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 ABSTRACT 

The blazing adoption of the concept of artificial intelligence has led to the dawn of the 

algorithmic manager role whereby the use of AI-based decision-making systems has grown to 

become a managerial process within consumer experience management. This study examines 

the effect of algorithmic decision-making on the consumer interactions through improvement of 

customization, responsiveness and customer satisfaction. Based on a set of 12,000 simulated 

records of consumer interaction, four AI algorithms were applied and tested Decision Tree, 

Random Forest, Support Vector Machine and Reinforcement Learning (Q-learning), which were 

compared with a classical rule-based system. The empirical evidence shows that algorithmic 

managers perform much better in comparison with the conventional styles in various 

performance indices. The Random Forest model was the most accurate in the level of consumer 

satisfaction prediction with the highest result of 91.6 compared to the rule-based system with the 

highest result of 19.1 and lowering the average responding time by 45.8. The effectiveness of 

structured and margin-based decision models was confirmed by getting support vector machines 

and decision trees with an accuracy of 88.4 and 84.3 respectively. Reinforcement learning was 

very adaptive with 0.76 to 0.89 improvement of long-term performance, which was 17.1 percent 

higher in cumulative reward. The effectiveness scores of personalization in rule-based systems 

were 58 and in algorithms-based management were 86. The results of these studies prove that 

AI-based decision systems may be effective managerial agents used in consumer experience 

control provided they are developed considering the performances, fairness, and flexibility. The 

paper offers scientific data and confirms the idea of responsible use of algorithmic managers in 

the consumer-driven online world. 

Keywords: Algorithmic Management, Artificial Intelligence, Consumer Experience 

Management, Decision Systems, Personalization 
 

1. INTRODUCTION: 

The blistering development of artificial intelligence (AI) 

has radically transformed the way organizations create, 

provide and control consumer experiences. More and 

more tasks that previously belonged to the role of human 

managers are being outsourced to algorithmic systems 

that have the ability to analyse large volumes of data, 

forecast customer behaviour, and make real-time 

decisions [1]. This has also led to the emergence of the so-

called algorithmic manager, in which AI decision-making 

systems automatically determine price, personalization, 

service response, recommendations, and customer 

engagement policies. Algorithms Here, algorithmic 

management is a notable change in creating and 

maintaining value within a digital and service-based 

market with the context of Consumer Experience 

Management (CEM) [2]. AI decision systems allow 

organizations to stop working along standardized service 

models and instead interact with consumers in highly 

personalized ways and adaptively. With the use of 

machine learning, natural language processing and 

predictive analytics, algorithmic managers are able to 

constantly optimize consumer journeys, enhance 

responsiveness, and make operations more efficient [3]. 

This means that companies will be able to provide quicker 

service resolution, personalized suggestions and smooth 

omnichannel experiences that closely match with 

consumer preferences. The capabilities make AI a 

strategic asset in realizing competitive advantage due to 

an excellent consumer experience. But there are also 

critical challenges that emerge as a result of the increased 

dependence on algorithmic managers. Sometimes 

automated decision-making systems are opaque which 

makes them black-boxed and does not allow transparency 

and understanding of how they make decisions. The issue 

of bias in the algorithms, equity, responsibility, and data 

security have only gotten more intense, especially when 

AI systems have greater impact on consumer results. 

Moreover, the fact that the human factor in the control of 
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experience is decreased makes one doubt empathy, the 

sense of trust, and moral accountability in AI-mediated 

communication. It is on this background that this study 

looks at the way AI decision systems acting as algorithmic 

managers are revolutionizing the management of 

consumer experience. It attempts to examine the 

opportunities as well as the risks of algorithmic decision-

making and specifically consumer satisfaction, trust, 

transparency, and ethical governance. Through the critical 

assessment of the role of the algorithmic managers, this 

research would serve to add to the more in-depth 

comprehension of the responsible and efficient 

algorithmic integration into the modern-day consumer 

experience strategy. 

2. RELATED WORKS 

The growing use of artificial intelligence in managerial, 

organizational, and consumer-directed environments has 

been studied recently, which offers a good entry point to 

conceptualizing algorithmic management within the 

systems of consumer experience. All the preceding studies 

point to the fact that leadership, service provision, ethical 

governance, as well as human-AI interaction are 

transforming through AI-driven systems of decision 

making within various industries. Many systematic 

reviews focus on the strategic adoption of AI in 

experience-oriented and service-based industries. Erdos et 

al. [15] presents an extensive overview of AI-based 

implementation in tourism and shows that algorithm 

systems can be used to improve personalization, demand 

forecasting and customer engagement. Their results 

emphasize that AI-based decision-making leads to better 

responsiveness of services but also evolves issues of 

transparency and trust, the concerns which directly relate 

to algorithmic consumer experience management. In the 

same vein, Haque et al. [22] provide a bibliometric and 

content review of AI in retail marketing and conclude that 

personalization, recommendation systems, and predictive 

analytics are more prominent research themes that define 

consumer experiences. The anthropological and 

organizational consequences of AI-made decision-

making systems are widely debated in recent literature. 

Fan et al. [16] focus on the impact of perceived 

replacement by AI technologies on the behavior of nurses 

as innovators, and the results indicate that AI anxiety and 

collaboration intentions play a crucial role in mediation. 

Their conclusion though being in healthcare can be 

applied to consumer experience management in which 

algorithmic managers can affect service delivery through 

personnel. In addition to this view, Fengkuo et al. [17] 

show that AI-based leadership within the fast-moving 

consumer goods industry promotes the effectiveness of 

the teams and the quality of decision-making, further 

proving the fact that AI can be used as a management 

entity but not only as a support system. 

Related work also has communication, leadership 

dynamics, and ethical considerations as key points. Florea 

and Croitoru [18] emphasize the way AI shifts patterns of 

communication inside the organizations, it enhances the 

faster rate of decisions and better coordination; however, 

it may decrease human discretion. Fueled by further 

emphasis on the ethical aspect of AI-supported decision-

making, Fuel and colleagues state that it is especially 

accountability, transparency, and accountability (as well) 

that become problematic in the context of the professional 

responsibility [19] which, in their case, is in direct relation 

to algorithmic consumer experience management system. 

AI-enabled decision-making has been observed to 

reorganize leadership at the education and in state 

institutions. Artificial intelligence (AI) in mediation and 

decision-making explained by Gkanatsiou et al. [20] in 

higher education has made decisions made by managers 

more efficient and consistent. These results are 

comparable to consumer-facing settings, in which 

algorithmic managers can standardize response through 

large user-groups. Simultaneously, Hanxi et al. [21] 

emphasise the contribution of AI-based forecasting to e-

commerce supply chains and demonstrate that intelligent 

decision systems provide better consumer experience 

indirectly by improving supply chain availability and 

minimising waste. The paper by Hiller and Sewell [23] 

tackles legal and governance issues concerning AI 

decision systems along with explainability, touching upon 

the judicial presumptions in the event of AI malfunction 

and liability. Their contribution highlights the existence of 

transparency and explainability in algorithmic 

management. Leonidas et al. [26] also add to the cause 

when there is a consideration of explainable AI systems to 

reduce cognitive bias relating to executive decision-

making, which supports the significance of interpretable 

algorithms in the managerial position. Lastly, Leoni et al. 

[25] present empirical data that knowledge management 

systems that are AI enabled can contribute immensely to 

the quality of organizational decisions, and the authors 

encourage the assumption that as long as algorithmic 

managers are thoughtfully developed, the results (such as 

consumer experience) can be improved. In general, the 

literature supports the transformative nature of AI 

decision systems but also states that all of these processes 

have significant gaps connected to their adaptability, 

fairness, and consumer trust, which the current study is 

aiming to fill in the context of algorithmic consumer 

experience management. 

3.  METHODS AND MATERIALS 

The proposed research design of this study will enable the 

investigator to determine the role of AI-based decision 

systems as algorithmic managers in consumer experience 

management. The approach combines the data of 

consumer interaction, machine learning capabilities, and 

the use of performance measures to examine the quality 

of personalization, responsiveness, and customer 

satisfaction [4]. All the experiments took place within a 

simulated virtual service environment in order to 

guarantee consistency and reproducibility. 

Data Collection and Preprocessing 

The data that will be utilized in this research is simulated 

consumer interaction data that reflects the online retail and 

online service schemes. The data involves 12,000 

consumer sessions which contain the attributes of 

browsing history, the frequency of purchase, response 

time, sentiment scores, service resolution outcomes, and 

the post-interview satisfaction rating [5]. The 

preprocessing of the data consisted of dealing with 
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missing data through mean imputation, standardization of 

the numerical features with minmax scaling and one-hot 

coding of the categorical ones. To objectively assess the 

performance of the algorithms, the cleaned data set was 

subdivided into training (70 percent), validation (15 

percent) and testing (15 percent) data groups. 

Algorithms Used for Algorithmic Management 

Four AI algorithms have been chosen because of their 

applicability to automated decision-making, 

personalization, and the maximum consumer experience. 

1. Decision Tree Algorithm 

The popularity of Decision Trees in consumer experience 

management is attributed to their interpretability and the 

fact that their nature of decision-making is based on the 

rule. The Decision Tree algorithm in this study serves the 

substitution of an algorithm manager where the consumer 

interactions are segmented by the algorithm by attributes 

like the delay of response, sentiment polarity, and 

purchase intent. The model recursively divides the data 

with information gain to form decision rules that are used 

in the subsequent step to perform automated decisions e.g. 

promotion or service escalation [6]. Decision Trees are 

especially useful where there is clear managerial decision 

in question, and thus can be also used to estimate 

impartiality and elucidity of AI-enabled consumer 

contact. 

“Input: Dataset D 

If D is pure or stopping condition met: 

    Return leaf node 

Select best attribute A using information gain 

Split D based on A 

For each subset Di: 

    Recursively build tree(Di)” 

 

 

2. Random Forest Algorithm 

Random Forest is another model of learning which is 

based on the ensemble learning technique that involves 

multiple decision trees. Random Forest in this work is 

applied to handle the dynamic consumer experience 

choices like individualized offer suggestions and 

prioritization of complaints. Training of each tree is done 

on a randomly chosen subset of data and features which 

minimizes overfitting and bias [7]. Single models may not 

be reliable in predicting consumer satisfaction as opposed 

to the aggregated output. Random Forest approximates a 

shared managerial intelligence, which fits the idea of 

algorithmic management in massive consumer systems. 

“Input: Dataset D, number of trees N 

For i = 1 to N: 

    Sample Di from D with replacement 

    Train decision tree Ti on Di 

Aggregate predictions from all Ti 

Return majority vote” 

 

 

3. Support Vector Machine  

The Support Vector Machine (SVM) is used to group the 

customer satisfaction level into high, medium and low. 

SVM builds the most efficient hyperplanes to divide the 

pattern of consumer behaviour in terms of sentiment 

scores, the measure of engagement as well as the outcome 

of service. The SVM is useful in algorithmic management 

that helps one to make decisions in real-time by 

determining the dissatisfied consumers and initiating 

corrective measures. The structural complexity of 

consumer experience data is well addressed with it 

because of its capacity to process high-dimensional data, 

with subtle differences in their behavior determining 

overall satisfaction [8]. 

“Input: Training data X, labels Y 

Select kernel function 

Optimize hyperplane to maximize margin 

Classify new data based on hyperplane 

position” 

 

 

4. Reinforcement Learning (Q-Learning) Algorithm 

Reinforcement Learning models are dynamic at the 

movement of learning to act optimally through trial and 

reward. Q-learning is employed in this study in the 

management of adaptive consumer experience where 

response strategies are modified on a continuous basis 

regarding consumer feedback reward. Such activities as 

the availability of discounts, increased support, or 

automatic responses are considered based on cumulative 

reward scores [9]. This algorithm indicates the behavior 

of autonomous management in which it maximizes the 

customer satisfaction in the long term as opposed to short-

term results. 

“Initialize Q-table 

For each episode: 

    Observe current state s 

    Choose action a 

    Receive reward r and next state s' 

    Update Q(s,a)” 
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Table 1: Dataset Characteristics 

Attribute Description Sample 

Value 

Number of 

Consumer Sessions 

Total interaction 

records 

12,000 

Average Session 

Duration (min) 

Time spent per 

interaction 

8.5 

Sentiment Score 

Range 

Polarity scale −1 to +1 

Satisfaction Rating 

Scale 

Post-interaction 

feedback 

1–5 

Missing Data 

Percentage 

Before 

preprocessing 

6.2% 

4. RESULTS AND ANALYSIS 

Experimental Setup 

The experimental stage was established to answer the 

question of the effectiveness of AI decision systems to 

carry out management roles in consumer experience 

management as opposed to the conventional rule-based 

strategies. The preprocessed dataset of 12,000 consumer 

interaction records, which are mentioned in the Materials 

and Methods section, were used to perform all 

experiments. The experiments were concerned with four 

algorithmic managers of Decision Tree, Random Forest, 

Support Vector Machine, and Reinforcement Learning 

(Q-learning) and their capability to increase 

personalization, responsiveness, prediction of satisfaction 

and adaptive service delivery [10]. The data has been 

divided into training (70%), validation (15%), and testing 

(15%) data sets. To compare the models, the same data 

distributions were used in the training phase. The 

measurement of performance was on various consumer 

experience measures, which included prediction accuracy, 

optimization of response, improvement in satisfaction, 

consistency in fairness and consistency in system 

adaptability [11]. An initial rule-based system of 

consumer management was also introduced to reference 

improvements brought about by algorithmic management. 

 

Figure 1: “Understanding artificial intelligence 

experience: A customer perspective” 

Evaluation Metrics 

There were five types of metrics used to analyze 

algorithmic managerial performance in a comprehensive 

way. To measure satisfaction prediction and complaint 

classification, to start with, both classification 

performance estimates including accuracy, precision, 

recall, and F1-score were applied. Secondly, the score on 

consumer experience was subjected to measurement with 

the help of aggregated consumer feedback ratings, such as 

personalization score and response effectiveness. Third, 

benefits of automation were measured in terms of 

operational efficiency protocols, including reduction in 

average response time. Fourth, there were fairness 

consistency measures that assessed stability in biases 

among consumer groups. Lastly, the learning adaptive 

metrics were the measures of the efficiency with which 

algorithms enhanced the performance in the course of 

time, especially in the case of reinforcement learning. 

Experiment 1: Consumer Satisfaction Prediction 

The original study tested how the algorithmic managers 

could be able to predict the level of consumer satisfaction 

after interaction. The choice of Decision Tree and SVM 

models turned out to be more successful because these 

models had a structured classification capacity, and the 

classification of the model ensuing to the use of an 

ensemble learning yielded the most predictive accuracy as 

the highest [12]. Q-learning had a moderate predictive 

performance but also improved between episodes 

implying adaptive type of learning. 

 

Table 1: Consumer Satisfaction Prediction 

Performance 

Algorithm Accuracy 

(%) 

Precis

ion 

Rec

all 

F1-

Score 

Rule-Based 

System 

72.5 0.71 0.69 0.70 

Decision 

Tree 

84.3 0.83 0.81 0.82 

Random 

Forest 

91.6 0.90 0.92 0.91 

Support 

Vector 

Machine 

88.4 0.87 0.88 0.87 

Q-Learning 86.1 0.85 0.86 0.85 

The findings show that algorithmic managers perform 

much better in comparison with traditional rule-based 

systems, and the accuracy of Random Forest as a predictor 

of consumer satisfaction is the highest. 



How to cite : Dr. Anu Raj, Dr. Debanjalee Bose, Karpagavadivu K, U. Udayakumar, The Algorithmic Manager: How AI Decision 

Systems Transform Consumer Experience Management Advances in Consumer Research. 2026;3(1): 942-949 

Advances in Consumer Research 946 

 

 

 

Figure 2: “AI in Customer Experience” 

Experiment 2: Personalization Effectiveness 

The second testing examined the effectiveness of each 

algorithm in dealing with customized consumer 

interactions, such as product suggestions, service 

reactions and engagement plans [13]. The level of 

personalization was the result of ranked measurements of 

the level of effectiveness, based on the rate of clicks, the 

period of engagement, and alignment with consumer 

preferences. 

 

Table 2: Personalization Effectiveness Scores 

Algorithm Personalization 

Score (0–100) 

Engagement 

Increase (%) 

Rule-Based 

System 

58 12.4 

Decision 

Tree 

74 26.1 

Random 

Forest 

86 39.5 

Support 

Vector 

Machine 

81 33.7 

Q-Learning 84 36.9 

The performance of Random Forest and Q-learning 

proved to be better in personalization, and the adaptive 

and ensemble-based decisions in consumer experience 

management warrant a more prominent emphasis. 

Experiment 3: Response Time and Operational 

Efficiency 

The time reduction of the average consumer response, 

which is attained by the algorithmic management, was the 

quantity measured in this experiment. Quick response 

time is a crucial element in consumer satisfaction, 

especially in the context of digital services [14]. 

 

Table 3: Response Time Reduction Analysis 

Algorithm Avg. Response 

Time (sec) 

Reductio

n (%) 

Rule-Based 

System 

4.8 – 

Decision Tree 3.2 33.3 

Random Forest 2.6 45.8 

Support Vector 

Machine 

2.9 39.6 

Q-Learning 2.7 43.7 

The fast response time was cut down by the algorithmic 

managers and the Random Forests demonstrated the 

lowest average response because parallel decisions are 

computed. 

 

 

Figure 3: “Measuring Customer Experience in AI 

Contexts” 

Experiment 4: Fairness and Consistency Evaluation 

To overcome ethical issues related to algorithmic 

management, consistency of fairness was considered in 

terms of demographic-neutral groups of consumers [27]. 

The fairness index provides the consistency of the results 

of the decisions made on similar interaction situations. 
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Table 4: Fairness Consistency Index 

Algorithm Fairness 

Index (0–1) 

Variance 

Across 

Segments 

Rule-Based 

System 

0.78 High 

Decision Tree 0.85 Moderate 

Random 

Forest 

0.91 Low 

Support 

Vector 

Machine 

0.88 Low 

Q-Learning 0.86 Moderate 

Random Forest and SVM also showed a greater 

consistency of fairness, which is consistent with the 

results of previous studies that discounted bias of 

decision-making by ensemble and margin-based models. 

Experiment 5: Adaptability and Learning 

Performance 

The last was an experiment to assess adaptability 

especially when it comes to dynamic consumer changes in 

behavior. The improvement in cumulative reward which 

is a long-term consumer satisfaction was evaluated by 

evaluating Q-learning after 1000 episodes of interaction 

[28]. 

 

Table 5: Adaptability and Learning Performance 

Algorithm Initial 

Performa

nce 

Final 

Perform

ance 

Improve

ment (%) 

Decision 

Tree 

0.82 0.83 1.2 

Random 

Forest 

0.90 0.91 1.1 

Support 

Vector 

Machine 

0.87 0.88 1.1 

Q-Learning 0.76 0.89 17.1 

The findings also emphasize the capability of Q-learning 

in terms of continual enhancement and it is therefore 

highly applicable in the optimization of consumer 

experience over the long term. 

 

Figure 4: “AI in Customer Experience” 

Comparison with Related Work 

In comparison to the previous research on AI-driven 

consumer management, the findings of the given research 

prove better functionality in numerous aspects. Previous 

literature emphasized mostly on the study of the fixed 

prediction model and minimal individualization criterion. 

Conversely, this work combines adaptive learning and 

fairness evaluation, which offer a more comprehensive 

image of the algorithmic management assessment [29]. 

The improvement in accuracy of 1018 per cent compared 

with traditional systems is higher than those reported in 

the literature sources implying that the synergistic 

combination of ensemble and reinforcement learning 

methods in consumer experience management is 

effective. 

Discussion of Key Findings 

The experiments on the whole prove that algorithmic 

managers are very effective in increasing the consumer 

experience results through the improved accuracy of 

prediction, quality of personalization, efficiency of 

responses and the consistency of fairness. Random Forest 

proved as the most moderate algorithm in accuracy and 

fairness, whereas Q-learning was more adaptable [30]. 

The results contribute to the claim that AI decision 

systems can be effective as managerial agents, in case they 

are designed on a responsible basis. 

5. CONCLUSION 

This study has analyzed the rise of the algorithmic 

manager and its disruptive capabilities in consumer 

experience management indicating how the artificial 

intelligence decision systems are taking longer managerial 

roles that were formerly managed by humans. The study 

demonstrates that when comparing the conventional rule-

based management systems to algorithmic management, 

the latter is greatly superior in terms of accuracy in 

personalization, operational efficiency, and consumer  
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satisfaction. The experimental findings confirm that 

ensemble and adaptive models, especially the Random 

Forest and reinforcement learning models can provide 

consistent, fair and responsive interaction with consumers 

at scale. Simultaneously, the results indicate that there is 

no problem-free management of algorithms. 

Transparency, consistency in fairness, flexibility, and 

moral responsibility will still be some of the important 

aspects to ensure, particularly as the autonomy of AI 

systems in consumer-related decisions increases. The 

related work comparison seems to support the necessity of 

explainable and responsibly controlled AI systems and 

ensure consumer trust and reduce possible bias. 

Altogether, this research adds to the existing amount of 

knowledge by making AI decision systems effective 

management agents instead of analysis tools. This study 

concludes that ensuring the successful implementation of 

algorithmic managers in the consumer experience 

management process is a balanced measure of the 

combination of technical performance and ethical control, 

human supervision and ongoing learning to maintain the 

stable and responsible relationship in consumer 

relationships..
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