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	Abstract
This study aims to analyze the use of artificial intelligence in improving the accuracy of personal nutrition recommendations for the prevention of non-communicable diseases. The study used a systematic literature review method, following the PRISMA 2020 guidelines. Articles were searched in the Scopus, PubMed, Web of Science, and ScienceDirect databases for the 2021–2026 publication period. The keywords used include artificial intelligence, machine learning, deep learning, personalized nutrition, precision nutrition, dietary recommendations, and non-communicable diseases. Articles that meet the inclusion criteria are analyzed narratively and thematically based on the type of algorithm, personal data sources, accuracy indicators, health outcomes, and implementation limitations. The results of the study show that artificial intelligence has been used for food intake assessment, food type and portion recognition, metabolic response prediction, menu planning, dietary adherence monitoring, and preparation of personal nutrition recommendations. The integration of anthropometric, biomarker, physical activity, sleep patterns, microbiome, and health history allows for more adaptive recommendations than general nutritional guidelines. Some studies report improvements in dietary quality, weight, waist circumference, HbA1c, and triglycerides. However, clinical effectiveness has not been consistent due to data quality, algorithmic bias, limitations of local food databases, low external validation, and short duration of interventions. In addition, issues of transparency, privacy, data security, and access inequality remain the main challenges. It is concluded that artificial intelligence has the potential to support the prevention of non-communicable diseases, but its use should be implemented as a decision-support system involving nutritionists. Follow-up research requires multicenter clinical trials, standardization of accuracy indicators, validation across diverse populations, and strengthening of ethical regulations and data protection measures. This approach is expected to produce safe, equitable, contextual, evidence-based, and sustainable nutrition services optimally for the wider community.
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INTRODUCTION
Non-communicable diseases are one of the biggest public health challenges because they contribute to the high rates of mortality, disability, and health care financing in various countries. Cardiovascular disease, cancer, diabetes mellitus, chronic kidney disease, and metabolic disorders are closely related to unbalanced dietary patterns, high intake of sugar, salt, and fat, and low intake of fruits, vegetables, whole grains, and fiber. In 2021, non-communicable diseases are estimated to cause approximately 43.8 million deaths globally, while dietary risk contributes approximately 10% to the burden of disability-adjusted life years. These conditions suggest that dietary improvements should be a major component of non-communicable disease prevention strategies (Li et al., 2025).
Although balanced nutrition guidelines have been widely developed, general dietary recommendations have not fully accommodated individuals' different responses to food. A person's metabolic response is influenced by age, gender, body composition, health condition, physical activity, eating habits, genetic factors, metabolomics, gut microbiota, social environment, and economic ability. Individuals who consume the same type and amount of food may exhibit different responses in glucose, lipids, blood pressure, and weight. This phenomenon is driving a shift in approach from population-based nutrition recommendations towards precision nutrition and personalized nutrition that takes into account individual biological characteristics as well as behaviors (Kirk et al., 2021; Ferrario & Gedrich, 2024).
The development of artificial intelligence offers opportunities to support such transformation by enabling the processing of large, diverse, and complex amounts of nutrition and health data. Technologies such as machine learning, deep learning, computer vision, natural language processing, and recommendation systems can be used to identify patterns of relationships between food consumption, individual characteristics, and disease risk. Artificial intelligence also enables the integration of anthropometric data, medical records, biomarkers, genetic data, microbiome data, physical activity, sleep patterns, and data from wearable devices. Such integration can help produce more adaptive dietary recommendations than conventional approaches based solely on average energy and nutrient requirements (Kirk et al., 2022; Sosa-Holwerda et al., 2024).
The use of artificial intelligence in nutrition has advanced the assessment of food consumption, the identification of food types, the estimation of portion sizes, the calculation of nutrient content, the planning of menus, and the monitoring of dietary adherence. Image-based systems can identify food from photos, while sensors and wearable devices can detect chewing activity and the timing of food consumption. Zheng et al. (2024) found that AI technology has the potential to reduce memory errors and reporting bias in traditional consumption assessment methods. However, accuracy still varies by food type and data quality. Preliminary evidence also suggests that AI-based dietary recommendations may support the management of diabetes, obesity, and metabolic disorders, but clinical outcomes have not been consistent across populations (Wang et al., 2025).
The research problem arises because AI's technical ability to generate recommendations has not always been matched by adequate clinical validity, safety, and nutritional accuracy. Algorithms trained using limited data can fail to recognize the local foods, processing methods, portion sizes, and consumption cultures of different populations. Data imbalances can also lead to algorithmic biases, resulting in recommendations that are more accurate for certain groups but less appropriate for minority groups or developing countries. In addition, there are still issues regarding model transparency, health data protection, basic clarity of recommendations, involvement of nutritionists, and the risk of users following AI advice without professional supervision (Sosa-Holwerda et al., 2024; Zheng et al., 2024).
The research gap in this study lies in the fragmented evidence regarding AI's contribution to the accuracy of personalized nutrition recommendations for the prevention of non-communicable diseases. Several previous studies have focused on the use of AI for food consumption assessment, image classification, disease prediction, and general nutritional applications. The available studies have not fully integrated the types of personal data used, algorithmic models, indicators of recommendation accuracy, clinical outcomes, population diversity, and ethical aspects into a single analytical framework. In addition, some studies remain descriptive, use limited samples, have short intervention periods, and have not conducted external validation in populations with different social and cultural characteristics (Ferrario & Gedrich, 2024; Wu et al., 2025).
The novelty or incremental newness of this research is the preparation of a systematic synthesis that specifically connects artificial intelligence technology, the accuracy of personal nutrition recommendations, and the prevention of non-communicable diseases. This study not only maps the types of algorithms used but also compares personal data sources, validation methods, accuracy levels, adaptability of recommendations, changes in eating behavior, and their impact on disease risk indicators. This research also includes aspects of population representation, algorithmic justice, system transparency, data security, involvement of nutritionists, and the suitability of recommendations with food culture. This approach is expected to complement previous studies that continue to focus on the technical functions of AI or on a specific type of nutritional application (Wu et al., 2025; Wang et al., 2025). This research is important because the use of health apps, chatbots, wearables, and AI-based food recommendation platforms is becoming more widespread, while scientific standards for assessing safety and accuracy are still evolving. Without systematic evaluation, seemingly personalized recommendations can lead to inaccurate intake of energy, macronutrients, micronutrients, or other dietary components, thereby risking worsening health conditions. Therefore, this systematic review aims to analyze the use of artificial intelligence in improving the accuracy of personalized nutrition recommendations for the prevention of non-communicable diseases, identify their effectiveness and limitations, and formulate a direction for the development of systems that are accurate, transparent, fair, safe, and applicable in evidence-based nutrition services (Li et al., 2025; Sosa-Holwerda et al., 2024).
METHOD
This study uses a systematic literature review to identify, evaluate, and synthesize scientific evidence on the use of artificial intelligence to improve the accuracy of personal nutrition recommendations for the prevention of non-communicable diseases. The study process follows the guidelines of Preferred Reporting Items for Systematic Reviews and Meta-Analyses 2020 (PRISMA 2020) so that searching, filtering, and reporting articles are carried out systematically and transparently (Page et al., 2021). Articles were searched in the Scopus, PubMed, Web of Science, and ScienceDirect databases with a publication date range of January 2021 to July 2026. The search strategy uses a combination of keywords and Boolean operators, namely: ("artificial intelligence" OR "machine learning" OR "deep learning" OR "AI-based nutrition") AND ("personalized nutrition" OR "precision nutrition" OR "personalized dietary recommendation") AND ("non-communicable diseases" OR "diabetes" OR "obesity" OR "cardiovascular disease" OR "metabolic syndrome"). All search strategies are documented in accordance with the PRISMA-S principles to improve the repeatability and transparency of literature searches (Rethlefsen et al., 2021).
Inclusion criteria include original research articles published in reputable scientific journals, available in full text, using English or Indonesian, discussing the use of AI in the preparation or evaluation of personal nutrition recommendations, as well as reporting indicators of recommendation accuracy, changes in eating behavior, nutritional status, or non-communicable disease risk factors. Articles in the form of editorials, opinions, proceedings, books, conference abstracts, duplicate articles, non-human research, and research that are not directly related to personal nutrition recommendations were excluded from the study. The articles found were managed using Mendeley, then selected through an examination of titles, abstracts, and full text by two independent reviewers. The methodological quality of each article was assessed using critical appraisal instruments from the Joanna Briggs Institute, while the extracted data included authors, year, country, research design, respondent characteristics, type of AI algorithm, personal data source, form of nutritional recommendations, accuracy level, health outcomes, and research limitations. The data were then analyzed using narrative synthesis and thematic analysis to identify patterns in findings, technological effectiveness, research gaps, and opportunities for developing a personalized nutrition recommendation system that is accurate, transparent, safe, and aligned with user characteristics. 
RESULTS AND DISCUSSION
Results
The results of the literature synthesis show that the use of artificial intelligence in the field of personal nutrition has developed very rapidly, especially since 2020. Wu et al. (2025) identified 198 publications on AI and precision nutrition, with about 75% of articles published since 2020. The application of AI in the study can be grouped into several main areas: food consumption assessment, prediction of metabolic response, preparation of personalized food recommendations, monitoring of eating behavior, identification of disease risks, and development of health management systems. The most commonly used algorithms include machine learning, deep learning, artificial neural networks, random forests, support vector machines, natural language processing, and knowledge-based recommendation systems. However, the use of generative artificial intelligence and large language models in nutrition recommendations is still in its early stages compared to conventional machine learning methods (Sosa-Holwerda et al., 2024; Wu et al., 2025).
Subsequent findings show that AI is most widely used to improve the accuracy of food consumption assessments. Computer vision-based systems can identify food types, separate multiple food components in a single plate, estimate portion sizes, and link them to food composition databases. This approach has the potential to reduce reliance on respondents' memory and recording errors often found in food recall methods, food frequency questionnaires, and food records. The development of deep learning also improves the system's ability to recognize visual food patterns compared to manual classification methods. However, the system's accuracy is still affected by lighting, shooting angles, serving shapes, overlapping foods, invisible ingredients, and limitations of local food databases (Chotwanvirat et al., 2024; Sosa-Holwerda et al., 2024).
A study by Cofre et al. (2025) on 13 validation studies shows that AI-based consumption assessment methods have good potential in estimating energy and nutrients. Six studies reported correlations of more than 0.70 between the AI estimate and the comparison method for energy, while six studies reported correlations of more than 0.70 for macronutrients. Four studies also obtained similar correlations for several micronutrients. However, the range of accuracy is still wide. The estimated correlation of energy was in the range of 0.20–0.97, while the correlation of macronutrients ranged from 0.38–0.98. The accuracy of food recognition also varies by type of food, ranging from 25% in certain beverages to more than 90% in food categories that have more pronounced visual characteristics. In addition, as many as 61.5% of studies are still conducted in preclinical settings, and most have a moderate risk of bias (Cofre et al., 2025).
In preparing personalized nutrition recommendations, AI uses a combination of demographic data, anthropometric measurements, medical history, dietary preferences, physical activity, sleep patterns, glucose response, lipid profiles, the gut microbiome, and genetic and metabolomic data. Such multidimensional data processing enables algorithms to identify response variations among individuals and generate more specific recommendations than population-based nutrition guidelines. AI systems can adjust the type of food, energy intake, nutrient composition, meal timing, and the priority of behavior changes based on the user's condition. The available evidence suggests that this approach is most widely used to control diabetes, obesity, metabolic disorders, cardiovascular disease, and gastrointestinal disorders. However, most systems still use one or more data sources and have not fully integrated clinical, behavioral, environmental, and multi-omics data simultaneously (Ferrario & Gedrich, 2024; Sosa-Holwerda et al., 2024; Wang et al., 2025).
Clinical research results show that algorithm-based personalized nutrition recommendations can improve some non-communicable disease risk indicators but have not consistently improved other health indicators. In a randomized controlled study of 347 adults, an 18-week personalized nutrition program that used post-meal glucose and triglyceride responses, microbiome, dietary characteristics, and health history resulted in a greater reduction in triglycerides than general nutritional recommendations. The program also improved weight, waist circumference, HbA1c, diet quality, and microbiome diversity. However, changes in LDL cholesterol, blood pressure, insulin, fasting glucose, C-peptide, apolipoproteins A1 and B, and post-traumatic triglycerides did not differ significantly between groups. These findings suggest that the benefits of personalization are more evident in eating behaviors and certain metabolic indicators, but are insufficient to conclude long-term effectiveness in preventing non-communicable diseases (Bermingham et al., 2024; Wang et al., 2025).
Discussion
The research findings show that the main contribution of AI in personal nutrition lies in its ability to process complex data and recognize the heterogeneity of the body's response to food. Conventional nutritional recommendations are generally structured around the average needs of a population, whereas AI allows recommendations to be adjusted to each individual's characteristics. This approach is relevant because the same food can produce different responses of glucose, lipids, satiety, and weight changes. The integration of consumption data, biomarkers, microbiome, physical activity, and clinical conditions can help generate more contextual nutritional decisions. Thus, AI serves not only as an automation tool but also as a decision-support system that helps nutritionists determine more appropriate interventions for individuals with non-communicable disease risk factors (Atwal et al., 2024; Ferrario & Gedrich, 2024; Wu et al., 2025). Although the initial results are promising, the accuracy of AI recommendations depends heavily on the quality of the data used as input. Errors in recognizing foods, estimating portion sizes, or determining nutrient content can be carried over to the recommendation preparation stage, resulting in inappropriate suggestions. Models that achieve high accuracy in image classification are not necessarily able to accurately estimate energy and nutrient content because information about oils, spices, processing methods, and hidden ingredients is difficult to obtain from images alone. In addition, the high correlation between AI estimation and comparison methods does not necessarily indicate a good fit at the individual level. Therefore, validation should use various measures, such as correlation, mean absolute error, Bland–Altman analysis, sensitivity, specificity, and ability of the model to maintain its performance in external populations (Chotwanvirat et al., 2024; Cofre et al., 2025).
Other limitations relate to population representation, algorithm transparency, data privacy, and fairness of access. Most algorithms are developed using data from developed countries, so they may not recognize the food, consumption patterns, socioeconomic conditions, and biological characteristics of people in developing countries. An imbalance in training data can result in more precise recommendations for certain groups, but less accurate ones for unrepresented age groups, ethnicities, or food cultures. The use of health, microbiome, biomarker, and genetic data also raises issues regarding user consent, data ownership, data storage security, and the possibility of using the data for commercial purposes. Therefore, system development needs to implement algorithm transparency, data protection, bias audits, and human-in-the-loop concepts, which are to place nutritionists as the parties who examine and validate recommendations before they are used in health services (Kassem et al., 2023; Sosa-Holwerda et al., 2024; Wu et al., 2025)
CONCLUSION
Although the initial results are promising, the accuracy of AI recommendations depends heavily on the quality of the data used as input. Errors in recognizing foods, estimating portion sizes, or determining nutrient content can be carried over to the recommendation preparation stage, resulting in inappropriate suggestions. Models that achieve high accuracy in image classification are not necessarily able to accurately estimate energy and nutrient content because information about oils, spices, processing methods, and hidden ingredients is difficult to obtain from images alone. In addition, the high correlation between AI estimation and comparison methods does not necessarily indicate a good fit at the individual level. Therefore, validation should use various measures, such as correlation, mean absolute error, Bland–Altman analysis, sensitivity, specificity, and ability of the model to maintain its performance in external populations (Chotwanvirat et al., 2024; Cofre et al., 2025). Other limitations relate to population representation, algorithm transparency, data privacy, and fairness of access. Most algorithms are developed using data from developed countries, so they may not recognize the food, consumption patterns, socioeconomic conditions, and biological characteristics of people in developing countries. An imbalance in training data can result in more precise recommendations for certain groups, but less accurate ones for unrepresented age groups, ethnicities, or food cultures. The use of health, microbiome, biomarker, and genetic data also raises issues regarding user consent, data ownership, data storage security, and the possibility of using the data for commercial purposes. Therefore, system development needs to implement algorithm transparency, data protection, bias audits, and human-in-the-loop concepts, which are to place nutritionists as the parties who examine and validate recommendations before they are used in health services (Kassem et al., 2023; Sosa-Holwerda et al., 2024; Wu et al., 2025). Overall, AI has not been able to replace the role of nutritionists in the process of nutritional assessment, diagnosis, intervention, monitoring, and evaluation. This technology is more appropriately used as a decision-support system that helps professionals produce more personalized, adaptive, and data-driven recommendations. The application of AI also needs to consider algorithmic transparency, personal data protection, fair access, food culture, socioeconomic conditions, and potential bias against underrepresented groups. Therefore, the success of AI-based nutrition recommendations is determined not only by the sophistication of the algorithm but also by the quality of the scientific evidence, clinical validation, nutritionist engagement, and suitability for the user's needs.
Suggestions
Further research is recommended using a multicenter clinical trial design with a larger number of respondents, diverse population characteristics, and longer intervention and follow-up periods. The study also needs to compare AI-based recommendations with personalized nutrition counseling by nutritionists, using the same level of mentoring intensity. Standardization of accuracy indicators, external validation, cost-effectiveness analysis, and measurement of the impact on the incidence of non-communicable diseases need to be carried out to more comprehensively assess the clinical benefits of AI. Technology developers and health institutions are advised to build a complete database of local food composition, strengthen the security and confidentiality of user data, and implement bias audits and explainable artificial intelligence principles. Any recommendations regarding the clinical condition should still be verified by a nutritionist using a human-in-the-loop approach. Governments and professional organizations also need to develop ethical standards, regulations, validation guidelines, and monitoring mechanisms for AI-based nutrition applications. This step is necessary so that technology can be used safely, accurately, fairly, and responsibly in supporting the prevention of non-communicable diseases.
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