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ABSTRACT

Operations  Research  (OR)  traditionally
prioritizes efficiency, neglecting the impact of
human emotion on system performance. This
study bridges this gap by proposing a novel
framework to integrate Emotion Artificial
Intelligence (EAI) into OR, creating a human-
centric paradigm for decision optimization. The
framework's value is demonstrated through a
simulated call center scenario where emotional
data (customer sentiment and escalation states)
is incorporated into an optimization model. An
analysis of 100 simulated cases confirmed that
emotion-aware routing yielded a 17% reduction
in call escalations and increased average
customer satisfaction from 3.4 to 4.1 without
additional staffing. Furthermore, frustrated and
angty emotional states were correlated with
significantly lower satisfaction and longer call
durations, quantifying the operational cost of
negative interactions. These findings provide
empirical evidence for a shift toward adaptive,
behaviorally-informed ~ OR.  The  study
concludes by addressing the statistical
validation of the model and the critical ethical
considerations for implementation, establishing
a foundation for the nascent convergence of
EAI and OR to create more empathetic and
effective operational systems.

oz

Yoéneylem Arastirmast  (OR), geleneksel olarak
verimliligi 6nceliklendirmekte ve insan duygusunun
sistem performansi Uzerindeki etkisini g6z ardi
etmektedir. Bu c¢alisma, Duygu Yapay Zeka’yt
(EAI) OR'ye entegre etmek icin yeni bir ¢erceve
Onererek ve karar optimizasyonu icin insan
merkezli bir paradigma olusturarak bu boslugu
doldurmaktadir.  Cercevenin  degeri, duygusal
verilerin (misteri hissiyatt ve ytikselme durumlari)
bir optimizasyon modeline dahil edildigi simtle
edilmis bir c¢agrt merkezi senaryosu aracihigtyla
gosterilmistir. 100 simule edilmis vaka analizi,
duyguya duyarlt yonlendirmenin cagrt
yikseltmelerinde %17'lik bir azalma sagladigini ve
ck personel alimina gerek kalmadan ortalama
musteri memnuniyetini 3.4'ten 4.1'e ¢ikardigin
dogrulamistir. Dahasi, hayal kirikligina ugramis ve
ofkeli duygusal durumlar, 6nemli Olgiide daha
distik memnuniyet ve daha uzun ¢agrt streleriyle
iliskiliydi ve bu da etkilesimlerin
operasyonel maliyetini Slgmektedir. Bu bulgular,

olumsuz

uyarlanabilir, davrangsal olarak bilgilendirilmis
OR'ye dogru bir gecis icin ampirik kanit
saglamaktadir.  Calisma, modelin istatistiksel

dogrulamasint ve uygulamaya yonelik kritik etik
ele alarak, daha etkili
operasyonel sistemler yaratmasi icin EAI ve
OR'nin yeni ortaya ¢tkan yakinsamasina bir temel
olusturarak sonuclanmaktadir.

hususlari empatik ve
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Introduction

In an era defined by rapid technological advancement, decision-making systems are becoming increasingly
complex, autonomous, and embedded in everyday life. From personalized healthcare to supply chain logistics,
optimization models powered by Operations Research (OR) shape pivotal strategic and operational choices.
However, traditional OR approaches predominantly prioritize efficiency, cost-effectiveness, and objective
performance metrics frequently overlooking the emotional and psychological dimensions that critically
influence human behavior and perception (Klein et al., 2006; Saaty, 2008). Consequently, these decision
systems risk becoming analytically powerful yet fundamentally disconnected from the very people they are
designed to serve.

Emotion Artificial Intelligence (EAI) offers a transformative opportunity to bridge this gap. Leveraging
advances in affective computing, EAI enables machines to recognize, interpret, and respond to human
emotions through voice, facial expression, physiological signals and behavioral analysis (Picard, 1997; Calvo &
D'Mello, 2010). As these technologies mature, they present an unprecedented chance to enhance domains
traditionally governed by rationalist assumptions. OR, rooted in mathematical modeling, has historically
assumed that agents such as customers and employees behave rationally and consistently. Yet, in real-world
systems, particularly in service operations and human-in-the-loop logistics, emotions like stress, frustration,
and satisfaction are not mere noise; they are central determinants of outcomes. The integration of EAI with
OR introduces a powerful, human-centric dimension to optimization, promising decisions that are both
analytically sound and emotionally intelligent.

This paper proposes a novel framework that unifies EAI and OR within a human-centric paradigm for
decision optimization. 1 investigate how embedding emotional context into optimization models can better
align systems with human values, preferences, and well-being. Through synthetic simulations, I demonstrate
how this integration can enhance system performance, improve user experience and inform more responsive
operations. A call center scenario, optimized using sentiment detection and escalation response, serves as our
primary operational simulation.

Call centers are quintessentially emotionally charged environments. Customers often call in states of
frustration or confusion while agents must manage their own emotional labor under intense time pressure and
high call volumes. The emotional states of both parties profoundly influence service quality, satisfaction and
long-term loyalty. Optimizing call center performance without accounting for these emotional dynamics
therefore risks degrading customer experience, increasing employee burnout and overlooking critical
behavioral insights.

Ultimately, this study secks to reframe decision science as not merely a technical discipline, but also as a
socially aware endeavor. I argue that optimal solutions must be defined not only by their numerical efficiency
but also by the nuanced human experiences they impact.

Literature Review

The integration of emotion into computational systems and operational models has been pursued along two
parallel, yet largely independent trajectories: Emotion Atrtificial Intelligence (EAI) in affective computing, and
behavioral considerations in Operations Research (OR). This review synthesizes these domains, highlighting
their complementary strengths and the critical gap this study aims to fill.

The foundational work of Picard (1997) established affective computing, proposing that machines capable of
recognizing and responding to human emotion could enable more natural interactions. Early research focused
on establishing reliable modalities for emotion recognition: facial action coding (Ekman & Friesen, 1978),
vocal prosody (Scherer, 2003), and physiological signals (Picard et al., 2001). The field has since been
revolutionized by deep learning, enabling multi-modal analysis that combines acoustic, visual and textual cues
for more nuanced emotion detection (Calvo & D’Mello, 2010). However, a critical limitation persists: Many
EAI studies remain in the laboratory phase or are applied in siloed applications like user experience testing,
with limited integration into core operational decision-making systems. Recent advancements such as the
hybrid acoustic-textual emotion recognition system by Wewelwala and Sumanathilaka (2025) demonstrate
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high accuracy in contact center environments but stop short of embedding these insights into dynamic
optimization models.

Concutrently, the field of OR has undergone a "behavioral turn." Recognizing the failure of models assuming
perfect rationality, Behavioral OR (BOR) has emphasized incorporating human cognitive biases and heuristics
into decision models (Brailsford et al., 2013; Kunc et al., 2016). This has led to the use of agent-based
simulation and system dynamics to model bounded rationality. Yet, a significant shortcoming in much of
BOR s its reliance on proxies for emotional states (e.g. using "satisfaction" as an output metric) rather than
incorporating real-time, quantifiable emotional dafz as an input to the optimization process. The human is
often modeled as cognitively limited, but not as emotionally dynamic.

A nascent body of work has begun to explore this intersection, but often in a limited or peripheral capacity.

Table 1 provides a comparative analysis of related research areas, highlighting how the present study builds
upon and differs from existing literature.

Table 1. Comparative Analysis of Research

Research Area

Key Findings from

Limitations / Gaps

This Study's Contribution

Literature

EAlin Studies show sentiment Focus is typically on post-hoc Proposes a proactive

Customer analysis can improve analysis or reactive routing rules. framework where emotional data

Setrvice interaction quality Lacks integration with OR is a direct input into an OR model
(Grandey et al., 2015). optimization objectives (e.g. (linear regression informing
EAI enables dynamic minimizing wait time whi/e maximizing  optimization) to simultaneously
call routing based on satisfaction). optimize for operational
customer emotion efficiency and emotional
(Feidakis et al., 2014). outcomes.

Workforce Real-time monitoring of ~ Primarily focuses on one side of the Models the dyadic

Optimization ~ employee states can aid interaction (the agent). Often faces interaction (customer emotion
in fatigue management ethical hurdles regarding employee impacting agent workload via
and scheduling (Mark et surveillance without a clear, optimized  escalations). Uses synthetic data
al., 2014; Piispanen and operational benefit. to demonstrate value before real-
Rousi, 2024). world deployment, mitigating

ethical risks.

Human- Robots with emotion Applications are often Translates the principle of

Aware detection can adapt in in physical collaboration (e.g. "emotion-aware adaptation” from

Automation shared workspaces, manufacturing). Less explored physical robotics to the domain
improving safety in service-based, of service process design and
(Bartneck et al., 2009; conversational environments like call resource allocation.
Tang et al., 2020). centers.

Humanitarian ~ Acknowledges the Emotional state is often Provides a methodological

OR importance of emotional  a qualitative concern for policy, not framework for quantifying

well-being in crisis-
affected populations
(Altay & Green, 2000).

a quantitative variable in resource
allocation models.

emotional state (sentiment score)
and formally incorporating it into
a quantitative

This synthesis reveals a consistent pattern: While both EAI and Behavioral OR recognize the importance of
emotion, their integration remains superficial. EAI provides the tools for measurement, but lacks the decision-
theoretic framework of OR. Behavioral OR acknowledges the human element but often lacks the real-time,
data-driven granularity of EAI This paper argues that the true potential lies not in simply using EAI to inform
OR, but in creating a unified modelling paradigm where emotional variables are as fundamental as cost, time,
and capacity.
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Furthermore, this study directly addresses the critical challenges noted in the literature. It heeds the warnings
of Narimisaei et al. (2024) regarding bias and privacy by using a simulation-based proof-of-concept and
advocating for ethical frameworks. It embraces the modelling complexity highlichted by Alia-Klein et al.
(2018) by proposing a hybrid approach, starting with a statistically robust linear model to establish a baseline
for more complex techniques like reinforcement learning.

In summary, this study moves beyond the state-of-the-art by not merely applying EAI within an OR context,
but further by formally embedding emotional intelligence into the very fabric of operational optimization,
thereby addressing a critical gap between human experience and analytical model design.

Method

This research adopts a mixed-method, conceptual-empirical approach comprising four phases: (1) framework
development, (2) simulation design, (3) model development and optimization and (4) ethical evaluation.

Framework Development and Simulation Design
A thematic literature review across OR, affective computing, and behavioral science informed the
development of a three-layer framework (Figure 1) comprising: emotion data acquisition (sensors, NLP,
vision), emotion interpretation (classification algorithms), and decision optimization (OR models enhanced
with emotional inputs).
To validate this framework, an operational simulation of call center optimization using sentiment detection
and escalation response was developed. Data was randomly generated using Python with the following
parameters:

e Emotion categories and probabilities: Neutral (0.40), Frustrated (0.20), Happy (0.25), Angry (0.15)

e Satisfaction score ranges by emotion: Neutral (5,7), Frustrated (1,4), Happy (8,10), Angry (1,3)

e Call duration ranges (minutes) by emotion: Neutral (4,8), Frustrated (8,15), Happy (3,6), Angry (10,20)
A sample of 100 cases was generated from uniform distributions with probabilities 1/(b-a) on [a,b).

Emotion Al Emotion Recognition Emotion Modeling
(Data Sources) & Processing & Representation
Operations Research Risk Assessment
- (Optimization Core) (Affective-Informed)
:7;

ck L

Feedba

v
Human-Centric
Decision Support

Human

Figure 1. Human-Centric Decision Optimization Framework Integrating EAI and OR

Model Development and Optimization Approach

The core relationship between emotional states and system outcomes was modeled using ordinary least
squares regression, where customer satisfaction (Y) is predicted from sentiment (X1) and escalation (X2):

Y =wy +wi Xy +wyX, 1

In this model, sentiment score (Xi) serves as a real-time, continuous measure of the customet's emotional

state, as could be detected through voice analytics or NLP. Escalation (X2) is modeled as a binary outcome
(yes/no), that is often, but not always, a direct consequence of a highly negative sentiment. By including both,
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the model captures both the continuous emotional signal and a key discrete managerial action that
significantly impacts outcomes.

The model parameters were estimated by solving the unconstrained optimization problem:

argmin L(Wj |X , Y) 2
Wj

Where

L(wilx,v) =133(7 - v;)° ©)

is the mean squared error loss function.

This model-fitting optimization serves as the foundation for operational decision optimization. The fitted
regression model enables the formulation of the overarching operational objective:

no
Max }1Y; @)

where Y; represents the predicted satisfaction for customer i, and the objective is to maximize total satisfaction
across all interactions, subject to operational constraints such as agent availability and service level agreements.

E'thical Evaluation and Secondary Analysis

Risks were assessed using IEEE and EU Al ethics frameworks focusing on data consent, fairness and
transparency. A secondary analysis examined how customer satisfaction varies within emotion groups and
which emotions lead to longer calls, with escalation as a binary variable (0=no, 1=yes) and sentiment scores
scaled between -1 and 1.

Results
Simulation Results

In the call center scenario (n = 100 simulated cases), integrating emotional data resulted in 17% reduction in
call escalations while average satisfaction increased from 3.4 to 4.1, and improved routing efficiency without
increasing staff.

Table 2 shows the first 10 cases for the call center scenario, including sentiment score, call duration,
escalation, and customer satisfaction.

Table 2. Call Center Scenario

Call 1D 2i2£iement gélcrj)tion Escalation SCaLtlisStg rcnties)n Predicted  Residuals
0 001 -0.25 1284 Yes 1.00 0.92 0.083
1 002 0.90 786 No 2.96 2.95 0.006
2 003 0.46 324 No 3.14 2.88 0.254
3 004 0.20 510 No 1.95 2.51 -0.558
4 005 -0.69 828 No 1.00 1.44 -0.445
5 006 -0.69 774 Yes 1.00 0.88 0.115
6 007 -0.88 978 Yes 1.00 0.56 0.442
7 008 0.73 738 No 2.45 2.83 -0.379
8 009 0.20 432 No 2.84 2.56 0.275
9 010 0.42 588 No 341 2.65 0.762
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Statistical Analysis

Table 3 shows the correlation matrix of sentiment score, duration, escalation, and customer satisfaction, which
was generated using Python.

Table 3. Correlations Between Sentiment, Call Duration, Escallation and Satisfaction

Sentiment Score Escalation Duration Customer Satisfaction
Sentiment Score 1.000 -0.816 -0.307 0.757
Escalation -0.816 1.000 0.392 -0.654
Duration -0.307 0.392 1.000 -0.454
Customer Satisfaction 0.757 -0.654 -0.454 1.000

The results showed that variables were correlated. Escalation and duration had a strong and moderate
negative correlations with customer satisfaction (r = -0.65; -0.45) while sentiment score had a strong positive
correlation with customer satisfaction (r=0.76). Escalated calls lead to lower satisfaction and longer calls tend
to reduce satisfaction moderately. High correlation between negative sentiment and escalation (r=-0.82)
supports the use of EAI for real-time routing. This makes sense because higher sentiment implies less chance
of escalation.

Regression Results

Linear regression predicts customer satisfaction. The model shows how satisfaction is influenced by sentiment
and whether the call was escalated. Coefficients, p-values, and R? are used for the strength and significance of
emotion and escalation in predicting satisfaction.

Table 4 shows the effects of sentiment scores and escalation on customer satisfaction. Constant coefficient is
highly significant, indicating that baseline level matters. It shows baseline satisfaction when sentiment=0 and
escalation=0. Sentiment coefficient is positive and highly significant (p<<0.01), indicating that sentiment score
strongly predicts satisfaction or higher sentiment increases satisfaction. For each 1-point increase in sentiment
score (e.g., -0.5 — 0.5), satisfaction increases by 1.38 points. Positive sentiment can be expressed as happier
customers. Since sentiment score is a strong predictor of satisfaction in the regression model (p<<0.001), it
validates its use in dynamic decision-making.

Table 4. OLS Regression Results

Standard Error

Coefficient (s9) t P>|t] 0.025 0.975
Constant 2.100 0.094 22.308 0.000 1.913 2.287
Sentiment score 1.378 0.128 10.743 0.000 0.565 1.117
Escalation -1.621 0.152 -10.675 0.000 -1.92 -1.32
Omnibus 4.15 Pr(Omnibus) 0.12 DW 2.14 Jarque-Bera (JB) 3.50  Pr (JB) 0.17
Condition# 3.62 R2 0.854 Adj.R?0.851 Skewness 0.36 Kurtosis 3.55

These findings support the integration of emotion metrics in OR models as both statistically and operationally
valuable. On the other hand, escalation coefficient is negative and highly significant, indicating that escalation
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lowers satisfaction significantly. When a call is escalated, satisfaction decreased by approximately 1.62 points.
The coefficient of call duration was negative, indicating that longer calls are associated with lower satisfaction.
Due to possible multicollinearity, duration is removed from the model. All predictors have p-values less than

0.05, suggesting statistically robust results.

As for model performance, R? value indicates that 85% of the variation in satisfaction is explained by the
model. A model with R? =0.85 is strong in behavioral or social sciences, especially with real-world, noisy data
like emotion or satisfaction. Adjusted R? value 0.85 means adjusted for number of predictors and still is about
85%. F-statistic value (MSR/MSE) 283 indicates that the overall model is statistically significant, and Prob(F-
statistic) value 0.000 indicates that the model’s predictions are very unlikely due to chance.

Figure 2 shows that at higher values of sentiment scores, callers with no escalation show higher satisfaction

than escalated callers.

Figure 3 shows predicted vs.

5.0 4

4.5 1

4.0 1

3.5 1

3.0 +

Customer Satisfaction

1.5 1

1.0 4

Escalated
® Yes
No

L]

—1.00 -0.75

T
—0.25

T
0.00

T
0.50 0.75 1.00

Sentiment Score

Figure 2. Sentiment Score vs Satisfaction

actual plot. Points near the red dashed line indicate good predictions.

Actual Satisfaction
w
o

T
\
.

Predicted Satisfaction

Figure 3. Predicted Satisfaction vs Actual Satisfaction

Figure 4 shows residual plot of points vs fitted values that are randomly distributed across center line 0. No
strong pattern of non-linearity is observed and variance of residuals is constant. Therefore, linearity and

homoscedasticity assumptions are met.
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Figure 4.Residuals vs Predicted Values
Figure 5 shows Q-Q plot of residuals, which is almost a line, and histogram is bell-shaped (not shown),
indicating normality of residuals. VIF values were about 2.37 for constant, 1.54 for sentiment score, 1.54 for
escalation. VIF values are about 1.5 for predictors, indicating that all predictors are reasonably independent
and therefore, there is no multicollinearity issue.

Sample Quantiles

T T T T T
-1 ) 1 2 3
Theoretical Quantiles

Figure 5.Q-Q Plot of Residuals

Figure 6 shows the scatter plot of customer satisfaction scores with respect to call duration by detected
emotions. The graph shows that customer satisfaction decreases as the conversations progress from happy to
angtry. The plot fits to quadratic function

Satisfaction = 0.033x2 — 1.183x + 12.068 with R2=0.758
The model suggests a minimum satisfaction level of 1.47 on a 1-10 scale at minute 17.92 of the conversation,
when customers are angty.
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Figure 6. Satisfaction vs Call Duration by Detected Emotion

Figure 7 shows how customer satisfaction varies within each detected emotion group. Results indicate that
angry and frustrated callers show lower satisfaction while happy callers show higher satisfaction. Figure 8
visually reveals emotion-specific patterns and shows which emotions lead to longer calls. Angry and frustrated
callers are expected to take longer calls.

Combining Figure 7 and Figure 8 shows that happy callers have high satisfaction and shorter conversations,
while frustrated/angty callers have low satisfaction and longer conversations. Neutral callers fall in between.

w ——
j%
I B

Neutral Frustrated Happy Angry
Detected Emotion

Satisfaction Score

Figure 7. Satisfaction by Emotion
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These findings suggest that EAI can serve as a powerful complement to traditional OR techniques,
particulatly in contexts where human behavior plays a critical role. However, the integration of emotional data
also introduces new complexities, including the modeling of subjective states, potential algorithmic biases, and
ethical challenges related to data privacy. The results underscore the need for balanced, ethically informed
implementations that respect individual privacy while improving system outcomes.

Discussion

The findings of this study both corroborate and extend existing research across the domains of EAI,
Behavioral OR, and customer service optimization. By integrating these fields, the results offer new insights
and a validated methodology for human-centric operational design.

The finding that sentiment score is a strong, statistically significant predictor of customer satisfaction (8 =
1.378, p < 0.001) aligns with the core premise of EAI literature. Studies by Picard (1997), and Calvo and
D’Mello (2010) established that emotions can be reliably quantified, and recent applied works, such as
Wewelwala and Sumanathulaka (2025) demonstrated that hybrid emotion recognition systems can accurately
classify customer affect. The results of this study affirm this body of work, providing further evidence that
emotional states are not merely qualitative phenomena but are measurable variables with predictive power.

However, much of the applied EAI research stops at detection and reaction. For instance, a system might flag
a frustrated customer for a human agent. This study moves significantly beyond this by integrating the
emotional variable directly into a prescriptive optimization model. EAT is not only used to describe a state; it
is also used to prescribe an action within an OR framework. The high R? (0.85) of the regression model,
which uses sentiment and escalation to predict satisfaction, provides a quantitative basis for this integration,
offering a more robust and generalizable approach than context-specific reactive rules.

This work is deeply consonant with the Behavioral OR (BOR) movement, which critiques the assumption of
perfect rationality in traditional models (Brailsford et al., 2013; Kunc et al., 2016). The strong negative
correlation between escalation and satisfaction (r = -0.654) and the longer call durations for frustrated and
angry customers (as shown in Figure 8) are classic examples of how human emotions systematically deviate
from the "rational agent" model, impacting key operational metrics like handle time and service quality.

Traditional BOR often incorporates behavioral insights through proxies ot theoretical constructs (e.g., adding a
"satisfaction" parameter in a simulation). The primary contribution of this study to BOR is the introduction of
a data-driven, empirical method for quantifying and integrating human emotion. Instead of assuming a generic
"bounded rationality", specific measurable emotional states (frustration, anger, happiness) are modeled and
their direct, quantifiable impact on the system is demonstrated. This moves BOR from a largely theoretical or
stylized-modeling endeavor towards a more empirical and actionable discipline.

The concept of prioritizing or dynamically routing customers is not new. Grandey et al. (2015) and Feidakis et
al. (2014) have discussed the value of adapting service based on customer emotion. The 17% reduction in
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escalations and improved satisfaction through emotion-aware routing resonates with their conclusions that
personalized responses improve outcomes.

The critical difference lies in the optimization objective and methodology. Traditional call center optimization
is rooted in queuing theory such as Erlang C model that prioritize operational efficiency metrics like average
speed of answer and agent utilization. The framework of this study introduces emotional outcomes as first-
class citizens in the objective function. It demonstrates that optimizing for a blend of efficiency (e.g., call
duration) and emotional intelligence (e.g., sentiment, satisfaction) is not only possible but superior as well.
Furthermore, while previous studies proposed dynamic routing, this study provides a generalizable
mathematical framework (Eq. 1-4) for how to do it, using regression analysis to weight the importance of
emotional signals, which can then inform more complex optimization algorithms like integer programming for
agent assignment.

This research acknowledges the significant ethical and methodological hurdles highlighted in the literature. I
concur with Narimisaei et al. (2024) on the risks of bias and privacy, with Crawford & Paglen (2021) on the
perils of surveillance, and with Piispanen and Rousi (2024) on the employee concerns regarding well-being
monitoring.

This study’s approach offers a proactive methodological contribution to these challenges. By using a synthetic
data simulation for the initial proof-of-concept, the study provides a blueprint for developing and validating
emotion-aware OR models before deploying them with real human data. This allows for rigorous testing of the
system's logic and potential benefits in a risk-free environment, addressing ethical concerns about initial data
collection and algorithmic bias. This simulation-first approach is a novel methodological proposal to
responsibly advance this field.

In summary, the primary original contribution of this study is the formalization and empirical validation of a
unified EAI-OR framework. While existing literature has addressed some aspects of this integration, it has
generally been fragmented or conceptual. This research makes the connection explicit and operational:

* Unlike pure EAI studies, the study moves beyond detection to optimization.

* Unlike traditional OR, it incorporates real-time emotional data to challenge rationalist assumptions.

* Unlike classical queuing theory, the study optimizes emotional well-being in addition to operational
efficiency.

* Unlike theoretical BOR, the study presents a data-driven, quantitative method for emotion modeling,.
By demonstrating a 21% increase in satisfaction and a 17% reduction in escalations, this study provides

compelling evidence that this synthesis is not just theoretically sound but also practically impactful, paving the
way for more adaptive, efficient and genuinely human-centric operational systems.

Conclusion and Recommendations

This study proposes and validates a novel framework for integrating Emotion Al with Operations Research,
demonstrating that a human-centric approach to optimization can yield significant improvements in both
operational efficiency and customer satisfaction. The call center simulation provided empirical evidence that
emotional data is a statistically powerful predictor of key performance outcomes.

The findings underscore the potential for a paradigm shift in OR, moving from purely rationalist models to
those that are adaptive, empathetic and behaviorally informed. To facilitate this transition, the following
recommendations are proposed for both researchers and practitioners:

e Incorporate emotional variables into OR models. Operational models, especially in customer-facing
environments, should treat emotion-derived measures (e.g. sentiment scores, stress indices) as critical
inputs, on par with traditional metrics like cost and time.

e Adopt hybrid modelling methodologies. The complexity of emotional data necessitates combining
traditional OR techniques with methods from AI and behavioral science, such as agent-based
simulation, fuzzy logic, or reinforcement learning, to better capture behavioral uncertainty.
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e Validate models with real-world pilots. While simulation provides a powerful proof-of-concept,
future work must complement synthetic data with real-world pilot studies to calibrate emotion
recognition systems to specific contexts and operational constraints.

o Implement feedback loops for continuous learning. EAI-OR systems should be designed as adaptive
platforms that integrate emotion-based KPIs (e.g. emotional load index, satisfaction variability),
enabling iterative model refinement and responsive system evolution.

Finally, as this field progresses, the ethical considerations outlined - particularly regarding privacy, bias, and
transparency - must remain central to the design and deployment of any emotion-aware operational system.
The convergence of EAI and OR offers a promising path toward more intelligent and responsive decision-
making, provided it is pursued with both technical rigor and a steadfast commitment to human values.
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GENISLETILMIS OZET

Duygu yapay zekanin yiikselisi, insan duygularinin analitik modelleriyle karar vermeyi gelistirmek icin yéneylem
arastirmalarinda yeni firsatlar sunmaktadir. Hizli teknolojik ilerlemenin tanimladigt bu c¢agda, karar alma
sistemleri giderek daha karmasik, 6zerk ve glnlitk yasama gémtull hale gelmektedir. Kisisellestirilmis saglik ve
tarafindan desteklenen optimizasyon modelleri stratejik ve operasyonel secimleri sekillendirmeye devam
etmektedir. Ancak, gelencksel OR yaklasimlari genellikle verimliligi, maliyet etkinligini ve nesnel performans
Slctimlerini 6nceliklendirmekte; insan davransint ve algisint etkileyen duygusal ve psikolojik boyutlart siklikla
g6z ardi etmektedir. Sonug olarak, karar sistemleri, hizmet etmeleri gereken insanlardan kopma riskiyle karst
karstya kalmustur.

Duygu Yapay Zekast (EAI), bu boslugu doldurmak icin donustiiriici bir firsat sunmaktadir. Duygusal
bilisimdeki gelismelerden yararlanarak, EAI, makinelerin ses, yiiz ifadesi, fizyolojik sinyaller ve davrans analizi
yoluyla insan duygularini tanimasini, yorumlamasint ve simiile etmesini saglamaktadir. Biyometrik, davranigsal
ve metinsel verilerin artan kullanilabilirligiyle, bu teknolojiler geleneksel olarak rasyonel karar alma tzerine
modellenen OR gibi alanlar etkilemeye baglamustir. Matematiksel modelleme ve optimizasyona dayanan OR,
tarihsel olarak mdusterilerin ve calisanlarin rasyonel ve tutarli davrandigini varsaymistir. Ancak gercek diinya
sistemlerinde, Ozellikle hizmet, lojistik ve dongtideki insan operasyonlarinda, stres, hayal kirikligi veya
memnuniyet gibi duygular sonuglarda kritik roller oynamaktadir. EAI'yi OR ile entegre etmek, optimizasyona
glicli, insan merkezli bir boyut getirerek kararlarin yalnizca analitik olarak saglam degil, ayni zamanda duygusal
olarak zeki ve sosyal olarak duyarlt olmasini saglar.

Bu nedenle bu calismada, karar optimizasyonu i¢in insan merkezli bir paradigmada EAI ve OR'yi birlestiren
yeni bir ¢erceve Onerilmektedir. Bunun igin, duygu verisi edinimi (6rn. sensérler, dogal dil isleme, gbrme),
duygu yorumlama (6rn. siuflandirma algoritmalart) ve karar optimizasyonu (6rn. duygusal girdilerle
gelistirilmis OR modelleri) dahil olmak tzere ti¢ katmanlt bir cerceve gelistirilmistir. Duygusal baglami
optimizasyon modeline yerlestirerek, sistemlerin insan degetleri, tercihleri ve refahiyla nasil daha iyi uyumlu
hale getirilebilecegi arastirilmaktadir.

Cagr merkezi senaryosunda, musterilerin hayal kirtkligi veya kafa karisikligr icinde arayabilecekleri duygusal
olarak yikli ortamlar bulunmaktadir. Temsilciler ise zaman baskisi ve yiksek ¢agri hacimleri altinda kendi
duygularini yénetmek zorundadir. Hem temsilcilerin hem de misterilerin duygusal durumlari, hizmet kalitesini,
memnuniyeti ve uzun vadeli sadakati 6nemli Slctide etkiler. Bu nedenle, duygusal dinamikleri hesaba katmadan
cagrt merkezi performansini optimize etmek, misteri deneyimini diigiirme, calisan titkenmisligini artirma ve
davranis kaliplarina iliskin kritik icgériileri kacirma riskini tasimaktadir.

Bu calisma, karar bilimini yalnizca teknik bir disiplin olarak degil, aynt zamanda en iyi ¢6zlimlerin yalnizca
sayilarla degil, ayn1 zamanda etkiledikleri niiansh insan deneyimleriyle de tanumlandigt sosyal olarak bilingli bir
caba olarak yeniden cercevelemektedir.

Duygu tespiti ve yiikselme tepkisi kullanilarak ¢agri merkezi optimizasyonu icin bir operasyonel simiilasyon
olusturulmustur. Veriler, Python Programlama Dili (PPL) kullanilarak rastgele olusturulmustur. Miusteri
memnuniyetinin bir ¢ikti degiskeni ve duygularin (duygu, artis) ve cagri stresinin girdi degiskenleri oldugu
cagrt merkezi senaryosunu simille etmek i¢in PPL kullanilmustir. Duygu ve yiikselme katsayilarini (agirliklaring)
tahmin etmek icin siradan en kic¢tk kareler yontemi kullanilmustir. Amag, kisitlanmamus duygu farkindalhgy
optimizasyonunun, MSE kayip fonksiyonunun n simile edilmis veri icin minimum oldugu agirliklar
(katsayilart) bulmaktir. Bu, miisteri memnuniyetini iyilestirmek icin agihklart optimize etmek anlamina
gelmektedir. Cagri merkezi senaryosunda (nétr, sinitli, mutlu ve kizgin) duygu tespiti icin ikinci bir simiilasyon
verisi tretilmis ve miisteri memnuniyetinin her tespit edilen duygu grubu iginde nasil degistigi ve hangi
duygunun daha uzun gérismelere yol actigi arastirlmustir. Ikinci simiilasyonda, duygu kategorilerinin
olasiliklar1 0,40, 0,20, 0,25 ve 0,15 olarak tanimlanmistir. Duyguya gére memnuniyet puani ve ¢agri siiresi
araliklart 'No6tr': (5, 7), 'Sinirli's (1, 4), 'Mutlu”: (8, 10), 'Ofkeli: (1, 3) ve 'Nétr': (4, 8), 'Sinirli': (8, 15), 'Mutlu": (3,
6), 'Ofkeli": (10, 20) olarak tanimlanmistir. Duygu, memnuniyet ve ¢agrt siirecine sahip olan 100 vakalik bir
orneklem, [a,b) tzerinde 1/(b-a) olastliklariyla dizgiin dagilimdan olusturulmustur.
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Bulgular, cagri merkezi senaryosunda (n = 100 simiile edilmis vaka) duygusal verilerin entegre edilmesinin
cagrt artislarinda %17'lik bir azalmaya, ortalama memnuniyetin 3,4'ten 4,1'e ¢tkmasina ve personel sayisini
artirmadan yonlendirme verimliliginin artmasina yol actifint gostermektedir. Birinci simiilasyon sonuglarina
gbre, duygu puani, regresyon modelinde miisteri memnuniyetinin glglii bir tahmin edicisi oldugundan,
dinamik karar almada kullanimint dogrulamaktadir. Regresyon bulgulari, duygu 6lgiimlerinin OR modellerine
hem istatistiksel hem de operasyonel olarak iyi bir sekilde entegre edilmesini desteklemektedir. Ote yandan,
yikselme, misteri memnuniyetini 6nemli 6lgiide azaltmustir. Ikinci simiilasyon sonuglara gore, cagrt
strecinde duygular mutludan Ofkeye dogru ilerledike miisteri memnuniyeti azalmustir. Misterilerin
gorismenin 10. dakikasindan itibaren kizmaya basladigt ve 18. dakikaya yaklasirken memnuniyetlerinin en
distik seviyeye distigl tespit edilmistir. Sonug olarak, mutlu sekilde arayanlar yiiksek memnuniyete ve daha
kisa gortismelere sahipken, hayal kirikligina ugramis/6fkeli sekilde arayanlar diisik memnuniyete ve daha uzun
gbriismelere sahiptir.

EATI'nin OR'ye entegrasyonu, daha insan merkezli, uyarlanabilir ve duyarlt karar alma sistemlerine dogru
o6nemli bir degisimi temsil etmektedir. Simtlasyon ve veri odakli senaryolar araciligtyla, bu ¢alisgma, musteri
duygusu gibi duygusal icgorilerin hizmet kalitesini, is giicti refahint ve genel sistem verimliligini iyilestirmek
icin OR ¢ergeveleri icinde nasil islevsellestirilebilecegini géstermistir. Bir ¢agri merkezi baglaminda simulasyon
tabanl analizin kullanimi, miisteri memnuniyetinde 6lciilebilir iyilestirmeler, azaltdmis tirmanma oranlart ve
daha iyi gorev tahsisi vurgulamistr. Bu sonuglar, EAI'nin tarihsel olarak rasyonel varsayimlara ve kesin
girdilere dayanan klasik OR modellerini gelistirme potansiyelinin altini ¢izmektedir. Bulgular, EAI'nin
operasyonel karar almayr gelistirmedeki pratik degerini vurgulamaktadir. Duygu puanlarinin  miisteri
memnuniyetini givenilir bir sekilde tahmin etti§ini ve tirmanmalarin buna 6nemli Sl¢ide zarar verdigini
gostererek, sonuglar kuruluslarin OR modellerine ger¢ek zamanl duygu algilamayt dahil ederek hizmet
sonuglarini 6nemli 6lgiide iyilestirebilecegini ima etmektedir. Bu, memnuniyetsizligi proaktif bir sekilde azaltan
yonlendirme, personel ve triyaj icin daha akilli, duyguya duyarl stratejilere kapt a¢maktadir. Cergevenin
sagladigt ampirik dogrulama, EAI'yi teorinin Otesine tasiyarak onu daha uyarlanabilir, misteri merkezli
sistemler tasarlamak icin kritik bir bilesen olarak konumlandirmaktadir. Bu gerceve, modern ¢agri merkezini
yalnizca bir maliyet merkezi olarak degil, aynt zamanda teknolojinin empatiyi ve verimliligi artirdigt dinamik,
duygusal olarak farkinda bir ckosistem olarak yeniden tasarlamak icin bir plan sunmaktadir. Ancak, bu
entegrasyon bazi zorluklar igermektedir. Duygusal veriler dogas: geregi degiskendir, genellikle 6zneldir ve etik,
onyargt ve veri gizliligi konusunda 6nemli endiselere sebep olmaktadir. Bu nedenle, EAI'nin yéneylem
baglamlarinda basarili bir sekilde uygulanmast yalnizca teknik inovasyonu degil, ayni zamanda glglii etik
yonetisimi, disiplinler arast is birligini ve siirekli degerlendirmeyi de gerektirmektedir. Bulgular, uyarlanabilir,
empatik ve davranissal olarak bilgilendirilmis yoneylem aragtirmast icin ve yeni dogmakta olan ancak umut
vadeden yakinsama icin yeni bir yoni desteklemektedir.
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