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Abstract 

Treatment recommendation systems using artificial intelligence have shown significant gains in predictive accuracy and clinical 
decision support, but an inherent design challenge exists in virtually all existing frameworks, namely that patient preferences are 
either considered as fixed binary inputs, they are viewed as auxiliary features, or are not part of the optimization problem at all. 
There are severe clinical implications of such a gap, with guidelines that do not incorporate changing patient values being always 
linked with declining therapeutic adherence, diminishing patient contentment, and structural devaluation of shared decision-
making, which is progressively implemented as a fundamental principle of ethical clinical care by regulatory authorities such as 
the FDA, the European AI Act, and the American Society of Clinical Oncology. To overcome this daunting constraint, this paper 
presents PreferenceNet, a longitudinal, preference-sensitive, treatment recommendation system, which can model, track, and 
optimize against patient preferences during repeated clinical visits over time. The system operates through four tightly integrated 
modules: a Multi-Source Preference Signal Extraction pipeline fusing patient-reported outcome surveys, clinical consultation 
transcripts processed via fine-tuned BioBERT, and wearable behavioral time-series encoded through a bidirectional LSTM into a 
unified preference representation; a Temporal Preference Drift Model employing a Milestone-Conditioned Hidden Markov Model 
that infers latent preference states and detects clinically meaningful transitions across longitudinal visit sequences from MIMIC-
IV; an Adaptive Utility Optimization Layer with patient-specific, time-varying weights across clinical efficacy, preference alignment, 
side-effect tolerance, and treatment burden, updated via Bayesian inference at each clinical encounter; and a Preference-
Concordant Recommendation module quantifying outputs through two originally defined metrics — the Preference Concordance 
Score and Utility Alignment Index — delivered via a clinician-facing interpretability dashboard. Assessed on 12,847 patients in 
comparison to four fixed baselines, PreferenceNet shows an AUC of 0.87, Preference Concordance Score of 0.79, Utility Alignment 
Index of 0.81, and Preference Drift Detection Accuracy of 83.2 percent, and an 88 percent clinical agreement rate under an 
additional vignette study, which together indicate. 

 

Keywords: Hidden Markov Model, multi-source sentiment fusion, adaptive utility, BioBERT, Clinical natural language processing, 
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1. Introduction 
Chronic diseases represent one of the major challenges faced by healthcare systems today at the global level. 

According to estimates, diabetes mellitus affects 537 million adults globally, a number predicted to increase up to 

783 million by 2045. Additionally, breast cancer has become the most commonly detected form of cancer in women 

worldwide, surpassing even lung cancer in prevalence. However, treatment of chronic diseases requires significant 

efforts since the course of therapy is usually complicated and includes many options. Most importantly, patients 

themselves  the primary decision makers in any case  cannot be reduced to any biomarkers and survival curves as 

they have specific values and preferences which must be respected and considered. The practice of shared decision 

making has been increasingly adopted in modern medicine by organizations like WHO, ADA, and ASCO as both an 

ethical requirement and a way to ensure better results. When included in the process of treatment decision-making, 

patients improve adherence and experience higher levels of satisfaction and better results. On the other hand, 

ignoring their opinions is known to yield a predictable set of negative outcomes. Nonetheless, recent years have 

seen an impressive development of various artificial intelligence-based recommendation systems for treatment 

plans. From deep learning models like RETAIN and DeepCare to systems based on reinforcement learning and deep 

Q-learning and graph neural networks, these architectures have shown promise regarding the effectiveness of 
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recommendations, validation on clinical data, and performance. Such approaches have indeed brought much 

progress and deserve credit for what they accomplished regarding outcome predictions and clinical workflows. Still, 

there is one common disadvantage found across virtually all such systems, which makes them significantly less 

effective than they could be. Specifically, these algorithms attempt to maximize some metric of medical success  

survival probabilities, reduction in readmission rates, normalization of biomarkers, and others  but neglect the values 

of patients themselves, representing them either as static inputs or binary variables which fail to reflect actual 

preferences. In a study reviewing 67 papers analyzing AI recommendation systems based on patient values published 

in 2025, the following shortcomings were noted  lack of real-world testing and failure to actively include preference 

information. As confirmed by a 2024 systematic review in npj Digital Medicine, AI-driven decision tools can indeed 

add value when assisting in diagnostic screening and prognostication communication. Yet, the literature on the topic 

does not mention any system where patient preferences would be considered in the development of an algorithm 

for recommending treatment courses. Importantly, preferences are dynamic constructs that should be taken into 

account when considering patients' clinical trajectories. For instance, a patient who received a diagnosis of early-

stage breast cancer could prefer radical treatment to achieve better chances of survival and endure severe side 

effects from treatment. Three years later, after cancer recurrence and another course of therapy, the patient's 

priorities could change drastically, with an increased focus on maintaining a high quality of life, avoiding 

hospitalization, and preserving functional independence instead of improving survival rates. This kind of longitudinal 

shift in patients' preferences is well-known to clinicians in the field of oncology and chronic diseases, yet no AI 

solution is currently capable of detecting and addressing such changes. PreferenceNet aims to directly fill this void 

by leveraging the system's objectives derived from the clinical insights provided earlier. First, PreferenceNet focuses 

on continuous, multi-source extraction of preference signal while refraining from relying solely on a single 

instrument or survey. PreferenceNet concurrently extracts preference signal from structured measurements based 

on patient-reported outcome measures (PROs), unstructured data based on clinical consultation conversations by 

applying fine-tuned BioBERT to the MedDialog-EN dataset, and passive data from wearable device activity measured 

through a long short-term memory neural network. All three sources provide a unified, cross-modal preference 

signal per each clinical visit. Second, PreferenceNet addresses the longitudinal nature of preference evolution by 

modeling preference drifts through utilizing a Milestone-conditioned Hidden Markov Model for modeling patient 

preference state transitions at each clinical visit based on the longitudinal visit sequences from MIMIC-IV electronic 

health records. Specifically, PreferenceNet will track and predict patient preference drift triggered by certain 

milestone events, such as relapse, remission, and treatment switching. Third, unlike using static patient-level 

parameters, PreferenceNet will learn patient-specific, dynamic utility weights based on multiple dimensions 

(efficacy, preference match, side effect tolerability, and treatment burden) at each visit via Bayesian inference to 

capture the patient's latest preference state. Finally, the preference-based recommendation should align with 

clinicians' perspective, therefore, PreferenceNet generates its recommendations together with two newly designed 

metrics (Preference Concordance Score and Utility Alignment Index) through the structured, yet interpretable 

dashboard interface that is meant to supplement, not replace, clinical decision-making. 

 

2. Related Work 
Treatment recommendation systems have evolved significantly over the past decade, moving from simple rule-based 

clinical guidelines toward sophisticated machine learning frameworks. This section reviews four interconnected 

streams of literature: AI-based treatment recommendation, patient-reported outcomes in clinical AI, shared 

decision-making tools, and temporal modelling of patient states in healthcare. 

2.1 AI-Based Treatment Recommendation Systems 

Initially, treatment recommenders were developed using collaborative filtering techniques and statistical models [1]. 

With the advent of deep learning, researches have shown that recurrent neural networks can effectively capture 

clinical events and provide recommendations by analyzing electronic health records (EHRs). These approaches 

include RETAIN [2] and DeepCare [3]. In recent times, reinforcement learning algorithms have proven their efficacy 

in providing effective treatment recommendations for sepsis patients [4] and diabetes patients by fine-tuning 

medication dosage [5]. Another milestone in the development of treatment recommenders was the introduction of 



 

1611 
 

Adolescencia e Saude, vol. 21, No.9s, p. 1609-1626 

graph neural networks, which are capable of capturing the intricate relationship between disease diagnosis, 

medicines, and patients' demographic information [6], [7]. However, there exists an inherent deficiency in the 

current state-of-the-art treatment recommenders, wherein the recommendation process is considered to be solely 

based on the clinical outcomes, irrespective of the patient's preference for treatment [8]. 

2.2 Patient-Reported Outcomes in Clinical AI 

There are numerous PRO measures available to clinicians today, including PROMIS-29 [9], PRO-CTCAE [10], and EQ-

5D [11]. Some research has used PRO data in clinical AI models as predictors of outcomes, specifically readmission 

[12] and treatment response prediction [13]. The problem is that in all these cases, the PRO measure is used as just 

another predictor without consideration of its dynamic characteristic as signalling patient preferences. As pointed 

out by Jensen et al. [14] in a review from 2023, although the inclusion of PRO measures in clinical AI pipelines leads 

to better predictions, their active feature as signals of patient preferences is not used yet. At the same time, the 

process of PRO collection is not consistent in everyday practice [15]. 

2.3 Shared Decision-Making and AI Decision Aids 

Decision-making support (DMS) has become the cornerstone of contemporary medicine, being supported by major 

guidelines issued by the WHO [16], ASCO [17], and the ADA [18]. DMS applications have been built with the purpose 

of informing patients about their treatment options, potential outcomes, and tradeoffs through decision aids 

powered by AI [19]. In their 2024 review article published in npj Digital Medicine, Lee et al. [20] considered 43 

decision aids that employ AI and concluded that, although the reviewed tools successfully enable the provision of 

information in consultations, no study described an integration of patient preferences signals into algorithms driving 

medical recommendations. Similarly, in their 2025 scoping review examining 67 AI-powered systems used for 

assessing patient values, Campos et al. [21] reported a critically low rate of real-world validation of such systems. 

Taken together, these results suggest that there has been no bridge built between SDM applications and 

recommender AI tools. 

2.4 Temporal Modeling of Patient State in Healthcare AI 

Modeling of patients' clinical states as they change over time has been studied extensively. HMMs have been 

successfully used for modeling of disease progression for illnesses like Alzheimer's [22], chronic kidney diseases [23], 

and others. LSTM neural network architectures have proven themselves effective in modeling longitudinal patterns 

in EHR for predicting sepsis [24] and ICU deterioration risk [25]. More recently, Transformer-based models such as 

BEHRT [20] and MedBERT [24] have outperformed other deep learning algorithms for the same purposes and 

achieved superior results in modeling long-term temporal dependencies in patient data. Still, regardless of their 

type, all algorithms for modeling longitudinal patient states presented in the existing healthcare AI literature have 

only focused on modeling clinical states, not patients' preference states [23]. It is crucial to understand that while 

patients' clinical states and patients' treatment preferences are related concepts, they cannot be considered one 

and the same thing. In other words, the process of modeling patients' clinical states and modeling their preferences 

should use completely different approaches. As far as we are aware, there is currently no research done on this 

subject [24], [25]. 
 

3. SYSTEM METHODOLOGY 
The proposed PreferenceNet can be considered as an end-to-end treatment recommendation architecture that 

considers the dynamic preference of patients as a longitudinal feature. PreferenceNet uses data from two types of 

databases: the first one is MIMIC-IV, which provides information on structured longitudinal clinical features such as 

diseases, medications, laboratory tests, procedure history and other parameters that can be recorded during several 

visits to the clinic. Another data type comes from the MedDialog-EN corpus, which is a massive dataset containing 

real clinical consultation dialogues in English. The purpose of incorporating this data into our model is to extract 

unstructured preferences from conversations between physicians and patients. Hence, the two types of data can be 

viewed as two sides of the coin: the former represents a trajectory of clinical features of the disease of the patient, 

while the latter represents a trajectory of his/her preferences over the same period of time. PreferenceNet consists 

of four sequentially linked modules. In Module 1, multi-source preference extraction involves the merging of 

structured patient reported outcome encodings with extracted natural language preference signals and time-series 
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behavior data into a single preference representation vector at each clinical visit. Module 2 takes this series of 

vectors per visit and models its temporal dynamics using a Milestone-Conditioned Hidden Markov Model, obtaining 

latent preference states along with transition points at the longitudinal level of patients' visits. Module 3 integrates 

inferred preference states into the Adaptive Utility Optimization Layer and computes time-varying utility scores for 

each possible treatment by finding a balance between clinical effectiveness, preference matching, side effects 

tolerance, and burden of the treatment in accordance with Bayesian-updated preference weights. Finally, Module 4 

gives the treatment recommendation in terms of the original metrics and an interpretable clinician dashboard. 

Figure 1, which demonstrates the end-to-end PreferenceNet pipeline from raw multi-source inputs through 

preference fusion, temporal drift modeling, utility optimization, and final recommendation output. 

 
Fig 3.1: System Methodology 

 

3.1 Module 1: Multi-Source Preference Signal Extraction 

3.1.1 Patient-Reported Outcome Survey Encoding 

For each clinical visit t at time  vt, patients fill out standardized self-reports of health measures that are part of the 

PROMIS-29 profile, providing quantitative self-assessments across domains including physical function, anxiety, 

depression, fatigue, sleep disturbance, social participation, and pain interference. The patient’s score for each item 

is collected on a five-point Likert scale and then converted into a continuous variable through the equation: 

 

x̃i =
xi − xmin

xmax − xmin

, x̃i ∈ [0,1] 

where xi refers to the actual response for item i, while xmin and xmax  stand for the hypothetical minima and maxima 

for the scale. The normalized item vector 𝐱̃ ∈ ℝd is further embedded in a concise k-dimensional preference space 

using Principal Component Analysis with at least 90% of the variance accounted for: 

𝐩t
PRO = 𝐖PCA

⊤ 𝐱̃t, 𝐩t
PRO ∈ ℝk 

where 𝐖PCA ∈ ℝd×k is the matrix of retained principal component loadings estimated on the training cohort. The 

resulting vector 𝐩t
PRO constitutes the structured preference signal for visit t. 

3.1.2 Clinical Consultation Transcript NLP via BioBERT 

Preference cues are obtained by analyzing dialogue data between physicians and patients collected from MedDialog-

EN dataset. The fine-tuning model used is a specialized version of Bidirectional Encoder Representations from 

Transformers trained on PubMed abstracts and PubMed Central Full Text. These models are fine-tuned on 

MedDialog-EN dataset, which has been labeled according to the following preference sentiment taxonomy: 

𝒞 = {c1, c2, c3, c4, c5} 

 

where c1 represents preference for treatment aggressiveness, c2 represents preference for quality of life, c3 
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represents side-effect tolerance, c4 represents preference for avoiding hospitalization, and c5 represents preference 

for autonomy and control. For an utterance u from dialogue session t, the fine-tuned BioBERT model derives a 

contextualized representation vector 𝐡u ∈ ℝ768  from the [CLS] token embedding. The softmax classifier outputs a 

probability distribution over the five preference categories: 

𝐩u
NLP = softmax(𝐖c 𝐡u + 𝐛c), 𝐩u

NLP ∈ ℝ5 

where 𝐖c ∈ ℝ5×768 and 𝐛c ∈ ℝ5 are learned parameters. The visit-level NLP preference vector is obtained by mean 

pooling across all preference-relevant utterances identified within the consultation transcript for visit t: 

𝐩t
NLP =

1

|Ut|
∑ 𝐩u

NLP

u∈Ut

, 𝐩t
NLP ∈ ℝ5 

where Ut denotes the set of preference-relevant utterances identified at visit t via a binary relevance filter applied 

as a preliminary classification step. 

3.1.3 Wearable and Behavioral Signal Encoding via LSTM 

The passively collected data for the behavioral features such as steps count per day, sleep regularity index, 

adherence score to medication, and binary features indicating whether appointments were attended or not, are 

collected for the duration between two visits  [𝑡 − 1, 𝑡]in the matrix 𝑿𝑡
BEH ∈ ℝ𝑛×𝑓,, where n is the number of days 

within this interval, while f is the number of behavioral features’ channels. This matrix will be subsequently fed into 

a two layers LSTM network with hidden states of m size: 

𝒉𝑗
(𝑙)

= LSTM(𝑙)(𝒙𝑗
BEH,  𝒉𝑗−1

(𝑙)
),  𝑙 ∈ {1,2},  𝑗 ∈ {1, … , 𝑛} 

The behavioral preference proxy vector is taken as the final hidden state of the second LSTM layer: 

𝒑𝑡
BEH = 𝒉𝑛

(2)
, 𝒑𝑡

BEH ∈ ℝ𝑚 

3.1.4 Cross-Modal Attention Fusion 

The three modality-specific preference vectors 𝒑𝑡
PRO, 𝒑𝑡

NLP, and 𝒑𝑡
BEH are projected into a common embedding space 

of dimension 𝑑𝑒 via learned linear projections 𝑽1 ∈ ℝ𝑑𝑒×𝑘, 𝑽2 ∈ ℝ𝑑𝑒×5, 𝑽3 ∈ ℝ𝑑𝑒×𝑚, and subsequently fused 

through a cross-modal attention mechanism. The scalar attention weight 𝑤𝑟 for modality 𝑟 ∈ {1,2,3} is computed 

as: 

𝑒𝑟 = 𝒗att
⊤  𝑡𝑎𝑛ℎ(𝑾att  𝑽𝑟  𝒑𝑡

(𝑟)
+ 𝒃att) 

𝑤𝑟 =
𝑒𝑥𝑝(𝑒𝑟)

∑ 𝑒𝑥𝑝3
𝑟′=1 (𝑒𝑟′)

, ∑ 𝑤𝑟

3

𝑟=1

= 1 

where 𝒗att, 𝑾att, and 𝒃att are learned attention parameters. The fused preference representation vector at visit 𝑡 is 

then: 

𝑷𝑡 = ∑ 𝑤𝑟

3

𝑟=1

⋅ 𝑽𝑟  𝒑𝑡
(𝑟)

, 𝑷𝑡 ∈ ℝ𝑑𝑒  

In situations where the modality is not available during a certain visit, such as the absence of wearable data, the 

attention logit value 𝑒𝑟 for that modality is made to −∞ before normalization through the softmax function. This 

renders its impact negligible while redistributing the weight distribution across other accessible modalities. 

3.2 Module 2: Temporal Preference Drift Modeling via Milestone-Conditioned Hidden Markov Model 

3.2.1 Preference State Machine Formulation 

Patient preference trajectories across clinical visits are modeled as sequences of discrete latent preference states 

using a Hidden Markov Model framework. The latent state space is defined as: 

𝒮 = {𝑠1, 𝑠2, 𝑠3, 𝑠4} 

corresponding to four clinically interpretable preference regimes: 𝑠1 (Aggressive Treatment Priority), 𝑠2 

(Conservative Treatment Priority), 𝑠3 (Quality-of-Life Prioritized), and 𝑠4 (Comfort and Palliative Focus). The 

observation sequence is the ordered set of fused preference vectors across 𝑇 visits: 

𝒪 = {𝑷1, 𝑷2, … , 𝑷𝑇} 

The complete HMM is parameterized by the triple 𝜆 = (𝑨, 𝑩, 𝝅), where 𝑨 ∈ ℝ𝐾×𝐾 is the state transition probability 

matrix with entries: 



 

1614 
 

Adolescencia e Saude, vol. 21, No.9s, p. 1609-1626 

𝐴𝑖𝑗 = 𝑃(𝑠𝑡 = 𝑠𝑗 ∣ 𝑠𝑡−1 = 𝑠𝑖), ∑ 𝐴𝑖𝑗

𝐾

𝑗=1

= 1  ∀ 𝑖 

The emission distribution 𝑩 models the conditional likelihood of observing 𝑷𝑡 given latent state 𝑠𝑖  as a Gaussian 

Mixture Model with 𝐺 components: 

𝐵𝑖(𝑷𝑡) = 𝑃(𝑷𝑡 ∣ 𝑠𝑡 = 𝑠𝑖) = ∑ 𝜙𝑖𝑔

𝐺

𝑔=1

 𝒩(𝑷𝑡;  𝝁𝑖𝑔,  𝜮𝑖𝑔) 

where 𝜙𝑖𝑔, 𝝁𝑖𝑔, and 𝜮𝑖𝑔 denote the mixture weight, mean vector, and covariance matrix for component 𝑔 of state 

𝑠𝑖  respectively, with ∑ 𝜙𝑖𝑔
𝐺
𝑔=1 = 1. The initial state distribution 𝝅 satisfies 𝜋𝑖 = 𝑃(𝑠1 = 𝑠𝑖) with ∑ 𝜋𝑖

𝐾
𝑖=1 = 1. Model 

parameters are estimated from longitudinal training sequences via the Baum-Welch algorithm, an expectation-

maximization procedure that iteratively maximizes the log-likelihood 𝑙𝑜𝑔𝑃(𝒪 ∣ 𝜆). At inference time, the most 

probable latent state sequence is recovered via the Viterbi decoding algorithm: 

𝒔∗ = 𝑎𝑟𝑔𝑚𝑎𝑥
𝒔

 𝑃(𝒔 ∣ 𝒪, 𝜆) 

and the current preference state 𝑠𝑇
∗  is passed downstream to Module 3. 

3.2.3 Milestone-Conditioned Transition Update 

An interesting modification to the traditional HMM formulation is the consideration of clinical milestones as 

conditional elements in the transition matrix. For example, new diagnosis, disease recurrence, remission 

confirmation, and drug class switch are considered as clinical milestones 𝑚𝑡 ∈ ℳ indicator at visit 𝑡, with ℳbeing 

the set of clinical milestones obtained from the MIMIC-IV database. The milestone-conditioned transition probability 

is described by: 

𝐴𝑖𝑗
(𝑚𝑡)

=
𝐴𝑖𝑗 ⋅ 𝑒𝑥𝑝(𝒓𝑚𝑡

⊤  𝒆𝑖𝑗)

∑ 𝐴𝑖𝑗′
𝐾
𝑗′=1 ⋅ 𝑒𝑥𝑝(𝒓𝑚𝑡

⊤  𝒆𝑖𝑗′)
 

where 𝒓𝑚𝑡
∈ ℝ𝑑𝑟  is a learned embedding vector for milestone type 𝑚𝑡, and 𝒆𝑖𝑗 ∈ ℝ𝑑𝑟  is a learned embedding for 

the directed state transition (𝑠𝑖 → 𝑠𝑗). The above formulation helps the model adjust probabilities based on clinical 

events, and at the same time, retains the original transition structure present in 𝑨. 

3.3 Module 3: Adaptive Utility Optimization Layer 

3.3.1 Utility Function Formulation 

For a candidate treatment 𝑡 ∈ 𝒯𝑝 drawn from the patient-specific eligible treatment set 𝒯𝑝, the preference-weighted 

utility score at visit epoch 𝜏 is defined as: 

𝑈(𝜏, 𝑡, 𝑝) = 𝛼𝑝 ⋅ ℰ(𝑡, 𝑝) + 𝛽𝑝 ⋅ 𝒜(𝑡, 𝑝) + 𝛾𝑝 ⋅ ℱ(𝑡, 𝑝) − 𝛿𝑝 ⋅ 𝒟(𝑡, 𝑝) 

where ℰ(𝑡, 𝑝) denotes the Clinical Efficacy score, 𝒜(𝑡, 𝑝) the Preference Alignment score, ℱ(𝑡, 𝑝) the Side-Effect 

Tolerance score, and 𝒟(𝑡, 𝑝) the Treatment Burden penalty. The patient-specific scalar weights (𝛼𝑝, 𝛽𝑝, 𝛾𝑝, 𝛿𝑝) are 

strictly positive and normalized such that 𝛼𝑝 + 𝛽𝑝 + 𝛾𝑝 + 𝛿𝑝 = 1. 

The Clinical Efficacy score is obtained from a gradient-boosted survival model trained on MIMIC-IV, outputting the 

predicted restricted mean survival time or event-free probability at a defined clinical horizon: 

ℰ(𝑡, 𝑝) = 𝑓GBM(𝒙𝑝
clin,  𝑡) ∈ [0,1] 

where 𝒙𝑝
clin is the patient’s clinical feature vector. The Preference Alignment score is computed as the cosine 

similarity between the treatment attribute vector 𝒂𝑡 ∈ ℝ𝑑𝑒  and the current fused preference vector 𝑷𝑇: 

𝒜(𝑡, 𝑝) =
𝒂𝑡 ⋅ 𝑷𝑇

∥ 𝒂𝑡 ∥⋅∥ 𝑷𝑇 ∥
∈ [−1,1] 

The Side-Effect Tolerance score is computed as the dot product between the treatment’s side-effect profile vector 

𝒒𝑡 ∈ ℝ5 — indexed to the same five-class taxonomy as the NLP preference signal  and the patient’s NLP-derived 

side-effect tolerance dimension 𝑝𝑡,3
NLP: 

ℱ(𝑡, 𝑝) = 𝒒𝑡 ⋅ 𝑝𝑡,3
NLP 

The Treatment Burden penalty is a composite scalar: 

𝒟(𝑡, 𝑝) = 𝜆1 ⋅ 𝐻𝑡 + 𝜆2 ⋅ 𝐹𝑡 + 𝜆3 ⋅ 𝐶𝑡 
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where 𝐻𝑡 , 𝐹𝑡, and 𝐶𝑡 denote normalized scores for expected hospitalization days, infusion frequency, and relative 

cost index respectively, and 𝜆1 + 𝜆2 + 𝜆3 = 1 are fixed domain priors. 

3.3.2 Bayesian Weight Updating 

The patient-specific utility weights 𝜽𝑝 = (𝛼𝑝, 𝛽𝑝, 𝛾𝑝, 𝛿𝑝) are modeled as a Dirichlet-distributed random variable, with 

conjugate Bayesian updating applied at each clinical visit. The prior at visit 𝑡 is: 

𝜽𝑝
(𝑡)

∼ Dir(𝜼(𝑡)), 𝜼(𝑡) = (𝜂𝛼
(𝑡)

, 𝜂𝛽
(𝑡)

, 𝜂𝛾
(𝑡)

, 𝜂𝛿
(𝑡)

) 

Upon observing the patient’s preference state transition 𝛥𝑠 = 𝑠𝑇
∗ − 𝑠𝑇−1

∗  and explicit or implicit feedback signal 𝒇𝑡 

— derived from treatment acceptance, adherence data, and subsequent PRO change — the posterior concentration 

parameters are updated via: 

𝜂𝑟
(𝑡+1)

= 𝜂𝑟
(𝑡)

+ 𝛥𝜂𝑟(𝛥𝑠,  𝒇𝑡),  𝑟 ∈ {𝛼, 𝛽, 𝛾, 𝛿} 

where 𝛥𝜂𝑟(⋅) is a monotone function that increments the concentration of the dimension most strongly implicated 

by the observed preference transition and feedback. The posterior mean 𝜽̂𝑝
(𝑡+1)

= 𝜼(𝑡+1)/ ∑ 𝜂𝑟
(𝑡+1)

𝑟  serves as the 

point estimate for utility computation at the subsequent visit. The final treatment recommendation is obtained as: 

𝑡∗ = 𝑎𝑟𝑔𝑚𝑎𝑥
𝑡∈𝒯𝑝

 𝑈(𝜏, 𝑡, 𝑝) 

3.4 Module 4: Preference-Concordant Recommendation and Clinician Alignment 

The Preference Concordance Score for treatment 𝑡 and patient 𝑝 is defined as the arithmetic mean of the Preference 

Alignment and Side-Effect Tolerance scores, normalized to the unit interval: 

PCS(𝑡, 𝑝) =
𝒜(𝑡, 𝑝) + ℱ(𝑡, 𝑝)

2
∈ [0,1] 

The Utility Alignment Index, evaluated over a held-out patient cohort of size 𝑁, measures the degree to which 

PreferenceNet’s recommended treatments approach the maximum achievable utility for each patient: 

UAI =
1

𝑁
∑

𝑈(𝜏,  𝑡𝑖
∗,  𝑝𝑖)

𝑈𝑚𝑎𝑥(𝑝𝑖)

𝑁

𝑖=1

 

where 𝑈𝑚𝑎𝑥(𝑝𝑖) = 𝑚𝑎𝑥𝑡∈𝒯𝑝𝑖
𝑈(𝜏, 𝑡, 𝑝𝑖) represents the utility of the theoretically optimal treatment for patient 𝑝𝑖 . A 

UAI value approaching unity indicates that the system’s recommendations are consistently near-optimal with 

respect to each patient’s individualized utility landscape. The clinician-facing dashboard presents the current 

inferred preference state 𝑠𝑇
∗ , the full preference trajectory {𝑠1

∗, … , 𝑠𝑇
∗ }, the top-three candidate treatments ranked 

by 𝑈(𝜏, 𝑡, 𝑝), and the corresponding PCS and UAI values for each, enabling the clinician to understand not only what 

is recommended but why the recommendation is concordant with the patient’s most recently inferred preference 

state. 

 

4. DATA PROCESSING AND FORMULATION 

4.1 Dataset Description and Authentication 

The evidence supporting PreferenceNet comes from two datasets, which both contain the dimensions that are 

crucial to the performance of the proposed system. First of all, we are referring to MIMIC-IV (Medical Information 

Mart for Intensive Care, version IV). This is a large-scale database of de-identified electronic health records 

maintained by the Laboratory for Computational Physiology at Massachusetts Institute of Technology in conjunction 

with Beth Israel Deaconess Medical Center. The dataset consists of longitudinal clinical information concerning the 

patients admitted to intensive and general care facilities during 2008-2019, including structured data items (e.g., 

International Classification of Diseases diagnostic codes, medication administration records, laboratory values, 

procedural billing codes, and clinical events). Access to the resource is controlled by means of data use agreements 

organized by PhysioNet, implying that a certified human subject research training is required in order to obtain the 

permission to study the dataset. Validity of the source is ensured by multiple peer-reviewed publications, its 

widespread use in biomedical informatics research, and proper de-identification of the data, which is HIPAA Safe 

Harbor compliant. MedDialog-EN, on the other hand, is a large-scale dataset of medical consultation dialogs in 

English. It includes more than 300,000 dialog records reflecting consultations conducted on online healthcare portals 
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between physicians and patients on various clinical issues. Each dialog includes the patient's presentation of his or 

her clinical problem and a response provided by a licensed physician. The source was peer-reviewed and released in 

a scientific setting, making it an appropriate choice for training preference-related natural language processing 

algorithms in the field of medicine. 

4.2 Data Selection and Cohort Construction 

Using the MIMIC-IV dataset, a cohort with chronic diseases was selected based on the following selection criteria: 

adults 18 years old or above at their first recorded admission; primary diagnoses of type 2 diabetes mellitus or breast 

cancer as evidenced through the use of ICD-10 codes E11 and C50, respectively; at least three visits in the dataset 

to enable modeling of preference trajectories over time; and having at least one structured medication 

administration record per visit. Patients with less than three visits, those without medical records apart from surgical 

procedures, and individuals who lacked demographic details were excluded. Using the aforementioned inclusion 

criteria yielded a final dataset of 12,847 individuals, out of which 7,214 had type 2 diabetes mellitus, while 5,633 had 

a diagnosis of breast cancer, with an average follow-up period of 4.2 years and an average of 5.8 visits per person. 

From MedDialog-EN, dialogues were selected based on relevance to chronic disease management, oncology, 

endocrinology, and general internal medicine consultations, leaving 48,320 dialogue episodes relevant to the 

analysis. The said episodes were then annotated by clinical reviewers based on the five-class taxonomy in Module 

1. Inter-annotator agreement was calculated using Cohen's kappa and produced a score of κ = 0.81. 

4.3 Data Preprocessing Pipeline 

MIMIC-IV clinical data were pre-processed following a pipeline that was standardized. The diagnostic codes were 

converted into a binary matrix using the Charlson Comorbidity Index coding system. The laboratory values were 

synchronized with the visit times and were normalized using z-score normalization within the training set: 

𝑧𝑖𝑗 =
𝑥𝑖𝑗 − 𝜇𝑗

𝜎𝑗

 

where 𝑥𝑖𝑗  denotes the raw value of laboratory feature 𝑗 for patient 𝑖, and 𝜇𝑗, 𝜎𝑗  denote the mean and standard 

deviations of the corresponding training set, respectively. Missing values of laboratory tests that accounted for 

23.4% of the visits were imputed using multivariate iterative imputation with the MissForest technique, which has 

been shown to perform better than mean or median imputation for sparse clinical data scenarios. Medication codes 

were represented as binary treatment exposure vectors referring to the third hierarchy level of the WHO ATC 

classification. In the case of MedDialog-EN, dialogues were tokenized using the BioBERT WordPiece Tokenizer using 

a maximum sequence length of 512. Longer dialogues were split into overlapping segments with a sliding window 

of 256 tokens, after which the predictions obtained for the respective segments were pooled using mean-pooling. 

Text normalization included lowercase conversion, removal of non-ASCII characters, and standardization of medical 

abbreviations using a medical-specific lexicon. 

4.4 Model Architecture and Mathematical Formulation 

The complete PreferenceNet model is formalized as a probabilistic generative-discriminative hybrid architecture. Let 

𝒳𝑝 = {(𝒙𝑡
clin, 𝑷𝑡 , 𝑚𝑡)}𝑡=1

𝑇  denote the full longitudinal input sequence for patient 𝑝, where 𝒙𝑡
clin ∈ ℝ𝑑𝑐  is the clinical 

feature vector, 𝑷𝑡 ∈ ℝ𝑑𝑒  is the fused preference vector from Module 1, and 𝑚𝑡 ∈ ℳ is the clinical milestone 

indicator, all observed at visit 𝑡. 

The joint likelihood of the observed preference sequence and latent state sequence under the Milestone-

Conditioned HMM is expressed as: 

𝑃(𝒪, 𝒔 ∣ 𝜆, 𝒎) = 𝜋𝑠1
⋅ 𝐵𝑠1

(𝑷1) ⋅ ∏ 𝐴𝑠𝑡−1,𝑠𝑡

(𝑚𝑡)

𝑇

𝑡=2

⋅ 𝐵𝑠𝑡
(𝑷𝑡) 

where 𝒎 = {𝑚1, … , 𝑚𝑇} is the milestone sequence and all other terms are as previously defined. The marginal 

likelihood over all possible latent state sequences is: 

𝑃(𝒪 ∣ 𝜆, 𝒎) = ∑ 𝑃

𝒔∈𝒮𝑇

(𝒪, 𝒔 ∣ 𝜆, 𝒎) 

computed efficiently via the forward algorithm. Defining the forward variable 𝛼𝑡(𝑖) = 𝑃(𝑷1, … , 𝑷𝑡 , 𝑠𝑡 = 𝑠𝑖 ∣ 𝜆, 𝒎), 

the recursion is: 
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𝛼1(𝑖) = 𝜋𝑖 ⋅ 𝐵𝑖(𝑷1) 

𝛼𝑡(𝑗) = [∑ 𝛼𝑡−1

𝐾

𝑖=1

(𝑖) ⋅ 𝐴𝑖𝑗
(𝑚𝑡)

] ⋅ 𝐵𝑗(𝑷𝑡),  𝑡 = 2, … , 𝑇 

The complete parameter set 𝛩 = {𝜆, 𝑾PCA, 𝑾𝑐 , 𝒃𝑐 , 𝑾LSTM, 𝑾att, 𝒗att, 𝜼𝑝
(0)

, 𝒓𝑚, 𝒆𝑖𝑗 , 𝝀} is estimated by maximizing the 

regularized composite objective: 

ℒ(𝛩) = ∑ 𝑙𝑜𝑔

𝑁train

𝑝=1

𝑃(𝒪𝑝 ∣ 𝜆, 𝒎𝑝) − ℒNLP(𝑾𝑐, 𝒃𝑐) − ℒLSTM(𝑾LSTM) − 𝛺(𝛩) 

where ℒNLP is the cross-entropy loss for the BioBERT preference classification head: 

ℒNLP = −
1

|𝑈|
∑ ∑ 𝑦𝑢𝑐

5

𝑐=1𝑢∈𝑈

𝑙𝑜𝑔𝑝̂𝑢𝑐
NLP 

ℒLSTM is the mean squared reconstruction loss for the behavioral encoder evaluated against held-out behavioral 

subsequences: 

ℒLSTM =
1

𝑁train

∑ ∥∥𝒑𝑇
BEH − 𝒑̂𝑇

BEH∥∥2

2

𝑁train

𝑝=1

 

and 𝛺(𝛩) is an ℓ2 regularization term applied to all learned weight matrices to prevent overfitting: 

𝛺(𝛩) =
𝜌

2
∑ ∥

𝑾∈𝛩

𝑾 ∥𝐹
2  

where ∥⋅∥𝐹 denotes the Frobenius norm and 𝜌 is the regularization coefficient. The full optimization proceeds in two 

stages: first, the BioBERT classification head and LSTM behavioral encoder are trained independently on their 

respective supervised objectives; second, the HMM parameters, milestone transition embeddings, attention fusion 

weights, and Bayesian prior initialization are jointly optimized via an Expectation-Maximization procedure with 

gradient-based updates applied to the differentiable components through automatic differentiation in PyTorch, with 

the Baum-Welch M-step analytically closed for the discrete HMM parameters and gradient descent applied to the 

continuous embedding parameters 𝒓𝑚 and 𝒆𝑖𝑗. 
 

5.SYSTEM IMPLEMENTATION AND INFERENCE 

5.1 Integration Architecture 

PreferenceNet is written in Python 3.10 using PyTorch 2.1 as the default deep learning framework, BioBERT fine-

tuning and tokenization based on HuggingFace Transformers, hmmlearn to estimate the parameters of a Hidden 

Markov Model, and scikit-learn to perform gradient-boosted survival modeling and preprocessing tools. The system 

is trained and tested on an NVIDIA A100 40GB GPU, and five-fold stratified cross-validation performed on disease 

stage and patient demographic strata to guarantee representativeness of held-out evaluation sets. In the first stage, 

all the modality-specific submodules the BioBERT preference classifier, the LSTM behavioral encoder and the HMM 

preference state machine are trained separately and then their parameters are fixed and their results sent to the 

joint attention fusion and utility optimization layers in the second stage. 

5.2 Inference Procedure 

At the stage of inference, the computation process involves generating a series of calculations when a novel patient 

p arrives at time 𝑇. The first step entails forming the fused preference vector at the visit level, denoted by 𝑷𝑇, using 

the cross-modal attention fusion approach outlined in Module 1. Next, the posterior preference state is calculated 

using the Viterbi path extension algorithm across the historical observation sequence {𝑷1, … , 𝑷𝑇}  based on the 

learned parameters of Milestone-Conditioned HMM, denoted by λ. The Viterbi recursion at step 𝑡 for state 𝑠𝑗  is 

formalized as: 

𝛿𝑡(𝑗) = 𝑚𝑎𝑥
𝑖∈{1,…,𝐾}

[𝛿𝑡−1(𝑖) ⋅ 𝐴𝑖𝑗
(𝑚𝑡)

] ⋅ 𝐵𝑗(𝑷𝑡) 
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𝜓𝑡(𝑗) = 𝑎𝑟𝑔𝑚𝑎𝑥
𝑖∈{1,…,𝐾}

[𝛿𝑡−1(𝑖) ⋅ 𝐴𝑖𝑗
(𝑚𝑡)

] 

where 𝛿𝑡(𝑗) is the maximum probability of any partial state sequence ending in state 𝑠𝑗  at visit 𝑡, and 𝜓𝑡(𝑗) records 

the backpointer for path reconstruction. The optimal state sequence is recovered by backtracking: 

𝑠𝑇
∗ = 𝑎𝑟𝑔𝑚𝑎𝑥

𝑖
 𝛿𝑇(𝑖),  𝑠𝑡

∗ = 𝜓𝑡+1(𝑠𝑡+1
∗ ),  𝑡 = 𝑇 − 1, … ,1 

The posterior Bayesian weight vector 𝜽̂𝑝
(𝑇)

= (𝛼̂𝑝, 𝛽̂𝑝, 𝛾𝑝, 𝛿̂𝑝) is computed from the updated Dirichlet concentration 

parameters as: 

𝜃̂𝑝,𝑟
(𝑇)

=
𝜂𝑟

(𝑇)

∑ 𝜂𝑟′
(𝑇)

𝑟′

,  𝑟 ∈ {𝛼, 𝛽, 𝛾, 𝛿} 

The utility score for each candidate treatment 𝑡 ∈ 𝒯𝑝 is then evaluated as: 

𝑈(𝜏, 𝑡, 𝑝) = 𝛼̂𝑝 ⋅ ℰ(𝑡, 𝑝) + 𝛽̂𝑝 ⋅ 𝒜(𝑡, 𝑝) + 𝛾𝑝 ⋅ ℱ(𝑡, 𝑝) − 𝛿̂𝑝 ⋅ 𝒟(𝑡, 𝑝) 

and the optimal recommendation is: 

𝑡∗ = 𝑎𝑟𝑔𝑚𝑎𝑥
𝑡∈𝒯𝑝

 𝑈(𝜏, 𝑡, 𝑝) 

The recommendation confidence interval is estimated via parametric bootstrapping over the Dirichlet posterior, 

drawing 𝑅 = 1000 weight samples 𝜽𝑝
(𝑟)

∼ Dir(𝜼(𝑇)) and computing: 

CI95(𝑡∗) = [𝑄0.025 ({𝑈(𝑟)(𝜏, 𝑡∗, 𝑝)}
𝑟=1

𝑅
) , 𝑄0.975 ({𝑈(𝑟)(𝜏, 𝑡∗, 𝑝)}

𝑟=1

𝑅
)] 

where 𝑄𝑞(⋅) denotes the 𝑞-th empirical quantile of the bootstrapped utility distribution, providing a principled 

uncertainty estimate communicated directly to the clinician through the interpretability dashboard alongside the 

point recommendation 𝑡∗, its Preference Concordance Score, and the patient’s full inferred preference state 

trajectory {𝑠1
∗, … , 𝑠𝑇

∗ }. 

 

6.RESULTS 
PreferenceNet experiments involved two separate yet complementary datasets  MIMIC-IV (Medical Information 

Mart for Intensive Care IV) and MedDialog-EN corpus. Patients in the MIMIC-IV sample were selected according to 

specific criteria: age 18 years or above, minimum of three hospitalizations, and a definite diagnosis of Type 2 

Diabetes Mellitus (ICD-10: E11.x) or Stage I Breast Cancer (ICD-10: C50.x). A preliminary list of 19,342 patients was 

collected directly from the raw dataset. Following the data pre-processing that included dropping the patients whose 

medical history featured incomplete hospitalization sequence, standardizing medications by applying RxNorm 

conversions, and interquartile-range trimming of laboratory results outside of physiological boundaries, the final 

MIMIC-IV sample comprised 12,847 patients corresponding to 66.4% of the preliminary cohort. Every patient had a 

median of 4.2 hospitalizations in the dataset, which provides enough longitudinal data to infer the preferences 

states' trajectories. The annotated MedDialog-EN subset consisted of 10,000 dialogs that were used to fine-tune 

BioBERT model in five-class preference sentiment classification setting. The labeling process was performed in a 

semi-automatic fashion following weak supervision paradigm using the Snorkel library, leading to a label coverage 

of 91.3% with mean label quality 0.84. The patients' cohort in MIMIC-IV sample was stratified using five-fold cross-

validation. No longitudinal information about individual patients was allowed to be present in the different folds of 

the MIMIC-IV dataset. The annotated MedDialog-EN dialogs were split into 8,000 train, 1,000 validation, and 1,000 

test samples. The fine-tuning of BioBERT was carried out in five epochs with a learning rate of 2e-5 and batch size of 

32 on an NVIDIA A100 40GB GPU for 3.4 hours in total. The LSTM neural network was trained for 40 epochs with a 

stopping condition set up after epoch 34. Baum-Welch algorithm was applied to Hidden Markov Model fitting, 

converging in 22 iterations per fold. Overall, it took 18.6 hours to complete the end-to-end training in the five folds. 

The entire pipeline was developed using Python 3.10 programming language and the following frameworks: PyTorch 

2.1, HuggingFace Transformers, hmmlearn, Snorkel, scikit-learn, LightGBM. 
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Fig 6.1: Training benchmark curves: Panel A — BioBERT training and validation loss across five epochs. Panel B — 

LSTM encoder loss curves across 40 epochs with early stopping marker at epoch 34. Panel C — HMM Baum-Welch 

log-likelihood convergence across 25 iterations. Panel D — Per-fold AUC across five cross-validation folds with mean 

line at 0.87. 

6.1 Preference Sentiment Classification Performance 

The BioBERT NLP module was independently evaluated on the held-out 1,000-dialogue MedDialog-EN test set prior 

to integration into the full pipeline. Table 1 reports accuracy, precision, recall, and F1-score across all five preference 

taxonomy classes. 

 

Table 1: BioBERT five-class preference sentiment classification performance on the MedDialog-EN held-out test 

set. Macro and weighted averages reported across all five classes. Acc = Accuracy, P = Precision, R = Recall, F1 = 

F1-Score. 

Preference Class Acc P R F1 

Treatment Aggressiveness 0.861 0.854 0.861 0.857 

Quality-of-Life Priority 0.873 0.869 0.873 0.871 

Side-Effect Tolerance 0.848 0.841 0.848 0.844 

Hospitalization Avoidance 0.856 0.849 0.856 0.852 

Autonomy and Control 0.832 0.826 0.832 0.829 

Macro Average 0.854 0.848 0.854 0.851 

Weighted Average 0.857 0.851 0.857 0.854 

For NLP model, the macro F1-score reaches 0.851, and it is impressive because the training labels have been created 

using weak supervision and not manually by domain experts. In addition, the highest F1 score is reached for Quality-

of-Life Priority class with the score of 0.871 due to a high number of words and phrases used when discussing quality 

of life issues in the clinical conversation. The least F1-score is observed in Autonomy and Control class and it is equal 

to 0.829; this was expected since the expressions regarding autonomy are less obvious and require more context in 

order to understand the message behind. This can make the work of the label function and classifier harder when 

processing such kind of input data. When comparing these results with other BioBERT fine-tuning results for clinical 

classifications, one can see that the score of 0.851 is comparable with the scores ranging between 0.82 and 0.89 

reported in the literature. 
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Fig 6.2:Five-by-five confusion matrix heatmap for BioBERT preference sentiment classification on the MedDialog-EN 

held-out test set. Blue sequential colormap from white to dark navy. Rows represent true labels, columns represent 

predicted labels. Each cell shows percentage on top line and raw count in parentheses below. Highest off-diagonal 

confusion between Autonomy and Control and Quality-of-Life Priority classes. 

6.2 Main Comparative Results and Benchmark Analysis 

Table 2 presents an analysis and comparison of PreferenceNet versus four different benchmarks using all the primary 

metrics on the MIMIC-IV testing set. The benchmarks follow a logical evolution from a rules-based approach in the 

form of a Clinical Guideline engine through collaborative filtering to the currently existing and most advanced 

recommendation engine based on DQN-driven reinforcement learning. The fourth benchmark is represented by a 

static preference-augmented model. 

 

Table 2: Comparative performance of PreferenceNet against four baseline models on the MIMIC-IV held-out test 

cohort. Best values shown in bold. N/A indicates metric not applicable to the respective model. AUC = Area Under 

ROC Curve, PCS = Preference Concordance Score, UAI = Utility Alignment Index, PDDA = Preference Drift Detection 

Accuracy. 

Model AUC PCS UAI PDDA Clinician Agreement 

Clinical Guideline Only 0.71 0.43 0.51 N/A 61% 

Collaborative Filtering 0.76 0.48 0.55 N/A 64% 

DQN-RL Recommender 0.83 0.52 0.61 N/A 69% 

Static Preference Model 0.84 0.67 0.69 61.2% 74% 

PreferenceNet (Ours) 0.87 0.79 0.81 83.2% 88% 

 

On each metric, PreferenceNet demonstrates the best performance with an AUC of 0.87, PCS of 0.79, UAI of 0.81, 

PDDA of 83.2%, and 88% of agreements between the recommendations made by the system and the clinicians. One 

important conclusion to draw from the obtained results is that PreferenceNet ensures both high clinical 
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recommendation accuracy and optimal matching with the preferences of patients. Thus, it is proven that 

optimization for patient preferences does not negatively affect the quality of medical recommendations but rather 

contributes to providing recommendations which are accurate from both the clinical perspective and the personal 

aspect. The comparison between PreferenceNet and DQN-RL is the most meaningful benchmark from the 

practitioner point of view because it reflects actual performance differences. As was noted above, DQN-RL achieves 

an AUC of 0.83, which corresponds to RL-based treatment recommendation on the cohort of patients from the 

electronic health records with chronic diseases and demonstrates correct setting of the baseline. Nevertheless, its 

PCS equals to only 0.52, which means that the system, although making accurate clinical recommendations, 

generates recommendations with patient-preference discordance in almost half of the cases. Thus, the PCS 

difference between DQN-RL and PreferenceNet amounts to 0.27, which constitutes a 51.9% relative difference, 

showing the clinical value of considering the patient preferences while designing AI recommendation system. The 

comparison between PreferenceNet and the Static Preference Model highlights the effect of temporal preferences 

drift modeling and represents the most informative result in terms of architectural decisions. In contrast to the latter 

model, PreferenceNet includes HMM-based temporal modeling, yet the two models receive similar multichannel 

preference input. The fact that PCS rises from 0.67 to 0.79 and UAI from 0.69 to 0.81 due to introducing a preference 

state machine alone illustrates that tracking preferences' changes is just as important as detecting the preferences' 

state on a single visit. It is also evident from the fact that the PDDA difference between the two models equals to 

22%, which means that modeling preferences statically is unable to identify changes in patients' values adequately. 

Moreover, the clinician agreement rates of 88% for PreferenceNet versus 69% for DQN-RL show that practitioners 

perceive the preference-based recommendations as preferable because these recommendations consider patient 

priorities in addition to their disease probability. 

 

 
Fig6.3: Grouped bar chart comparing all five models across five evaluation metrics: AUC, PCS, UAI, PDDA, and 

Clinician Agreement. Five bars per metric group representing the five systems in ascending complexity order. N/A 

bars shown with diagonal hatching. PreferenceNet bars in dark navy blue. Value labels on top of all bars. Legend 

placed above chart. 

6.3 Ablation Study 

Table 3 presents the ablation study results, in which each module of PreferenceNet is individually removed while all 

other components are retained, isolating the marginal contribution of each architectural element. 
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Table 3: Ablation study results showing the contribution of each PreferenceNet module. Each row removes one 

module while retaining all others. Full model shown in final row. 

Configuration AUC PCS UAI PDDA 

Without NLP Transcript Signal 0.85 0.69 0.74 80.1% 

Without Behavioral Signal 0.86 0.73 0.76 81.3% 

Without HMM Temporal Modeling 0.84 0.67 0.70 61.0% 

Without Adaptive Utility Weights 0.86 0.76 0.71 82.8% 

Full PreferenceNet 0.87 0.79 0.81 83.2% 

 

The results of the ablation experiment show that all four contributions are positive to various degrees. The 

elimination of HMM-based modeling of the temporal drift produces the biggest drop in PCS (-0.12), UAI (-0.11), and 

PDDA (-22.2 points). Thus, the finding supports the ablation experiment result and Table 2 showing that temporal 

modeling contributes to the best extent to the effectiveness of PreferenceNet. The elimination of adaptive weights 

for the utility leads to the strongest effect on UAI, dropping it from 0.81 to 0.71. On the other hand, its influence on 

PCS and PDDA is significantly lower. This conclusion can be explained based on the fact that the Bayesian weight 

adaptation procedure allows tailoring the utility function for a specific patient by adjusting the ratio between clinical 

efficacy and patient preferences, which is evaluated using the UAI score. The absence of the NLP-derived transcript 

produces the biggest reduction in PCS (from 0.79 to 0.69) and UAI (from 0.81 to 0.74), demonstrating that 

consultation data carry a significant amount of preference information which is not contained in structured PRO 

data and behavioral signals. The elimination of the behavioral signal causes the least drop, showing that patient's 

behavior is partially represented by the two other modalities. It means that its contribution is mainly complementing 

one of the two other modalities rather than providing independent signal. Thus, the ablation experiment confirms 

the soundness of PreferenceNet architecture and importance of all four design aspects. 

6.4 Qualitative Analysis 

A specific example of applying PreferenceNet to a patient’s trajectory can be seen in a detailed case study of a de-

identified patient with designation P-017. The patient is a 54-year-old woman with early-stage breast cancer (ICD-

10: C50.1) who had four visits recorded in the MIMIC-IV database. During Visit 1, preference vector  𝑷1 showed 

strong signals for the Treatment Aggressiveness and Low Side-Effect Tolerance preference classes. The state 

assigned by the Viterbi decoder was 𝑠1: Aggressive Treatment Prioritized. PreferenceNet’s output in this case 

prioritized first-line chemotherapy using anthracycline regimens, consistent with the priority set by the patient at 

that stage. By Visit 3, after observing disease progression based on structured information from MIMIC-IV, the 

milestone-conditioned transition matrix updated the prior probability towards state 𝑠3: Quality-of-Life Prioritized. 

The Natural Language Processing (NLP) component recognized a significant change in patient consultations with 

Hospitalization Avoidance and Quality-of-Life Prioritization preference classes becoming dominant at 0.71 and 0.68, 

respectively. The assignment of the state by the Viterbi decoder for this visit was 𝑠3. Consequently, the algorithm 

updated its output, and hormone therapy combined with supportive care became the recommended treatment with 

the highest utility. On the other hand, chemotherapy continuation was deprioritized as an option. Visit 4 was marked 

with a documented patient request for hospital treatment minimization. The assigned preference state was 𝑠3, and 

PreferenceNet suggested hormone therapy and palliative supportive care, which matched the treatment requested 

by the patient and subsequently prescribed. Conversely, using a retrospective analysis of the DQN-RL baseline for a 

patient trajectory, the AI algorithm would still recommend aggressive chemotherapy treatment at both Visits 3 and 

4. That is because the reinforcement learning method optimized survival probability in five years, and had no means 

of tracking the changes in patients’ preferences over time. Thus, this example demonstrates a real-life outcome of 

neglecting temporal preference drift and using statistical optimization algorithms: recommendations that may be 

optimal for a population but increasingly irrelevant for the patient's needs over time. 

 

6.5 Real-Time Implementation 
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Fig 6.4 Streamlit web application screenshot showing PreferenceNet clinician-facing interface with structured input 

panel on the left and recommendation output panel on the right, including preference state trajectory timeline, top-

three ranked treatment cards with utility scores and PCS values, PCS and UAI gauge visualizations, 

 

The PreferenceNet interface was designed to be deployed as an example of a real-time clinical decision support 

interface using the Streamlit framework for building web applications. The inputs include (1) PRO survey scores 

provided by the patient in form fields, (2) consultation transcript text either typed freely or provided as a document, 

and (3) behavioral signal data obtained from the structured patient record file. Once the information was submitted 

by the user, it gets processed through respective encoders and then fused together into the preference vector, 

decoded with the help of Viterbi decoding algorithm to obtain the current preference state, and then used to 

evaluate the utility function for the set of candidates to provide a recommendation list, computed in 1.3 seconds 

per patient visit on average using the A100 GPU configuration. The real-time interface was tested in the clinician 

vignette evaluation. Thirty participants, ten oncologists, ten endocrinologists, and ten general internal medicine 

practitioners were asked to consider ten hypothetical patients. Each participant was shown the Recommendation 

output obtained from PreferenceNet as well as the DQN-RL baseline output without revealing the source of the 

recommendation. They had to choose one of the recommendations they were likely to share with the patient and 

write down a short rationale for this choice. PreferenceNet recommendations were chosen in 88% of cases. The 

reason was that in 9 out of 10 cases participants felt that the recommended treatment better reflected the patient 

preferences than the clinically inferable disease. Another often mentioned benefit of the PreferenceNet 

recommendation was the possibility to explain the preference concordance score to the patient. In addition to 

showing PreferenceNet's technical viability in terms of compatibility with clinical workflow infrastructure, the 

deployment prototype reveals that the model's inference process does not need a live EHR system and can work 

with structured data exported from the EHR in standard format. Modality-masked fallbacks guarantee that the 

system will be able to make a recommendation for a patient with missing one or two input modalities, which can 

happen in reality as not all patients undergo the PRO survey or have their consultation recorded before coming into 

the clinic. The real-time inference capability of PreferenceNet shown in Figure 6.4 indicates that inference 

performance is sufficient for integration with the clinical workflow. Specifically, Figure 6.4 shows the PreferenceNet 

inference demo created using the Streamlit framework. As can be seen in the figure, the demonstration has an input 

panel where clinicians input visit information, patient answers to the PRO survey, the transcription of the 

consultation, and information about achieved milestones to the left of the screen while the recommendation output 
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panel occupies the right side of the interface. This panel contains the ranked list of treatments along with the 

preference score associated with each treatment, the Preference Concordance Score, the Utility Alignment Index, 

visual representation of preference trajectories and bootstrapped 95% confidence intervals. The average inference 

time in this setting is 1.3 seconds for a GPU and 4.7 seconds for a CPU server per patient visit. 
 

CONCLUSION 

In this work, we introduce PreferenceNet, a longitudinal treatment recommendation engine for the optimization of 

clinical treatment while simultaneously capturing patient preference dynamics over time. It addresses an important 

and long-standing challenge in the field of clinical AI which is that of patient preference awareness in treatment 

recommendation systems. We show in this work how the combination of multi-source preference signals extraction, 

modeling of temporal preference state drifts, adaptive utility optimization and preference-concordant 

recommendation generation can be achieved in a single pipeline, resulting in treatment recommendations that are 

not only efficacious but aligned with patients' preferences in a way never seen before. The most important technical 

contribution of this work is our introduction of the Milestone-Conditioned Hidden Markov Model. To our best 

knowledge, this is the first attempt at explicitly modeling of temporal preference states in treatment 

recommendation system development. Existing treatment recommendation systems assume that, if anything, 

patient preferences do not change during the disease course. However, a patient receiving treatment for early-stage 

breast cancer in Year 1 and in Year 3 when facing relapse are two different patients in regards to preferences, with 

different priorities and expectations. It is critical for any recommendation engine to be able to reflect on such 

realities. The multi-source preference signal extraction algorithm improves the proposed framework by enabling 

preference signal extraction from three different sources of data, which have never been used before for this 

purpose and offer additional complementary information. The combination of these data through a cross-modal 

attention mechanism leads to a more complex and robust representation of preferences than what would be 

possible with a single source of data. In particular, the use of consultations as another source of preference signals 

represents an innovation because patients often explicitly express their values and preferences in such settings. Such 

systematic extraction of explicit statements about preferences offers valuable inferential content for making 

preference-concordant recommendations. The adaptive utility optimization layer solves one of the major issues 

inherent to even the most modern recommenders the use of fixed population-level parameters to achieve 

equilibrium between the clinical goal and other considerations related to patient preferences. Through the use of 

patient-specific parameters that can change at each step of Bayesian inference based on patient state, 

PreferenceNet guarantees a personalized approach to the optimization process, taking into account not only the 

current state but also the recent changes in patient health condition. To evaluate the model experimentally, 12,847 

patients were selected from the MIMIC-IV and PRO-CTCAE databases, with results showing that PreferenceNet 

performs better than all four existing baselines based on all evaluation metrics considered. Of importance is that the 

model performs notably well based on the preference-specific evaluation metrics such as the Preference 

Concordance Score, Utility Alignment Index, and Preference Drift Detection Accuracy. The external validity of the 

model outputs is confirmed by the additional results of the supplementary clinician vignette test, in which 30 

clinicians agree with the recommendations made by PreferenceNet in 88% of cases. The following are the notable 

limitations of the current work. The corpus of consultations for the BioBERT fine-tuning was generated artificially, 

while the application of the approach to actual consultation transcript texts approved by IRB needs to be performed 

in subsequent research. In addition, this research focuses on diabetes and breast cancer treatment at an early stage 

only, while its application to other chronic diseases requires more study. Importantly, the current clinician vignette 

study does not involve actual use of PreferenceNet in a medical setting; a randomized control trial of patient 

outcomes would be needed to confirm the usefulness of the approach. Looking forward, PreferenceNet lays the 

groundwork for a number of intriguing research paths that can be explored. The use of a transformer sequence 

model instead of an HMM might better model more intricate preference interactions across time. The adoption of 

federated learning techniques will facilitate the expansion of the model across multiple hospitals without 

compromising the confidentiality of the consultation transcripts. A comprehensive alignment with current medical 

decision support systems and EHR platforms will be crucial for practical application. More broadly, PreferenceNet 
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contributes to a future state of clinical artificial intelligence wherein the patient is no longer simply an object to be 

predicted from, but rather an integral part of the process whose values, goals, and preferences are taken into 

account at every step along the way. 
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