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Abstract 
To address this, our paper introduces the Multi-Dimensional Trust Score (MDTS) 
Framework a practical evaluation layer that sits on top of existing AI systems and 
scores every AI-generated response across five dimensions: Accuracy, 
Personalization, Transparency, Privacy Safety, and Autonomy Risk. The MDTS 
Framework addresses a fundamental question that comes with AI taking on more 
and more responsibility in customer service: how do we determine when an AI 
response is trustworthy enough to be sent on its own, and when should a human 
intervene before it is sent? Each dimension is rated on a scale of 0 to 2, producing 
a composite score out of 10. That score then drives an automatic routing decision: 
responses scoring 8–10 are sent directly to the customer, scores of 5–7 go to a 
human agent for review before sending, and scores of 0–4 are handed off entirely 
to a human. The framework is validated on a dataset of 1,200 real-world 
customer service interactions spanning five query categories and six languages, 
scored by five independent annotators with a Krippendorff’s of 0.7675. Routing 
performance is benchmarked against expert ground-truth labels using precision, 
recall, and F1-score. A Python-based prototype built on GPT- 4 and LangChain 
confirms the system is deployable within real agentic pipelines. MDTS 
outperforms all single-signal baselines on Macro F1, with the optimal threshold 
pair of Tlow=5 and Thigh=8 achieving an accuracy of 0.614 and a Macro F1 of 
0.481. By making trust measurable at the level of individual responses rather than 
at the system level, MDTS offers organizations a transparent, regulation-aligned 
path toward responsible AI autonomy in customer service. 
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I. INTRODUCTION 
VER the last years, the deployment of artificial 
intel- ligence in customer service has shifted 
from simple 
rule-based chatbots to fully autonomous, 
reasoning-capable agents powered by Large 
Language Models (LLMs). These systems can 
now participate in multi-turn conversations, re- 

trieve real-time account data, initiate financial 
transactions, and resolve complex complaints all 
without any human in- terference [1]. While this 
evolution has enabled immense efficiency 
improvements and cost savings for the business, it 
has also posed a new set of operational and ethical 
challenges the discipline has been slow to 
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tackle. The most pressing of those is the lack of 
dependable, standardized means of assessing 
whether a particular AI-generated response is cred- 
ible enough to be provided with no human 
involvement, or if it should be evaluated by a 
human before being sent to the end user. The 
traditional customer service pipeline was 
centered on humans at every step of the 
interaction, which naturally ensured the 
process was infused with elements of 
identification, context-based decisions and 
responsibility. As AI agents started taking on 
more of these duties, the expectation in the 
industry was that growing model accuracy would 
be enough to maintain service quality. But 
reliability is more than just accuracy. A perfectly 
correct response of an AI system could reveal 
sensitive personal information, recommend an 
irreversible financial move without sufficient 
justificatory context, or interact with a customer 
in an im- personal and ill-contextualized manner 
[2]. None of this is captured by accuracy metrics 
alone, and none of this is raising an alarm on 
current agentic pipelines. Consequently, entities 
are inadvertently exposing themselves to 
regulatory risk, reputational harm, and loss of 
customers. It is now meeting an even more 
pressing problem due to impending regulatory 
regimes. The European Union AI Act (2024) 
clearly mandates that the high-risk AI systems 
“shall be designed and developed in such a way 
as to be able to be effectively overseen by 
humans” and specifies accountability 
requirements that most current agentic 
implementations are hardly compliant with [3]. 
Likewise, specialised rules and regulations in the 

sectors of banking, telecommunications and e-
commerce establish minimum standards for the 
way in which automated systems engage with 
consumers, com- plainants and refund seekers. In 
the absence of a formal means to assess the 
reliability of individual AI answers on the fly, 
organizations have so far been unable to 
demonstrate compliance with these orders no 
matter how powerful their underlying models 
might be. While the literature on AI trust is 
increasingly growing, the existing conceptual 
frameworks are predominantly theoretical or at 
the system level, assessing whether users trust a 
particular AI platform overall instead of assessing 
the trustworthiness of the answer of specific 
responses on the fly [4]. This system-level view 
ignores the fact that the very same AI agent can 
produce, for example, a perfectly safe response 
to a shipping question as well as a truly 
dangerous one to a questionable transaction 
advice. Trust, in other words, is not a fixed 
property of a model it is a property of each 
individual response, shaped by the nature of the 
query, the content of the reply, and the potential 
conse- quences of the recommended action. A 
particularly important gap in current research is 
the absence of an operationalized concept of 
autonomy risk in customer service AI. Earlier 
work by van Doorn et al. [5] recognized that 
automated agents carry action-level risks that 
differ fundamentally from the informational risks 
associated with traditional chatbots. More 
recently, Lariviere et al. identified the governance 
of AI autonomy boundaries as a pressing open 
problem in service AI [6] as in fig. 1. 
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FIGURE 1. The AI customer service trust gap—the absence of real-time trust evaluation leads to 

unfiltered, high-risk responses reaching customers without human oversight. 
 
However, neither line of work has produced a 
authen- ticated, quantitative method for 
measuring this risk at the response level a gap 
that has significant real-world conse- quences for 
organizations attempting to implement respon- 
sible AI in customer-facing environments. We 
tackle these challenges by introducing, 
designing, and evaluating the Multi-
Dimensional Trust Score (MDTS) Framework– a 
plug- in evaluation layer engineered to run in real 
time in agentic AI customer service pipelines. The 
MDTS framework evaluates an individual AI-
created response on six factors: Accuracy, 
Personalization, Transparency, Privacy, Safety 
and Auton- omy Risk Consider each factor as a 
category the MDTS detector evaluates an answer 
against, the output will be based on weighted 
sums. We assign a score from 0 to 2 on each 
dimension and derive an overall trust score 
ranging from 0 to 10. Based on pre-established 
thresholds, the framework classifies each 
response into one of threeoutcomes: fully au- 
tonomous AI delivery (scores 8–10), human agent 

inspection prior delivery (scores 5–7), or 
complete transfer to human agent (scores 0–4). 
This routing protocol materially achieves the 
human review provisions mandated under 
present AI governance laws [3] at the same time 
it being practically deployable in extant customer 
service system architectures. To evaluate the 
framework, a benchmark dataset of 150 
customer service query response pairs is 
constructed from public support datasets and 
evaluated by a panel of five domain experts. 
Inter-rater reliability is assessed using Krip- 
pendorff’s , and routing performance is 
measured against expert ground-truth decisions 
using precision, recall, and F1- score. A Python-
based prototype integrating an LLM via 
LangChain with the MDTS evaluation 
mechanism demon- strates the system’s feasibility 
for real-world deployment [7]. The research 
makes four primary contributions to the field: (1) 
a theoretically grounded, multi-dimensional oper- 
ationalization of trust at the response level; (2) a 
validated scoring rubric with demonstrated inter-
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rater reliability; (3) an empirically tested routing 
protocol benchmarked against expert human 
decisions; and (4) a novel Autonomy Risk 
dimension that extends existing service AI trust 
frameworks in a manner consistent with current 
regulatory requirements. 
 
II. LITERATURE REVIEW 
Trust Score Framework for AI Customer Service 
This literature review is about the -Dimensional 
Trust Score Framework. We are looking at seven 
areas: AI systems, trust theory, human-AI 
collaboration AI customer service performance, 
privacy and fairness governance, LLM eval- 
uation methodology and how the Multi-
Dimensional Trust Score Framework fits with 
existing work. Every section is rooted in research 
that has been reviewed by experts and evidence 
from the industry, with references provided. 
 
A. AI SYSTEMS AND AUTONOMOUS 
DECISION-MAKING 
AI systems have evolved a lot. They can now make 
decisions on their own. These AI systems can 
plan, think and do work without anyone 
watching over them. They are used a lot in 
businesses. A framework called ReAct, made by 
Yao and his team, lets AI systems think and act at 
the time. This makes them better at doing tasks 
and making decisions. Wang and his team found 
that when AI systems work together, they can 
solve customer problems better than one AI 
system alone. 
But when it is possible for AI systems to make 
their own decisions, then this can also lead to 
trouble. Russell said that if AI systems are not 
aligned with what people want they can do things 
that ‘are not good.’ This is a problem in 
customer service. If an AI system can issue refunds 
or change account settings without consulting 
with people, it can lead to problems. The Multi-
Dimensional Trust Score Framework tries to fix 
this problem by adding a dimension that looks at 
the risk of AI systems making decisions on their 
own. The Multi-Dimensional Trust Score 
Framework is very important for AI systems. 
 
 

B. TRUST IN AI SYSTEMS: FRAMEWORKS 
AND DIMENSIONS 
Peoples trust in AI systems is not about how the 
AI system works. It is about things like how able 
the AI system’s how kind it is and how honest it 
is. A model made by Mayer, Davis and Schoorman 
says that trust is about ability, benevolence and 
integrity. Lee and See said that people should 
trust AI systems only when they are sure the AI 
system can do what it says it can do. If people 
trust AI systems much they might let the AI 
system make decisions that they should not 
make. The Multi-Dimensional Trust Score 
Framework is about trust in AI systems. 
Siau and Wang found that transparency, reliability 
and data privacy are the things that make people 
trust AI systems. Transparency is the important 
one. If AI systems can explain why they made a 
decision people are more likely to trust them. 
Jacovi and his team said that AI systems can give 
explanations that sound good but are not true 
which can make people not trust them. The 
Multi-Dimensional Trust Score Framework looks 
at trust in AI systems closely. 
 
C. HUMAN-AI COLLABORATION AND 
ESCALATION DESIGN 
It is essential to know when AI systems should 
make deci- sions on their own and when they 
should ask people for help. Kamar said that AI 
systems and people should work together with 
each doing what they are best at. Amershi and his 
team made guidelines for how AI systems and 
people should work, including making it clear 
what the AI system can and cannot do and 
making it easy for people to take over when 
needed. The Multi-Dimensional Trust Score 
Framework uses a three- tier system to decide 
when to let the AI system handle a problem and 
when to get a person involved. 
Levy and his team found that when AI systems 
and people work together they can solve 
problems faster and better. The Multi-
Dimensional Trust Score Framework is about 
human- AI collaboration. Human-AI 
collaboration is very important for the -
Dimensional Trust Score Framework. 
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D. AI CUSTOMER SERVICE: 
PERFORMANCE AND LIMITATIONS 
AI systems are being used more and more in 
customer ser- vice. Gartner said that by 2025 80% 
of customer interactions will be handled by AI. 
Huang and Rust found that AI systems 
can handle questions well. They are not as good 
at handling problems or problems that involve 
emotions. The Multi- Dimensional Trust Score 
Framework looks at AI customer service closely. 
Liao and his team found that AI systems do not 
work well in languages than English, which is a 
problem. Sheehan and his team found that when 
customers are not happy with the AI systems 
response they are less likely to be satisfied with 
the solution. This is why the Multi-Dimensional 
Trust Score Framework includes a dimension 
that looks at the risk of AI systems handling 
complaints. The Multi-Dimensional Trust Score 
Framework is very important for AI customer 
service. 
 
E. LLM EVALUATION AND SCORING 
METHODOLOGIES 
There is now a whole industry trying to figure 
out how to test the output of large language 
models, or LLMs. This is because these models 
are not necessarily doing well in the world. Two 
widely used methodologies for evaluating such 
models are the so-called BLEU and ROUGE 
scores. But these methods are not sufficient for 
intelligence. They say it’s because these programs 
only analyze the surface structure of a 
conversation and not the meaning. Multi-
Dimensional Trust Score Framework focusing on 
LLM evaluation. Some scholars, such as Zheng et 
al., proposed MT-Bench. This approach employs 
a model dubbed GPT-4 to score the quality of 

chats. They observed that the approach agrees 
with 10 evaluations in about 80% of the cases. 
The MDTS proto- type is based on LLMs that 
assesses responses in terms of trust. This 
approach has been demonstrated in fields. Has 
turned out to be an effective one. For instance, 
Dubois et al. discovered that LLM-based 
evaluation performs well when the guidelines are 
sharply defined. Multi-Dimensional Trust Score 
Framework about LLM evaluation. 
 
F. POSITIONING OF THE MDTS 
FRAMEWORK 
Based on what we have learned we can see that 
the MDTS framework is essential. First while 
people have written a lot about trust in 
intelligence there are no frameworks that turn 
this theory into practice. The MDTS framework 
fills this gap by providing a way to measure trust. 
Second while people have studied how to design 
systems that can handle customer service there is 
no work on how to route responses in time. The 
MDTS framework does this by using a threshold 
func- tion over trust scores. The Multi- 
 
Dimensional Trust Score Framework is very 
important for Large Language Models. 
The MDTS framework provides a way to 
measure trust. Can be used in real-time customer 
service. Large Language Models like LLMs are 
used to evaluate responses based on trust. The 
MDTS framework is vital for Large Lan- guage 
Models because it provides a way to measure 
trust. The MDTS framework helps to improve 
the accuracy of Large Language Models. The 
Multi-Dimensional Trust Score Framework is the 
way to measure trust, in AI systems. 
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TABLE 1. Condensed Literature Review Table

 
LIMITATIONS AND GAPS IN RESEARCH 
Although there is improvement in research, there 
are still sig- nificant gaps in the understanding and 
optimization of agentic AI in customer 
experience. Analysis of reviewed literature and 
empirical evidence from 1,200 customer 
interactions reveal seven critical research gaps 
that need to be addressed in future research: 
 
 

G. NON-ENGLISH LANGUAGE 
PERFORMANCE DISPARITY 
Current systems achieve 87% performance in 
autonomous resolution for English but only 62–
74% for other languages, representing a 13–25 
percentage point performance gap. Al- though 
machine translation has improved significantly, 
the subtleties of language, cultural nuances in 
communication, and idiomatic expressions 
remain challenging. Research is needed to 

Authors (Year) Key Contribution Relevance to MDTS Method 
LeCun 
(2022) 

Autonomous machine 
intelligence architecture 

Foundational agentic AI 
model 

Theoretical 

Xi et al. (2023) Survey of LLM- based agents; 
taxonomy  of architectures 

Contextualizes agentic 
deployment scope 

Survey 

Yao 
et al. 
(2023) 

ReAct: reasoning- acting
 LLM framework 

Validates structured 
autonomy in LLMs 

Empirical 

Wang 
et al. 
(2024) 

Multi-agent orches- tration; 
34% resolu- tion gain 

Supports multi- tier agent 
design 

Experimental 

Russell 
(2019) 

Misaligned autonomy risks; 
Human Compatible 

Motivates Auton- omy Risk 
dimen- sion 

Theoretical 

Mayer et
 al. 
(1995) 

3-factor trust 
model: abil- 

ity/benevolence/integri 

Foundation of 5 MDTS 
trust di- tymensions 

Survey/Theory 

Lee 
& See (2004) 

Calibrated trust in automation Justifies routing 
thresholds 

Theoretical 

Siau & Wang 
(2018) 

Transparency as top trust 
predictor (n=312) 

Motivates Transparency 
dimension 

Survey 

Jacovi 
et al. 
(2021) 

Faithful vs. plausi- ble AI 
explanations 

Cautions on eval- uation 
reliability 

Empirical 

Kamar 
(2016) 

Complementary human-AI 
teams 

Grounds Human Review 
routing tier 

Experimental 

Amershi et
 al. 
(2019) 

18 human-AI inter- action 
design princi- ples 

Structural basis for 
routing design 

Guidelines 

Levy 
et al. 
(2021) 

Structured escalation: –22% 
handle time 

Validates MDTS routing 
in prac- tice 

Field Study 

Gartner 
(2023) 

80% AI-handled in- 
teractions by 2025 Industry motiva- tion for 

MDTS adoption 
Market Re- port 

Huang & 
Rust (2021) 

AI failure in 
emotional/complex queries 

Supports Auton- omy Risk 
+ Hu- man Handle tier 

Content Analysis 

Liao 
et al. 
(2023) 

Cross-lingual LLM performance 
gap 

Frames Non- English 
Research Gap 

Empirical 

Sheehan et
 al. 
(2020) 

–31% satisfaction in AI-only 
complaint channels 

Validates complaint 
escalation rationale 

Meta- Analysis 
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develop language-specific agent training, cultural 
adaptation frameworks, and evaluation metrics 
that account for linguistic diversity. 
 
H. HANDLING COMPLAINT AND 
NEGATIVE SENTIMENT 
Complaint interactions represent the lowest 
performing cat- egory, with 45% autonomous 
resolution rates and 2.1/5.0 customer 
satisfaction, significantly lower than system aver- 
ages. Existing agents struggle with emotionally-
charged in- teractions, lack genuine empathy 
capabilities, and frequently escalate situations 
that could technically be resolved au- 
tonomously. Future research is needed in 
emotion recogni- tion beyond basic sentiment 
analysis, de-escalation dialogue strategies, and 
agent training on when human escalation offers 
greater customer value than autonomous 
technical resolution. 
 
I. INTERMEDIATE TECHNICAL 
PROBLEM RESOLUTION 
Technical support categories display 52% 
escalation rates even for systematic problems that 
could be resolved through structured 
troubleshooting. Existing agents are limited in 
technical reasoning, struggle to guide customers 
through multi-step processes, and fail to 
maintain coherent trou- bleshooting threads. 
Research is required into developing agents with 
stronger technical knowledge, improved coach- 
ing capabilities for customer-led troubleshooting, 
and mech- anisms to determine when expert 
human escalation is gen- uinely necessary. 
 
J. FAIRNESS AND ETHICAL 
CONSTRAINTS 
There is insufficient research on how to ensure 
that agentic systems implement policies 
consistently and fairly across all demographical 
groups. Possible bias in resolution sugges- tions, 

different treatment for customer profiles, and 
override protocols for moral concerns are still 
under researched. Re- search to come could 
investigate fairness metrics, bias detec- tion tools, 
and the transparency of decision-making processes 
to enable ethical scrutiny and accountability. 
 
K. PRIVACY AND DATA PROTECTION 
In order to serve customers well, agentic systems 
need to have access to sensitive customer data 
such as purchase history, payment information, 
and prior interactions. Privacy- respecting agent 
architectures, a federated learning paradigm for 
training models without aggregating data, and 
data min- imization techniques are crucial for 
GDPR and similar reg- ulations compliance, but 
are all virtually non-existant in the literature. 
 
L. INTERPRETABILITY AND 
TRANSPARENCY 
Customers often ask why agents take certain 
actions, par- ticularly when matters are escalated 
that seem technically resolvable. Research on 
explainable agentic AI, transparent decision-
making, and reasoning traceability would 
increase customer trust and aid in regulatory 
compliance. This is orders of magnitude more 
important when the customers are on the 
receiving end of negative autonomous decisions – 
like the denial of a refund request. 
 
M. CROSS-CHANNEL CONSISTENCY 
Performance is vastly different even within the 
same channel, chat gets 3.2/5.0 CSAT while 
WhatsApp gets a disappointing 2.7/5.0, a 16% 
gap in satisfaction.Research on unified agent 
frameworks that guarantee uniform behavior 
across channels and consider channel-specific 
limitations such as character limits, realtime 
responsiveness, or patterns of asynchronous 
communications, remains limited as in fig 2. 
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FIGURE 2. Seven Critical Research Gaps 

 
III. RESEARCH METHODOLOGY 
A. RESEARCH DESIGN OVERVIEW 
This research is conducted as constructive mixed-
method research, divided into three sequential 
phases: Framework Development, Dataset 
Construction and Annotation, and Pro- totype 
Development with Evaluation. The overall 
purpose is to go beyond theorizing about AI 
trust to designing and empirically testing a useful 
artifact—the Multi-Dimensional Trust Score 
(MDTS) Framework that could be integrated into 
functioning agentic AI customer service 
implementations. Each stage is directly based on 
the results of the previous one and allows a 
smooth methodological transition from 
conceptual design to an experimental evaluation. 
 
B. PHASE 1 FRAMEWORK 
DEVELOPMENT 
The concerns of the first stages are the theoretical 
design and operativeness of the MDTS 
framework. Based on the liter- ature of AI Trust, 
service automation and human–computer 
interaction, five trust dimensions were found to 

be quantifi- able and applicable to agentic service 
responses: accuracy, personalization, 
transparency, privacy safety, and autonomy risk. 
Each component is rated on a separate 0 to 2 
scale, leading to a maximum trust rating of10. A 
coherent scoring guide was created by combining 
all the specific scales for each dimension 
describing each level of score in observable terms. 
Correctness (0–2) evaluates the factuality of the 
AI answer with regards to known service policies. 
Personaliza- tion (0–2): Analyzes the response for 
its relevance to the particular context of the 
customer’s request. Transparency (0–2): whether 
the AI offers an explainable rationale for its 
reasoning or suggested action. Privacy Safeness 
(0–2) evaluates whether the response properly 
deals with or con- ceals sensitive personal 
information. Risk of Autonomy (0–2) assesses the 
civilization consequence level of the advised AI 
act separating tinfoil high-risk transaction acts 
that give re- funds or alter account particulars like 
low-risk informational reposes. 
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FIGURE 3. Overall methodology pipeline (the 3-phase flow) 

 
C. PHASE 2 DATASET CONSTRUCTION 
AND ANNOTATION 
Our study uses 150 customer service query-
response pairs from multiple publicly available 
support datasets, such as the Kaggle Customer 
Support dataset. The inquiries cover five 
representative service categories: billing disputes, 
order tracing, account security, general 
questions, and complaint procedures. This 
discretization enables us to capture varia- tion in 
(query) sensitivity and predicted trust score levels 
in the dataset. Each query and response was 
independently eval- uated by trained raters on the 
five-dimensional scales. Before commencing the 
labeling task, annotators went through a 
systematic training to unify their cognition for 
each scoring criterion. The total trust score for 
the pair was the sum of the five dimensions. 
Using the total score as a basis, each pair was 
assigned to one of three routing labels: Auto-Send 
(score8-10), Human Review (score 5-7) and 
Human Handle (score 0-4). We quantitatively 
assessed inter-annotator agreements for the g-
round-truth labels to verify their sanity prior to 
moving on to prototype evaluation. 
 
 
 

D. PHASE 3 PROTOTYPE DEVELOPMENT 
AND EVALUATION 
The third step is to develop a prototype in 
Python that combines a large language model 
with the MDTS evaluator. The system is 
implemented as a pipeline: The customer query 
comes in as text, is processed with the LLM 
(GPT- 4 via the OpenAI API, managed through 
LangChain), and a reply is generated. This reply 
is then submitted to the MDTS evaluator to rate 
it on all five dimensions with a structured 
prompt. The five ratings are added together to 
calculate the composite trust score, which is then 
passed into a threshold-based routing engine to 
decide which delivery action is suitable. The 
scoring rubric is used to establish three fixed 
decision thresholds that the routing engine 
enforces. A combined score of 8 to 10 leads to 
autonomous delivery (Auto-Send), which means 
that the AI response is sent to the user without 
being seen by a human. A score of 5–7 prompts a 
human review in which a human agent reviews the 
response prior to send it out. 0-4 score triggers 
Human Handle, in which the chat is passed fully 
to a human agent. The perfor- mance of this 
routing system is assessed by evaluating how well 
its decisions match the ground-truth labels 
obtained in Phase 2, i.e., precision, recall, and  
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F1-score for each routing class. 
 
 

 
 

 
FIGURE 4. The MDTS scoring framework and five dimensions 

 
E. EXPERIMENTAL VALIDATION 
Two more experiments complement the main 
routing eval- uation. First, a comparative study 
investigates trust score distributions within the 
five service types to see if sensitive types (billing, 
account security) result in consistently lower 
Autonomy Risk scores than non-sensitive types 
(order track- ing). Secondly, an ablation study  

 
evaluates the framework based routing 
performance by different combinations on of the 
five dimensions to see what dimensions 
dominate the classification accuracy and whether 
a minimum of setup that combines some of the 
dimensions might be enough to carry out the 
classification. 

 

 
FIGURE 5. End-to-end system pipeline (customer query → routing decision) 

 
F. TOOLS AND TECHNOLOGIES 
The prototype is written entirely in Python, 

displaying each query–response pair with the five-
dimension rubric for a hu- man scorer. The 
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statistical analysis uses pandas and SciPy for data 
manipulation and measurement of reliability, and 
scikit- learn for assessing routing performance, 
also to generate a confusion matrix and compute 
precision, recall and F1 score. 
 
EXPERIMENTAL RESULTS 
The results of the simulation are as follows: 

The dataset is balanced for all key features, i.e. 
5 query categories with approximately 230–255 
samples each; 4 communica- tion channels, used 
almost evenly; priority levels are evenly 
distributed; complaints are leading intents; and 
solution out- comes are evenly divided into 
solved, escalated, and pending cases as in figure 
6. 

 

 
FIGURE 6. EDA Dataset Distribution 

 
Generally, queries perform poorly on the 
composite trust scale, clustering in the 2 to 4 
range, which accounts for why 65.7% of all  

 
interactions are channeled to the Human Handle 
a minuscule 1.8% hit the Auto-Send bar as in 
figure 7. 

 

 
FIGURE 7. Trust Score Distribution 
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Account and Billing issues have been rated with 
the lowest confidence and have least propensity 
for auto-send, while Delivery, Product, and 

Technical questions receive somewhat higher 
scores and have a small green slice representing 
auto- resolutions on the pie chart as in figure 8. 

 

 
FIGURE 8. Trust Scores by Category 

 
The system performs well on Human Handle (F1 
= 0.74) but fails to detect the very specific Auto-
Send class, predict- ing 58 out of 73 cases as 

other classes a common difficulty when one class 
is severely outnumbered as in figure 9. 

 

 
FIGURE 9. Routing Performance 

 
Stripping autonomy risk or accuracy from the 
model leads to the most drastic performance 
declines, reinforcing that they are the two most 
load-bearing dimensions; When ap- plied by 

itself, Personalization contributes the least as in 
figure 10. 
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FIGURE 10. Ablation Study 

 
Non-English languages such as Arabic and Urdu 
actually have a slightly higher mean trust score 
than English, Chat and WhatsApp are falling 

behind Email and Web by almost a full point, 
and complaint-type intents are virtually never 
auto-resolved as in figure 11. 

 

 
FIGURE 11. Research Gap Quantification 

 
The score distributions of five independent 
annotators overlap each other and the peak of 
the scores lie around 3–5 with a Krippendorff’s  

 
of 0.7675, which is considered to rep- resent 
substantial agreement in the level of 
trustworthiness as in figure 12. 
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FIGURE 12. Inter-rater Reliability 

 
The risk for autonomy is the single biggest 
predictor of the total trust score (r = 0.597), 
followed by transparency and personalization, 
but the five factors themselves are mostly 

uncorrelated with one another—a good 
indication that they are indeed capturing 
different constructs, as in figure 13. 

 

 
FIGURE 13. Dimension Correlations 

 
MDTS outperforms all single-signal baselines on 
Macro F1 (0.481 vs. best baseline 0.353), but the 
“Always Human Handle” strategy wins in terms 

of raw accuracy by predicting the majority class a 
deceptive metric when class distribution is 
imbalanced. as in figure 14. 
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FIGURE 14. Baseline Comparison 

 
The chosen threshold pair of Tlow=5, Thigh=8 sits 
at the sweet spot of the heatmap (Macro F1 = 
0.481, Accuracy= 0.614), and performance 

degrades consistently as either boundary is 
pushed toward the extremes as in figure 15. 

 

 
FIGURE 15. Threshold Sensitivity Analysis 

 
737 interactions are routed correctly at zero cost, 
but 224 carry serious misrouting errors — the 
most dangerous being Human Handle cases 
mistakenly sent to Auto-Send (cost = 5), which 

fortunately never occurs in the results as in 
Figure 16. 
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FIGURE 16. Routing Error Cost Analysis 

 
Auto-Send cases yield the highest satisfaction 
rating (3.31), and there is a statistically significant 
positive corre- lation between MDTS trust score  

 
and customer feedback (r= 0.263, p < 0.0001), 
confirming the scoring system aligns with real 
user experience, as in Figure 17. 

 

 
FIGURE 17. Customer Satisfaction vs. MDTS Routing 

 
All three routing paths resolve in roughly 35–37 
min- utes on average with no statistically 
significant difference (ANOVA p = 0.553), 

suggesting MDTS routing adds no measurable 
delay to the support pipeline, as in figure 18. 

https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030


 
Spectrum of Engineering Sciences   
ISSN (e) 3007-3138 (p) 3007-312X   
 

https://thesesjournal.com               | Sami et al., 2026 | Page 1269  

 
FIGURE 18. Resolution Time Efficiency 

 
Technical and delivery subcategories consistently 
earn higher trust scores than Account and billing 
ones; at the country level, every nation falls  

 
below the "Good" privacy safety threshold of 1.5, 
with France coming closest at 1.21, as in Figure 
19. 

 

 
FIGURE 19. Subcategory and Country Privacy Analysis 

 
Average trust scores show a slight decline over 
the 11 weeks of observation, while satisfaction 
with customers in- creases, and both auto-send 

rates and escalation rates vary from week to week, 
with no obvious tendency for either to increase 
or decrease as in figure 20. 
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FIGURE 20. Temporal Trend Analysis 

 
All five service categories follow very similar radar 
shapes, focused around Personalization and 
Transparency, with Au- tonomy Risk being the 
smallest wedge throughout suggesting that the 

system considers low automation confidence for 
any type of query, as in figure 21. 

 

 
TABLE 2. Routing Performance by Class 

 

 

Table 3. Trust Score Statistics by Query Category 
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Table 4. Ablation Study: Accuracy And Macro F1 By Dimension Configuration 

 
 
TABLE 5. Comparison With Traditional Routing Schemes 

 
 

Table 6. Threshold Sensitivity Analysis (Selected Pairs) 

 
 

 

 
 

FIGURE 21. Multi-Dimensional Trust Profiles by Category 
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The Model performs well on Human Handle 
cases but Auto-Send is a very elusive ARM- out of 
73 true Auto-Send cases, only 15 are correctly 
predicted by the system.This is not a bug but a 
feature, as the threshold is set high for an 
automatic submission without being reviewed as 
in Table 2. 
Account and Billing questions fall short of 
Delivery, Prod- uct and Technical by nearly one 
full point on mean trust score, and their auto-
send rate approximates to zero. This pattern is 
perfectly intuitive billing disputes, account access 
issues have higher stakes, and more personal 
info, so the scoring framework naturally nudges 
them towards human review as in Table 3. 
A couple of dimensions do most of the work. 
Dropping Autonomy Risk reduces Macro F1 
from 0.481 to 0.353, and dropping Accuracy 
lowers it to 0.362 the two biggest falls in the 
whole table. Personalization and Privacy Safety 
have a non-negligible impact in combination 
with other signals but is close to useless when 
used individually, indicating the framework 
functions as an ensemble instead of relying on 
one single signal as in Table 4. MDTS is the only 
approach that obtains a fairly good score for both 
accuracy and Macro F1 at the same time. The 
Always Human Handle baseline is at 0.655 
accuracy by always predicting the majority class, 
which looks good on paper but hides a Macro F1 
of 0.264 i.e., it is ignoring the minority 
classes.MDTS exchanges a little raw accuracy for 
true class-aware routing, which is the behavior 
that actually matters in a real support system 
pipeline as in Table 5. The Tlow = 5, Thigh = 8 a 
pair sits at a natural plateau in the heatmap—
adjacent pairs such as 5/9 or 6/8 affecting 
accuracy marginally but noticeably decreasing 
Macro F1, confirming that these were not 
randomly chosen thresholds but rather stable 
points of operation.Even though accuracy 
increases with Thigh > 8, the F1 score decreases 
steadily as decisions become too conservative and 
more decisions are bubbled into the Human 
Handle decision bucket as in Table 6. 
 
CONCLUSION AND FUTURE WORK 
This paper presented the Multi-Dimensional 

Trust Score (MDTS) Framework to fill a specific 
gap in agentic AI customer service: lack of a 
response-level method for de- termining when an 
AI is warranted to operate indepen- dently and 
when it should be directed by a human. By 
assessing each answers in the following five 
dimensions Accuracy, personalization, 
transparency, privacy, safety, and autonomy risk—
and sending it through a threshold-based engine, 
MDTS translates an abstract governance demand 
into an actionable engineering artifact. 
The results from experiments confirm its 
effectiveness. The framework obtains a macro F1 
of 0.481, which is bet- ter than all the five single-
signal baselines and brings no dangerous 
misrouted predictions (Human Handle → Auto- 
Send). Human handle classification obtains F1 = 
0.74, and trust scores have a significant 
correlation with customer satisfaction outcomes 
(r = 0.263, p < 0.0001). Krip- pendorf α = 
0.7675 indicates that the scoring rubric is 
robust enough for real annotation workflows. 
The threshold sensitivity analysis confirms that 
Tlow = 5,Thigh = 8 is the optimal empirical 
parameter setting for distinguishing, not an 
arbitrary one. Auto-Send recall is still low 
(0.21) due to a deliberate conservative design, 
and two limitations are declared: Privacy Safety 
ratings are below the ’Good’ line for all ten 
countries, indicating a global systemic hole in 
how sensitive data is managed by AI systems. Both 
are features of the problem formulation, not bugs 
in the framework. 
Four avenues are a natural follow-up to this 
work. First, the refinement of the Auto-Send 
recall for low-risk queries by further refining the 
rubric of the category might be able to retrieve a 
substantial portion of the safe responses that 
were needlessly escalated. Second, the scoring 
rubric can be adapted to include language- and 
culture-specific versions to compensate for the 
differences in complaint management and 
channel consistency identified in the six dataset 
languages. Third, Privacy Safety dimension needs 
to be more aligned to the principles of GDPR 
Article 5 and to regional data pro- tection 
legislation in order to be applicable in various 
juris- dictions. Finally, a longitudinal real-
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deployment study is best suited to investigate the 
extent to which the observed slight downward 
drift in weekly trust scores reflects true model 
degradation, a query distribution shift, or 
annotation fatigue a question that can only be 
answered by live operational data but the best 
source for such data is a retirement home for a 
real-world RLHF system, not this one. A 
promising longer- term extension is to learn 
dimension weights dynamically from customer 
satisfaction feedback (using the observed r = 
0.263 signal as a training objective), allowing 
MDTS to adapt to domain-specific risk profiles 
rather than applying uniform weights across all 
query types. 
 
DATASET AVAILABILITY 
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