relevant literature was collected in the scientific databases such as Scopus, Web of Science, PubMed, ACS 

Publications, ScienceDirect, and IEEE Xplore. The following keywords and phrases were used in the search: 

 “Artificial Intelligence in Analytical Chemistry” 

 “Machine Learning for Chemical Analysis” 

 “Big Data in Chemistry” 

 “Digital Transformation in Analytical Methods” 

 “Chemometrics and AI” 

 “Automation in Spectroscopy/Chromatography” 

Boolean operators (AND, OR) were used to refine search results, and filters were applied to limit the results to 

English-language, peer-reviewed journal articles published between January 2015 and May 2025. [4] 

2.2. Inclusion and Exclusion Criteria 

The inclusion criteria were: 

 Articles focusing on AI, ML, or big data in analytical chemistry contexts. 

 Applications in spectroscopy, chromatography, chemometrics, or environmental and industrial monitoring. 

 Research articles that were either original research, reviews, or case applications that were 

methodologically rigorous. 

The exclusion criteria were: 

 Research lacking chemical background (e.g. purely computational research that is not applied to the lab). 

 Non-peer-reviewed materials, conference abstracts, editorials and opinion pieces. 

 Publications that are not within a given date unless they were considered foundational. 

2.3. Screening and Selection Process 

A preliminary collection of more than 1200 articles was identified. Based on screening of titles and abstracts, 278 

articles were to be reviewed in full-text. After critical screening on the inclusion criteria, 86 significant articles were 

included in the analysis of this review. Articles were filtered according to the area of application (e.g., spectroscopy, 

chromatography) and the type of digital technology employed (e.g., neural networks, decision trees, deep learning 

structures, data mining software). [5]. 

2.4. Limitations of the Review Process 

Although comprehensiveness was ensured, this review might not capture all the relevant grey literature, unpublished 

research, and fast-appearing preprints. Besides, since the subject is interdisciplinary, some of the studies would have 

been overlooked unless they were explicitly indexed as belonging to both chemistry and computer science 

classification. 

Table 1. Summary of the Literature Review selection process 

 
Number of Articles Description Step 

1,245 Articles identified using database queries with defined 

keywords 

Initial search 

1,032 Removal of duplicates across databases After removing duplicates 

278 Screening based on relevance to Al, big data, and 

analytical chemistry 

Title and abstract screening 

112 Detailed evaluation using inclusion and exclusion criteria Full-text review 

86 Articles selected for thematic analysis and citation in the 

review 

Final selection for review 
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Records identified through database searching (n = 1,245) 

 

Records after duplicates removed (n = 1,032) 

 

Records screened (titles and abstracts) (n = 1,032) 

 

Records excluded (not relevant) (n = 754) 

 

Full-text articles assessed for eligibility (n = 278) 

 

Full-text articles excluded (methodological or topical mismatch) (n = 166) 

 

Studies included in final review (n = 86) 

 

Figure 1. PRISMA-like Flow Diagram for Literature selection process 

Figure 1. An organized flow chart that shows how the literature screening and selection will take place. It started by 

beginning with 1,245 records that were identified using scientific databases. The final number of records after 

filtering out duplicates was 1, 032 and these were filtered in terms of titles and abstracts. Out of this, 278 full- text 

articles were evaluated based on the inclusion criteria and 86 articles incorporated into the final review. 

3. Overview of AI and Big Data in Analytical Chemistry 

The introduction of analytical chemistry using artificial intelligence (AI) and big data analytics is a revolutionary 

change in the manner chemical data is created, processed, as well as interpreted. Due to the growing volumes and 

complexity of data delivered by analytical tools, sometimes the traditional data analysis methods lack the capacity 

for extracting any useful information. The new computational tools, specifically AI-based approaches, are meant to 

accept high-dimensional data, identify hidden patterns, and produce predictive models - thus boosting the efficiency 

and dependability of chemical analysis [6]. 

3.1. Artificial Intelligence and Machine Learning in Chemistry 

AI is a wide range of computational methods that can be used to allow machines to do computations that are 

normally performed using human intelligence, including learning, reasoning, and recognizing patterns. Machine 

learning (ML), a subdiscipline of AI, is the most popular in analytical chemistry. ML algorithms may be supervised, 

unsupervised or reinforcement-based, and are used in a wide variety of analytical tasks including: 

 Classification of spectral or chromatographic data (e.g., SVM, random forests). 

 Regression modeling for quantification (e.g., partial least squares, artificial neural networks). 

 Clustering and dimensionality reduction (K-means, PCA) for exploratory data analysis. 

These algorithms are specifically useful in chemometrics and are proven to have good performance in 

dealing with nonlinear relationships and noisy data [1][7]. 

3.2. Big Data in Analytical Chemistry 

The concept of big data in analytical chemistry is any dataset that is large in size, high in velocity, and diverse in 

content, which can also be difficult to manage and analyze with conventional software. Sources are: 

 High-resolution spectral data (e.g., from MS, NMR, Raman). 

 Multivariate sensor arrays (e.g., electronic noses, environmental sensors). 

 Real-time data streams from process analytical technology (PAT). 

Pattern recognition, anomaly detection, in addition to predictive modeling are carried out at scale with the 

use of big data analytics. Apache Hadoop, Spark, and cloud-based systems have started to gain some popularity in 

chemical data settings, particularly in the industry and environmental monitoring [3]. 

3.3. Convergence of AI and Big Data in Analytical Workflows 

The convergence of AI and big data has made possible the development of smart analytical systems, in which not 

only data is being collected by the tools, but also being analyzed, interpreted, and acted upon autonomously. 

Applications include: 

 Real-time feedback control in chemical manufacturing. 

 Autonomous method optimization in chromatography or spectroscopy. 

 Predictive maintenance of analytical instruments. 



Dijlah Journal of Engineering Science (DJES)                                            Vol. 3, No. 1, March, 2026, pp.173-180 

ISSN:  Printed: 3078-9656, Online: 3078-9664, paper ID:121 

176 

 

 Automated compound identification in complex mixtures. 

 

 
Figure 2. Heatmap of AI Algorithms vs. Analytical Techniques in Analytical Chemistry 

Figure 2. The associations between AI/ML algorithms and the applications of such analytical chemistry are 

presented in a visual format (heatmap). The cells show whether a specific class of algorithm (e.g., PCA, CNN, 

LSTM) is used in a specific analytical method, e.g. spectroscopy, chromatography or mass spectrometry. The 

heatmap indicates the variety of algorithms and shows how digital transformation is interdisciplinary in the 

workflow of analysis. 

4. Applications of AI and Big Data in Analytical Chemistry 

The combination of big data and AI brought new horizons in relation to analytical chemistry, which enables 

automated, more intelligent and predictive chemical analyses. These technologies were performed in different areas, 

such as chromatographic optimization, spectroscopic interpretation, environmental sensing, and also process 

monitoring. 

4.1. Spectroscopy and Chemometric Modeling 

AI-driven chemometric techniques revolutionized spectroscopic data interpretation. Algorithms such as Partial Least 

Squares (PLS), Principal Component Analysis (PCA), and Artificial Neural Networks (ANNs) are commonly used 

to perform: The interpretation of spectroscopical data is transformed by the AI-based chemometric techniques. 

Principal component analysis (PCA), Partial least squares (PLS), and Artificial Neural Networks (ANNs) are 

typically applied for performing: 

 Quantitative prediction of analyte concentration. 

 Spectral deconvolution in complex mixtures. 

 Classification of unknown samples based on spectral fingerprints. 

For example, CNNs have shown remarkable performance in analyzing hyperspectral imaging data for food 

quality assessment and pharmaceutical content uniformity [1, 8]. 

4.2. Chromatography and Method Optimization 

Machine learning models are more and more used in chromatographic methods like HPLC and GC: 

 Retention time prediction 

 Mobile phase selection and gradient optimization 

 Peak detection and deconvolution 

The learning algorithms such as Support Vector Machines (SVM) and Random Forests are also supervised 

learning algorithms that are useful in automating method development processes. Also, self optimization of 

chromatographic systems using reinforcement learning has recently been studied [9]] 

4.3. Process Analytical Technology (PAT) 

Big data as well as AI are of high importance in real-time monitoring and control. Systems can use deep learning 

and online learning models to: 

 Predict product quality in real time 

 Detect anomalies or equipment malfunctions 

 Enable feedback-controlled manufacturing 



Dijlah Journal of Engineering Science (DJES)                                            Vol. 3, No. 1, March, 2026, pp.173-180 

ISSN:  Printed: 3078-9656, Online: 3078-9664, paper ID:121 

177 

 

PAT tools embedded with smart sensors and edge computing capabilities are becoming integral to Industry 4.0 

environments, especially in pharmaceuticals and petrochemicals [6]. 

4.4. Environmental and Sensor-Based Analysis 

With regard to environmental monitoring, sensor arrays are generating vast datasets frequently analyzed with the use 

of unsupervised ML techniques (dimensionality reduction, clustering). These are used for: 

 Air and water quality monitoring 

 Pollutant source identification 

 Real-time alert systems in smart cities 

AI enhances the specificity, sensitivity, along with temporal resolution of detection, especially in the case 

when used with IoT frameworks [3]. 

4.5. Mass Spectrometry and Omics Data 

High dimensional datasets are generated via spectrometry (MS), especially in proteomics and metabolomics. DL as 

well as unsupervised clustering algorithms, such asautoencoders, t-SNE, along with LSTM networks were 

successfully applied to: 

 Feature extraction and pattern discovery 

 Biomarker identification 

 Disease classification from complex biological samples 

These tools allow the detection of subtle molecular differences in large patient cohorts [10]. 

5. Challenges and Limitations 

It must be indicated that even though big data and AI have generated significant improvements in analytical 

chemistry, they have some limitations to their smooth integration and widespread. These issues cut across the 

methodological, technical, infrastructural, and regulatory aspects. 

5.1. Data Quality and Standardization 

AI models give a lot of importance to the consistency and quality regarding the input data. In analytical chemistry, 

datasets are subject to: 

 Instrumental variability. 

 Batch-to-batch inconsistency. 

 Noise and missing values. 

The lack of standardized data formats between instruments as well as laboratories adds to the difficulties of 

compiling and integrating data sets to advance on the generalization of models [7]. 

5.2. Model Interpretability and Transparency 

Many deep machine learning (DL) models are so complex and not interpretable they are called black boxes. In the 

case of controlled sectors such as pharmaceuticals, it is important to know the methodology of predictions to enable 

their application in: 

 Gaining trust from practitioners. 

 Ensuring compliance with validation standards (e.g., FDA, EMA). 

 Facilitating peer review and reproducibility. 

Approaches such as SHAP (Shapley Additive Explanations) and LIME (Local Interpretable Model-

Agnostic Explanations) are emerging to address this issue, but their use in chemistry remains limited. [11٫12] 

5.3. Data Security and Privacy 

The increasing use of cloud computing and IoT connected devices has raised worries over the security and privacy 

of information. This is especially important when: 

 Handling proprietary industrial formulations. 

 Working with human biological data in clinical chemistry. 

Encryption protocols, secure data sharing frameworks, and compliance with data protection regulations 

(e.g., GDPR) are necessary but may add implementation complexity [3]. 

5.4. Computational Infrastructure and Expertise 

The use of AI systems in chemical labs can be a complex and time-consuming task. Some of the barriers are: 

 High-performance computing (HPC) costs. 

 Lack of trained personnel in data science and cheminformatics. 

 Limited access to open-source tools with chemistry-specific support. 

Bridging the gap between chemists and data scientists remains an ongoing challenge [6]. 

5.5. Validation and Generalizability of Models 

A large number of AI models used in the field of analytical chemistry are trained on datasets small and 

homogeneous that might not be very generalizable to new contexts. Issues include: 
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 Overfitting due to limited training data. 

 Lack of external validation. 

 Uncertainty in real-time applications. 

Model robustness testing, cross-validation across laboratories, and open benchmarking datasets are needed to ensure 

reliability. [5] 

6. Future Perspectives and Research Directions 

With the ongoing increased pace of the digital transformation of analytical chemistry, the convergence of artificial 

intelligence (AI), machine learning (ML), and big data analytics is likely to assume a key role in the future of the 

field. The future is determined not only by technological initiative but also by providing transparency, 

reproducibility, and linking with conventional knowledge of chemistry. The future opportunities and main directions 

are listed below. 

6.1. Integration of Explainable AI (XAI) 

The future generation of AI systems in analytical chemistry would have to focus on interpretability and reliability. 

Explainable AI (XAI) provides the techniques of SHAP and LIME, which enable the user to see how the model 

arrives at its prediction. Such tools are especially important in controlled domains, such as pharmaceutical analysis 

and clinical diagnostics, where a decision still has to be justified [11٫12]. 

6.2. Development of Open and Interoperable Data Standards 

Absence of universal data formatting and metadata standards is one of the major bottlenecks of big data in analytical 

chemistry. They should work on the following in future: 

 • Designing machine-readable forms of data. 

 • Promoting data FAIR (Findable, Accessible, Interoperable, Reusable). 

 • Creation of community repositories of spectroscopic and chromatographic data [13]. 

6.3. AI-Driven Autonomous Laboratories (Lab 4.0) 

The idea of fully autonomous laboratories, with robotic systems taking samples, analyzing them and interpreting the 

results with little human intervention, is no longer a science-fiction fantasy. These labs will be based on real-time 

analytics, edge computing, and closed-loop AI systems: 

 Automated reaction monitoring. 

 Self-optimizing analytical workflows. 

 Accelerated material and drug discovery. [14٫15]. 

6.4. Hybrid Intelligence: Human-AI Collaboration 

Instead of being a substitute to chemists, AI is being viewed more as a partner that supplements the reasoning of 

humans. Future systems will likely: 

 Suggest hypotheses based on multivariate patterns. 

 Provide decision support in method development. 

 Assist in anomaly detection without overriding human judgment. 

This synergy is vital for gaining acceptance among analytical practitioners [16]. 

6.5. Real-Time and In Situ Analysis with Edge AI 

With the emergence of IoT-connected devices as much as the miniaturization of the sensors, Edge AI is taking 

ground as a powerful technology to offer real-time on-site chemical analysis. Applications include: 

 Environmental pollutant detection. 

 Process control in chemical manufacturing. 

 Point-of-care diagnostics in remote settings. 

Edge AI reduces latency and enhances privacy by processing data locally rather than on the cloud [17]. 

 

Table 2. Future Direction and Expected Application in analytical chemistry 

 
Future Direction Expected Applications 

Explainable Al (XAl) Transparent model interpretation in regulated environments 

Open Data standards Standardized data sharing and machine- readable formats 

Autonomous Laboratories Self-optimizing analysis, automated workflows 

Human-Al collaboration Al-assisted hypothesis generation and decision support 

Edge Al for Real-Time analysis On-site sensing, portable diagnostics, environmental monitoring 
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Table 2. An overview of new future trends in analytical chemistry and how they are expected to be used. The table 

displays the role of upcoming innovations in explainable AI, open data standards, autonomous laboratories, and 

edge computing in developing the field to be more transparent, automated, and allowing real-time decision-making. 

7. Conclusions 

Artificial intelligence (AI) and machine learning (ML) converging with big data analytics are radically changing the 

face of analytical chemistry. Digital technologies are improving the precision of analytical methods, automation and 

interpretability, whether it is spectroscopic analysis, process control or environmental monitoring. This is the change 

from labor-intensive, traditional workflows to new intelligent and data-driven systems that can make a decision in 

real-time and be autonomous.Recent findings show that AI-based chemometric models are expected to enhance 

accuracy in spectral interpretation and classification of compounds substantially (Arslan et al., Talanta, 2021). In 

sensor-based and chromatographic systems, machine learning has made optimization of methods, peak detection, 

and pattern recognition possible, which has led to more robust and fast analyses (Liu et al., Anal. Chim. Acta, 2020; 

Kumar et al., Sensors, 2022).However, standardization of data, transparency of models, restrictions of infrastructure, 

and regulatory restrictions remain to be the challenges to the integration of AI and big data. Such issues can be 

solved by the concerted action of the scientific community to implement explainable AI (XAI) methods, implement 

FAIR data principles, and establish interdisciplinary cooperation between chemists and data scientists (Wilkinson et 

al., Scientific Data, 2016; Samek et al., IEEE Signal Process). Mag., 2017).In the future, autonomous labs, edge-AI, 

and human-AI hybrid systems provide a good future direction of the field. The technologies will accelerate 

productivity as well as widen the analytical chemistry area to new fields like remote diagnostics, smart 

manufacturing, and in-situ environmental monitoring (MacLeod et al., Nature, 2020; Gupta et al., IEEE IoT J., 

2021).To sum up, an appropriately and considerately used digital transformation will be the driver of innovation, 

reproducibility, and sustainability in analytical chemistry. The further studies are aimed at further development of 

interpretable, scalable and validated AI systems that are both scientifically rigorous and regulatory compliant. 
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