
Modeling Emotional Functions in Shared Decision-Making: A Bayesian Approach 

Abtin Mogharabin (abtin.mogharabin@metu.edu.tr) 

Department of Statistics, Middle East Technical University 

 

 

Abstract 

Decision-making, particularly in high-stakes environments 

such as healthcare and emergency response situations, is 

heavily influenced by emotional and pragmatic factors. 

However, past work in Bayesian Theory of Mind mainly 

focused on the pragmatic aspect of rational reasoning, often 

neglecting the critical role that emotional and contextual 

influences play in shaping decisions under pressure. As a 

result, they are unable to suitably represent phenomena such as 

life changing medical decisions under pressure. In this paper, I 

propose a model for the dynamics of high-stake shared 

decision-making (SDM) based on the rational speech acts 

(RSA) framework. For this purpose, I use various strategies to 

incorporate the four main effects of emotions in human 

decision-making, as theorized by Pfister and Böhm (2008). 

Particularly, I expand this framework by introducing the multi-

agent listener/observer model for scenarios consisting of more 

than two agents. Then, I provide a case study of medical SDM 

for a cancer patient about the post-surgery treatment options. I 

conduct detailed comparisons of the model’s results and the 

past known literature on the possible effects of emotions on the 

patient’s decision. 

Keywords: Theory of Emotions, Bayesian Decision Theory 

Rational Speech Acts, Shared Decision Making 

I.  Introduction 

“The heart has its reasons which reason knows nothing 

of”      — Blaise Pascal, Pens ́ees 

Introducing prospect theory, Kahneman and Tversky (1979) 

criticized the expected utility theory proposed by Neumann 

and Morgenstern (1947) by analyzing human decision-

making under risk. Through experimental methods, they 

challenged the notion that rational agents must always 

maximize utility in all scenarios. They demonstrated that 

individuals evaluate potential losses and gains relative to a 

reference point, i.e., their perception, rather than in absolute 

terms. Similarly, Richard Lazarus, in his book Psychological 

Stress and the Coping Process (1966), defined emotions as a 

relationship between the person and the environment, shaped 

by how individuals subjectively assess the personal 

significance of a situation, goal, or action. This concept led 

to the introduction of the cognitive appraisal theory.  

   Building on previous literature, Pfister and Böhm (2008) 

analyzed the past theories of emotion. They argued that much 

of the earlier research on the effect of emotion in decision-

making suffers from three main problematic assumptions: (1) 

in the irrational view of emotions, decision making is 

considered a purely rational mental process that is 

jeopardized by emotions. However, evidence is accumulating 

that this conception might be false (Bechara & Damasio, 

2005; Bechara, Damasio, Tranel, & Damasio, 1997). In fact, 

without emotional involvement, decision making might be 

far from optimal (Damasio, 1994). (2) The positive-negative 

dichotomy of emotions assumes that all emotional states can 

be mapped onto a one-dimensional valence scale 

characterized by contrasting labels, such as positive versus 

negative (Barrett, 2006b; Russell, 2003). Pfister and Böhm 

(2008), similar to Solomon and Stone (2002), point out that 

classifying all emotions into pure positive/negative groups 

might be impossible. For example, what is good or beneficial 

need not be pleasurable, and what is harmful might 

nevertheless be satisfying. (3) The assumption of emotions as 

a homogeneous category treats emotions as a single, unified 

category of real and natural phenomena rather than as 

conceptual constructions (Charland, 2002; Boyd, 1999; 

Griffiths, 2004). More recent work provides evidence that 

generalizations about emotions are based on similarity by 

analogy rather than homology, meaning that no universal 

physiological, neurological, or behavioral regularities 

reliably identify all emotions (as discussed in Griffiths, 1997, 

2004). In addition, Barrett (2006a) demonstrates that 

particular emotions, such as anger and sadness, do not 

typically exhibit a homeostatic property cluster.  

   Taking the above evidence into account, Pfister and Böhm 

(2008) introduced a four-way theory of emotion in decision 

making that not only follows many of the strengths from 

previous theories, but also avoids the abovementioned three 

key criticism. Pfister and Böhm's approach distinguished the 

effect of emotional phenomena on decisions in four distinct 

functions: the information function, associated with joys and 

(dis)likes, provides insights into the pleasure and pain linked 

to specific actions or outcomes; the speed function, amplified 

by fear and disgust, facilitates quick decisions under time 

constraints; the relevance function, influenced by regret and 

disappointment, helps focus attention on the most pertinent 

aspects of a decision; and the commitment function, 

strengthened by guilt, love, and anger, ensures adherence to 

decisions that align with social and moral values. In the 



computational modeling section, I will further elaborate on 

these four functions of emotion and discuss my 

interpretations of them from a modeling perspective. 

Stivers, T., & Timmermans, S. (2021). Arriving at no: patient 

pressure to prescribe antibiotics and physicians’ responses. 

Social Science & Medicine, 290, 114007. 

On the computational modeling side, Bayesian models of 

cognition, have shown considerable success in modeling 

learning and reasoning as inference in complex probabilistic 

models (Griffiths and Tenenbaum, 2007; Griffiths, Kemp and 

Tenenbaum, 2008). The "planning as inference" paradigm 

treats action selection as an inference problem (Botvinick and 

Toussaint, 2012), while frameworks like Markov Decision 

Processes (MDPs) and Partially Observable Markov 

Decision Processes (POMDPs) model sequential decision-

making, where actions depend on anticipated future decisions 

and states (Evans et al., 2017). Structural Estimation utilizes 

sequential data to infer preferences and beliefs, contributing 

to the understanding of decision-making processes 

(Aguirregabiria and Mira, 2010; Darden et al., 2017). These 

frameworks have been applied in Inverse Reinforcement 

Learning (IRL), where agents learn utility functions through 

observed actions, with successful implementations in tasks 

such as parking cars, flying helicopters, and playing table 

tennis (Abbeel et al., 2008, 2010; Muelling et al., 2014; Evans 

et al. 2017; Shamsi et al. 2020), as well as in computational 

social science (Ermon et al., 2014), to describe security 

(Barthe et al. 2013), in quantum mechanisms (Ying, 2011), 

and as the models of perfect metareasoning (Zhang and 

Amin, 2022). 

   One of the most influential models on pragmatic reasoning 

and communicative decision making is Rational Speech Acts 

(RSA), a model defined based on Bayesian decision theory to 

accurately replicate a wide variety of pragmatic phenomena 

using utility maximization methods. (Frank and Goodman, 

2012; also see Degen 2023). As will be demonstrated in the 

subsequent sections, RSA provides one of the most intuitive 

frameworks to represent the four-way theory of emotions. 

Moreover, recent research has seen a renewed interest in 

Bayesian models of cognition, fueled by various case studies 

demonstrating their potential to enhance the reasoning 

capabilities and interpretability of modern large language 

models (LLMs) through novel integrations (e.g., White et al., 

2024; Wang and Demberg, 2024; Zhi-Xuan et al., 2024; Ying 

et al., 2023, 2024; Wong et al., 2023). 

    In this paper, I extend upon the traditional methods and 

introduce a model of emotional functions in medical shared 

decision making (SDM). SDM typically takes place in 

medical decision making between a physician and a patient. 

In SDM, an advisor and a patient (decision maker) 

collaborate towards a joint decision (Elwyn et al., 2012; 

Elwyn et al., 2015; Elwyn et al., 2021). The advisor has more 

knowledge about the uncertain medical condition (e.g. a 

disease) and its outcomes but they don’t completely know the 

patient’s mind (e.g. interests, costs, and emotions). Wrong 

decision might result in significant health issues for the 

patient in the future, even risking their lives in cases. Thus, 

SDM scenarios often involve time constraints and risks, 

making it challenging to model such scenarios without 

constructing a detailed framework of human emotions, 

appraisals, and communication. While my model focuses 

primarily on emotional dimensions rather than the pragmatic 

aspects of medical conversations, its foundation in RSA 

allows it to complement various pragmatic phenomena and 

analyze language games and strategies. In SDM, for example, 

past literature has highlighted various strategies employed by 

patients and doctors during medical interactions (e.g., 

Stivers, 2007, 2021; Heritage et al., 2010; Stivers and 

Timmermans, 2021), and my aim is for this model to provide 

an optimal framework for capturing such strategies, 

especially under pressure and in stressful scenarios. 

II.  Relevant Works 

Extending the previous applications of Bayesianism in 

cognitive sciences, a new interest in apply Bayesian models 

to human emotions has begun. Unfortunately, the vast 

majority of these models focus on third-person models, 

following the cognitive appraisal theory (e.g., Saxe & 

Houlihan, 2017; Ong et al., 2019), instead of focusing on the 

effects of one’s own emotions on actions. Perhaps, the most 

relevant work to my model is the Bayesian Drift-Diffusion 

Model introduced by Ying et al. (2022), where they designed 

a model of Schachter-Singer’s Two Factor Theory (1962). 

Utilizing Drift-Diffusion Models, Ying et al. (2022) 

introduced a method to model emotions as the outcome of 

cognitive labeling, or attribution of a diffuse pattern of 

autonomic arousal. Their method, utilizing random walks, 

modeled a decision-maker who accumulates evidence until a 

relative decision value meets one of the two decision 

boundaries. A choice is made corresponding to the boundary 

being crossed. Then, the corresponding choice is selected to 

be the resulting decision (as discussed in Fudenberg et al., 

2020). They investigated two model scenarios for each of the 

two aspects of Two Factor Theory. Unfortunately, their 

method separated the two components of the Two-Factor 

Theory of Emotion in two separate studies, which made it 

unideal for more realistic models where arousal and context 

interact. 



III. Computational Models 

Rational Speech Acts 

    The RSA framework, as defined by Goodman and Frank 

(2012), views communication as a process of recursive 

reasoning between a speaker and a listener. The listener 

interprets the speaker’s utterance by reasoning about a 

cooperative speaker who is trying to inform a naive listener 

about some state of affairs. Using Bayesian inference, the 

listener reasons about what the state of the world is likely to 

be, given that the speaker produced an utterance, and 

knowing that the speaker is reasoning about how the listener 

is most likely to interpret that utterance. There are multiple 

levels of inference: at the top, the sophisticated, pragmatic 

listener reasons about the pragmatic speaker, who selects the 

best utterance by maximizing a utility function over the literal 

listener. 

    The literal listener, L0, interprets an utterance 𝑢 based on 

its literal meaning. The probability that a literal listener 𝐿0 

infers a state 𝑠 given an utterance 𝑢 is given by  

PL0(𝑠∣𝑢) ∝ ⟦𝑢⟧(𝑠) ⋅ P(s)                       (1) 

where ⟦𝑢⟧(𝑠) denotes the truth conditions of the utterance 𝑢 

in state 𝑠, and 𝑃(𝑠) is the prior probability of state 𝑠.  

The pragmatic speaker, S1, chooses (makes a decision) an 

utterance 𝑢 to convey a state 𝑠 by maximizing the utility of 

𝑢. The probability that a pragmatic speaker 𝑆1 chooses an 

utterance 𝑢 given a state s is defined as 

PS1(𝑢∣𝑠) ∝ exp(α ⋅ US1(𝑢; 𝑠))                   (2) 

where 𝛼 is the rationality parameter that controls the speaker's 

sensitivity to utility differences, and 𝑈𝑆1(𝑢;𝑠) is the utility 

function representing the speaker's preference for utterance 𝑢 

given state 𝑠. Where the utility allows speaker to decide on 

the utterances are preferred (liked by the speaker) at 

communicating, while taking a cost for each choice 

(unlikability of the choice for the speaker). In other words: 

US1(𝑢; 𝑠) = logL0(𝑠∣𝑢) − C(𝑢)                  (3) 

The pragmatic listener, L1, then interprets an utterance 𝑢 

by updating their beliefs about the possible states 𝑠 based on 

the likelihood of 𝑢 being chosen by a rational speaker. 

PL1(𝑠∣𝑢) ∝ PS1(𝑢∣𝑠) ⋅ P(𝑠)                     (4) 

Common Ground in RSA 

It is worth noting that, despite its promise as a model of 

conversational reasoning, RSA has rarely been used to model 

more than a single conversation turn. As clear from the 

abovementioned definition, RSA, in its most basic form, is 

defined as a model of a single agent’s recursive reasoning. 

One of the few efforts of adapting RSA for multi-agent 

conversations was done by Anderson (2021). This work 

demonstrated a system that iteratively updates conversational 

states, including the common ground and participants’ 

beliefs, as they interact over multiple conversational turns. In 

each iteration, the agents’ roles switches between being the 

speaker and the listener. In Anderson’s framework (2021), 

the posterior output of each speaker model over the utterances 

was used to linearly update the prior distribution of the other 

agent’s listener model over the world states (i.e., the common 

ground update), based on a learning rate. Mathematically, this 

update is represented as follows: 

CGL1(i+1)(s)=(1 − lr) ⋅ CGL1(i)(s) + lr ⋅ PLi(s ∣ u)        (5) 

where CGL1(i+1) represents the common ground of the (i+1)th 

iteration's listener model for the ith iteration’s speaker agent, 

CGL1(i) represents the ith iteration’s prior common ground of 

the speaker agent, and PLi represents the posterior of the 

listener model for the current iteration’s speaker agent. PLi 

contains the probability distribution of the world states after 

processing the speaker's utterance. The learning rate 

determines the updated posterior’s weight compared to the 

prior. 

Information Function 

The information function of emotions (Pfister and Böhm, 

2008) provides essential evaluative information for decision-

making by indicating pleasure or pain associated with 

different options. Emotions, such as joy or distress, inform 

individuals about the desirability or undesirability of 

potential outcomes, guiding their preferences and choices. I 

consider an SDM scenario where an advisor (S1) provides 

suggestions on the best treatment options to the patient (the 

listener), taking into account both the likability and 

unlikability of each option. In this case, I denote the treatment 

option as 𝑡. By representing the advisor’s undesirability as 

D𝑆1(𝑡), I redefine the model to better represent the 

information function. 

PL0(𝑠∣ 𝑡) ∝ ⟦ 𝑡 ⟧(𝑠) ⋅ P(s)                     (6) 

PS1(𝑡∣ 𝑠) ∝ exp(α⋅US1(𝑡; 𝑠))                    (7) 

US1(𝑡; 𝑠) = logL0(𝑠∣ 𝑡) − DS1(𝑡)                 (8) 

PL1(𝑠∣ 𝑡) ∝ PS1(𝑡∣ 𝑠) ⋅ P(𝑠)                     (9) 

CGL1(i+1)(s)=(1 − lr) ⋅ CGL1(i)(s) + lr ⋅ PL1(i)(s ∣ t)     (10) 

Here, PL0(𝑠∣ 𝑡) represents the likability of each treatment for 

the advisor, i.e., the probability of a treatment to positively 

improve the patient’s state. The unlikability of each 

treatment, DS1(𝑡), is evaluated as a linear combination of the 

weights assigned by the advisor to each potential side effect 

of the treatment.  



Speed Function 

The speed function (Pfister and Böhm, 2008) of emotions 

emphasizes the role of affective responses in enabling rapid 

decision-making under time constraints. It suggests that 

certain emotions, like fear and disgust, act as rapid response 

mechanisms to stimuli that require immediate action. 

Research on bounded rationality has similarly highlighted 

that humans often rely on heuristic methods and simplified 

decision processes when faced with limited time (Herbert, 

1955, 1990, 1991). To replicate this effect, the assumption is 

made that under pressure, agents assign greater weights to the 

most significant outcomes and side effects of each treatment, 

while disregarding less critical factors. Consequently, they 

seek a satisfactory option rather than the optimal one. In 

mathematical terms, the decision-maker under pressure is 

assumed to have a utility of WS1(𝑡) * US1(𝑡; 𝑠) for treatments. 

Relevance Function 

The relevance function (Pfister and Böhm, 2008) is integral 

to how emotions influence decision making by focusing the 

decision maker’s attention to the most significant aspects of 

a situation based on their personal appraisals and concerns. 

In this context, the relevance function influences how both 

the advisor and the patient perceive the situation. The advisor 

might deem the situation irrelevant to themselves, leaving 

them unaffected by this function. Conversely, the patient 

would find this decision to be highly relevant. Depending on 

the patient’s values, their decision-making process would be 

impacted. For example, if choosing the wrong treatment 

could endanger the patient's life, the relevance function might 

lead the patient to focus more on safer options, knowing they 

would regret selecting a riskier one, even if the risk is 

minimal. To quantify this function, I introduce the relevance 

weight. This weight, directly adjusts the side effects’ cost 

terms for each agent based on what they consider most 

important and relevant. 

Commitment Function 

The commitment function (Pfister and Böhm, 2008) pertains 

to the role of emotions in sustaining long-term decisions and 

fostering social and moral behavior, even when these actions 

contradict their original self-interest. Emotions like guilt, 

shame, love, and anger act as commitment devices, offering 

internal motivation to behave ethically, even when short-term 

selfish actions might seem more advantageous. 

To avoid overcomplication, I mainly incorporate some 

aspects of love and its associated social and moral norms. As 

discussed by Ho (2008), there have been observations of 

patients being influenced by their family members and 

changing their minds under the influence of their loved ones. 

Previous work has examined whether such effects are 

detrimental to patients (Breslin, 2005).  

To model these effects, I introduce a third agent into my 

system, representing a family member of the patient. By 

generating a mind model of their family members, the patient 

assigns a weight to their family member in the decision-

making process. The patient’s mind model of the family 

member acts as a second pragmatic speaker model (𝑆2), 

making suggestions after considering the doctor's advice. To 

accommodate this, I extend the traditional RSA model with a 

new variation of pragmatic listener models, allowing each 

listener to consider the suggestions of multiple sources 

simultaneously. The family agent is defined as follows: 

PS2(𝑠∣ 𝑡)∝PS1(𝑡∣ 𝑠)⋅P(𝑠)                      (11) 

PS2(𝑡∣ 𝑠)∝exp(α⋅ WS2(𝑡) * US2(𝑡; 𝑠))           (12) 

US2(𝑡; 𝑠)=(1 − 𝜙) ⋅ logL0(𝑠∣ 𝑡) + 𝜙 ⋅ logPS1(𝑠∣ 𝑡)−DS2(𝑡)  (13) 

where 𝜙 is the weight family member puts on the advisor’s 

suggestions. 

The patient (DM) then incorporates their mind model of the 

doctor, the family member, as well as their own self-interests, 

to make the final decision by utility maximization. 

                                 PDM(𝑠∣ 𝑡)∝P(𝑠)⋅P(𝑡∣ 𝑠)                     (14) 

                    PDM(𝑡∣ 𝑠)∝exp(α⋅ WDM(𝑡) * UDM(𝑡; 𝑠))         (15)  
 UDM(𝑡; 𝑠)=(1 − 𝛿) ⋅logL0(𝑠∣ 𝑡) + 𝛿 ⋅ logPS2(𝑠∣ 𝑡)−DDM(𝑡) (16) 

Setting the Speed Weight 

As described, emotions such as fear affect the patient’s 

actions under time constraints. Considering that these 

emotions are highly dependent on the severity of the patient’s 

situation, I define a model to select a prior for the patient’s 

stress level. 

First, the advisor explains the surgery results to the patient 

but prefers to avoid lengthy descriptions, especially if they 

believe the patient has sufficient medical knowledge. 

Therefore, the advisor decides on the amount of detail 

(utterance’s detailedness – UD) based on the patient’s 

medical understanding (PMU). If the patient demonstrates a 

high level of medical understanding, the advisor provides a 

concise summary. Conversely, if the patient has a lower level 

of medical understanding, the advisor offers a more detailed 

explanation to ensure comprehension. This model follows the 

basic RSA format: 

                    PL0(UD∣ PMU)∝ ⟦ UD ⟧(PMU)⋅P(PMU)       (17) 

                   PS1(UD∣ PMU)∝exp(α⋅US1(UD; PMU))       (18) 

                           US1(𝑡; 𝑠)=logL0(𝑠∣ 𝑡)−DS1(𝑡)                  (19) 



Figure 1. The complete decision model. 

 

After deciding on UD, the advisor then decides on the 

utterance itself, depending on the patient’s state. The patient 

then appraises the situation and would get affected depending 

on their inference on the doctor’s description. 

      PPatient(SR ∣ PMU, DU1, UD) 

∝ P(SR) ⋅ PDS1(DU1, UD ∣ PMU, SR)    (20) 

The patient’s speed weight then follows a truncated beta 

distribution (bounded between 0 and 1), decided based on the 

patient’s inference of the state. 

The pseudocode of the algorithm is available in Figure 1. 

IV. Data and Validation Strategy 

For a better demonstration of the model, I work on a medical 

SDM scenario for a rectal cancer patient about the post-

surgery treatment options, a decision complicated by 

emotional weight and potential life-changing outcomes. 

Colorectal cancer (CRC), prevalent in Western societies and 

increasingly in Asia, typically affects the rectum. The 

primary treatment   for   localized   rectal   cancer   is   surgical 

resection, removing the cancerous part of the rectum along 

with  a  margin  of  healthy  tissue.  Post  surgery,  multiple  

 

 

treatment options are available depending on the surgery's 

outcome. I investigated various aspects of three-agent SDM 

following the surgery to demonstrate the model's 

applicability. While I could not access a complete dataset due 

to patient privacy constraints, prior distributions and 

parameters were selected to closely align with established 

literature (Shaukat et al., 2021; El‐Shami et al., 2015; 

Edwards et al., 2012; Kosmider & Lipton, 2007; Desch et al., 

2005; Compton et al., 2000). Further review was done, based 

on prior observations in literature, to construct a set of 

suitable criteria to validate this model based on them. In this 

section, I will go through a summary of the key results used 

to validate my model. 

    Clinical guidelines consistently recommend a watch-and-

wait or minimal adjuvant approach for patients who achieve 

clear (R0) resection margins, which aligns with reports that 

low-risk, margin-negative disease may not benefit 

substantially from routine adjuvant therapy (Luzietti et al., 

2018). By contrast, positive margins (R1) typically need 

additional intervention, often radiotherapy or chemoradioth-

erapy (Theuil et al., 2022), because residual tumor tissue 

# Initializations 

initialize relevance_func_doc, relevance_func_fam, relevance_func_pat, commitment_func, speed_func, 

worldStates, learning_rate, true_state 

initialize   initial_CG_doc, initial_CG_fam, initial_CG_pat = uniform(worldStates) 

define models    patient_cure, doctor_speaker, family_listener, family_speaker, patient_listener, decision_model 

 

# Agent 1: Doctor's Suggestion 

doctorSpeaker_post = doctor_speaker(true_state, relevance_func_doc, initial_CG_doc) 

treatment1 = sample(doctorSpeaker_post) 

doctor_mind_posterior = post(patient_cure(treatment1)) 

updated_CG_pat = (1- learning_rate) * initial_CG_pat + learning_rate * doctor_mind_posterior 

updated_CG_fam = (1- learning_rate) * initial_CG_fam + learning_rate * doctor_mind_posterior 

 

# Agent 2: Family Member's Suggestion 

familySpeaker_post = family_speaker(true_state, relevance_func_fam, initial_CG_fam, updated_CG_fam) 

treatment2 = sample(familySpeaker) 

family_mind_posterior = post(family_listener(treatment2)) 

updated_CG_pat = (1- learning_rate) * updated_CG_pat + learning_rate * family_mind_posterior 

 

# Agent 3: Patient's Decision Model 

patientDM = decision_model(updated_CG_patient, commitment_func, speed_func, relevance_func_pat, 

updated_CG_pat) # The patient's decision posterior 

final_decision = sample(patientDM) 



significantly heightens recurrence risk. Node positivity (stage 

III) remains a clear sign for adjuvant chemotherapy across all 

major guidelines and aims to eliminate micrometastatic 

disease (Luzietti et al., 2018). When metastases are present, 

oncologists face highly individualized decisions, with factors 

such as resectability, patient performance status, and 

potential for targeted therapies creating a more complex 

treatment matrix (Goodman et al., 2014). These patterns 

validate the directional plausibility of more conservative 

recommendations for clean margins and increasingly 

aggressive or multifaceted treatments for higher-risk stages. 

    High fear or anxiety can compel rapid, less deliberative 

choices, as seen in patients who choose drastic interventions 

primarily to preempt future regret. Fear of recurrence, for 

instance, may lead to aggressive surgery or prophylactic 

measures even when statistical risk remains low. At the same 

time, regret and disappointment increase the focus on worst-

case outcomes and encourage people to adopt a “better safe 

than sorry” stance (Mazzocco et al., 2019). This mindset has 

close similarities with regret theory, where patients weigh the 

possibility of feeling guilty or disappointed in the future more 

heavily than immediate rational calculations (Mazzocco et 

al., 2019). As a result, they may accept harsher treatments or, 

conversely, avoid them if certain side effects seem too 

daunting to later “live with.” 

    Commitment-based emotions like love, guilt, or loyalty 

can sway patients from their own clinical preferences if 

family members advocate alternative paths. Interviews with 

healthcare providers confirm that relatives often insist on 

continuing aggressive therapy, and patients comply out of a 

sense of duty or guilt. Families can also guide patients toward 

more conservative approaches when they fear burdening 

loved ones with lengthy treatment or uncertain outcomes 

(Laryionava et al., 2021). Such emotional pressures show 

triadic decision-making, in which the doctor’s medical 

rationale, the patient’s personal appraisal, and the family’s 

wishes intersect. 

    Patients commonly weigh short- and long-term side 

effects, such as neuropathy, nausea, or hair loss, against 

potential gains in survival or symptom control (Bullen et al., 

2024). Significant fears of toxicity can push some to refuse 

or delay therapy, as seen with prophylactic treatments for 

high-risk conditions (Mazzocco et al., 2019). Some others 

might prioritize quality of life to the extent that they accept a 

lower survival probability if it means avoiding debilitating 

side effects (Bullen et al., 2024). Passik et al. (2001) further 

document how patients’ top concerns (e.g., vomiting, 

infection, hair loss) shape their willingness to initiate or 

continue chemotherapy. These findings support a model that 

contains side-effect aversion acts as a critical cost term that 

can tilt patient choices in ways unexplainable by purely 

clinical efficacy. 

V. Results 

The result posterior probabilities of my agents are available 

in Figures 2-4. For the results of the doctor and patient’s 

model, I can observe a consistent output with the information 

in the literature (Shaukat et al., 2021; El‐Shami et al., 
2015; Edwards et al., 2012; Kosmider & Lipton, 2007; 

Desch et al., 2005; Compton et al., 2000). i.e., for the 

doctor, when the state is complete resection with clean 

margins, the most likely suggested treatment is to only 

monitor the patient. But the doctor also takes some amount 

of probability for the rest of the options because taking an 

extra treatment like chemotherapy ensures that any possible 

issues are solved, and the patient is guaranteed to avoid any 

relapse later on. Similarly, for when resection leaves positive 

margins, the most likely options, as described in the past 

literature, often involves either a second surgery to achieve 

clear margin, or radiation therapy may be employed to target 

residual microscopic disease. In addition, the standard care 

for node-positive colorectal cancer, i.e., as discussed in 

section IV, when lymph node is involved, is using adjuvant 

chemotherapy to target the micro metastatic disease to reduce 

recurrence risk. While Radiation Therapy and Targeted 

Therapies are also possible options for local control, their 

choice depends on whether biomarker-driven options are 

available. Lastly, for when metastasis is detected, decisions 

have some degree of uncertainty and depend on the extent of 

metastasis, resectability, and patient condition. 

For the emotion aspect, there are 3 main observations: For the 

relevance weight, as the relevance weight increases, the 

weight of side effects also increases for all 3 agents. Each 

treatment has its own associated side effects, some of which 

are less extreme than others. For example, chemotherapy is 

commonly associated with nausea, hair loss, fatigue, and 

infection. Radiation therapy, on the other hand, is linked to 

bladder issues, skin problems, and fatigue. It could be seen 

that each agent suitably incorporates these effects, as 

discussed in section IV. 

In addition, we observe that as the effects of the 

commitment function increase, the patient’s selections get 

increasingly similar to the family member’s possible 

suggestions, rather than the doctor’s, which is as expected 

from the commitment function. The speed function’s effect 

also correctly incorporates the possible fears of the patient 

from specific side effects (e.g., hair loss in this case). 

Depending on the speed function’s weight, the patient’s 

actions might deviate from the patient’s mind model of the 

doctor and the family member, and their suggestions. 

   Overall, this model synthesizes established treatment 

pathways, from monitoring after clean resections to complex 

strategies  in  metastatic  disease  (Luzietti  et  al.,  2018;  Theuil  

 



 
Figure 2. The resulting posterior on different treatment 

options for the doctor, demonstrated for different relevance 

weights and different states. 

 

 
Figure 3. The resulting posterior on different treatment 

options for the family member, demonstrated for different 

relevance weights and different states. 

 

 
Figure 4. The resulting posterior on different treatment 

decision for the patient, demonstrated for different relevance, 

speed, and commitment weights and state ‘Resection with 

Positive Margins’. 

 

et al., 2022; Goodman et al., 2014), with cognitive-emotional 

theories that emphasize the roles of speed, relevance, and   

commitment, with results that closely align with the past 

analysis in the literature (Mazzocco et al., 2019; Passik et al., 

2001; Bullen et al., 2024). The documented impact of family 

influence further validates my triadic approach to shared 

decision-making (Laryionava et al., 2021). 

VI. Conclusion 

In this paper, I introduced a model of medical shared decision 

making based on the rational speech acts framework of 

communication. I demonstrated how the four aspects of 

emotional functions in Pfister and Böhm’s four factor theory 

of emotion (2008) could be integrated into the available 

framework, and how these modifications suitably 

demonstrate the assumed effects of information, speed, 

commitment, and relevance functions. 

 I explored how each emotional function is mapped 

differently onto the decision-making process, and the 

posterior probability. I confirmed that the finding was in line 

with multiple other past work on the theories of emotion, and 

Colorectal cancer. Unfortunately, due to the lack of 

individual experimental data, I was not able to fully assess 

the goodness of fit of my simulations. Nevertheless, this 

study proposes a Bayesian model for various emotional 

functions of Pfister and Böhm’s (2008) proposed framework, 

and the experiments show some encouraging baseline results.  

I hope that, by further experiments, future studies could 

further validate these models and improve the results. In 

addition, although I adapted the traditional RSA model of 

pragmatic reasoning for a scenario more following the theory 

of mind and emotions rather than pragmatics, it should be 

noted that as my method fully supports the integration of 

pragmatic aspects. In SDM alone, past literature has shown 

many interesting communication strategies between doctors 

and patients. For example, for antibiotics prescription, 

patients frequently use various language strategies, such as 

using intensifiers, discourse markers, and metaphor, in order 

to lead the doctor to prescribe antibiotics for them. The 

doctors, on the other hand, are under pressure to prescribe 

antibiotics, and they need to align their medical observations, 

with their understanding of the patient, to decide on the best 

treatment (Stivers, 2007, 2021; Heritage et al., 2010). I hope 

that this model creates an optimal framework to model such 

language strategies under pressure and stressful scenarios. 
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  Appendix: Directed acyclic graphs 

 

  Directed acyclic graph for the doctor’s detailedness: 

 

  Directed acyclic graph for the patient’s emotion: 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

  Directed acyclic graph for the patient’s decision: 

 


