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Abstract - This paper examines the possibilities of using Amazon Connect, Contact Lens, AI, ML, and generative AI to 

automate the assessment of agent performance in contact centers. The methods of agent evaluation are currently usually 

manual and subjective, where a small sample of recordings is reviewed by the supervisors, usually only 2-5% of all 

interactions, so they provide a very limited and potentially skewed view. These methods are also time-consuming and not 

feasible, especially when the contact centers are expanding. In an effort to address these challenges, this paper proposes a 

new and intelligent architecture for implementing the monitoring and resolution of issues related to the platform, which 

incorporates AWS components, including Amazon S3, AWS Lambda, Amazon SQS, and Amazon Bedrock, as well as Contact 

Lens and Amazon Connect. The proposed system allows for the automation of sample quality evaluations by responding to 

100% of the customer-agent interactions using natural language understanding and sentiment analysis and finally giving 

automated feedback using generative AI. It was also evidenced that the evaluation enhanced its coverage, objectivity, 

operational efficiency, and specificity of feedback. This effectively brought down bias to the evaluations by 35% and greatly 
cut back on the time spent on the evaluations, taking half the required time. It also makes the assessments fair and exhaustive 

while at the same time improving the development of the agents and the overall evaluation of their performance in customer 

service. The paper concludes with a proposal for future research lines, such as the addition of multiple channel analyses and 

innovations in the present channel. 

 

Keywords - Generative AI, Amazon Connect, Contact Lens, Machine Learning, AWS Lambda, Sentiment Analysis, Amazon 

Bedrock. 

 

1. Introduction 
Evaluating performance is essential in assessing the overall functionality of the contact center and making further 

improvements when necessary. They are relevant in enforcing and driving compliance with organisational standards and legal 

requirements, developing strategic agents, and delivering excellent customer relationships. (Shermis & Burstein, 2013; Ahmed et 

al., 2024) [1,2] Performance evaluation should also assist the supervisors in determining the call center agents' skills deficit or 

surplus efficiency and make changes where necessary. Despite this, the conventional way of assessing the performance of these 

agents has its drawbacks and is not effective enough. 

 

Traditional quality control methods are mainly ad-hoc because they are done by the quality assurance officers or team leaders 

who only monitor a few interactions between customers and agents interactions (Mughele et al., 2024). [3] The implementation 
process of AQM occurs in two phases; during an average call, queue, or cycle, only 2-5% of total calls are monitored and assessed, 

which affords performance views artificially influenced by the sampling technique. The involvement of persons increases the 

unpredictability and criterion-related validity since the results are bound to differ and are also conditioned by personal biases of the 

scoring and feedback providers. These prejudiced factors include recency, the halo effect, and personal opinion, which are 

unfavorable to both the motivation of the agents and the managers. These evaluations are manual and involve considerable effort 

and time costs; they are also non-scalable as contact centers may be doubling up with the growing customer engagement. 

 

In the early days of technological solutions in this domain, rule-based automation and keyword-spotting features did not have 

a cognition of natural language undertones, emotional context, and conversational flow (Živković, 2019) [4]. These constraints 

form a huge opportunity for more complex AI-based methods. These challenges have been addressed in this paper by suggesting 

the integration of an architecture that uses Amazon connect, contact lens, and Amazon bedrock to develop a powerful system of 
agent evaluation. Our approach combines real-time speech analytics and sentiment detection completed with generative AI for 

scoring 100% of customer interactions without human-assisted scoring. The system delivers fair, accurate, on-time feedback feeds 

to agents, taking the coaching effectiveness and operational efficiency a notch higher. 
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The research questions guiding this study are: 

 How can AWS services be integrated to create a fully automated agent evaluation system? 

 To what extent can this system reduce bias and improve efficiency compared to traditional methods? 

 What impact does AI-generated feedback have on the specificity and actionability of agent coaching? 

 
The remainder of this paper is organized as follows: Section 2 examines traditional evaluation practices and their limitations; 

Section 3 reviews relevant literature on automated evaluation systems; Section 4 details our system architecture and components; 

Section 5 presents empirical results; and Section 6 concludes with implications and future research directions. 

 

2. Background: Traditional Evaluation Practices and Limitations 
2.1 Traditional and Manual Evaluation Practices 

Evaluation of contact center agents has traditionally been based on script-based evaluation supplemented with quality 
assurance sampling of call recordings (Chien & Jain, 2019). [5] Such an approach usually implies observing 2-5% of all the calls 

made by the agents, comparing them with pre-determined quality standards, and issuing feedback on improvement. Although this 

methodology has remained the industry norm for decades, it poses immense difficulties in high-volume contact center operations. 

 

2.2 Limitations of Manual Evaluation 

The main constraint of the manual evaluation is its narrow range. Agent performance representation gained from evaluating a 

limited number of interactions is a partial and possibly misleading picture. This problem is further aggravated by inter-evaluator 

variability, where various quality assurance personnel can interpret the evaluation criteria differently, portraying unequal 

benchmarks and, thus, robbing the evaluation of its objectivity [6] (Wilkins, 2019). 

 

Bias represents another significant concern in manual evaluations. Research has identified several common biases affecting human 
evaluators, including: 

 Recency bias: The recent interactions have a greater impact on general impressions. 

 Halo effect: The operationalization of one characteristic affects the operationalization of others. 

 Personal bias: Evaluators' subjective preferences affect scoring 

 

These biases affect objectivity and solidify agent doubt over the process of feedback. A Gartner report published in 2019 

showed that more than 80% of leaders in customer experience agree that their current measurement techniques do not reflect 

aspects that clients appreciate during service encounters (Chien & Jain, 2019). 

 

2.3 Scalability and Cost Constraints 

Manual evaluation models are highly scalable. As contact centers expand and customer contact cuts across channels, it 
becomes in practice and financially unviable to have enough evaluator coverage. The hiring and training of quality assurance 

analysts enhance the labor cost and cost of operation. In addition, manual evaluation is time-consuming, and as a result, it delays 

feedback and hence becomes less effective in creating behavior change in an individual. 

 

2.4 Early Automation Efforts 

Initial attempts to address these challenges involved simple rule-based systems using keyword matching or basic scoring 

algorithms. Although these systems made some efficiency gains, they could not capture the subtlety of the context, feelings, and 

behavior of customer-agent interactions. As a result, they only added a limited value for high-level performance analysis evaluation 

and could not generate sufficient feedback to aid meaningful agent improvement. 

 

3. Literature Review 
3.1 Advancements in Automated Evaluations 

Recent technological advancements in artificial intelligence and machine learning have transformed contact center evaluation 

capabilities. Traditional approaches to human raters are being increasingly supplemented or replaced by intelligent systems that can 

analyze huge interaction data sets (Kumar et al., 2024; Jabbour & JanapaReddi, 2024). [7,8] Artificial intelligence systems have 

been a step higher from basic keyword finding and rule-based reasoning thanks to Natural Language Processing(NLP), sentiment 

analysis, and behavioral analytics. These technologies detect speech patterns and retrieve meaning from speech so that the 

evaluators may use tone, emotional predisposition, levels of customer satisfaction, etc., in their evaluations. According to a 
Forrester report published in 2019, it was reported that about 30% of contact centers were installing AI technologies for quality 

monitoring purposes, an indication that businesses are gaining confidence in AI capabilities in quality management process 

improvement [9] (Rikap & Lundvall, 2021). 
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3.2 Amazon Connect and AI Integration 

AWS has formed a range of tools that can be collectively used as a package to perform the contact center’s evaluation work. 

Amazon Connect, a cloud-based contact centre service, is the platform that manages customer interactions. It offers a strong 

integration with Contact Lens and Amazon Bedrock that boosts the intelligence of the quality assessment stream. Contact Lens 

enhances the real-time availability of transcriptions, sentiment analysis, and performance scores. These outputs are then passed 
through other AWS Lambda functions that manage the workflow and trigger the invocation of Amazon Bedrock APIS. Thus, 

Bedrock undertakes a deep data analysis through generative AI models, assigning scores to all the agents and generating narrative 

feedback [10] (Prashanth & Rahul, 2023). For the given values, it is a setting that will allow agent evaluations to reflect the 

environment in which they are located and handle much larger numbers of agents. The identified framework enables supervisors to 

provide status-specific coaching and development advice to enhance each employee’s and, thus, the team’s outcomes. Generating 

and using features is a step closer to more natural, customer-imitative, and accurate methods within the proposed framework. 

 

4. System Architecture and Components 
In this paper, the solution involves using Amazon Web Services (AWS) to build an effective and efficient Contact Centre 

Evaluation Framework. [11-13] They are Amazon Connect and Contact Lens; both are integrated to handle real-time calls and 

transcribe and analyse sentiments. There are additional services like serverless computing (AWS Lambda), queuing systems 

(Amazon SQS), and data storage (Amazon S3) generative models (Amazon Bedrock). This section explains what each component 

in the system has to do regarding the flow of using this automated evaluation system. 

 

4.1 Amazon Connect Overview 

Amazon Connect is a cloud-based contact center solution that allows customer voice and chat communications. In the 

proposed architecture, it will play the entry and exit point function where incoming and outgoing messages are processed. Amazon 

Connect’s key strengths include its being highly scalable, flexible, and highly integrated, enabling one to implement it very quickly 
with little on-premise setup. 

 Scalability: Handles varying call volumes without infrastructure changes 

 Flexibility: Adapts to different organizational requirements 

 Integration: Connects seamlessly with other AWS services 

 

Amazon Connect records customer-agent interaction data in real-time in the evaluation system and directs it through 

downstream AWS integration. This includes parameters like the agent identification number, the duration of the call, and the 

corresponding queue that the agent was assigned to, which would later be used to match performance indicators to the interaction. 

It also proposes native tight synchronizing links with Contact Lens, where the transcribing and sentiment tagging are automatically 

performed as soon as a call ends. This saves time in manually extracting the data and ensures that evaluations can be run without 

human intervention. Amazon Connect also has the flexibility of contact flows to include quality assurance triggers in the 
communication flow from the organisation. This flexibility is highly beneficial for automatically triggering evaluation and 

collecting context where necessary without disturbing the agents. 

 

4.2 Contact Lens Functionality 

Contact Lens for Amazon Connect works similarly to the standard Amazon Connect; however, it provides additional 

functionalities that help companies analyse customer engagement dynamics. It transcribes meetings in real-time, identifies 

emotional changes, and raises awareness of specific words that could escalate the conversation, compliance, or customer 

complaints. All these are useful in developing an intelligent evaluation model that will not only rate the performance of a particular 

agent but also consider the emotional context of a given call. The transcriptions created by Contact Lens are the main data for 

further AI proceedings. They are dialogues that come with timestamps and sentiment values assigned to the agent and the 

customer, which assist in understanding the flow of the conversation. By analysing a transcript of such a call, the system can 

identify whether the agent could follow scripts, show empathy, or adequately handle objections. 
 

Contact Lens also captures the aspects of the conversation, including interruptions, long durations of silence, turn-taking 

violations, and escalation triggers. These parameters extend the evaluation model by giving more facets of the agent's performance 

apart from the results based on the end product. These, when used together with generative AI in the downstream processing (with 

Amazon Bedrock), lead to the ability of the system to provide specific and context-relevant recommendations that are constructive 

and free from bias. 
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4.3 AWS Lambda and Workflow Orchestration 

AWS Lambda was used in the middle part of the automated evaluation connections of the proposed architecture. As a 

serverless computing service, Lambda enables functions to execute themselves in response to chained triggers like the end of a call 

or the receipt of new transcription data without configuring the underlying infrastructure. This makes it suitable for creating 

dedicated event-driven architectures and for future adjustments to organisational changes within contact centers. 

 
Fig 1: Data Processing Pipeline Using AWS Lambda and Bedrock 

 

In this system, AWS Lambda is initiated each time a call is made and processed by Contact Lens. The function parses and gets 
the call metadata and transcript files from the Amazon S3 store. It then organises the data into a format that can be evaluated and 

sends it to Amazon Bedrock and other external API to produce a score and feedback. Lambda also works with Amazon SQS for 

queuing and the sheer rate at which the evaluation requests are processed to avoid congestion. Lambda functions are also utilised 

for run-time processes, such as archiving evaluation results in Amazon S3, updating agent performance reports, and sending 

messages to supervisors or agents about evaluation outcomes. These functions can be predefined according to organisational 

protocols, including urgent call acceptance or noncompliance notifications.AWS Lambda is truly serverless, as it only charges 

when the computer is needed to solve a particular problem. It also improves sustainment and flexibility so that owners of the 

evaluation logic or model can be rapidly updated without interrupting service. Lambda is the structural support of the automation 

flow within the system because of its ability to produce integration, timeliness, and scalability. 

 

4.4 Amazon SQS for Queue Management 

Amazon Simple Queue Service (SQS) is a message queuing service that enables integration and separation of services, 
systems, and serverless functions. SQS is the middle layer in the proposed architecture, which guarantees stability, scalability, and 

a non-synchronous four-step agent evaluation process. Whenever a call is made and answered on Amazon Connect, and the 

Contact Lens gets done, there is a metadata evaluation message and a link to the transcript pushed back to the SQS queue. [14-16] 

This queue acts as a layer that separates the submission of the evaluation requests from other subsequent operational processes that 

AWS Lambda and Amazon Bedrock perform. Thus, SQS ensures high conversation volumes do not lead to delays or even failure 

in the evaluation.  

 

SQS ensures message reliability, and none of the evaluation requests can be lost due to service disruption or sluggishness. This 

is important, especially in contact centers where records must be comprehensible, complete, and accurate regarding accountability 

and compliance. It provides priority-based processing, and other types of calls, like escalations or customer complaints, can be 

given priority over regular calls. Two more significant advantages of the present system are also worth pointing out, namely, 
Amazon SQS increases the system’s scalability. There is also improved scalability, where the queue can accommodate more 

messages due to activity in the contact center, with no need to make additions to the infrastructure. This makes the architecture 

very reliable and ideal for large-scale deployments in enterprises. 

 

Store Results in Amazon S3 / Update Agent Dashboard

Receive Scores & Feedback

Call Amazon Bedrock API (send transcript for scoring)

Preprocess Transcript & Metadata

Retrieve Transcript from Amazon S3

AWS Lambda Function Triggered

SQS Message Received
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4.5 Amazon Bedrock for Generative AI 

Amazon Bedrock allows developers to access foundation models from foremost AI providers and create and deploy generative 

AI solutions. In our architecture, Bedrock is the intelligent layer that converts call transcripts and metadata to performance metrics 

and agent feedback in a structured format. When an Amazon SQS message comes into AWS Lambda, it gathers the call data called 

the Amazon Bedrock API. The Large Language Models (LLMs) review transcripts of conversations to extract key performance 
indicators and score agent behaviors according to such dimensions as empathy, compliance, clarity of communication, and 

problem-solving. As opposed to rule-based systems, these generative AI models understand context, conversation feelings, and 

overall dynamics of an interaction. This helps Bedrock to produce personalized feedback messages that focus on particular 

strengths and areas for improvement for the agent. These natural language messages are easier and more effective than numerical 

scores, making coaching interventions and agent engagement with feedback effective. 

 

Amazon Bedrock has a number of benefits to our evaluation system: 

 Model flexibility: Organizations can choose foundation models based on particular assessment frameworks and 

communication culture. 

 Integration: Smooth integration with other AWS services ensures data continuity whilst not compromising security and 

governance. 

 Continuous improvement: Models are tune-able according to the organizations' feedback and dynamic demands. 

 

Adopting Bedrock, our system goes beyond mere automation towards intelligent augmentation in converting static evaluations 

into dynamic, contextual ones, where agents' productivity and customer experience are improved. 

 

4.6 Solution Architecture 

The proposed solution architecture aims to automate the performance assessment process of call center agents with the help of 

a range of AWS tools and services. [17-20] The architecture enhances the proper flow of data from the first contact with the 

customer to the feedback point to make it automatic and intelligent.  

 

4.6.1 Amazon Connect as the Interaction Interfacez 

Amazon Connect also has a centralised association with voice interaction with clients. It manages incoming and outgoing calls 
and starts activities after the completion of a call. Connect also makes sure that each contact is recorded and classified according to 

agents, date and time, and queues that are important for the analysis of the contacts in the future. 

 
Fig 2: AWS Contact Center Automation Architecture Diagram 
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4.6.2 Contact Lens for Data Capture and Analysis 

Contact Lens is embedded within Amazon Connect and records metrics, even and specifically on the call. It provides 

simultaneous conversion of dialogue into text, distinguishes the changes in sentiment, and marks keywords/phrases considered 

important in the given context. This information constitutes the core of the evaluation process as it contains significant and easily 

categorised data about performance. 
 

4.6.3 Amazon S3 for Data Storage 

All data originating from Contact Lens, call recordings, transcription, sentiment analysis data, and performance data of the 

agents is saved in the Amazon S3 bucket. This extremely reliable and flexible storage service provides a long-term data archive 

that can be easily accessed in the event of the need for reanalysis, regulatory compliance, or training purposes. 

 

4.6.4 Amazon SQS for Message Queuing and Reliability 

Amazon Simple Queue Service (SQS) acts as the queue that supports the asynchronous messaging between Amazon Connect 

and AWS Lambda. The Webs3 event generates a message in an SQS queue after a certain call is made and data is written onto S3. 

They make the processing asynchronous, eliminate bottlenecks, and allow working in the system with evaluation flows with a 

controlled load. 

 
4.6.5 AWS Lambda for Orchestration 

The messages received through the SQS queue invoke the AWS Lambda function. It accesses the data from the S3 storage 

services and calls the Amazon Bedrock API to commence the AI analysis process. Lambda also performs the post-processing, such 

as writing the result to S3 or updating any agent dashboard. 

 

4.6.6 Amazon Bedrock for Generative AI Evaluation 

Amazon Bedrock is instrumental in articulating the call transcript through the foundation models. It assigns different 

evaluation criteria aspects, including empathy, compliance, and issue resolution, and provides feedback in plain language. This 

capability also makes the evaluations credible, constructive, and manageable by the agents. 

 

4.6.7 Feedback Delivery to Contact Centre Agents 
The processed evaluations and feedback are delivered to contact center agents in the form of reports or directly to their 

mailboxes. It provides them a way to provide feedback about the performance and suggestions for improvement based on actual 

and contextualised interaction data. 

 

4.7 Workflow Visualisation 

The data flow begins with an agent's live customer call or chat through Amazon Connect. We broadcast this on the live stream 

and record it in parallel using AWS Transcribe to generate a transcription. It has the conversion from speech to text. It contains the 

actual conversation text and the call metadata used for subsequent text classification for sentiment and intent analysis. 

Subsequently, there is sentiment analysis, where the system examines customers’ and agents’ affect and satisfaction. The results 

are then passed through a well-defined evaluation step executed by AWS Lambda, which initiates further processing. Lambda 

functions serve as a master, which performs automation of the evaluation scoring, analytics identity, and feedback generation 

through machine learning algorithms and rules. 
 

The scores, transcription, and sentiment analysis are prepared in an AWS Lambda function and can be delivered to a 

supervisor or QA analyst as an alert or on the dashboard. The patients’ report is also published on a web-based application where 

the supervisor can focus on a structured analytics list and get the result quickly compared to the manual system. Last, the feedback 

with the processed information is given to the contact center agent who requires personal coaching points. This automation speeds 

up the loop process and sets up far more repeatable scoring and even highly scalable performance reviews, which help the agents 

and quality teams to spend more time on development or to focus more on the customer experience rather than paperwork. 
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Fig 3: AWS-Powered Contact Centre Evaluation Workflow 

 

5. Methodology 
5.1 Research Design 

We employed a mixed-methods approach to integrate quantitative performance metrics with qualitative appraisal of the quality 

of feedback. [17-20] The study was conducted in a big financial services contact center, with 250 agents answering customer 

services and technical support queries. The evaluation period lasted for three months, and the data collection was also done in the 

same period, from March to May 2023. 

 

5.2 System Implementation 

Phases were used to roll out the automated evaluation system. 

 Baseline Establishment (2 weeks): Conventional manual evaluation processes were documented, and baseline metrics 

were gathered; those included evaluation coverage, time requirements, and inter-rater reliability scores. 

 System Deployment (4 weeks): Amazon Connect, Contact Lens, Lambda functions, SQS queues, and Amazon Bedrock 

were used to implement the AWS architecture. This phase involved the configuration of evaluation criteria based on the 
organizational standard. 

 Parallel Evaluation (6 weeks): Both manual and automated evaluations were taking place at the same time to allow a 

direct comparison. A subset of 500 calls was analyzed using both methods to test the consistency and reveal differences. 

 Full Implementation (4 weeks): The automated system was rolled out as the main assessment tool with manual quality 

check-ups. 
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5.3 Data Collection 

Data was collected from multiple sources: 

 Call Recordings and Transcripts: 12,500 customer-agent interactions were run through the automated system 

 Manual Evaluations: 625 interactions (5% of all) were assessed by the QA specialists 

 System Performance Metrics: Processing time, completion rate of evaluations, and reliability data on systems 

 Agent Feedback Surveys: The evaluation of feedback quality and actionability on a qualitative basis 

 Supervisor Interviews: Structured interviews with 12 team leaders and quality assurance specialists. 

 

5.4 Evaluation  

The framework for evaluation measured the performance of agents in five aspects: 

 Compliance: Compliance with regulatory requirements and organization policies 

 Communication Skills: Clear writing, articulation, and using the right language. 

 Technical Knowledge: Levels of accuracy in the information given and effectiveness of problems solved. 

 Customer Experience: Empathy, rapport-building, and customer satisfaction 

 Efficiency: The time it takes to handle calls and the first contact resolution rate 

 

5.5 Data Analysis 

We employed several analytical approaches to evaluate system performance: 

 Bias Assessment: Comparison of score distribution between manual and automated evaluations with an analysis of 

statistics variance. 

 Efficiency Measurement: Time-motion analysis of manual versus automated evaluation workflow. 

 Feedback Quality Analysis: Content analysis of feedback narratives regarding specificity, actionability, and 

personalization as feedback criteria. 

 Inter-Rater Reliability: Cohen’s kappa coefficient to compute the agreement between the human assessors and 

automated system 

 

6. Results 
Our implementation of the AI-based architecture positively affected the contact center evaluation in regard to various 

dimensions. The system implements the entire end-to-end pipeline from data collection to feedback delivery, improved evaluation 

coverage, fairness, operational efficiency, and quality of feedback. 

 

6.1 Increased Evaluation Coverage 

The greatest benefit of our system over conventional models is that our system is capable of evaluating 100% of customer-
agent communications. Old-fashioned manual scoring, limited by resources, usually benchmarks only 2-5% of interactions, leaving 

an incomplete and potentially prejudiced image of performance. Our automated solution made it possible to fully review each 

interaction, giving an overall and consistent view of agent performance from various customer situations. This broad coverage 

further improved compliance monitoring and regulatory audit functions as sampling voids were eliminated. 

 

6.2 Reduction in Evaluation Bias 

Human evaluators suffer from cognitive biases, such as recency effects and confirmation bias. Our architecture proved the 

lower variability in scoring since the models applied similar evaluation criteria for all interactions. Analysis of the evaluation 

scores demonstrated that the automated system eliminated the bias by 35% compared to the manual evaluation. This was corrected 

by comparing the scores' variance to comparable interaction types of human evaluators and the automated system. The greater 

objectivity strengthened trust in the system of assessment among agents and supervisors, as it was reflected in the post-

implementation survey, where there was a 42% increase in the view of evaluation fairness. 

 

6.3 Enhanced Operational Efficiency 

Manual evaluations are limited in scale and laborious in terms of time. Through easy transcription, sentiment analysis, scoring, 

and feedback generation, our automated approach significantly improved the evaluation process and made it much faster than 

manual procedures. Efficiency gains of 50% in terms of time for processing evaluation were proved using the time-motion studies. 

For a standard 10-minute call, a manual assessment took about 25 minutes for an analyst, while the automatic system took 12.5 

minutes for the same assessment. This efficiency provided savings in costs and let quality assurance staff spend more time on 

strategic activities such as agent coaching and process improvement. 
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6.4 Improved Feedback Quality 

Using the generative AI offerings of Amazon Bedrock, our system provided purposeful and applicable recommendations for 

each interaction, specific to every interaction. In contrast to the old scorecards or numbers to rate, the AI presented qualitative 

information on particular interaction traits. Content analysis of feedback narratives revealed that AI-generated feedback had more 

specific and actionable recommendations, 3.2 times higher than manual feedback. Agent surveys recorded an increase of 47% in 
feedback engagement and 38% in the perceived usefulness of coaching sessions. Such enhancements positively impacted the 

increased satisfaction of agents and the quality of customer services, and the scores for customer satisfaction increased by 12% 

within the evaluation period. 

Table 1: Performance Comparison: Manual vs. AI-Driven Evaluation 

Metric Manual Evaluation AI-Driven Evaluation Improvement 

Evaluation Coverage 2–5% of interactions 100% of interactions +95% coverage 

Evaluation Fairness Variable, human bias 35% more consistent +35% fairness 

Evaluation Time High (per interaction) Reduced by 50% –50% processing time 

Feedback Specificity Generalised, manual Context-aware, personalised Improved agent insights 

 

6.5 Statistical Significance 

To test the validity of our findings, we performed paired t-tests to compare manual and automated evaluation scores across all 

five assessment dimensions. According to the results, there were statistically significant differences in evaluation being consistent 

(p<0.001) and feedback being specific (p<0.01). The null hypothesis was rejected that the automated evaluations would generate 
the same results as manual ones and that the system’s superior performance was confirmed. 

 

7. Discussion 
7.1 Implications for Contact Center Operations 

Our findings demonstrate that AI-driven evaluation systems can transform contact center quality management. The capability 

to assess 100% of interactions overcomes the fundamental limitation of conventional sampling methods, introducing a full picture 

of agent performance and customer experience. This comprehensive coverage allows organizations to detect systemic problems, 
notice emerging trends, and effect targeted improvements more productively than in past possibilities. The decrease in the 

evaluation bias constitutes another important improvement. With uniform criteria used in all interactions, the automated system 

establishes a fairer evaluation system that can increase the morale and retention of the agent. Perception of fairness in performance 

assessment is especially critical in contact centers where high turnovers are often a result of what is perceived as unfairness in 

systems of evaluation and reward. 

 

7.2 Limitations and Challenges 

Despite its advantages, our approach faces several limitations that warrant consideration: 

 Model Training and Adaptation: The generative AI models must be trained in the first instance and continuously 

improved to conform with organizational and language norms. Organizations rolling out similar systems should be 

allowed to resource model customization and periodical retraining as criteria for evaluation change over time. 

 Language and Cultural Nuances: Although the foundation models show high performance with canonical language 

patterns, they can struggle with dialects, industry language, or cultural modes of communication. It is possible that further 

fine-tuning might be needed for those organizations working in multilingual or multicultural communities. 

 Human Oversight Requirements: Although the system automates evaluation processes, human supervision is paramount 

to quality assurance and exception handling. Organizations should set clear human reviewing guidelines for automated 

assessments, especially for high-stakes or strange situations. 

 Data Privacy and Security: Customer interaction data processing and storage give rise to critical privacy concerns. 

Organizations must have robust measures in place and comply with applicable data protection regulations when installing 

similar systems. 

 

7.3 Future Research Directions 
This study suggests several promising avenues for future research: 

 Multi-channel Integration: Expanding the evaluation framework to include chat, email, social media, and other 

horizontal channels of communication would ensure a holistic approach to assessment for all customer's touch points. 

 Predictive Analytics: Using predictive modeling could help the system detect probable agents for performance decline or 

customer dissatisfaction well before actuality. 

 Behavioral Analysis: Advanced examination of the conversational dynamics, such as the turn-taking patterns, speech 

rate, and vocal properties, can reveal more about the agent-customer interactions. 
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 Adaptive Learning: Inventing systems that would always revise the criteria for evaluation based on the outcomes of 

customers and feedback would develop ever more accurate and relevant assessment frameworks. 

 Ethical AI Guidelines: Identify best practices for the responsible use of AI in employee evaluation settings, as well as 

transparent, explainable, and fair use of AI. 

 

8. Conclusion 
Integrating Amazon Connect with generative AI technologies like Amazon Bedrock represents a significant advancement in 

automating the complex process of evaluating contact center agent performance. Our architecture overcomes the challenges of 

conventional approaches related to insufficient coverage, human subjectivity, and inefficiency of processes. It offers an objective, 

efficient, and responsive evaluation system that can grow along organizational needs. The system allows continuous monitoring of 

all interactions, provides individual and situational recommendations, and supports permanent performance and quality of service 

advancement.  
 

This AI-based strategy improves organizational agility as it saves time on quality assurance and makes for greater traceability 

of the evaluation process. Using serverless and cloud-native elements guarantees outstanding integration, monitoring, and scaling 

capabilities for any contact center. Most importantly, feedback generated using generative AI transforms simple quantitative 

ratings into targeted, contextual behavioral suggestions. This architecture forms a basis for building more advanced contact 

automation mechanisms. Future studies must explore multi-channel interaction assessment, advanced analytics, behavioral 

modeling, and intelligent coaching systems. 
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