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Abstract: Artificial intelligence is changing how firms interpret customer records, support service 

employees and communicate across commercial channels. Its value depends on the quality of the 

relationship it helps maintain. This paper examines AI-based customer relationship management 

through a critical narrative review and descriptive analysis of published evidence. Nine journal 

articles are considered alongside official enterprise statistics and an AI risk framework. The review 

distinguishes ordinary CRM adoption from the deployment of AI within CRM. It also separates 

operational productivity from customer trust and durable commercial value. Two charts reproduce 

attributed Eurostat observations, while an original conceptual diagram connects data readiness, 

bounded assistance, human decisions and relationship outcomes. The synthesis suggests that useful 

deployment requires clear task boundaries, reliable knowledge sources, accessible correction and 

evaluation beyond response speed. A proposed implementation roadmap and research propositions 

identify ways to examine these conditions in future field studies. No primary survey, customer 

experiment or statistical hypothesis test is reported. The paper contributes a practical basis for 

studying AI-assisted relationships without treating software ownership, automation volume or 

conversational fluency as proof of customer benefit..  
 

Keywords: Artificial intelligence; customer relationship management; modern commerce; customer 

experience; human oversight; research agenda 

 

I. INTRODUCTION 

A customer may discover a product through a recommendation, ask a question in a chat window and request a refund 

through another channel. The firm still needs to recognize the same transaction and explain its decisions. This 

coordination problem places customer relationship management at the centre of modern commerce. AI can help 

interpret records and prepare responses, but its output becomes useful only when the surrounding service process can 

act on it responsibly [1, 2]. 

1.1 Scope and research questions 

This paper uses AI-based CRM to mean the use of computational models within activities that acquire, serve or retain 

customers. The definition includes predictive scoring, recommendation, language classification and generative 

assistance. It excludes the assumption that every CRM database contains AI. A contact register can support careful 

service without making model-based decisions. Conversely, a chatbot can operate with little connection to a dependable 

customer record. 
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The study addresses three questions. Which CRM tasks can benefit from AI assistance? Under what conditions might 

operational gains support relationship quality? What research designs could establish whether those gains persist across 

customers, employees and commercial settings? These questions keep the unit of analysis close to a service activity. 

They also allow an unsuccessful deployment to be studied without describing the whole technology as either beneficial 

or harmful. 

 

II. REVIEW OF RELATED LITERATURE 

Huang and Rust [1] distinguish mechanical, thinking and feeling applications of AI in marketing. Their framework 

encourages attention to task characteristics. In this paper, the distinction is used as an organizing idea rather than 

evidence that a system understands human feelings. Ledro, Nosella and Vinelli [2] connect AI-based CRM research 

with customer data, analytical techniques and strategic management. Together, these studies support examining the 

organizational process around an application. 

Libai et al. [3] consider how AI may reshape the management of customer relationships. Their contribution draws 

attention to changes in the interaction between a firm and its customers, beyond the replacement of an isolated task. 

Puntoni et al. [4] examine consumer experiences through data capture, classification, delegation and social interaction. 

This perspective makes customer interpretation central. A technically useful classification can still feel intrusive or 

difficult to contest. 

Ameen et al. [5] study AI-enabled customer experience, while Hollebeek et al. [6] synthesize research on consumer 

engagement with intelligent technologies. These works indicate the need to examine what customers experience 

alongside what firms automate. Engagement with an interface should be distinguished from commitment to the 

business behind it. A longer conversation may indicate interest. It may also indicate that the customer cannot obtain an 

answer. 

The present synthesis places task performance, customer agency and organizational accountability in the same 

evaluation structure. This is a proposed analytical contribution. It is not a newly estimated causal model. The aim is to 

make future empirical work more precise about the conditions under which AI assistance improves a commercial 

relationship. 

 

III. AI APPLICATIONS ACROSS THE CUSTOMER RELATIONSHIP 

CRM tasks differ in their information needs and consequences. Drafting a routine delivery update requires a different 

permission level from approving a disputed refund. Table 1 maps several applications to controls and outcomes 

proposed in this paper. It is a design matrix, not an inventory of measured adoption. 

Table 1. Proposed task-level assessment of AI-based CRM 

CRM activity AI contribution Suggested human control Outcome to examine 

Customer 

acquisition 

Lead ranking and message 

drafting 

Check eligibility and marketing 

consent 

Incremental qualified 

conversions 

Product discovery 
Recommendations from 

permitted signals 

Check relevance and excluded 

products 

Useful discovery and 

customer choice 

Customer service 
Retrieval, summaries and 

reply suggestions 

Verify policy and authorize 

exceptions 

Correct resolution and repeat 

contact 

Retention 
Risk alerts and suggested 

outreach 

Review reasons and avoid 

pressure 

Retention after full contact 

cost 

Relationship 

records 

Extract and classify 

interaction details 

Correct identity and disputed 

records 

Record accuracy and 

correction time 
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Source: Author-developed analytical matrix informed by [1–4]. No performance estimates are implied. 

3.1 Predictions and customer decisions 

A prediction estimates an outcome under observed conditions. It does not establish what an intervention will change. 

For example, a customer with a high estimated risk of leaving may remain without receiving a discount. A firm that 

treats every risk score as a reason to subsidize a purchase may spend money without creating additional retention. 

Future CRM studies should therefore compare the effects of actions, rather than report predictive accuracy alone. 

3.2 Generative assistance and commercial commitments 

A generated reply should be treated as a draft when it can create a commercial promise. The system needs current 

product facts, permitted account information and an identifiable policy source. A fluent response does not establish that 

a refund is authorized. A proposed workflow should preserve the distinction between retrieving a policy, interpreting a 

case and taking an action. Each step requires a clear owner. 

An integrated record also needs limits. A marketing preference should not automatically become evidence of a service 

need. The proposed design principle is to use information for a defined task, retain its origin and permit correction 

when the customer disputes it. 

 

IV. RESEARCH APPROACH 

4.1 Review design and source selection 

This is a critical narrative review with a small descriptive secondary-data component. It is not a systematic review or 

meta-analysis. Sources were selected purposefully for their relevance to AI in marketing, CRM, customer experience, 

conversational service and workplace assistance. The nine journal articles in references [1–9] cover these 

complementary perspectives. Official Eurostat publications [10, 11] provide adoption context, and NIST guidance [12] 

provides a risk-management reference. Sources were checked online on 15 October 2026. 

Searches combined terms including artificial intelligence, customer relationship management, customer experience, 

chatbot, customer support and generative AI. Publisher pages, available research texts and institutional records were 

used to verify bibliographic details and the specific findings discussed. Selection favoured identifiable research designs 

and directly relevant conceptual arguments. No claim is made that all eligible publications were retrieved. The 

literature therefore supports an interpretive synthesis, with possible selection and publication bias. 

4.2 Extraction and descriptive analysis 

For journal evidence, extraction focused on the task, commercial setting, type of assistance, outcome and boundary on 

interpretation. Estimates from different studies were not pooled. The customer-support field study is discussed 

separately from consumer experiments because their participants, interventions and dependent variables differ. No new 

significance tests, effect sizes or confidence intervals were calculated. 

For the figures, four official CRM percentages were transcribed from Eurostat. Observation years, enterprise coverage 

and size classes were retained. Charts were redrawn from those values rather than copied as images. The temporal 

graph connects two reported observations only. It contains no interpolated annual value. The descriptive comparisons 

use percentage-point subtraction; they do not estimate a treatment effect or forecast adoption. 

4.3 Synthesis and analytical boundaries 

The original synthesis groups evidence around data readiness, task design, employee involvement and customer 

outcomes. The proposed framework and roadmap were then developed from those themes. They are intended to guide 

inquiry and implementation review. They have not been validated against a new organizational dataset. The paper 

contains no fabricated respondents, interview quotations, reliability coefficients or company performance records. 

Three evidence levels are kept separate throughout: observations reported by a source, interpretation offered here and 

propositions requiring future testing. This distinction matters because widespread use of a technology does not establish 

that it improves retention. Likewise, one successful support deployment cannot establish an equivalent effect in every 

retail, financial or business service context. 
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V. PUBLISHED ADOPTION CONTEXT

Eurostat reports CRM software use among covered EU enterprises. These observations describe CRM infrastructure, 

not the proportion using AI-based CRM [10]. Table 2 records the values used in the charts. The size comparison is 

shown in Figure 1. 

Table 2. Published CRM software observations used in this study

Observation 

EU enterprises, 2023 

EU enterprises, 2025 

Small enterprises, 2025 

Large enterprises, 2025 

Coverage: enterprises with at least 10 persons employed in the selected 

ICT survey [10, 11]. 

Figure 1. CRM software use by enterprise size in the EU in 2025

Source: Redrawn from Eurostat [10], Figure 2. Small: 10

enterprises are omitted from this comparison.

The difference is 40.74 percentage points, calculated as 65.43 minus 24.69. This is a descriptive gap. It does not 

identify the reasons for adoption or establish the e

integration cost, staff capacity or customer volume helps explain the observed difference. Those explanations require 

additional evidence. 
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V. PUBLISHED ADOPTION CONTEXT 

rostat reports CRM software use among covered EU enterprises. These observations describe CRM infrastructure, 

based CRM [10]. Table 2 records the values used in the charts. The size comparison is 

ished CRM software observations used in this study 

CRM software use Source and interpretation 

25.83% Eurostat Figure 1 [10] 

28.51% Eurostat Figure 1 [10] 

24.69% Eurostat Figure 2 [10] 

65.43% Eurostat Figure 2 [10] 

Coverage: enterprises with at least 10 persons employed in the selected non-financial sectors covered by the enterprise 

Figure 1. CRM software use by enterprise size in the EU in 2025 

Source: Redrawn from Eurostat [10], Figure 2. Small: 10–49 persons employed; large: 250 or more. Medium

enterprises are omitted from this comparison. 

The difference is 40.74 percentage points, calculated as 65.43 minus 24.69. This is a descriptive gap. It does not 

identify the reasons for adoption or establish the effects of enterprise size. A future study could examine whether 

integration cost, staff capacity or customer volume helps explain the observed difference. Those explanations require 
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5.1 Change across the two observation years

Figure 2. CRM software use among covered EU enterprises in 2023 and 2025

Source: Redrawn from Eurostat [10], Figure 1. The connecting segment joins two observations; no value for 2024 is 

estimated. 

CRM use increased by 2.68 percentage points between the displayed years. The graph uses a zero baseline to show the 

scale of the change. It provides context for the availability of organized relationship records. It cannot reveal whether 

those records support AI or whether customers be

 

5.2 Implications for research sampling 

Researchers should define deployment at the level of an actual workflow. A firm might own a CRM subscription but 

use no model in customer service. Another might use an external assistant while 

A questionnaire that asks only whether a firm uses AI may combine these arrangements and obscure the process being 

evaluated. 

The proposed sampling approach should record what the model does, what information it receive

output reaches a customer directly. It should also identify who can reject an output and who can change a customer 

record. These details would make comparisons more interpretable than a single technology

Cross-country or cross-sector extensions would need their own sampling frames. The EU observations cannot stand in 

for microenterprises or for firms in another region. This study therefore uses the official statistics as context and keeps 

conclusions about AI-assisted outcomes grounded in the separate research evidence.

 

VI. PRODUCTIVITY AND CUSTOMER EXPERIENCE

6.1 Evidence from AI-assisted support 

Brynjolfsson, Li and Raymond [7] examine the staggered introduction of a generative AI assistant among 5,172 

customer-support agents. Their final journal article reports an average productivity increase of 15%, measured as issues 

resolved per hour. The setting offers relevant field evidence that assistance can change service work. It does not 

establish the same effect for autonomous chatbots, every CRM function or every firm.

The implication developed here is to evaluate the employee

information, proposing wording and helping a worker complete a process. The 

whether the response is correct and whether the issue stays resolved. A short interaction can look efficient while 

transferring effort to a customer who must contact the firm again.
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5.1 Change across the two observation years 

Figure 2. CRM software use among covered EU enterprises in 2023 and 2025 

Source: Redrawn from Eurostat [10], Figure 1. The connecting segment joins two observations; no value for 2024 is 

entage points between the displayed years. The graph uses a zero baseline to show the 

scale of the change. It provides context for the availability of organized relationship records. It cannot reveal whether 

those records support AI or whether customers benefited from their use. 

Researchers should define deployment at the level of an actual workflow. A firm might own a CRM subscription but 

use no model in customer service. Another might use an external assistant while maintaining a separate CRM database. 

A questionnaire that asks only whether a firm uses AI may combine these arrangements and obscure the process being 

The proposed sampling approach should record what the model does, what information it receive

output reaches a customer directly. It should also identify who can reject an output and who can change a customer 

record. These details would make comparisons more interpretable than a single technology-adoption indicator.

sector extensions would need their own sampling frames. The EU observations cannot stand in 

for microenterprises or for firms in another region. This study therefore uses the official statistics as context and keeps 

utcomes grounded in the separate research evidence. 

VI. PRODUCTIVITY AND CUSTOMER EXPERIENCE 

Brynjolfsson, Li and Raymond [7] examine the staggered introduction of a generative AI assistant among 5,172 

support agents. Their final journal article reports an average productivity increase of 15%, measured as issues 

resolved per hour. The setting offers relevant field evidence that assistance can change service work. It does not 

ffect for autonomous chatbots, every CRM function or every firm. 

The implication developed here is to evaluate the employee–tool combination. Useful support may involve retrieving 

information, proposing wording and helping a worker complete a process. The organization still needs to determine 

whether the response is correct and whether the issue stays resolved. A short interaction can look efficient while 

transferring effort to a customer who must contact the firm again. 
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output reaches a customer directly. It should also identify who can reject an output and who can change a customer 
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6.2 Why conversational design needs context

Adam, Wessel and Benlian [8] use a randomized online experiment to examine chatbot design and compliance with a 

request for feedback. They find that verbal humanlike cues can encourage compliance, with social presence explaining 

part of the relationship. Crolic et al. [9] show a different boundary: humanlike chatbot design can worsen responses 

when customers enter an interaction angry, through expectations the system fails to meet. These findings concern 

different conditions and outcomes. They shoul

A proposed practical response is to test a service design in the situations where it will operate. Routine information 

requests, complaints and account disputes should be examined separ

and provide a usable route to a person. The quality of that route matters. An escalation button is of little value if the 

customer must repeat the entire case. 

6.3 Relationship quality as a distinct outcom

Consumer-focused research makes it reasonable to examine perceived control, effort and trust alongside operational 

measures [4–6]. In the evaluation proposed here, customers should be able to correct an inaccurate record and 

understand a consequential action. These are design objectives rather than effects demonstrated by this review.

An organization can then ask whether assistance reduces total work for both sides. That assessment should include 

waiting, repetition, unresolved contacts and remedy costs. 

bypassed. Reporting only accepted suggestions would leave the most difficult service situations outside the evidence.

 

VII. PROPOSED CONCEPTUAL FRAMEWORK

Figure 3 presents the paper’s original syn

decisions and correction connect that task to relationship outcomes. Governance conditions every stage and uses 

observed failures to revise deployment. The arrows express proposed relat

Figure 3. Proposed framework for accountable AI

Source: Author-developed synthesis informed by [1

7.1 Propositions for future empirical studies

P1: Better record accuracy and clearer data provenance will strengthen the association between AI assistance and 

correct service resolution. Future work could test this by recording verified errors before and after a controlled c

to the information supplied to an assistant. 

P2: The effect of assistance on customer effort will depend on the quality of escalation. A field comparison could hold 

the underlying assistant constant while varying whether a human receives the case his

P3: Employees’ ability to challenge suggestions will influence the relationship between AI assistance and service 

quality. Research should observe correction behaviour and the time available for review, rather than assume 

nominal approval step provides effective oversight.
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Adam, Wessel and Benlian [8] use a randomized online experiment to examine chatbot design and compliance with a 

request for feedback. They find that verbal humanlike cues can encourage compliance, with social presence explaining 

nship. Crolic et al. [9] show a different boundary: humanlike chatbot design can worsen responses 

when customers enter an interaction angry, through expectations the system fails to meet. These findings concern 

different conditions and outcomes. They should not be combined into a universal rule about making bots sound human.

A proposed practical response is to test a service design in the situations where it will operate. Routine information 

requests, complaints and account disputes should be examined separately. The interface should explain what it can do 

and provide a usable route to a person. The quality of that route matters. An escalation button is of little value if the 

6.3 Relationship quality as a distinct outcome 

focused research makes it reasonable to examine perceived control, effort and trust alongside operational 

6]. In the evaluation proposed here, customers should be able to correct an inaccurate record and 

tion. These are design objectives rather than effects demonstrated by this review.

An organization can then ask whether assistance reduces total work for both sides. That assessment should include 

waiting, repetition, unresolved contacts and remedy costs. It should also capture cases where the model was declined or 

bypassed. Reporting only accepted suggestions would leave the most difficult service situations outside the evidence.

VII. PROPOSED CONCEPTUAL FRAMEWORK 

Figure 3 presents the paper’s original synthesis. A dependable customer record supports a bounded AI task. Staff 

decisions and correction connect that task to relationship outcomes. Governance conditions every stage and uses 

observed failures to revise deployment. The arrows express proposed relationships, not estimated coefficients.

Figure 3. Proposed framework for accountable AI-based CRM 

developed synthesis informed by [1–9, 12]. The framework and propositions are untested.

r future empirical studies 

P1: Better record accuracy and clearer data provenance will strengthen the association between AI assistance and 

correct service resolution. Future work could test this by recording verified errors before and after a controlled c

 

P2: The effect of assistance on customer effort will depend on the quality of escalation. A field comparison could hold 

the underlying assistant constant while varying whether a human receives the case history and the unresolved question.

P3: Employees’ ability to challenge suggestions will influence the relationship between AI assistance and service 

quality. Research should observe correction behaviour and the time available for review, rather than assume 

nominal approval step provides effective oversight. 
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ately. The interface should explain what it can do 

and provide a usable route to a person. The quality of that route matters. An escalation button is of little value if the 

focused research makes it reasonable to examine perceived control, effort and trust alongside operational 

6]. In the evaluation proposed here, customers should be able to correct an inaccurate record and 

tion. These are design objectives rather than effects demonstrated by this review. 

An organization can then ask whether assistance reduces total work for both sides. That assessment should include 

It should also capture cases where the model was declined or 

bypassed. Reporting only accepted suggestions would leave the most difficult service situations outside the evidence. 

thesis. A dependable customer record supports a bounded AI task. Staff 

decisions and correction connect that task to relationship outcomes. Governance conditions every stage and uses 

ionships, not estimated coefficients. 

 

9, 12]. The framework and propositions are untested. 

P1: Better record accuracy and clearer data provenance will strengthen the association between AI assistance and 

correct service resolution. Future work could test this by recording verified errors before and after a controlled change 

P2: The effect of assistance on customer effort will depend on the quality of escalation. A field comparison could hold 

tory and the unresolved question. 

P3: Employees’ ability to challenge suggestions will influence the relationship between AI assistance and service 

quality. Research should observe correction behaviour and the time available for review, rather than assume that a 
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P4: Any short-term productivity gain will translate into durable commercial value only when resolution quality remains 

acceptable over time. A longitudinal design could connect contact outcomes with later complaints, repeat purchases and 

full service costs. It should record the assumptions used to attribute these later outcomes. 

 

VIII. IMPLEMENTATION ROADMAP 

The roadmap in Table 3 is a proposed sequence for organizations considering a bounded CRM application. It treats 

release as an operational decision supported by evidence. The stages need not require a large programme. A small 

business can apply the same questions to one service process and a limited set of permitted records. 

Table 3. Proposed implementation stages and evidence requirements 

Stage Required evidence Decision owner Release condition 

Define 
A bounded task and 

measurable baseline 
Service manager Problem and customer remedy agreed 

Prepare 
Permitted data and checked 

knowledge sources 
Data owner Access and correction tests pass 

Pilot 
Reviewed outputs and recorded 

exceptions 
Operations lead Quality and effort reviewed together 

Evaluate 
Comparison outcomes and 

subgroup checks 
Evaluation lead Benefits exceed full operating cost 

Monitor 
Version logs, complaints and 

drift checks 

Accountable 

sponsor 
Pause and rollback remain usable 

Source: Author-developed roadmap. Risk-management principles are informed by NIST [12]. Release conditions are 

proposals, not a certification standard. 

8.1 Knowledge and access controls 

The first pilot should answer a recurring problem with a clear correct outcome. Its knowledge sources should be owned, 

dated and checked. If a return policy changes, the organization needs a way to remove the obsolete version. An 

assistant should retrieve only the account information needed for the task. Authentication and permission checks should 

occur before the model receives private details. 

8.2 Staff capability and operating responsibility 

Training should show employees how to verify an answer and when to stop using it. Managers should provide a route 

to report repeated errors. The suggested operating record includes the model version, knowledge version, disputed 

outputs and resulting changes. Where a supplier manages the model, the firm should still assign responsibility for the 

customer-facing process. 

A pilot should have a defined pause procedure. If the system starts giving incorrect commitments or exposing 

information, staff need a practical route back to the previous workflow. The organization should test that route before 

expanding use. This proposal makes reversibility part of normal service management. 

 

IX. EVALUATION AND GOVERNANCE 

9.1 A balanced measurement approach 

A credible evaluation starts with a baseline for the task. The proposed primary measure is correct resolution within a 

stated observation window. Productivity measures can then be reported alongside it. Useful complementary measures 

include customer effort, repeat contact, complaint frequency and time to correction. Definitions should be fixed before 

comparing results, so a change in case classification cannot quietly become an apparent improvement. 
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Commercial outcomes require additional care. A rise in conversion may reflect a promotion, a different customer mix 

or seasonal demand. A future experiment could randomize eligible accounts or service teams while tracking exposure 

and spillovers. Where random assignment is impractical, a staged rollout with a credible comparison group may help. 

Researchers should report its identifying assumptions and test whether the groups followed comparable patterns before 

introduction. 

Cost measurement should include licences, integration, monitoring, employee review and remediation. A proposed net-

value calculation would subtract those costs from incremental contribution attributable to the intervention. This paper 

supplies no numerical return-on-investment estimate. Such an estimate needs organization-specific evidence and a 

defensible comparison of what would have happened without the system. 

9.2 Risk management in everyday CRM 

NIST’s AI Risk Management Framework organizes risk work through Govern, Map, Measure and Manage [12]. It 

provides a useful reference for identifying responsibilities and reviewing deployment conditions. The CRM procedures 

proposed here translate that general orientation into task ownership, documented permissions, checks on consequential 

outputs and accessible customer remedies. 

Testing should include customers whose needs are poorly represented in development data. Language variety, 

accessibility needs and uncommon products may expose failures hidden by an overall average. A proposed audit should 

report error categories and subgroup coverage. Small groups should not be described as equivalent merely because a 

test lacks enough observations to detect a difference. 

Data protection also requires decisions before deployment. The firm should identify why information is collected, 

which users can access it and when it should be removed. An inferred preference should remain distinguishable from a 

fact supplied by the customer. When a record is corrected, connected workflows need a way to receive that correction. 

Otherwise, the same mistake can reappear through another channel. 

The practical evaluation question is whether the system helps the firm serve the customer accurately at an acceptable 

total cost. A dashboard should allow that question to be answered without hiding unresolved cases behind a high 

automation rate. 

X. DISCUSSION AND FUTURE RESEARCH 

The synthesis suggests that AI-based CRM should be studied as an arrangement of people, records and decisions. The 

strongest contribution of a tool may be a small improvement in a recurring task. Larger organizational value would 

depend on how reliably that improvement survives across interactions. This interpretation connects the task perspective 

in marketing research with the consumer and workplace evidence considered here [1, 4, 7]. 

Future studies should follow customer journeys across channels. A chatbot session may appear successful while the 

next interaction reveals an unresolved problem. Linking contacts through permitted identifiers would make that 

displacement visible. Researchers should also examine employees’ learning. Assistance might improve immediate 

output while changing how staff develop judgement. Longer observation is needed to distinguish support for learning 

from dependence on suggestions. 

Small-enterprise research deserves a separate design. Studies could compare the same bounded application across firms 

with different integration capacity, using matched task definitions and complete cost records. Such work should avoid 

assuming that the governance arrangements of a large support operation are available everywhere. Procurement terms, 

staff time and access to technical help are suitable variables for investigation. 

10.1 Limitations 

This study uses a purposeful set of sources and offers no exhaustive evidence map. Its descriptive statistics cover 

ordinary CRM software in a specified EU population, while the journal evidence spans different tasks and settings. 

These materials cannot estimate the overall adoption or commercial impact of AI-based CRM. The framework has not 

been empirically validated. Future research should test its propositions using transparent measures, comparison groups 

and clearly reported deployment conditions. 
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XI. CONCLUSION 

AI-based CRM can support modern commerce by helping people interpret information and respond to customer needs. 

Its value must be established at the level of the work performed and the relationship maintained. This review separates 

software adoption from AI use, and service productivity from durable customer benefit. It proposes a framework in 

which reliable records, bounded assistance, effective human decisions and accessible correction connect technical 

capability to outcomes. The published evidence gives reasons to investigate these connections, while also showing why 

context matters. Firms should evaluate correct resolution, customer effort and full operating cost together. Researchers 

should test the proposed conditions across channels, employee groups and enterprise sizes. Progress will be more 

convincing when reported gains remain visible after errors, repeated contacts and customer remedies are counted. 
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