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Abstract

:

Although many industries have already implemented technologies based on artificial intelligence (AI) in their business, the effects of new digital solutions on customer satisfaction are not yet fully known. This study aimed to evaluate the AI-based advice implemented by an Italian start-up operating in food supplements to support customer choices. The evaluation utilized the Delphi method and a questionnaire survey. This research aimed to provide companies wishing to use AI with a preliminary evaluation criterion for improving customer satisfaction through digital approaches. Research findings indicate that AI-based advice can improve customer perspectives, such as customer satisfaction and loyalty, by providing a value-added business service, diversified for each product category. However, some mistakes have emerged, which may still be a limitation in the use of AI-based advice. Therefore, this study presents an innovative approach to evaluate the performance of digital advice in traditional sectors such as the food industry.
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1. Introduction


Tech sectors have rapidly implemented new digital solutions, including artificial intelligence (AI), to create new services or improve traditional ones [1]. Integrating AI into production systems increases productivity, competitiveness, energy efficiency, and sustainability, improving the customer experience. In addition, customer services of several companies have introduced AI to reduce costs and improve service efficiency [2].



Currently, no sector can avoid the digital revolution, which implies the technological implementation of processes and a radical change in traditional thinking.



The literature shows that several companies have already adopted AI applications for productivity, business management, and customer engagement purposes, e.g., in the health care [3,4,5], nutrition [6], agriculture [7,8,9], building [10,11], transport [12], energy [13], chemical [14], geotechnical [15], business and marketing [16,17], education [18], animal farming [19], hospitality and tourism [20], and job recruitment [21] fields. Although some business sectors, such as the food, nutrition, and dietary supplement industries, are more traditional, and slower to implement new technological strategies, digital technologies can offer substantial opportunities to gain a competitive advantage in business strategies [22]. These prospects can occur in terms of a more efficient manufacturing process (e.g., better control and traceability of raw materials, and improved manufacturing and stock control) and/or improvement of the product development processes (e.g., in personalised nutrition or food supplements fields). Moreover, developing innovative digital solutions drive the industry from a product-centric approach to a consumer-centric focus (e.g., through digital consulting) by modifying and influencing the purchasing behaviours of the modern consumer.



In this context, some industries operating in the food supply chain are trying to implement AI in their business. Among these, the case of an Italian food supplements start-up is presented in this paper. Indeed, the company under consideration aims to support customers’ choices by achieving personal physical well-being and offering targeted food supplements. The overall objective of this study was to evaluate the effectiveness of AI-generated outcomes using an integrated approach. A panel of experts on food supplements assessed the accuracy of the AI’s questions and advice. Subsequently, to gauge consumer satisfaction with the AI-based advice provided, a questionnaire was administered.



The expert evaluation was performed using the Delphi method, which Project RAND developed to achieve a consensus from a heterogeneous group of experts [23]. Recent applications of the Delphi method in this field were also proposed by Bellizzi et al., in nutritional therapy [24], and by Blumberg et al. in dietary supplements [25]. Concurrently, regarding customer satisfaction, it is well known that understanding consumers’ buying behaviour is crucial in order to enhance future purchase decisions [26]. In this context, the Delphi method has been used to establish the influence of COVID-19 on the sharing economy, corroborating the key role of quality in consumer satisfaction [27]. In 2022, Sohrabi et al. utilised the Delphi method to ascertain crucial factors influencing customer satisfaction concerning food products [28].



The present research showed that AI allows the implementation of systems which can provide interactive advice, indicating the most suitable products for costumer needs. To the best of our knowledge, in the literature, there are no studies evaluating AI outcomes using a combination of the Delphi method with the assessment of customer satisfaction. Therefore, this study represents a new approach to evaluating digital applications in growing sectors, such as food supplements.




2. Theoretical Hypotheses Construction


Recently, machine learning, deep learning, and artificial intelligence have been implemented in several fields, such as customer services, influencing customer satisfaction [29].



Digitalisation and AI bring several benefits to companies and can play a crucial role in meeting specific customer needs. However, it is still unclear whether it produces positive or negative consequences for consumers [30]. Indeed, it has been highlighted that certain AI-based services can also elicit consumer discomfort, resulting in undesirable behaviours [31]. In this regard, in the present study, we formulated the following first hypothesis by administering an online survey to 178 customers who had already used the AI-based advice:



H1. 

The questions proposed by the AI-based advice positively affect customer satisfaction.





We evaluated the technical problems that occurred during the advice, the exhaustivity of the questions, and the possibility of better describing the customers’ situation.



Concurrently, several studies investigated whether the AI advice satisfied consumer requests more than humans [32], focusing on how people emotionally respond to available AI agents [33] and analysing whether service failures trigger negative customer emotions and affects purchase behaviour [34]. Along these lines, we formulated the following second hypothesis:



H2. 

The outcomes proposed by the AI-based advice positively affect customer satisfaction.





H2 was assessed to investigate the satisfaction of the outcomes by exploring customer feelings toward the products suggested (i.e., if they liked them or if they had chosen the same outcomes without advice) and the purchasing of the recommended products.



The hypotheses construction is reported in Figure 1.




3. Methodology


3.1. AI-Based Advice Structure


The Digital Advice examined is a proprietary product of the considered start-up, MyLab Nutrition Group®; therefore, only the general structure is shown in Figure 2. The algorithm behind the technology is outside the scope of this study.



In the first section, anthropometric information is collected. Then it is possible to choose from one to three of the sixteen available categories, depending on the customer’s specific needs.



Counselling provides specific questions for each category and elaborates on the results. Upon completion, one product for each chosen category is suggested by the AI algorithm.




3.2. Delphi Method


The Delphi process, adjusted to the area of nutrition, was applied in this study. Project RAND developed the Delphi technique in the late 1960s to achieve a consensus from a heterogeneous group of experts [23]. It is a structured multistage process, involving a series of iterative rounds, intended to transform expert opinion into group consensus on a given subject [35]. The Delphi process can be successfully applied to different research areas for determining agreement, and involves a series of questionnaires interspersed with controlled feedback [36]. The group of experts, chosen from the areas of interest, provide their opinions freely, individually, and anonymously; this approach encourages provision of a personal point of view. After each round, a “Panel Coordinator” provides an anonymised summary of experts’ forecasts from the previous round, as well as the reasons they provided for their judgments, encouraging the possibility of revising their earlier answers. It is believed that, during this process, the range of answers will decrease and the group will converge towards the correct answer [37].



In accordance with previous studies [24], the utilised method consisted of three steps:




	
Expert recruitment: The expert panel was recruited through public competition. Seven panellists with proven experience (at least three years) in the food and nutrition fields were selected.



	
Question evaluation: Each expert was called to indicate any redundant questions—to be omitted—or to add further questions to improve the advice. From the technical assessment, each panellist expressed a score from 1 to 5 (Likert scale) for each question of the advice (Figure 1) [38]. The maximum value of 5 represents an excellent rating in the questionnaire construction; a score of 4, a good structure of the questionnaire; a score of 3 shows gaps in the questions; a score of 2 indicates significant deficiencies in question formulation; and a score of 1 represents a complete lack of prerequisites in the questions.



	
Outcome evaluation: To validate the AI-based advice outcomes, the panellists conducted a series of simulations to provide representative cases of reality. In each simulation, the expert impersonated a hypothetic customer to answer the advice questions. A 2 × 2 + 1 scheme was used for this purpose, as reported in Figure 3. The 16 categories were combined, such that each simulation foresaw the coexistence of three categories in the same subject and different clinical problems. The following characteristics were also assigned to complete the simulated consultation: gender, age, constitution (weight and height), presence/absence of pathologies, and allergies/intolerances. The different colours in the table reflect each of the seven panellists to whom the various simulations to be processed were randomly assigned.








In conclusion, each expert impersonated the different customer prototypes assigned to them (about 35 per panellist) by responding to the advice questionnaire. A score from 1 to 5 was provided for each simulation to evaluate the correspondence between the food supplement the AI recommended and the one the panellist suggested. Additionally, in this case, the Likert scale was used: 5 represents the maximum score and, therefore, total overlap between the supplement recommended by AI and that suggested by the panellist, while 1 states the minimum score, i.e., the complete discordance between the recommended supplements.




3.3. Customer Satisfaction


In order to assess customer satisfaction with the service offered by AI-based advice, a targeted survey was carried out [39]. The survey was administered to company customers. Respondents (n = 178) who declared that they had used AI-based advice were involved in the study. All participants were informed of data anonymity and their use for scientific research purposes. No monetary incentives were provided.



Consistent with the reference literature, a non-probabilistic convenience sampling method was employed, and the threshold of 20:1 respondent/variables ratio was respected [40].



The survey consisted of 16 questions and was structured into three sections. The first part was necessary to conduct a descriptive sample analysis and record general information, such as income, household composition, marital status, etc. (eight socio-demographic attributes). The second part focused on evaluating the advice questions, e.g., exploring the technical problems found, the question exhaustiveness, and the identification in the proposed questions. The third was dedicated to advice outcomes (suggested products) by evaluating the outcome fulfilment and purchasing. The advice outcomes represented the food supplements recommended. The survey also included one control variable, such as the AI-based advice recommendation, used for customer satisfaction evaluation.



The response options were nominal in most cases. Where a rating was required, the Likert scale was used. Partial least square structural equation modelling (PLS-SEM) was used to analyse the data through SmartPLS 4 software [41].





4. Results


The efficiency of the AI-based digital advice, developed by MyLab Nutrition Group® to suggest their food supplements, was evaluated in terms of advice questions and outputs by the Delphi method and customer satisfaction.



4.1. Delphi Method—AI Question Evaluation


The Delphi method was used in this study to evaluate the quality of AI-based advice by a panel of experts in this field [42]. The evaluation process was applied to assess two main areas of AI-based advice, i.e., the questions that advice submitted to customers and the outcomes that the advice suggests.



The results of the evaluation of the questions are summarised in Figure 4. The experts used the Likert scale (ranging from 1 to 5) to evaluate the questions in each category. The average score obtained for the total AI-based advice questions was 4.04 ± 0.51. The lowest score (2.67) was assigned to the category “recovery after sports”, while the highest score (4.67) was assigned to the category “anxiety, sleep and stress”.




4.2. Delphi Method—AI Outcomes Evaluation


The second area examined refers to the outcomes of the AI-based advice. Using the Likert scale, experts evaluated the correspondence between the supplement the AI recommended and the one the panellist would have suggested.



Overall, panellists carried out 240 advice simulations in order to provide representative cases of reality. The results of the scores obtained by the AI-based advice are reported in Figure 5. The aggregate analysis of the complete simulations produced an average score of 4.10 ± 0.44. The categories that obtained the highest ex aequo evaluation (4.63) by the panellists were the “digestion problems” and “cycle and menopause” categories; the category that obtained the lowest evaluation was that relating to “recovery after sport” (2.80).




4.3. Comparison of Questions and Outcomes Evaluations


A cartesian visualisation was proposed to compare the results obtained for each category in the question and outcome evaluations (Figure 6). The conceptualisation arose from using the Eco-care Matrix in environmental studies [43,44]. In this case, each category is represented by a point in the diagram in Figure 6. The point coordinates represent the mean scores obtained by each category in question evaluation (x-axis) and outcome evaluation (y-axis). To provide a better visualisation, the scores were scaled to 3 (the minimum score to obtain sufficiency), i.e., each score was subtracted by 3. For example, the digestion problem category obtained 4.33 in question evaluation and 4.63 in outcome evaluation; with the new reference system, these became, respectively, 1.33 and 1.63. Thus, the category position in different quadrants reveals their merit in question and outcome evaluation.




4.4. Assessment of Customer Satisfaction


4.4.1. Participant Profiles


The AI-based advice was evaluated from the customers’ point of view by assessing their satisfaction with this service. For this purpose, an ad hoc survey was administered to 178 customers that had used AI-based advice, of which 51.7% were men and 48.3% were women. The age of respondents ranged between 19 and 74. Most respondents (60.1%) had a high school degree, 18.5% had a bachelor’s degree, 11.8% had a middle school degree, and 9.6% had an educational level higher than a bachelor’s degree. The respondents’ households comprised one person for 15.7%, two for 29.8%, three for 26.4% and more than three for 28.1%. Regarding employment, 75.3% of respondents were employed, 19.7% were out of work, and 5% were studying. The household income of most respondents was between EUR 1500 and EUR 3000 per month (55.6%), followed by an income of less than EUR 1500 for 32.6%, and over EUR 3000 for 11.8%. Most respondents were single (52.8%), the remaining sample being married with children (33.7%) or married without children (13.5%). As for housing, 75.8% resided in an urban area, while 24.2% lived in a rural area.



A preliminary descriptive analysis of the results showed a positive attitude of customers toward AI-based advice. Indeed, 88.2% of respondents would recommend AI-based advice. Regarding the variables investigating the AI-based questions, it was found that 96.1% of respondents had not encountered any technical problems, 73% found the questions exhaustive, and 72% could identify themselves in the questions. Therefore, it is possible to estimate the mean satisfaction of the AI-based advice questions for 80.4% of respondents.



Overall, 70% of respondents were satisfied with the outcomes of AI-based advice. In addition, 32% of respondents would not choose the same products without the advice suggestion. Upon requesting a potential purchase of the products recommended through the advice, 71.2% of respondents declared they bought the products or were predisposed to purchase them. So, in this case, it is also possible to estimate the mean satisfaction of AI-based advice outcomes for 69.7% of respondents.




4.4.2. Reliability and Convergent Validity


The internal consistency of the data was examined by Cronbach’s alpha, composite reliability (CR), and average variance extracted (AVE). The results are reported in Table 1. The Cronbach’s alpha values of both constructions were more than 0.80, and CR values were greater than 0.90. These findings indicate the internal consistency of data. The AVE values ranged between 0.636 and 0.875, confirming convergent validity [41]. Figure 7 shows the measurement model that depicts the strength of relationships (path coefficients) among the constructs.




4.4.3. Descriptive Statistics and Discriminant Validity


A descriptive statistics test was performed to assess mean, median, mode, and standard deviation values, as shown in Table 2. The discriminant validity was determined using the Fornell and Larcker criteria, along with the Heterotrait-Monotrait (HTMT) ratio. As demonstrated in Table 2, the diagonal values were larger than the inter-correlation among the constructs, indicating discriminant validity. Furthermore, the HTMT values of both constructs, reported in Table 3, were lower than 0.90, confirming the discriminant validity [41].




4.4.4. Predictive Power of the Inner Model


The predictive power of the inner model was evaluated by coefficient of determination (R2) and cross-validated redundancy (Q2). The value of (R2) of customer satisfaction constructs was 72.4%, explaining a reliable variability. The Q2 was tested through the blindfolding method, and the results were 0% for advice questions and advice outputs, and 2.2% for customer satisfaction, which showed that the model possessed a strong predictive relevance [41].




4.4.5. Hypothesis Testing


The results of the hypotheses testing are presented in Table 4. Hypothesis 1 suggests that the good construction of the questions in the AI-based advice under study positively affects customer satisfaction, which was accepted (β = 0.527, p = 0.000), since the significant value was less than 0.05. Hypothesis 2, proposing that AI-based advice output positively influences customer satisfaction, was also accepted (β = 0.394, p = 0.000). Hence, it can be concluded that all of the proposed hypotheses were accepted. The results of the structural model are shown in Figure 8.






5. Discussion


5.1. Delphi Method


Regarding the advice questions, the main concerns found by experts were related to the three categories associated with sport. Panellists highlighted an incorrect description of muscle pain in the questions. Specifically, while the advice refers to lactic acid, experts argue that muscle pain in the days following training is due to delayed onset muscle soreness (DOMS). Therefore, it would be appropriate for the company to revise the questions which include this inaccuracy. This feature is also highlighted by the average trend line in Figure 4. Two of the three categories concerning sport, i.e., “muscle mass gain” and “recovery after sports”, had the lowest scores, which were below the adequacy threshold (3.00).



The advice output assessment was positive for almost all the categories. Nevertheless, the experts expressed doubts regarding the categories concerning sport (“muscle mass gain”, “recovery after sport”, and “energy boost before sport”). Indeed, experts would have suggested different products (belonging to the company product catalogue) than those proposed by the advice. For instance, in more than one simulation in which customers’ need regarded post-workout, the advice suggested a pre-workout supplement, even though a specific post-workout supplement was available in the company’s catalogue.



Although the best-formulated questionnaires were those related to “anxiety, sleep and stress”, “skin wellness”, and “cellulite and water retention”, the best output evaluations were those corresponding to “cycle and menopause”, “digestion problems” and “skin wellness”. This mismatch revealed that an excellent formulation of the survey does not always correspond to equal attention to the final product suggested by the AI-based advice.



Regarding the comparison between questions and outputs, as shown in Figure 6, almost all categories were located in the positive–positive quadrant, indicating good results in both evaluations. The “muscle mass gain” category was situated on the y-axis, expressing a barely sufficient assessment in question formulation. The only category out of this quadrant was “recovery after sport”, which was in the negative–negative quadrant, indicating a lack of efficacy of the AI-based advice in this category.



This comparison confirmed the hypothesis of AI-based advice problems in the sports categories.



It should also be noted that, in some cases, panellists would have suggested different supplements in the presence of specific conditions, such as pregnancy, lactation, or hypertension. In fact, in these cases, artificial intelligence recommended formulations containing some ingredients unusual for those conditions, even though no limitation is suggested by a specific regulation (Circular n.3 of 18 July 2002 of the Ministry of Health). However, it should be noted that the simulations were performed by indicating three different health conditions in the same subject. This may have increased the difficulty of the evaluation. Customers usually look for a single need [45], so considering different conditions simultaneously can be viewed as a “stress test” to the advice. This test may have affected the efficiency of the AI-based advice, which usually works with less complex cases.




5.2. Costumer Satisfaction


Relevant conclusions can be drawn from the obtained data. From the point of view of customer satisfaction, AI-based advice is well constructed. In fact, 88.2% of respondents were satisfied with the advice and would recommend it. The consultancy’s strengths are the absence of technical problems during its use, the exhaustiveness of the proposed questions, and the identification in the questions.



Regarding the first hypothesis (H1), dealing with AI-based questions influencing customer satisfaction, the model results, based on the three examined variables, were significant (p-value < 0.001); therefore, the hypothesis is supported. Regarding the effects, the more the respondents identified themselves in the questions, the more they found no technical problems. The more they found the questions exhaustive, the more they were satisfied by the advice. Indeed, the way questions are asked can significantly impact customer satisfaction. Specifically, when customers feel that the questions being asked are tailored to their circumstances and needs, they are more likely to feel satisfied with the advice they receive. This is because personalised questions create a sense of identification with the customer, which can increase their confidence in the advice they receive and enhance their overall satisfaction with the experience. On the other hand, generic or irrelevant questions can create a sense of disconnect and lead to lower levels of customer satisfaction.



Moreover, technical problems during a digital advice session can significantly impact customer satisfaction. When customers seek digital advice, they expect a smooth and seamless experience. Technical issues, such as server errors or software malfunctions, can disrupt the advice flow and cause customer frustration. This can lead to a negative perception of the service, lower levels of trust, and, ultimately, reduced customer satisfaction.



From these results, it is possible to point out that the advice questions fit consumer needs and can be considered positively in this regard. Indeed, a service which adapts its offer to consumer demands has achieved its primary purpose [46].According to the Kano model (1984), customer expectations are based on a two-dimensional system for quality management (expectation vs satisfaction), in which three levels of customer expectation are described: (1) the customer is satisfied that their basic expectations are met, or otherwise are dissatisfied; (2) the customer’s expectations are met depending on the quality/quantity of the performance (or product); (3) the customer’s expectations are met if their unconscious expectations are satisfied, making the customer delighted. In the present work, both the identification and exhaustiveness of AI-based questions had an impact on customer satisfaction, given that 73% of participants found the questions exhaustive, and 72% could identify themselves in the questions, meaning that coherence with subject requirements was respected. It is relevant to highlight that, even though AI technologies have been successfully applied in medicine, pharmacology [47], and clinical pharmacy [48] to promote customer satisfaction, the present work is the first to attempt to combine AI with customer requirements in the food supplements field. To this aim, AI may help analyse customer preferences with a speed and precision not achievable by humans, suggesting that it has the potential to become one of the main tools for enhancing the customer experience.



The second hypothesis (H2) investigated how advice outcomes influence customer satisfaction. Even in this case, the model results were significant (p-value <0.001), and H2 was supported. In this instance, the customer satisfaction variables were the fulfilment of outcomes and product purchasing.



Companies have extensively researched customer satisfaction, since it is a key strategy for gaining competitive advantages [49]. In this context, following the law of supply and demand, a consumer is satisfied if the product has satisfied their request; concurrently, the identification of satisfaction provides a reason to purchase the product. The outcome fulfilment of digital advice can play a crucial role in determining customer satisfaction levels. When customers receive recommendations that meet their needs and expectations, they are more likely to feel satisfied with the advice they receive. In this case study, customer satisfaction with the AI-based advice was also supported by the fact that most respondents later purchased the recommended products. It is probable that the customers were not experts in food supplements, since they were asking for advice, so they had confidence in the service and willingly accepted products that differed from those they had imagined. Different types of consumer behaviour were proposed [50], spanning from “passive” consumers, who did not search for information on alternative products, to “active” consumers, who searched for information at a high level. In our case, consumers had different levels of knowledge about food supplements and brands. These differences in knowledge and experience have significant implications for customers’ information-gathering activities before purchasing [51].





6. Conclusions


A case study of an Italian food supplements start-up which implemented an AI-based advice service to support customers’ choice was analysed in this paper. The aims of the present study were to provide an evaluation of advice outputs performed by experts in food supplements, and to validate and implement the company’s AI-based advice by administering a questionnaire to customers. An innovative integrated evaluation approach, using the Delphi method and customers satisfaction, was applied for this purpose. The results proved an excellent construction of AI-based advice and confirmed the correct recommendation of food supplements.



Regarding customer satisfaction, it was found that the advice questions met customer needs. Importantly, customer satisfaction was also supported by the fact that most respondents purchased the recommended products. The results here showed that AI improves interactive advice, enhancing the costumer experience by offering the best solution to each subject.



It is essential for companies which want to implement AI in their business to invest in robust technology infrastructure and provide technical support to ensure that customers have a positive experience and feel confident in the quality of the digital advice service they receive. Furthermore, stakeholders must focus on delivering accurate and reliable recommendations that will likely result in positive customer outcomes. This can help to build trust and loyalty, leading to increased customer satisfaction and the potential for repeat business.



Great attention should be paid by companies to recommend products that are likely to meet their customer’s needs, as well as ensuring that the purchasing process is straightforward and secure. Doing so can support maximum customer satisfaction levels and create a positive user experience that encourages customers to return for future advice and purchases.



However, the findings of this study must be seen in light of some limitations. For instance, particular attention should be paid to the categories concerning sports. Indeed, experts expressed some doubts regarding the suggested food supplements in these categories. Moreover, the experts noted that the AI-based advice recommended formulations contained some active ingredients not suitable in the presence of specific health conditions (such as pregnancy, lactation, or hypertension). In addition, no evaluations were performed on the algorithms of advice output and customer satisfaction. This implication should be analysed in further studies, as well as an assessment of the advice following the suggested improvements from this study. Overall, this study represents an innovative approach for evaluating digital applications in growing sectors, such as food supplements.
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Figure 1. Theoretical framework of the hypotheses construction. QUE1, technical problems; QUE2, question exhaustiveness; QUE3, questions identification; OUT1, outcomes fulfilment; OUT2, outcomes overlapping; OUT3, product purchasing. 
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Figure 2. AI-based advice flow chart. 
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Figure 3. Distribution scheme of category assignment to the experts (each colour corresponds to an expert). 
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Figure 4. Evaluation results of the AI-based advice questions by Delphi method. 
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Figure 5. Evaluation results of the AI-based advice outcomes by Delphi method. 






Figure 5. Evaluation results of the AI-based advice outcomes by Delphi method.



[image: Systems 11 00265 g005]







[image: Systems 11 00265 g006 550] 





Figure 6. Comparison between scores in question and outcome evaluations for each category. 
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Figure 7. Measurement model. 
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Figure 8. Structural model. 
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Table 1. Reliability testing and convergent validity.
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Constructs

	
Items

	
Loadings

	
Cronbach’s Alpha

	
CR

	
AVE






	
Advice Questions

	
QUE 1

	
−0.374

	
0.865

	
0.910

	
0.636




	
QUE 2

	
0.781




	
QUE 3

	
0.884




	
Advice Outputs

	
OUT 1

	
0.880

	
0.938

	
0.945

	
0.875




	
OUT 2

	
0.645




	
OUT 3

	
0.760
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Table 2. Descriptive statistics and discriminant validity analysis.
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	Latent Variables
	Mean
	Median
	Mode
	SD
	1
	2





	Advice questions
	2.116
	2.333
	2.333
	0.565
	1.027
	



	Advice outputs
	2.861
	2.833
	2.667
	0.851
	0.874
	1.037
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Table 3. Heterotrait-Monotrait ratio (HTMT) results.
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	Latent Variables
	1
	2





	Advice questions
	0.715
	



	Advice outputs
	0.768
	0.704
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Table 4. Hypotheses assessment summary.
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	Hypotheses
	Beta
	SD
	T-Value
	p-Value
	Decision





	H1: Advice Questions
	0.527
	0.058
	9.043
	0.000
	Supported



	H2: Advice Outputs
	0.394
	0.064
	6.260
	0.000
	Supported
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