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Abstract 
Bioinformatics has proved to be a crucial inter-disciplinary technique in modern food science that 
enables the effective processing of biological information. Some of the major fields in which 
bioinformatics is used include allergen identification, ensuring food safety/pathogen detection, 
enhancement of agricultural output, personalized nutrition, and application of multi-omics techniques. 
The implementation of innovative computational tools and artificial intelligence approaches, such as 
machine learning and prediction models like AlphaFold2, greatly widens the scope of studies related to 
food. They contribute to achieving a more detailed insight into the processes associated with molecular 
interactions, microbes, and metabolites which affect food properties. Even though there are some 
difficulties associated with converting theoretical findings into practical achievements, further 
developments hold great potential in improving both the field of study and its applications. 
 
Keywords Bioinformatics, Food Science, Allergen Detection, Food Safety, Pathogen Identification, 
Personalized Nutrition,  
 
Introduction 
Bioinformatics is an interdisciplinary field that involves molecular biology and genetics, 
computer science, mathematics, and statistics. Data-intensive, large-scale biological 
problems are addressed from a computational point of view. The most frequent issues are 
concluding gathered data and molecular modeling of biological processes (Xu, 2018) [81]. 
According to the traditional belief that, bioinformatics was created to aid scientific initiatives 
and investigations. But its use could never be restricted in this way. In the meantime, new 
scientific and technological advancements have made it possible to enhance food production 
and public health by improving food supply safety and streamlining the food process through 
creative means. Numerous bioinformatic technologies have demonstrated the ability to 
protect public health. To ensure food and medicine safety, "regulatory bioinformatics" has 
been proposed as a way to create a transparent and consistent bioinformatics framework 
(Healy et al., 2016) [34]. The US Food and Drug Administration has been using computational 
toxicology techniques to assist in the safety assessment of related products for several years 
(DeSesso, 2017) [17] (Yang et al., 2009) [82]. With various success stories accredited to the 
application of bioinformatics approaches, it is anticipated to be beneficial in food sciences. 
Bioinformatics field is expanding rapidly and becoming a very essential tool for research in 
life sciences by integrating the traditional techniques with massive amount of data generated 
from the fields of comparative genomics Numerous success examples attest to the potential 
benefits of applying bioinformatics techniques in the food sciences. By combining 
conventional methods with the vast amounts of data produced by comparative genomics, the 
subject of bioinformatics is growing at an alarming rate and becoming a vital tool for life 
sciences research. Proteomics and genomes in food science and proteomics in food research 
(Desiere et al., 2001) [18]. Since crops play a significant role in the food sector, they must be 
of excellent quality, meaning they should be disease-resistant and yield a lot. We can use 
genomics and functional genomics to identify the genes in commercially significant crops 
with the aid of bioinformatics. Additionally, it can aid in the creation of transgenic crops and  
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the discovery of novel genes that can improve the caliber 
and yield of food products generated by these crops. The 
production of agricultural chemicals based on the ideas of 
signal perception transduction pathways for particular 
targets and the discovery of molecules that may be utilized 
as insecticides, herbicides, or pesticides can also benefit 
from this technique (Bennetzen et al., 1998) [9]. Food plays 
an important role in regulating the various processes within 
the body like metabolic mental, etc. However, there is 
always growing admiration for the role nutrition plays in 
halting the growth of various chronic disease. A lot of work 
is done to promote and improve the nutritional value and 
quality of food sources. It is anticipated that the growth of 
food bioinformatics would contribute to the provision of 
easy and practical means for researchers to embrace a new 
topic or discipline (Lemay et al., 2007) [45]. This review 
primarily covers the overall role of bioinformatics in food 
processing and the bioinformatics tools and databases used 
in food research. 
In this systematic review, the utilization of bioinformatic 
tools and the incorporation of multi-omics into food safety, 
allergen detection, and personalized nutrition were 
investigated. A systematic search of literature was 
conducted using several databases using key phrases like 
"bioinformatics," "food safety," "allergen detection," "multi-
omics," and "machine learning." The inclusion criteria 
included studies which made use of computational 
techniques in food bioinformatics, explored the concept of 
multi-omics by looking at genomic, proteomic, 
metabolomics, and transcriptomics information, or 
employed computational techniques in food-related work, 
but studies with no methodology or those unrelated to 
bioinformatics in food science were excluded. All pertinent 
data from the selected studies were systematically collated 
and analyzed with emphasis on various tools and databases 
such as BLAST, UniProt, KEGG, AlphaFold2, and 

QIIME2. Their application in detecting allergens, 
pathogens, and personalized nutrition was also looked into. 
In terms of quality assessment, emphasis was placed on the 
use of both computational and experimental methodologies, 
while the critical analysis emphasized the successes of the 
application of computational techniques, the challenges 
faced, and the future of AI in food bioinformatics. 
 
2. Bioinformatics for food research 
Research, development, or application of computational 
tools and approaches for expanding the use of biological, 
medical, behavioural, health, and nutrition data, including 
those to acquire, store, organize, archive, analyse, visualize, 
or build biological knowledge from very large and 
traditionally unrelated sources is the definition of 
bioinformatics (Desiere et al., 2001) [18]. Bioinformatics has 
emerged as a crucial scientific field, causing a 
transformative shift in areas such as molecular medicine, 
comparative genomics, molecular evolution, microbial 
genome applications, drug discovery, and biotechnology. 
Nevertheless, its potential impact on food science is often 
underestimated, even though it holds considerable promise 
for advancing this domain (Holton et al., 2013) [35]. Due to 
its ability to regulate metabolic, hormonal, physical, and 
mental processes, food is essential for preserving wellbeing. 
Additionally, the significance of nutrition in the 
development of many chronic illnesses is becoming more 
widely recognized. The quality and nutritional potential of 
different food sources are currently being promoted and 
enhanced through intense efforts (Holton et al., 2013) [35]. 
More practically, bioinformatics is influencing food science 
and nutrition in areas like taste and flavor, food safety, and 
food quality. Bioinformatics has played a significant role in 
understanding the evolutionary history of taste receptors in 
the context of molecular evolution (Dong et al., 2009; Shi & 
Zhang, 2006; Wooding et al., 2006) [20, 65, 79]. 

 

 
 

Fig 1: Application of bioinformatics in food processing and food safety. Adapted from (Xu, 2018) [81] 
 

GWAS research has also been done on taste receptors, and it 
has been shown that glucose regulation and bitter taste 
receptors are related (Dotson et al., 2008) [21]. Additionally, 
bioinformatic sequence similarity algorithms have been used 

in relation to taste to determine homology between sweet 
taste receptors and brain glutamate receptors (Talevi et al., 
2012) [70]. The potential of bioinformatics in the field of 
food safety and quality is becoming more widely recognized 
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as a result of the several foodborne diseases that have been 
the subject of genomic sequencing initiatives (Brul et al., 
2006) [13]. Integrating bioinformatics with traditional 
methods can lead to a thorough investigation of hidden 
bioactive peptide sequences or sustainable sources of their 
protein precursors. Given the extensive data on the 
preclinical bioactivities of peptides derived from food, 
future efforts should focus on leveraging these peptides as 
functional ingredients to create products that offer health 
benefits (Udenigwe, 2014) [71]. Bioinformatics holds 
significant promise for various uses in the food industry, 
presenting nearly limitless opportunities for developing 
innovative methods to apply them. The vast data generated 
from the planned projects will elevate bioinformatics to a 
crucial role within the food sector. Efforts are underway to 
utilize bioinformatics toolkits to genetically modify 
transgenic plants, aiming to produce nutritious, healthy, and 
advantageous food products and crops, ultimately leading to 
a major breakthrough in the food industry (Manzoor Waidha 
et al., 2015) [48]. 
 
3. Key areas of bioinformatics in food research 
3.1 Bioinformatics in allergen detection 
Allergens have a relatively wide sequence and structural 
similarity due to their many different origins, which results 
in identical IgE reactions. It is not surprising that the most 
important resource for research on food allergies is 
bioinformatics. Several databases are mainly focused on 
food allergies, including AllerMatch (Fiers, Kleter, Nijland, 
Peijnenburg, Nap, & van Ham, 2004) [24, 25], Informal 
FARRP Allergen database and SDAP (Mari et al., 2006) [49] 
show the use of bioinformatics in the area. Bioinformatics 
can play an important role in developing improved 
technology for the detection and characterization of food 
allergens. However, the full realization of this potential will 
depend on the development of allergen-specific databases as 
well as improved methods for data mining within these 
databases (Gendel, 2004) [31]. 

With the addition of structural bioinformatics, homology of  
common bioinformatics is systematically carried out to raise 
the potential allergenicity and cross-reactivity of proteins 
(Jenkins et al., 2005) [39]. The utility of such methodologies 
has incited the WHO to incorporate sequences similarity 
search as a feature of the rules for evaluating allergenicity 
for food that’s genetically modified (Joint & Organization, 
2001) [40]. Recently, a various of bioinformatics techniques 
have been applied to the development of allergen 
diagnostics in order to predict peanut sensitivity using 
machine learning (Lin et al., 2012) [46].  
A great deal of information about food allergens is 
contained within large archival databases such as GenBank 
(Gendel, 2004) [31] and the European Molecular Biology 
Laboratory (EMBL) database (Stoesser et al., 2003) [67]. The 
Protein Information Resource (PIR) database (Wu et al., 
2003) [80] and PubMed (Wheeler et al., 2003) [77]. On the one 
hand, this information is difficult to locate. For example, 
many allergen protein sequences are not identified as such 
in GenBank (Gendel, 1998) [30]. On the other hand, 
searching GenBank using the keyword “allergen” results in 
a large number of immune system proteins involved in the 
allergic response (Gendel, 1998) [30]. Thus, there is no 
straightforward way to conduct an allergen-specific (much 
less food allergen-specific) data analysis using GenBank or 
the other large sequence databases. Similar problems exist 
with PubMed. For example, a search using the keyword 
“Ara h2” (a peanut allergen) returned 76 hits, of which more 
than 65 were unrelated to allergy (most of these involved 
unrelated genes or chemicals with “ara” as an acronymor 
abbreviation). In addition, the archival databases are 
inconsistent in the treatment of some data, such as whether 
the sequences for alternate alleles are identified as 
independent sequences. Therefore, bioinformatic analysis of 
food allergens requires the use of specialized databases. 
Several examples of allergen-related databases are described 
below (Gendel, 2004) [31]. There are different online allergen 
databases, as listed in Table 1 

 
Table 1: Allergen database 

 

Allergen database URL References 
SDAP https://fermi.utmb.edu/ (Ivanciuc et al., 2003) [37] 

Allergome https://www.allergome.org/ (Mari et al., 2006) [49] 
BIFS https://sarep.ucdavis.edu/research/ExtensionEd-Networks/BIFS (Schein et al., 2007) [63] 

FARRP https://farrp.unl.edu/farrp-resources/farrp-databases/ (Gendel & Jenkins, 2006) 
[32] 

Protall https://tox.charite.de/protox3/ (Schein et al., 2007) [63] 
WHO/IUIS https://allergen.org/ (Schein et al., 2007) [63] 

AllFam https://www.meduniwien.ac.at/allfam/ (Radauer et al., 2008) 
 

3.2 Bioinformatics in food safety and pathogen detection 
Bioinformatics plays a crucial role in food safety, 
particularly in the detection of microorganisms and 
pathogens that can cause spoilage, contamination, and 
disease. Food can act as a culture medium for pathogens, 
potentially leading to illness or death, making scientific 
supervision essential (Akalın, 2006) [2]. Microbiological 
tests are required to prevent food poisoning outbreaks (Yang 
et al., 2009) [82]. Bioinformatics is crucial in enhancing food 
safety systems by enabling the rapid and dependable 
detection of foodborne pathogens through the analysis of 
high-throughput biological data. Bioinformatics enables 
precise identification and molecular profiling of harmful 
bacteria present in food by combining genomic and 

proteomic databases with molecular methods like PCR, 
next-generation sequencing, and whole-genome sequencing. 
During foodborne outbreaks, these technologies enable 
epidemiological monitoring, help identify contamination 
sources, and assess virulence factors and antibiotic 
resistance. Bioinformatics-based techniques improve early 
warning systems and reduce the danger of widespread 
foodborne diseases by providing higher sensitivity, faster 
findings, and enhanced accuracy when compared to 
conventional microbiological procedures. (Soroushianfar et 
al., 2025) [66]. Ensuring that food intended for human 
consumption is free of hazardous pollutants and pathogenic 
agents that might compromise public health is known as 
food safety. (Buckley & Reid, 2010; Fung et al., 2018; 
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Jeevanandam et al., 2022) [14, 26, 38]. Lack of compliance with 
food safety regulations significantly enhances the chances of 
developing food-borne diseases that may either be mild 
cases of food poisoning or serious diseases that might even 
result in fatalities. This leads to many problems for society 
as well as food producers and distributors in terms of losses. 
According to WHO, about 600 million people get affected 
every year due to food-related illness (Mohammad et al., 
2018; Raspor, 2008) [61]. The safety of food is at risk due to 
various biological agents like bacteria, viruses, parasites, 
algae toxins, and fungus toxins, among others, some of 
which may cause chronic health conditions such as 
immunotoxicity, nephrotoxicity, teratogenicity, and 
endocrine disruption (Feng et al., 2016; Gallo et al., 2020; 
Kendall et al., 2003) [22, 27, 44]. Moreover, Human exposure to 
hazardous heavy metals like lead, cadmium, mercury, and 
arsenic has increased due to industrialization. These metals 
are persistent in the food chain and have a variety of 
harmful effects. (Balali-Mood et al., 2021; Carvalho, 2017) 
[6, 15]. The following vulnerable groups include newborns, 
pregnant women, the elderly, and people with compromised 
immune systems, thus highlighting the need for stringent 
food safety procedures to avoid any outbreaks (Kendall et 
al., 2003) [44]. 
Detection of foodborne pathogens is crucial in ensuring that 
food is safe for consumption to prevent disease outbreaks 
and protect the general public from harm. Conventional 
microbiological tests used to detect pathogens in food 
products have been shown to be tedious, time-consuming, 
and not very sensitive, thus limiting their effectiveness in 
controlling contamination. The application of bioinformatics 
in food safety can be considered revolutionary due to its role 
in carrying out highly advanced computerized analysis of 
biological information generated using nucleic acid-based 
detection, next-generation sequencing, metagenomics, and 
whole-genome sequencing. Pathogens can be detected 
quickly without the need for culture, characterized at the 
strain level, and virulence and antibiotic resistance genes 
identified. Artificial intelligence plays an important role in 
monitoring pathogen infections in food using prediction 
models and early outbreak alert systems among others 
(Syaiful Khoiri & Victor Davy Moussango, 2024) [68]. 
Overall, the analysis comes to the conclusion that further 
developments in artificial intelligence and bioinformatics 
will be essential to bolstering international food safety 
regulations and averting outbreaks of foodborne illness.  
 
3.3 Omics integration in the food system 
Food is essential for maintaining and improving human 
health in addition to sating hunger. Consequently, swiftly 
identifying potentially harmful contaminants in food, as well 
as understanding their negative impacts on food 
components, nutrients, and consumer health, is of utmost 
importance. This need has sparked increased scientific 
interest in foodomics, a burgeoning interdisciplinary field 
that explores the functional and nutritional attributes of food 
through the use of integrated advanced omics technologies 
(Valdés et al., 2021) [73]. Omics-based methods, such as 
genomics, transcriptomics, proteomics, and metabolomics, 
produce extensive datasets that allow for a systematic and 
logical assessment of food safety issues. Genomics, in 
particular, examines genes, their expression patterns, and 
biological roles, offering detailed genetic insights into 
biological contaminants found in food and food products. 

The advent of modern high-throughput genomic tools, 
especially next-generation sequencing and whole-genome 
sequencing, has greatly decreased the time and expense 
associated with microbial genome analysis. Whole-genome 
sequencing has emerged as a powerful tool for the 
surveillance, monitoring, rapid identification, and outbreak 
investigation of foodborne pathogens based on their genetic 
profiles, thereby aiding in the development of preventive 
strategies for future outbreaks (WHO, 2020). Moreover, in 
the development of novel plant-based medicinal molecules, 
it is important to study the biosynthetic pathway in order to 
understand their mechanism of actions. Through genomic 
studies, it is possible to determine the functional genes 
responsible for the biosynthesis of secondary metabolites 
and gain more information on their biological origin, 
regulation, and development. The development of 
sequencing techniques has provided us with deeper 
knowledge about the chemistry of different plants. By 
utilizing the latest genomic techniques such as high-
throughput sequencing, restriction site-associated DNA 
sequencing, and genotyping by sequencing in the study of 
medicinal plants, we have been able to get more insights 
into the biosynthesis pathways through which secondary 
metabolites are produced (Boutanaev et al., 2015; Hao & 
Xiao, 2015; Mehta & Hasija, 2018) [12, 33, 51]. 
The application of multi-omics techniques has emerged as 
an effective way to study food systems by linking the 
composition of microbes to their functionality, attributes, 
and safety outcomes. Methods involving one specific omics 
like genomics or metabolomics give limited information 
since the functionalities of biology in the food environment 
arise from complex interactions between genes, transcripts, 
proteins, and metabolites. This is why the combination of all 
metagenomics, metatranscriptomics, proteomics, and 
metabolomics can be used to provide a detailed description 
of microbial actions in food production (Ferrocino et al., 
2022) [23]. In the context of modern food systems biology, 
the role played by omics is central as it helps in making 
predictions, managing fermentations, and conducting risks 
assessments. The combination of these omics with 
conventional microbiology and robust experimentation 
provides practical knowledge that improves the quality and 
safety of food as well as its sustainability. 
 
3.4 Bioinformatics in personalised nutrition 
Personalized nutrition aims at improving overall wellbeing 
and preventing diseases by Personalizing nutritional advice 
in accordance with personal genetic, biochemical, and 
environmental traits of an individual. Due to the rapid 
advancements in high-throughput sequencing technologies 
and increasing availability of omics information, it has 
become possible to better understand complex relations 
between nutrition, genetics, and well-being. Bioinformatics 
approaches that utilize information from multiple omics 
levels are essential for processing large and complex data 
generated in personalized nutrition research. This article 
explores the significance of bioinformatics in personalized 
nutrition, emphasizing its key applications in genomics, 
metabolomics, and microbiome research (Approaches & 
Nutrition, 2022) [4]. The genomic approach, when 
implemented properly, should be able to predict biological 
inclinations but not necessarily specific consequences. Such 
inclinations can be positively affected by the universal 
principles of healthy eating that are more universal than it 
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may seem. Through epigenetic processes such as DNA 
methylation and histone acetylation, the body maintains 
homeostasis irrespective of the diet. As part of this 
approach, the task of nutrigenomics is to determine the best 
combination of population-specific genotypes and diets. 
Nevertheless, consumer interest is motivated more by an 
appeal to the biological uniqueness through genomics rather 
than by actual interests in receiving genome-based nutrition 
advice. Strong genotype-diet interactions will most probably 
be found among genetically similar and geographically 
isolated populations, which would allow researchers to 
achieve more in terms of discovering relevant information. 
Ultimately, the biological diversity cannot be easily 
explained and remains diverse because it is part of natural 
complexity that exceeds genomics' comprehension 
capabilities (da Silva Anastacio, 2024) [16]. Figure 2 
illustrates a bioinformatics-based multi-omics approach for 
individualized nutrition, illustrating the process of 
converting intricate biological data into practical dietary 
plans. The layers to the left in the diagram are the biological 
input layers, which include genomics (SNPs), epigenomics 
(DNA methylation), transcriptomics, proteomics, 
metabolomics, gut microbiome, and factors relating to 
lifestyle such as diet and exercise. In the core of all these 
processes, bioinformatics serves as the integrative 
mechanism. At this stage, different datasets are transformed 
using data integration workflows, which are then analyzed 
through machine learning, pathway analysis, and network 

modeling. This will help to extract biological sense from 
omics data and discover connections between genes and 
diets that affect health conditions (Nourazarain & Vaziri, 
2025) [59]. 
The research has been undertaken with respect to 
Personalized nutrition. Bioinformatics-based personalized 
nutrition is characterized by a combination of multi-omics 
data with systems biology approaches to predict and 
improve diet-metabolism relationships at the individual 
level. The advancements, including the Nutrition Toolbox, 
make it possible to convert real foods to in silico diets for 
specific metabolites through using carefully constructed 
food composition databases and incorporate them into 
metabolic models. With the help of models of human 
metabolism and microbiome-informed models that can be 
integrated into constraint-based reconstruction and analysis 
(COBRA), it is feasible to conduct mechanistic analysis of 
human microbiome co-metabolism and metabolism change 
due to diet. The incorporation of in silico diets together with 
optimization procedures allows one to identify minimum 
dietary changes needed to satisfy certain metabolic 
objectives, which contributes to the implementation of 
precision nutrition strategies. Despite some limitations, such 
as the assumption about steady-state metabolism and partial 
bioavailability of nutrients, bioinformatics-based dietary 
modeling is a significant stage towards the development of 
predictive, personalized, and systems nutrition science (Nap 
et al., 2026) [55]. 

 

 
 

Fig 2: bioinformatics-based multi-omics approach for individualized nutrition, illustrating the process of converting intricate biological data 
into practical dietary plans 
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Table 2: Bioinformatics and Computational Approaches in Personalised Nutrition Research 
 

Tool Research Focus Data Types Used Computational/Bioinformatics 
Approach 

summery References 

Nutrition Toolbox In silico diet 
generation and 
optimisation 

Food composition, 
metabolomics, 

microbiome 

COBRA framework, whole-body 
metabolic models (WBMs), flux 

balance analysis 

Converts real foods 
into metabolite-
resolved diets; 

enables personalized 
diet optimization 

(Nap et al., 
2026) [55] 

Virtual Metabolic 
Human (VMH) 

Human microbiome 
co-metabolism 

Genomics, 
metabolomics, 

microbiome 

Genome-scale metabolic modeling Integrates host 
physiology and 

microbiome 
metabolism 

(Noronha et 
al., 2019) 

[58] 

Nutrition Algorithm Targeted diet 
optimization 

Metabolite-level 
dietary data 

Linear optimization with metabolic 
models 

Identifies minimal 
dietary changes for 
desired metabolic 

outcomes 

(Weston & 
Thiele, 

2023) [76] 

Nutrigenomics Studies Gene diet 
interactions 

Genomics, 
transcriptomics 

SNP analysis, pathway enrichment Identifies genetic 
variants influencing 

dietary responses 

(Ordovas & 
Corella, 

2004) [60] 
Nutriepigenomics 

Research 
Epigenetic 

adaptation to diet 
Epigenomics, 

transcriptomics 
Differential methylation and 

acetylation analysis 
Explains diet-

induced metabolic 
plasticity beyond 

genetics 

(Mathers, 
2008) [50] 

 
Bioinformatics has emerged as a fundamental element in 
personalized nutrition by facilitating the integration of 
multi-omics data, dietary details, and systems biology 
models to elucidate and forecast individual differences in 
nutritional responses. Through the use of various 
computational approaches, including genome-scale and 
whole-body metabolic models, actual food becomes an input 
at the level of metabolism. This allows for a better 
understanding of diet-host-microbiome interactions at the 
mechanism level and contributes to optimizing diets. 
Despite the advances that these methods bring into 
nutritional science by shifting from general guidelines 
applicable to all individuals to more precise and 
personalized ones, there are many obstacles such as data 
heterogeneity, overly simplified models, and lack of clinical 
validation. There are also ethical concerns relating to 
privacy and access that emphasize the need for responsible 
bioinformatics approaches. However, developments in the 
field of multi-omics, machine learning, and longitudinal 
measurements will hopefully contribute to improved and 
relevant personalized nutrition in the future (Molitor, 2021) 
[53]. 
 
3.5 Artificial intelligence and machine learning in 
bioinformatics 
Bioinformatics and machine learning technologies have 
gained recognition as effective means of reducing foodborne 
infections and enhancing food safety procedures in recent 
years (Soroushianfar et al., 2025) [66]. Bioinformatics makes 
it possible to identify and track diseases and disease-causing 
agents more precisely by analyzing biological data. These 
methods can anticipate disease outbreaks and determine the 
source of contamination using genomic data. A potent tool 
for food safety, machine learning is proficient at analyzing 
large amounts of data and finding hidden patterns (Ding et 
al., 2023; Ge et al., 2017; Nayak et al., 2020) [29, 56] It can 
recognize adverse patterns in the food production and 
distribution chain because to this special abilities, which 
enables it to make prompt and accurate judgments during 
emergencies. In the context of global food safety, these 
cutting-edge tactics drive by bioinformatics and machine 

learning are extremely significant since they are essential in 
stopping outbreaks of foodborne illness. 
In the process of developing new food products, food 
quality analysis is crucial (Aung & Chang, 2014) [5]. Food 
safety, nutritional value, and market value are all impacted 
by quality. However, because food items are biochemically 
complex, it is now crucial to apply sophisticated analytical 
technologies related to proteomics, genomics, and big data 
to fully identify the molecular characteristics of food 
ingredients and track possible variations in quality (Aung & 
Chang, 2014; Jeevanandam et al., 2022; Valdés et al., 
2021b) [5, 38, 73]. AI is the umbrella term for a variety of 
technologies intended to imitate human intelligence, 
allowing computers to simulate cognitive processes 
including learning, thinking, planning, and decision-making. 
Fundamentally, artificial intelligence (AI) combines 
machine learning (ML), deep learning, computer vision, and 
natural language processing, among other methods, to speed 
up progress in a variety of domains and sectors (Ding et al., 
2023) [19]. The food and pharmaceutical industries are 
among the many sectors that are increasingly considering 
bioinformatics and artificial intelligence (AI), two dynamic 
and cutting-edge data science areas (Iqbal & Kumar, 2023; 
Malik et al., 2024; Vora et al., 2023) [36, 47, 75]. As an 
interdisciplinary science, bioinformatics combines 
biological sciences, mathematics, and information 
technology, which aims to process and analyze biological 
data using advanced computing tools (Bayat, 2002; Vashisht 
& Thakral, 2024; Vora et al., 2023) [8, 74, 75]. This science 
makes it possible to study biological structures and 
processes in greater detail and uses big data to help 
researchers and industry professionals find hidden patterns 
and linkages in biological systems. Without explicit 
programming, machine learning enhances a system's 
capacity to learn from data and perform better (Jordan & 
Mitchell, 2015) [41]. These technologies have greatly 
improved quality control and management in food safety 
(Gbashi & Njobeh, 2024; Nerkar et al., 2023) [28, 57]. The 
conventional procedures for monitoring and assessing food 
quality have been superseded by more sophisticated and 
precise techniques. For example, an article describes how to 
use machine learning and the Internet of Things (IoT) to 
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monitor perishable commodities. High-resolution cameras 
are used in the suggested system to take pictures, which are 
then sent via Internet of Things devices to a cloud server. 
The K-means clustering technique is used to segment the 
photos prior to uploading. After principal component 
analysis (PCA) is used to extract important features, the 
images are classified using machine learning models that 
have been trained. This method improves the monitoring of 
perishable food items by utilizing IoT, image processing, 
and machine learning (Nerkar et al., 2023) [57]. 
The integration of machine learning (ML) with 
bioinformatics has significantly transformed analytical 
methods in food microbiology and safety science. As omics 
technologies produce more intricate, high-dimensional 
datasets, ML frameworks have become essential for 
deriving biologically relevant insights. Supervised 
algorithms, such as support vector machines (SVM), 
random forest (RF), and artificial neural networks (ANN), 
have shown substantial effectiveness in classification tasks 
like antimicrobial resistance (AMR) profiling, pathogen 
source attribution, and biomarker identification. For 
instance, unsupervised techniques, including PCA and 
hierarchical clustering, have proven helpful in identifying 
patterns and reducing dimensions in multi-omics layers. 
However, there are still significant hurdles to be addressed. 
First, overfitting remains a risk due to the so-called "curse of 
dimensionality," with many features compared to few 
samples. Secondly, the different formats of the data 
collected on proteomics and transcriptomics levels further 
exacerbate the problem of integration. Thirdly, deep 
learning models, including VAE and RNN, display great 
potential in terms of their capability to model non-linear 
cross-modal biological interactions; however, these models' 
highly complicated architecture inevitably prevents them 
from being interpretable - a vital feature since false negative 
predictions could affect public health adversely. Explainable 
AI techniques, such as SHAP and LIME, partially address 
this challenge, although their applications in food safety 
research have yet to become systematic. Besides, the lack of 
standardized approaches in using various platforms 
(mixOmics, MOFA, and GenoML among others) leads to 
methodological issues in comparing results obtained in other 
studies. Finally, the process of automation facilitated by 
tools like AutoXAI4Omics can lead to the creation of black-
box methodologies, whereby researchers would apply the 
output while being unaware of their underlying model 
assumptions (Bansal et al., 2025) [7] 
 
4 Tools and databases used in bioinformatics  
4.1 Sequence analysis and alignment tools 
BLAST (Basic Local Alignment Search Tool) is at the core 
of most bioinformatics pipelines where sequence 
comparisons play an important role. According to (Altschul 
et al., 1990) [3] and subsequent improvements, BLAST 
enables rapid comparison of sequences against extensive 
databases in a matter of a few seconds. In food science, 
BLAST search is indispensable for matching sequences 
found in environmental food samples with known allergens, 
toxin-generating genes, and pathogenic organisms. 
Moreover, (Sayers et al., 2021) [62] reported a significant 
improvement in the detection capabilities of BLAST for 
short and highly conserved regions in food-related protein 
sequences in 2022. Besides BLAST, multiple alignment 
programs, such as MUSCLE and CLUSTALW, are useful 

for comparing homologous sequences between organisms. 
This allows for tracing the evolution of taste receptors, 
metabolic enzymes, and pathogenic factors of 
microorganisms in food environments. 
 
4.2 Protein databases and functional annotation 
Once a gene sequence is identified, understanding what it 
does requires rich, well-curated databases. UniProt, and 
specifically its manually annotated Swiss-Prot component, 
serves as the premier resource for this purpose. With over 
570,000 manually reviewed entries as of 2021, UniProt 
provides functional annotations, domain information, post-
translational modifications, and literature links for proteins 
across all organisms (The UniProt Consortium, 2021). For 
food bioinformatics, this means researchers can rapidly 
characterize novel enzymes from fermentation microbiota, 
identify potential cross-reactive allergen proteins, or 
annotate the proteome of food spoilage organisms. NCBI 
GenBank, arguably the most comprehensive nucleotide 
database in the world, partners seamlessly with protein 
databases to provide a two-way bridge between gene and 
protein-level information (Sayers et al., 2021) [62]. 
The KEGG (Kyoto Encyclopedia of Genes and Genomes) 
database takes functional annotation further by placing 
genes and proteins within the context of metabolic and 
signalling pathways. Updated in 2023 to include expanded 
entries on food-relevant metabolisms such as polyphenol 
biosynthesis and short-chain fatty acid production, KEGG 
has become an invaluable tool for nutritional bioinformatics 
(Kanehisa et al., 2023) [43]. Researchers studying the 
fermentation of dairy products, wine, or sourdough now 
routinely map their metagenomic findings onto KEGG 
pathways to understand how microbial communities shape 
flavour, texture, and nutritional quality. 
 
4.3 Structural bioinformatics: from sequence to shape 
Perhaps the most dramatic development in recent 
bioinformatics history has been the emergence of 
AlphaFold2, developed by DeepMind and published by 
(Jumper et al., 2021) [42]. This artificial intelligence-based 
tool predicts the three-dimensional structure of proteins 
from their amino acid sequences with near-experimental 
accuracy. From a food science perspective, this advance 
offers a range of possibilities immediately relevant to the 
field: knowing the exact structure of allergens makes cross-
reactivity prediction possible, having the structure of food 
enzymes facilitates the rational engineering process, and 
understanding the structure of bioactive peptides accelerates 
their use as functional components in food products. All 
proteins from the UniProt database can be found on the 
AlphaFold Protein Structure Database website with 
predicted three-dimensional structures provided. 
The microbial communities within the food matrixes, 
regardless of whether these matrices include a wheel of 
mature cheese, kimchi in a jar, or microbial communities on 
the surfaces of food-processing facilities, exert substantial 
impact on food safety and quality. Analyzing such 
communities requires specific metagenomics approaches. 
QIIME2 (Quantitative Insights Into Microbial Ecology 2) is 
one of the top metagenomics software packages currently 
available; it is also recognized as the best open-source 
platform for microbiome analysis with ASV-based approach 
(Bolyen et al., 2019) [11]. In recent times, QIIME2 was 
applied to study the bacterial and fungal communities 
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present in fermented drinks, probiotics, and minimally 
processed vegetables; thus, it will be of great value when 
developing strategies for improving the quality of such 
products. As regards functional metagenomics studies, some 
software tools that allow gene prediction and annotation 
include MetaGeneMark and Prokka (Besemer et al., 2001; 
Seemann, 2014) [10, 64]. Once used on samples of foodstuffs, 
such software allows for the detection of antimicrobial 
resistance genes, toxin encoding operons, and bioactive 
compound gene clusters. The Galaxy server has additionally 
increased accessibility by offering an online interface that 
enables complicated next-generation sequencing analysis 
pipelines to be executed without the need for command line 
knowledge (Afgan et al., 2018) [1]. 
 
4.4 Protein interaction networks and pathway mapping 
While the study of individual proteins is important, the 
study of their interactions in a biological system is called 
network bioinformatics. The STRING database, which 
collects data on the interactions between proteins based on 
experimental evidence, computational predictions, and 
literature, plays a crucial role in this area. In its latest 
version from 2021, the database covers more than 14,000 
organisms (Szklarczyk et al., 2021) [69]. STRING networks 
have played an important role in food research in mapping 

metabolic interactions among fermentation consortia, host-
pathogen interactions for food-related infections, and 
identifying essential regulatory nodes in biosynthetic 
pathways of secondary metabolites in foods. 
As the relevance of food allergies to public health is well 
recognized, specific allergen databases play a significant 
role in food bioinformatics. AllerMatch and the more 
recently developed AllerHunter have applied sequence 
similarity and motif approaches to predict allergic potentials 
of novel proteins especially when these proteins arise from 
genetic modification or food processing (Fiers, Kleter, 
Nijland, Peijnenburg, Nap, & Van Ham, 2004) [24, 25]. It is 
evident that machine learning-based computational 
frameworks have significantly increased the ability to find 
hidden epitopes in allergens when compared to BLAST 
based methods (Muh et al., 2009) [54]. These databases run 
hand-in-hand with WHO and CODEX guidelines, thus 
playing a crucial role in the evaluation of novel proteins and 
genetically modified organisms. Table 3 summarizes the 
most widely used bioinformatics tools and databases in food 
research, highlighting their categories, primary functions, 
and specific applications within food science and processing 
technology. This overview reflects the current state of the 
field as shaped by research published primarily between 
2019 and 2024. 

 
Table 3: Key Bioinformatics Tools and Databases Applied in Food Science Research (2019-2024) 

 

Tool / Database Category Primary Function Application in Food 
Bioinformatics Reference 

BLAST Sequence Analysis Nucleotide & protein 
sequence alignment 

Allergen homology 
detection, pathogen gene 

identification 
(Altschul et al., 1990) [3] 

UniProt/Swiss-Prot Protein Database Annotated protein 
sequences & functions 

Functional annotation of 
food-relevant proteins & 

enzymes 

(“UniProt: The Universal 
Protein Knowledgebase in 

2025,” 2025) [72] 

NCBI GenBank Nucleotide Database Repository of annotated 
nucleotide sequences 

Foodborne pathogen 
genome storage & retrieval (Sayers et al., 2021) [62] 

STRING Protein Interaction Protein-protein 
interaction networks 

Mapping metabolic 
pathways in fermentation & 

food spoilage 
(Szklarczyk et al., 2021) [69] 

KEGG Pathway Database Metabolic and signalling 
pathway maps 

Nutritional metabolism, 
bioactive compound 

pathways 
(Kanehisa et al., 2023) [43] 

Galaxy Platform Workflow/Pipeline Bioinformatics pipeline 
execution 

NGS data analysis for 
pathogen detection & food 

metagenomics 
(Afgan et al., 2018) [1] 

QIIME2 Metagenomics Microbiome sequence 
analysis 

Fermented food microbiome 
profiling (Bolyen et al., 2019) [11] 

AllerHunter / AllerMatch Allergen Database Allergen cross-reactivity 
prediction 

GM food safety evaluation, 
allergen risk screening 

(Fiers, Kleter, Nijland, 
Peijnenburg, Nap, & Van 

Ham, 2004) [24, 25] 

AlphaFold2 Structural Bioinformatics AI-based protein 3D 
structure prediction 

Enzyme engineering, 
bioactive peptide structure 

elucidation 
(Jumper et al., 2021) [42] 

MetaGeneMark / Prokka Genome Annotation Gene prediction & 
functional annotation 

Characterization of 
microbial genomes in food 

environments 

(Besemer et al., 2001; 
Seemann, 2014; “UniProt: 

The Universal Protein 
Knowledgebase in 2025,” 

2025) [10, 64, 72] 
 

Taken altogether, these techniques form a continuum of 
analytic ability - from basic sequence to function 
identification, from single molecules to entire ecological 
systems. The thing that gives one hope is the rapid rate at 
which these newer techniques, which increasingly employ 
machine learning and artificial intelligence, are being 

incorporated into existing technologies. The influence of 
AlphaFold2 in structure determination within structural 
biology has shown that bioinformatics through the use of AI 
is capable of things thought impossible by computational 
methods before. One can hope for no less in the future in 

https://www.biochemjournal.com/


 

~ 301 ~ 

International Journal of Advanced Biochemistry Research  https://www.biochemjournal.com    
 

areas such as sequence classification and nutritional 
modeling. 
 
5 Advantages and limitations of bioinformatics 
Bioinformatics has revolutionized food science into an 
efficient and highly accurate analytical field through the use 
of computers in analyzing biological information in ways 
never before possible using experimental procedures alone. 
One of its main strengths is its ability to conduct parallel 
screening of various types of foods, food proteins, 
proteolytic enzymes, and microbes that can take a 
significantly reduced period of time compared to 
conventional methods. In the case of bioactive peptides, 
bioinformatics allows researchers to explore unknown 
bioactive sequences in databases using tools like BIOPEP, 
ExPASy PeptideCutter, and PeptideRanker; it also allows 
for the screening and matching of specific proteases and 
proteins that can be used for bioactive peptide studies 
without requiring the resources needed to do experiments. 
With regard to food safety, bioinformatics makes use of 
sequence analysis, proteomics, and transcriptomics 
techniques to aid in the detection of allergens, genetically 
modified foods, pathogens, and food additives. Moreover, 
bioinformatics also plays a vital role in crop improvement 
by using comparative and functional genomics to improve 
disease resistance and yield predictions. 
Nevertheless, bioinformatics faces several challenges that 
reduce its effectiveness when applied in practical settings. 
First, the fact that in silico predictions cannot assure 
replication in the laboratory, especially considering the 
intricate dynamics of interaction between proteases and 
protein under normal physiological conditions, makes one 
question the reliability of predictions from bioinformatics 
models. Second, existing bioactive peptides databases such 
as BIOPEP are infrequently updated; as a result, they could 
lose their relevance and not reflect recently discovered 
bioactive peptide sequences. Moreover, there is no ability 
for existing bioinformatics tools to forecast what exact 
bioactivity will be produced, its degree, and physiological 
circumstances of occurrence, making bioinformatics a less 
effective approach on its own. Concerning the food safety 
problem, the majority of the bioinformatics methods 
employed still require a sequence analysis, lacking 
integration in the mechanical processes. Besides, the genetic 
intricacy of various plants makes bioinformatics less 
effective in studying the pathogens' effect on crops. 
Apart from technical aspects, the field of bioinformatics in 
the realm of food science also poses certain problems 
related to ethics, regulations, and privacy of genomic and 
proteomic data collected. Issues related to data ownership, 
consent, and potential abuse associated with biological data 
need to be addressed. Moreover, regulation in a number of 
countries fails to keep pace with the development of 
sophisticated bioinformatics techniques. When a food safety 
approval or health claim is based on results of in silico 
simulations, regulatory agencies face difficulties in 
controlling these processes due to the lack of experimental 
verification. In cases when proprietary software is involved, 
the results become less credible due to a lack of possibility 
to reproduce research results by other scientists and 
regulatory agencies. Finally, genetic engineering of crops 
and their analysis using bioinformatics tools may cause 
serious disputes concerning intellectual property rights 
associated with characterization of genetically engineered 

organisms and disparities between high- and low-income 
countries in utilizing such technology. 
 
6 conclusions 
Bioinformatics, a key research area in contemporary food 
science, is an essential interdisciplinary field that provides 
unique possibilities to perform the rapid and accurate 
analysis of complex biological data using modern high 
throughput technologies. Bioinformatics is utilized in many 
fields of food science, including but not limited to allergen 
detection; evaluation of food safety; identification of 
microorganisms; plant breeding; personalization of 
nutrition; and multi-omics integration. Changes in 
computational techniques as well as the extensive use of 
artificial intelligence in food research have significantly 
changed the field of food science over the last thirty years 
by broadening and deepening the scope of food research. 
Cutting-edge software programs allow researchers to gain 
insight into molecular interaction patterns and their effects 
on microbial communities and metabolic tendencies, which 
ultimately impact the quality, safety, and nutritional 
composition of food products. Numerous barriers have 
prevented the use of bioinformatics in food research because 
biological entities comprise a high level of complexity, 
diversity, and difficulty to model. Additionally, existing 
databases and algorithms often lack sufficient information 
and/or functionality to meet the requirements of the 
bioinformatics decided process. To further the advancement 
of bioinformatics in food science, there are several 
requirements: (1) all databases used for food research should 
continuously be updated; (2) all in silico conclusions should 
be verified through experimentation; (3) preparation and 
analysis of studies should be conducted in conjunction with 
computational and experimental studies; and (4) ethical 
issues involved with the personalization of nutrition should 
be investigated. 
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