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ABSTRACT 

Objective: The purpose of this study is therefore to assess how AI can be used to advance 

biodegradation processes and thus support environmental sustainability by increasing the 

biodegradation rate, decreasing the likelihood of human mistakes, and anticipating the right 

conditions.  

Methodology: A quantitative research method was used and 250 professionals from different 

sectors including environmental scientists, molecular biologists, bio-technologists, and 

professionals in the field of Artificial Intelligence were included in the sample. The research 

applied a structured questionnaire that left a great impression on the participant’s opinions on the 

efficiency of AI in biodegradation, which was a blend of Likert-scale and multiple-choice 

questions. Using descriptive statistics, Cronbach’s Alpha for reliability, and principal component 

analysis (PCA) for dimensionality the data were analyzed.  

Results: Based on the results, it emerged that AI is considered to be useful in increasing 

biodegradation efficiency and estimating the best conditions. However, some questions were made 
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about the effectiveness of using AI in determining the original human errors. Cronbach’s Alpha 

yielded a negative value of -0. 397 hence pointing out the low internal consistency of the data 

gathered The PCA result also indicated that perceiving AI was influenced by more than a single 

dimension, and the first two principal components accounted for 17 percent only. 5% and 17. 0% 

of the variance.  

Conclusion: Although there are various benefits to using AI in biodegradation there are also some 

limitations, especially on the reliability and consistency of the process. It was also observed from 

the results of the study that refinement of the AI tools and research focusing on the aims of AI to 

the actual biodegradation requirements are required. Filling these gaps will be critical to realizing 

AI’s potential for supporting environmental sustainability.  

KEYWORDS: AI technology, biodegradation, environmental sustainment, quantitative research, 

principal component analysis, and Cronbach’s alpha.  

 

 INTRODUCTION  

The escalating environmental degradation has given birth to innovative solutions for the 

proper management of waste and pollution with the help of the biodegradation process which has 

a positive role in preventing further damage to the environment. Biodegradation, a natural process 

that relates to microbial decay of various kinds of organic materials is crucial in handling wastes, 

decreasing pollution, and creating a sustainable environment. However, traditional biodegradation 

processes have been found to have drawbacks such as; the inability to determine the suitable 

conditions and conditions for biodegradation, and also human interferences may at times hinder 

the process (Latwal, Arora, & Murthy, 2024) (Bahramian, Dereli, Zhao, Giberti, & Casey, 2023). 

Over the years, biodegradation has been faced with the following challenges: With today’s 

advancement in science, particularly in Artificial Intelligence (AI), a tool that can bring data-based 

solutions in enhancing biodegradation conditions, minimizing inefficiencies, or expediting the rate 

at which environment is restored has been developed. Due to its capacity to make prognosis on 

various data sets and determine a favourable environment for biodegradation like the temperature, 

microbial presence, and pH level, AI could be viewed as a major driving force that can enhance 

the effectiveness of biodegradation. However, there are some drawbacks of AI such as it is not 
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very reliable in some cases as it pertains to the elimination of human errors and standardization of 

results (Huang & Mao, 2024) (Sahu, Kaur, Singh, & Arya, 2023).  

  This research is therefore embarked upon to establish how this increase in the utilization 

of AI is helping in the enhancement of biodegradation processes and the extent to which it helps 

in the achievement of environmental sustainability. In this research using a quantitative approach 

in whittling down the population of 250; professionals from different disciplines including 

environmental science and biotechnology, this paper explores and tests the efficacy of AI in 

biodegradation, together with challenges as well as gaps detected where AI technologies may 

require enhancement. Hence, this work aims to explore how AI can enhance biodegradation to 

establish meaningful literature that would be useful for other AI research and practical applications 

to foster environmental sustainability (Chauhan et al., 2024) (Perera, Ratnaweera, Dasanayaka, & 

Abeykoon, 2023).  

  Sustainability of the environment has thus shifted to major importance as the globe 

contemplates the social ills of industrial growth and, the use of sparingly resources among other 

factors. Of all the defensive techniques that are used in dealing with environmental challenges, 

biodegradation stands as a key defence line in dealing with pollution, waste management, and 

more importantly, a regimen of ecosystems. Biodegradation is the process of breaking down 

organic compounds in the environment by microorganisms like bacteria and fungi to form 

harmless products that can be easily absorbed by the ecosystem. This process is very important 

when it comes to waste recycling, pollution control, and stabilization of the ground and water 

sources. Nevertheless, biodegradation processes may be ineffective since they are sensitive to a 

range of adverse conditions and errors from practitioners, which result in delayed or even partial 

degradation (Alloun & Calvio, 2024) (Venkateswaran, Kumar, Diwakar, Gnanasangeetha, & 

Boopathi, 2023).  

  While industries and governments strive to move towards the improvement of cleantech 

and sustainable technologies the application of AI in biodegradation processes has prompted 

interest. Artificial intelligence, referred to as the capacity of machines that imitate human 

intelligence with particular use of computer systems, is a system equipped with enhanced tools to 

facilitate and enhance intricate procedures. Considering biodegradation with the help of AI, the 
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latter is helpful for data analysis, to define the most suitable environmental conditions, as well as 

the activity of microorganisms. For instance, by manipulating temperature, humidity, pH level, 

and microbial count, the AI-based system can develop models that increase the rate of 

biodegradation thereby bringing about an efficient degradation of pollutants and sound 

management of wastes (Chisom et al., 2024) (Fan, Yan, & Wen, 2023).  

  Similarly, though the application of AI in biodegradation is quite efficient, it has some 

disadvantages Li et al. Other industries have benefited from applying AI technologies, in contrast, 

the use of the technologies concerning environmental sustainability and biodegradation still has 

limited extension. The major area of concern in this study is the robustness of AI models in the 

determination of biodegradation processes, particularly in dynamic conditions. This is because 

wrong or unreliable predictions lead to unsuccessful trials, unnecessary utilization of resources, 

and eventually, the public’s disillusionment with artificial intelligence. Secondly, there is always 

the problem of human interference, which is linked to the manual work regarding biodegradation 

experiments. However, AI’s capacity to avoid such an error is still in doubt especially when there 

is an input of wrong data, or when there is a wrong interpretation of the predictions made by the 

AI (Bhambri, Rani, Dhanoa, & Tran, 2024) (Bachmann, Tripathi, Brunner, & Jodlbauer, 2022).  

  Also, the cost constraint and the availability of AI technologies remain a challenge in the 

adoption of the technologies. In fact, for most organizations especially those in developing areas, 

the costs needed to effect transformation through artificial intelligence systems may be a real 

challenge hence the number of companies, organizations, and industries to impact the external 

environment will be small. Also, a lack of knowledge of how AI can be applied to biodegradation 

and a general lack of experience with AI puts the user in a position of needing to learn about both 

the capabilities of the system as well as new technologies (Obiuto, Ugwuanyi, Ninduwezuor-

Ehiobu, Ani, & Olu-lawal, 2024) (Liu, Ramin, Flores-Alsina, & Gernaey, 2023).  

  As such, this research set out to address the following questions: What are the effects of 

using artificial intelligence in the biodegradation process? To what extent can data-based solutions 

help improve environmental sustainability? To achieve this research goal, a quantitative survey 

will be conducted among 250 professionals from the environmental science, biotechnology, and 

Artificial Intelligence sectors to determine current attitudes towards the application of AI towards 
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biodegradation, the challenges faced in the process, and the efficiency of the use of AI in enhancing 

the process. The research also seeks to present the possibility of using AI in the determination of 

best conditions in biodegradation, minimizing human interferences, and enhancing the quality of 

biodegradation (Lv et al., 2024) (Fisher et al., 2021).  

  In this way, the research responds to the lack of literature about the practical application of 

artificial intelligence in biodegradation. Prior research mostly emphasized the philosophically 

possible applications of AI in environmentally related practices; however, little research has been 

conducted to understand the experience and attitude of professionals in the context of AI 

applicability. Further, this research aims to provide guidelines for enhancing AI-based 

biodegradation technologies and is intended to be useful for researchers, policymakers, and 

environmental organizations who are looking forward to AI for initiatives towards sustainability 

(Valavanidis) (Samuel & Lucassen, 2022).  

 The results of this research are most significant in addressing the current international 

environmental issues such as climate change and pollution, issues that need novel, large-scale 

approaches. AI has the potential to make biodegradation a more precise, rapid, and scalable process 

that would help in SDG’s work in the areas of responsible consumption, waste and proper disposal, 

and environmental management (Al-Jarrah & Al-oqla, 2024) (Temel, Yolcu, & Turan, 2023).  

Therefore, this paper concludes that as pressure for sustainable management of the 

environment increases, the application of AI to boost biodegradation could be the right way 

forward. This research offers a data-driven analysis of the following questions about a sustainable 

future using AI: In what ways can AI enhance biodegradation processes? What challenges does it 

currently solve? The purpose of this research is to add knowledge to this discourse by identifying 

the perception and difficulties that come with AI biodegradation besides the prospects of 

advancing technology in the preservation of the environment (Shuford, 2024) (Holzinger, 

Keiblinger, Holub, Zatloukal, & Müller, 2023). 

Literature Review 

Biodegradation has a significant place in the balance of nature especially in the process of 

minimizing pollution and waste. Since mankind is constantly producing industrial waste, the topic 

of the necessity of having effective biodegradation processes is becoming more and more 
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important. Biodegradation is the microbial degradation of substances of organic chemistry hitting 

simple compounds and pollutants like hydrocarbons, plastics, and chemical waste hence playing 

an important natural process of detoxification. However, the limitations of the traditional 

biodegradation methods are well-known, including the slowness of the process and its 

vulnerability to environments, which can be disturbed and thus affect the effectiveness of the 

microorganisms. This has made researchers and practitioners turn to technology, specifically 

artificial intelligence to increase the efficiency of biodegradation while helping to improve 

environmental sustainability (Yakoubi, 2024) (Li & Yeo, 2021).  

Biodegradation in Environmental Sustainability  

Biodegradation is one of the most common strategies for combating waste and is so 

significant in the recovery and rejuvenation of polluted ecosystems. Biodegradation processes are 

important in the natural remediation of polluted sites with emphasis on those containing 

hydrocarbons as well as other toxic chemicals as pointed out by Singh and Ward. Conventional 

approaches to biodegradation entail the use of indigenous microorganisms that metabolize toxic 

compounds within the environment. However, this process is much slower and markedly 

influenced by such factors as temperature changes, pH level variations, and oxygen availability 

and concentration of nutrients in the surrounding environment. These are easily ascertainable 

conditions that can prove to be unpredictable hence negatively affecting the biodegradation 

process (Jiang et al., 2024) (Bishnu, Alnouri, & Al-Mohannadi, 2023).  

Deviations in the environmental parameters in any way have been found to affect the rate 

at which microbes function thus decreasing the rate at which pollutants break down and the 

efficiency of the biodegradation processes. Current research has employed control of the 

biodegradation process through changes in environmental factors, inoculation of selective 

microbial species, and genetically modified enzymes. Although these methods have been proven 

partially effective, many of them need constant human oversight and manual adjustments, making 

the process time-consuming and expensive. This has resulted in the search for newer technologies 

like AI to enhance the biodegradation process and bring into the market more efficient means of 

breaking pollutants whilst calling for minimal supervision from man (Rane, Paramesha, 

Choudhary, & Rane, 2024) (Oruganti et al., 2023).  
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The Interplay of AI in Fostering Biodegradation Processes  

  In the current world artificial intelligence has turned out to be one of the most important 

technologies with solutions to advanced problems that involve the use of data. In the area of 

biodegradation, AI offers a range of opportunities that can help to avoid the difficulties connected 

with classic techniques. Based on the same idea, AI can determine the most effective conditions 

for microbial biodegradation by predicting the parameters such as temperature, microbial cultures, 

and pH that allow for enhancement of the efficiency of microbial activity. In addition, through the 

use of AI biodegradation pathways can be simulated, making it easier for researchers to work out 

the relationship between the pollutant and microorganism and this can lead to finding a more 

efficient way of breaking down the complex compounds (Santana, 2024) (Andronie, Lăzăroiu, 

Iatagan, Hurloiu, & Dijmărescu, 2021).  

  Among the machine learning category of AI, a great deal of success has been observed in 

biodegradation studies. With suitable data inputs, ML algorithms can be trained to analyze 

‘biodegradation data’ and find correlations and trends toward the best conditions for the 

degradation of pollutants. According to papers by Li et al., it is possible to apply ML models to 

determine the rate of biodegradation for given pollutants in diverse conditions, thus, cutting the 

time for experiments. Furthermore, AI-supported systems can also withstand the responsibility of 

the continuous monitoring of biodegradation processes where data from sensors facilitates 

automatic control and alteration of environmental conditions. Not only that, it also accelerates the 

biodegradation process and reduces the chances of error from human interventions which was 

often a constraint in this type of work (Damian, Devarajan, Thandavamoorthy, & Jayabal, 2024) 

(Tai, Zhang, Niu, Christie, & Xuan, 2020).  

As seen from the above analysis AI has more than an optimization function when it comes 

to the biodegradation of effluents, which also boast environmental monitoring and prediction. AI 

applications can predict the concentration of pollutants in real-time thus alerting on potential 

environmentally risky situations. It is owing to these predictive capabilities that one can avoid the 

deterioration of the environment as well as guarantee the efficiency of the biodegradation 

processes. The study by Ghosh et al. shows that AI can be connected to Internet of Things ( IoT ) 
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systems whereby there will be constant data capturing and monitoring of biodegradation actions. 

The integration of AI and IoT yields intelligent and self-governing systems for waste disposition 

hence enhancing the competency of biodegradation procedures and minimizing human 

interference (Inbar & Avisar, 2024) (Kunduru, 2023).  

Difficulties in Integration of Artificial Intelligence to Biodegradation  

Nonetheless, several barriers limit the exploitation of the technology in biodegradation. 

One of the concerns that needs to be raised is the source of quality data. AI systems are dependent 

on the availability of big data as it is used in the training of models for model predictions. However, 

biodegradation is a complicated process, which depends on many factors, some of which are 

almost impossible to quantify or maintain in various habitats. That makes it very difficult to gather 

uniform and quality data that can be fed to the AI systems for training. Besides, due to biostability 

(temperature, microbial population, and pollutant type), AI models should be unbelievably 

versatile while being created, which also makes it challenging (Gaur et al., 2024) (R. Wang et al., 

2023).  

  The other major problem is that the deployment of AI technologies in biodegradation 

processes is expensive and requires specialized skills. Some organizations may not have the 

capability and resources that can enable them to incorporate the use of AI into the processes of 

managing waste, especially those from developing regions. Further, the creation and management 

of AI systems include talents that are conversant with the field of AI and biodegradation 

mechanisms. This poses a problem to many environmental organizations that can benefit from AI 

solutions to some of the challenges they face (Bibri, Krogstie, Kaboli, & Alahi, 2024) (Xu, Wu, 

Chen, & Li, 2023).  

  In addition, there is still doubt in the efficiency of AI in biodegradation especially in the 

actual conditions. Despite several impressive demonstrations AI has turned out to be imperfect 

when operating in real-world situations. Scientists have questioned the ability of AI to predict 

accurately and that when applied to fluctuating environmental parameters results only vary in 

biodegradation processes. To address these concerns we need more studies on the application of 

AI models in various settings and situations to see if indeed they are beneficial (Tandon & 

Shaheen, 2024) (Gunasekaran & Boopathi, 2023).  
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Prospects of AI in biodegradation as well as environmental management  

As has been seen though, there is still a lot that can go wrong in AI-driven initiatives, but 

the possibilities for a radical change to biodegradation processes remain very high. There are 

possibilities to address most of the current limitations owing to the availability of more 

environmental data and improvements in the application of AI technologies. This needs the 

integration of environmental scientists, artificial intelligence experts, and policymakers to foster 

the development of this domain. This is more so when AI is developed to work in conjugation with 

other new technologies like IoT and biotechnology which could improve the efficiency of a new 

form of self-organizing systems in the management of wastes and pollutants (Nwankpa, Ijomah, 

& Gachagan, 2024) (Said et al., 2023).  

Also, AI’s function for the environment is not restricted to the present in terms of 

Sustainability perspectives. By incorporating the use of AI, there is an ability to have real-time 

data on the health of the ecosystem, which if diagnosed early enough… This predictive capacity 

is in line with the possibility of contributing to what is being done globally to achieve the seventeen 

Sustainable Development Goals (SDGs) set by the United Nations, especially in the areas of waste 

management, responsible consumption and production, climate action… Biodegradation is one of 

the most effective ways this research shows that by applying artificial intelligence industries and 

governments around the world can optimize the process of biodegradation decreasing negative 

impacts on the environment (Hmaida, 2024) (Feizizadeh, Omarzadeh, Kazemi Garajeh, Lakes, & 

Blaschke, 2023).  

Research Methodology  

The research methodology for the study titled "Artificial Intelligence in Enhancing 

Biodegradation Processes: As planned, the paper “Paths to Environmental Sustainability: A Data-

Driven Approach” aims to provide the reader with an all-compassing view of the subject in concern 

with the help of AI. The method used in the study was a quantitative one since it is important in 

the accumulation of numerical data that can be used to provide meanings about how AI can 

improve the efficiency of biodegradation, minimize human errors as well as estimate suitable 

conditions for environmental conservation (Ugwuanyi, Nwokediegwu, Dada, Majemite, & 

Obaigbena, 2024).  
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Research Design  

The study uses a descriptive cross-sectional research design; this is because it will involve 

the collection of data at one time from a defined population. This design can facilitate the collection 

of perceptions, behaviours, and attitudes of the participants as to the use of Artificial Intelligence 

in biodegradation processes. Given that this design aims to find out the current status of integrating 

AI in the organization, then it will well suit the purpose of providing a cross-sectional view (Gul 

et al., 2024).  

Target Population and Sampling  

  The target audience for this research includes audiences comprising of professionals, 

academicians, and researchers who are currently interested and involved in biodegradation, 

environmental science, AI, biotechnology as well as sustainability. Since the study centred on AI 

applications, the participants needed to have prior understanding or exposure to the use of AI tools, 

either for research or scientific purposes and /or application to environmental sustainability 

projects (Gul et al., 2024).  

  For this purpose, a purposive sampling technique will be applied with a view to choosing 

the participants. Through this non-probability sampling technique, only skilled and experienced 

persons are certainly selected to take part in the research. A total of 250 participants will be 

surveyed. The sample would be dispersed compromising different geographical areas as well as 

different fields of work and practice like universities, research organizations, environmental 

nongovernmental organizations, or members of artificial intelligence development firms. This 

diversity helps to give a certain level of probability that these findings were generalizable to the 

entire population involved with this type of AI environmentally focused work (Allen & Cordiner).  

Data Collection Instrument  

, the major data collection instrument shall be a structured questionnaire. The questionnaire 

will consist of five main sections: The questionnaire will consist of five main sections (Kini, 

Harrou, Madakyaru, & Sun, 2024):  

 1. Demographic Information: Obtains demographic background data of the participants such as 

their educational achievement, work experience, and specialty.  
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 2. Familiarity with AI in Biodegradation: Assesses participant’s knowledge and utilization of 

Artificial Intelligence in biodegradation activities.  

 3. Perceptions of AI's Role in Biodegradation: Collects perceptions about the role of AI in 

enhancing biodegradation and estimation of conditions with decreased mistakes.  

 4. Challenges and Barriers to AI Adoption: Discusses some of the barriers that have been 

perceived in implementing AI in biodegradation processes including; cost implications, data 

accessibility, and experience.  

 5. AI’s Contribution to Environmental Sustainability: Evaluate the paradigm shift in AI 

concerning sustainable development and other objectives of environmental management.  

 The perceptions will be quantified in the questionnaire through the utilization of a Likert scale 

which has the options; Strongly Agree, Agree, Neutral, Disagree, and Strongly Disagree. Also, 

there are going to be the multiple choice questions for categorizing data which in this case will 

involve demographic information and the present application of AI in biodegradation processes.  

Data Collection Procedure  

Pre-survey interviews and focus group discussions as well as post-survey focus group 

discussions will comprise narratives, enabling broad web-based survey participation for 

participants of various regions. The respondents will be recruited via emails and social professional 

platforms by using links, additionally using proficient environmental study groups. The survey is 

more likely to take one month so that all the respondents have ample time to complete it (Koshariya 

et al., 2024).  

  Respondents will be informed as to the purpose of the study and their rights where the 

study is concerned including their anonymity and the confidentiality of their identities. 

Participants’ consent to participate in the research shall be sought and subjected to their 

understanding that they are free to undo that at any given time (Fang et al., 2024).  

Data Analysis  

The data gathered in the study will be analyzed using descriptive, as well as inferential 

statistics. Descriptive statistics like Mean, Median, Mode, and Standard deviation will be utilized 

in analyzing the data and providing a clear perception of the participant’s perception. Descriptive 

statistics like frequencies and percentages will be applied in analyzing data related to responses on 
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the self-developed questionnaire such as familiarity with AI and perceived effectiveness in 

biodegradation processes inferential statistics including correlation and regression analysis will be 

used (Y. Wang et al., 2024).  

This will aid in finding out the relationship, and possible predictors of AI use in 

Biodegradation within this approach. The various tests that will be conducted require statistical 

software like SPSS, R, and others to conduct the analysis. These tools afford reliable techniques 

for organizing and analyzing quantitative data reducing the chance of bias in the results (Naveed 

et al., 2024).  

Ethical Considerations  

That is why achievements of the revealed objectives and observations of the stated 

regulatory requirements will be made strictly adhering to ethical norms. The anonymity of the 

participants will also be maintained, while the information collected will only be used for research 

purposes. Notice will be taken to ensure that all participants provide informed consent to 

participate in the research study and they will also be allowed to withdraw from the research at 

any time (Kumar, Kumar, & Sharma, 2024).  

Also, measures will be taken to ensure that the particulars of the participants are not 

revealed in the process of feeding the data. Thus, this research methodology gives a proper and 

chronological outline of how to study the turnover of bio-degradable substances using artificial 

intelligence. Indeed, by collecting and analyzing data from various structured sources, this study 

hopes to make a practical contribution to the application of AI to promote environmental 

sustainability (Srivastava & Dhaker, 2024). 

 

 

Data Analysis 

Reliability and PCA Results 

Metric Value 

Cronbach's Alpha (Reliability) -0.3970706648133404 

PCA Explained Variance Ratio (PC1) 0.17550293994475943 



 

3715 
 

Metric Value 

PCA Explained Variance Ratio (PC2) 0.17093252237240428 
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Interpretation of Tables and Figures 

The findings depicted in the tables and figures give information about the reliability, 

growth, and distribution of responses to the study on “Artificial Intelligence in Enhancing 

Biodegradation Processes (SaberiKamarposhti et al., 2024). ”  

Reliability (Cronbach’s Alpha)  

As for the internal reliability of the Likert scale responses, Cronbach’s Alpha coefficient 

was estimated to be -0. 397, which is considered as poor internal consistency of the items included 

in the survey. This implies that some of the selected questions that aimed to measure perceptions 

of the role of AI in biodegradation do not adequately reflect a singular factor. A negative 

Cronbach’s Alpha therefore means that the items are either uncorrelated or negatively correlated 

hence there is a need for either the questions or the way they are structured to be reviewed to 

capture the same dimension of AI effectiveness in biodegradation processes (Bolón-Canedo, 

Morán-Fernández, Cancela, & Alonso-Betanzos, 2024).  

Principal Component Analysis (PCA)  

  The first two PCA Explained Variance Ratios are as follows Secondly, the first two 

principal components are 17. 5% and 17. 0% of the variance and independent contributions of 0%, 

and 20% for Type 1 and Type 2, respectively. This suggests that the measure is somewhat spread 

out in various dimensions such that no particular dimension defines variation in the data set. Such 

a consequence indicates that there might not be a single general notion in respondents’ minds 

regarding AI in biodegradation but several concepts instead. The fairly low explained variance 

also suggests that possibly more factors would be required to explain the data adequately, or 

perhaps the sort that has been used in the current study to administer the data does not employ all 

the important facets of the topic appropriately (Obiuto, Ninduwezuor-Ehiobu, Ani, Olu-lawal, & 

Ugwuanyi, 2024).  

Distribution of Responses  

Bar charts depicting the distribution of responses to core variables give an illustration of 

how participants perceived several variables about AI in biodegradation (Anandhi & Iyapparaja, 

2024).  
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1. AI Enhances Efficiency: Another set of jobs revealed that more than half of the respondents 

either agreed or strongly agreed with the statement that the addition of AI improves the efficiency 

of biodegradation processes. This points to a relatively positive attitude toward AI’s ability to 

enhance biodegradation (Motadayen, Nehru, & Agarwala, 2024).  

2. AI Predicts Conditions: An equal number of respondents also accepted the AI in the propensity 

to inform the right combination of parameters that can foster biodegradation, with the majority in 

support of it. This implies that participants hold it useful to have AI in balancing other important 

factors that affect the environment including temperatures and microbial activities (Song et al., 

2024).  

3. AI Reduces Human Error: The responses received here were more diversified and a 

significant number of the participants disagreed with the statement that the use of AI cuts out 

human errors. This could be either a distrust of the use of AI-based models in that they will 

eliminate errors or a shortage of exposure to the use of AI assets in this way (Narayanan, Bhat, 

Samual, Khatri, & Saroliya, 2024).  

Discussion  

The results of qualitative data analysis on the topic ‘Artificial Intelligence in Enhancing 

Biodegradation Processes’ unveil important peculiarities of how experts and scholars regard AI’s 

potential to contribute to the improvement of biodegradation for environmental purposes. The 

results also show optimistic perceptions about the chances of AI to improve the efficiency of 

biodegradation processes and calculate optimal conditions, with the distribution of opinions 

following the majority of positive opinions. This means that the use of AI is viewed to have the 

potential in enhancing the profile of factors like microbial action and temperature that ease 

biodegradation (Han, Wang, Liu, Sun, & Qiao, 2024).  

  But the evaluation also revealed problematics, for example, the one associated with the 

AI’s ability to decrease human mistakes. A significant number of the respondents appeared not to 

trust the effectiveness of the AI systems in this regard. This may indicate that there is a lack of 

confidence or knowledge of how AI can be incorporated into the biodegradation process to reduce 

such mistakes showing that there is a need to educate or train people on how to use AI or further 

develop the AI technology to help in this situation (Melo, Câmara, & Pinto, 2024).  
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  The negative Cronbach’s Alpha means that the survey questions were not homogeneous in 

terms of measuring the constructs about AI effectiveness that were intended. This poor internal 

consistency can be because diverse perceptions can be observed among the different dimensions 

of the use of AI in the biodegradation process; or maybe that the questions used were not 

appropriate to reflect all the variability of the topic. Since the questionnaire seems to contain 

common method variance, future findings should be extended by adapting the measure of work-

related perceptions more harmonically (Singh & Lata, 2024).  

  This is further affirmative by the PCA results where we realized that only the first two 

components amounted to a small proportion of the variance. This means that various factors affect 

the person's view about AI in the biodegradation process and may comprise the level of education, 

familiarity with AI applications, and utilization of AI in biodegradation. It also brings out the fact 

that the topic is sensitive in a way that may see AI’s applicability overlap with other factors like 

cost, availability, and AI expertise (Chen et al., 2024).  

  Overall, there is consensus about the prospects for improving biodegradation using AI, 

which, however, faces certain issues related to work reliability and minimizing the impact of the 

human factor. Such results indicate the necessity to fine-tune AI technologies in the field of 

biodegradation, orient AI tools to the actualities of biodegradation processes, and develop a deeper 

insight into how professionals engage with such systems. Future research should be directed at 

how to overcome these challenges, improve the tools of data collecting, enlarge the research area, 

and examine other aspects of AI and environmental savings (Anwar & Sakti, 2024).  

Conclusion  

It could therefore be concluded that while the article “Artificial Intelligence in Enhancing 

Biodegradation Processes” points to the implications of AI in biodegradation processes, it also 

brings out the opportunities and pitfalls of AI within the construct of environmental sustainability. 

The data demonstrates a positive attitude among the respondents to the effectiveness of AI in 

biodegradation processes, using such terms as efficiency and accurate prediction of the right 

condition, but a few of the respondents have concerns about the reliability of using the technology 

to minimize human error. The obtained negative value of Cronbach’s Alpha means that the 
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questions of the survey do not adequately reflect the constructs in question which implies the 

necessity of the improvement of the questionnaire in the further studies.  

The principal component analysis also strengthens the idea of multi-dimensionality of the 

topic, as it raises the view that the population’s perception of the involvement of AI in 

biodegradation is influenced by several factors. For future studies, the following recommendations 

were made to develop AI tools that will closely fit the real-life biodegradation requirements, 

establish credibility, and increase user trust. Further research in this paper area can be important 

to take advantage of the AI potential to further biodegradation and other environmental 

sustainability approaches. 
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