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Abstract: Today, LLMs are not good at personalization providing recommendation. They advise physicians 
and financial advisors to ask professionals in respective fields for help, even having user information available. 
Answering questions of software professionals, LLM needs to deliver in-depth answers with codes or 
algorithms, whereas for professionals in other fields would need definitions and main concepts. The intent of 
this chapter is to make LLM answer tailored to the needs of users, taking into account available information 
about them. To do that, we need to generalize available information about a person like her health record, 
maintaining the privacy of this person. We rely on meta-learning techniques to design a LLM prompt to 
produce a personalization prompt to obtain a suitable relevant information. Such “meta-prompt” is produced 
by generalization operation applied to available documents for the user. These documents need to be de-
identified so that they are sufficient for personalization on one hand and will maintain user privacy on the 
other hand. The second neuro-symbolic technique to support personalization is abductive reasoning, acting in 
parallel to LLM fine-tuning. Traditional recommendation and personalization techniques as well as modern, 
deep learning – based are presented, and the comparison is drawn to the proposed approach. We also share 
the evaluation and comparative analyses of these approaches. We consider an example for how to build 
personalization LLM systems coming from Langchain platform. We will explore how to construct chains to 
form a personalization profile for a user and apply it to user search and recommendation requests. 
https://github.com/bgalitsky/LLM-personalization 

Keywords: Large Language Models; personalization; recommendation; meta-prompts; abductive 
reasoning  

 

1. Introduction 

While prominent Natural Language Processing (NLP) benchmarks like GLUE and SuperGLUE 
(Wang et al., 2018) have undeniably advanced the NLP landscape, they often adhere to the prevailing 
“one size fits all” paradigm in modeling and evaluation. Unfortunately, this approach restricts the 
development of models adaptable to the specific needs of end-users, hindering extensive research on 
personalization in NLP tasks. In contrast, our paper introduces a comprehensive evaluation 
framework that incorporates various tasks demanding personalized recommendations. 

Language Models (LLMs) are poised to revolutionize the interaction between humans and 
personalization systems. Unlike conventional recommender systems and search engines, which act 
as passive mediums for information filtering, LLMs establish the groundwork for active user 
engagement. This transformative foundation enables proactive exploration of user requests, 
delivering required information in a natural, interactive, and explainable manner. Additionally, 
LLMs will significantly broaden the scope of personalization, evolving beyond the sole function of 
gathering personalized information to a composite function of offering personalized services. 

Harnessing large language models as a versatile interface, personalization systems can compile 
user requests into plans, invoke external tools’ functions (e.g., search engines, calculators, service 
APIs, etc.) to execute these plans, and integrate the tools’ outputs to accomplish end-to-end 
personalization tasks. This dynamic approach marks a paradigm shift in how personalization is 
conceptualized and executed, promising a more interactive and expansive user experience. 
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Today, LLMs are still being rapidly developed, whereas their personalization capabilities are 
not significantly addressed. We analyze the challenges in personalization and the opportunities for 
how personalization can work on top of LLMs. 

We discuss development and challenges for the existing personalization system, the newly 
emerged capabilities of LLMs, and the potential ways of making use of LLMs for personalization. 

While personalization has been extensively investigated across various AI application domains, 
such as information retrieval (IR) and human-computer interaction (HCI), particularly in the context 
of search engines and recommender systems, its exploration within NLP has been somewhat limited, 
as highlighted by Xue et al. in 2009. Flek’s recent work (2020) has underscored the significance of 
personalization, especially in tasks involving text classification and generation. This emphasizes the 
potential of personalization to prioritize users and create systems that are not only accessible but also 
inclusive. Furthermore, recent studies, including those by Kirk et al. (2023), have illuminated the 
advantages of personalizing LLMs. Despite these insights and the recognized importance of 
personalization in numerous real-world scenarios, the development and evaluation of LLMs for 
generating personalized responses have received limited attention. Consequently, in this chapter, we 
highlight the pivotal role of personalization in shaping the future of LLM integration systems. This 
marks the initial step towards the development and evaluation of personalization within the context 
of LLMs. 

1.1. Personalization in healthcare 

There is a number of factors making LLMs in healthcare popular: 
(1) The increasing availability of data: LLMs are trained on massive datasets of biological and 

medical texts. The healthcare industry is generating more data than ever before, which is 
making it possible to train LLMs that can be used to improve patient care. 

(2) The decreasing cost of computation: The cost of computing power has been decreasing steadily 
for many years. This has made it possible to train and deploy LLMs at scale. 

(3) The increasing demand for personalized healthcare services: Patients are increasingly 
demanding personalized healthcare that is tailored to their individual needs. LLMs can be 
used to generate personalized treatment plans and recommendations, which can help to 
improve patient outcomes. 

(4) The potential to improve efficiency and accuracy: LLMs can be used to automate a variety of 
tasks in healthcare, such as scheduling appointments and generating reports. This can free up 
healthcare professionals to focus on providing care to patients. LLMs can also be used to 
improve the accuracy of diagnosis and treatment. 
In healthcare, the enthusiasm surrounding LLMs stems from their potential to enhance patient 

care. As LLMs progress in development, we anticipate witnessing further innovative and effective 
applications of this technology in the future. Nevertheless, it is crucial to acknowledge that LLMs 
represent a relatively new technology, and their application in healthcare comes with potential risks 
and limitations. Examples include susceptibility to bias and security attacks. Prior to implementing 
LLMs in healthcare settings, careful consideration of these risks and limitations is imperative. 
 In the healthcare sector, LLMs contribute to enhancing patient care through various avenues, 
including: 

• Diagnosis and Treatment: LLMs are valuable for analyzing patient data to identify potential 
health issues, generate treatment plans, and recommend medications. 

• Research: LLMs play a role in analyzing extensive datasets of medical research papers, aiding 
researchers in identifying new trends and gaining insights. 

• Education: LLMs can create personalized learning experiences for healthcare professionals and 
develop educational resources for patients and their families. 

• Administrative Tasks: LLMs offer automation capabilities for diverse administrative tasks in 
healthcare, such as appointment scheduling 
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By automating healthcare services, improving diagnosis and treatment, and supporting 
research, LLMs can help to make healthcare more efficient, effective, and accessible. 

1.2. Advantages of large language models in healthcare AI 

The utilization of LLMs in healthcare offers several advantages over traditional Machine 
Learning (ML) approaches: 
(1) Improved Diagnosis and Treatment: LLMs excel in analyzing patient data to identify potential 

health issues, generate treatment plans, and recommend medications. This enhances the 
accuracy and efficiency of healthcare delivery. 

(2) Support for Research: LLMs contribute to the analysis of extensive datasets of medical research 
papers, enabling researchers to identify emerging trends and insights. This, in turn, can lead to 
the development of new treatments and cures. 

(3) Personalized Learning Experiences: LLMs can craft personalized learning experiences for 
healthcare professionals, aiding them in staying abreast of the latest medical knowledge and 
best practices. 

(4) Automated Administrative Tasks: LLMs are adept at automating various administrative tasks 
in healthcare, including appointment scheduling and report generation. This automation 
liberates healthcare professionals to concentrate on delivering care to patients. 
In summary, the integration of LLMs in healthcare has the potential to revolutionize the 

industry, fostering efficiency, effectiveness, and accessibility. As LLMs evolve, we anticipate 
witnessing even more innovative and effective applications of this technology in the coming years. 

A health recommender system (HRS) provides a user with personalized medical information 
based on the user’s health profile.  

The most adopted algorithm of recommendation technologies was the knowledge-based 
approach. Despite existing research progress on HRSs, the health domains, recommended items, and 
sample size of system evaluation have been limited. In the future, HRS research shall focus on 
dynamic user modelling, utilizing open-source knowledge bases, and evaluating the efficacy of HRSs 
using a large sample size. 

People are increasingly using the internet to search for health information. Google receives more 
than 1 billion health questions every day and seven percent of Google’s daily searches are health 
related (Beckers health 2021). Pew Research Center (2021) even showed that eighty percent Internet 
users have searched for health information (e.g., diet, fitness, drugs, health insurance, treatments, 
doctors, and hospitals). 

Nevertheless, the abundance and intricacy of health-related information have the potential to 
overwhelm an individual’s capacity for information processing, resulting in incomplete or inaccurate 
consumption of information. Moreover, online information is typically not customized to meet the 
specific needs of each patient, as highlighted by Carter et al. (2011). Additionally, there is a 
considerable variation in users’ health literacy levels, with some lacking the necessary skills to 
comprehend medical terminology and vocabulary, evaluate the relevance of extracted data, or verify 
the validity of information sources. Consequently, the experience for consumers seeking health 
information on the internet can be notably challenging. 

Recommender techniques are traditionally divided into different categories: 
(1) Collaborative filtering is the most used and mature technique that compares the actions of multiple 

users to generate personalized suggestions. An example of this technique can typically be found 
on e-commerce sites, such as “Customers who bought this item also bought...” . 

(2) Content-based filtering is another technique that recommends items that are similar to other items 
preferred by the specific user. They rely on the characteristics of the objects themselves and are 
likely to be highly relevant to a user’s interests (De Croon et al. 2021). This makes content-based 
filtering especially valuable for application domains with large libraries of a single type of 
content, such as MedlinePlus’ curated consumer health information (Bocanegra et al. 2017).  

(3) Knowledge-based filtering is another technique that incorporates knowledge by logic inferences. 
This type of filtering uses explicit knowledge about an item, user preferences, and other 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 29 February 2024                   doi:10.20944/preprints202402.1709.v1



 4 

 

recommendation criteria. However, knowledge acquisition can also be dynamic and relies on 
user feedback. 

(4) LLM-based filtering is based on prompting and reasoning neuro-symbolic approaches and is the 
focus of this chapter. 

1.3. Contribution 

In this chapter, we first explore how to personalize textual data along with an individual item 
recommendation, given a sequence. Once we optimize what needs to be done with LLM for that, we 
proceed to the medical domain where an abstract item is instantiated by a clinical treatment and 
additional health-specific considerations need to come into play. The innovations are as follows: 
(1) The chapter introduces a neuro-symbolic architecture for personalizing Large Language Models 

(LLMs). In the realm of prompting techniques, we advance towards meta-prompting, 
illustrating how these meta-prompts construct user personalization profiles, subsequently 
applying them during search operations to yield personalized outcomes. 

(2) We advocate for the incorporation of abductive reasoning to deduce the most suitable answer 
for a user based on her personalization profile. Abduction occurs in parallel to fine-tuning to 
iteratively improve the personalization. 

(3) After scrutinizing existing personalization architectures, we identify those most compatible with 
LLM integration. Health personalization recommendation methods undergo a comparative 
analysis, with the selection of the most effective LLM-based approach. 

(4) Our exploration concludes with a practical exercise involving fine-tuning LLM using treatment 
recommendation data. 

2. Personalization scenarios 

LLMs have showcased remarkable capabilities in harnessing their internal world knowledge 
and common-sense reasoning to accurately discern user intent during dialogues. Additionally, LLMs 
exhibit the ability to engage with users in a natural and fluent manner, providing a seamless and 
delightful user experience. These strengths render LLMs an enticing option for recommendation 
systems aimed at improving personalized experiences. 

However, notwithstanding the impressive memory capacity of LLMs, they encounter difficulties 
in memorizing specific knowledge within private and specialized domains when lacking sufficient 
training. For example, the storage of extensive item databases and user profiles in a recommender 
system poses a considerable challenge for LLMs. This limitation can result in LLMs generating 
inaccurate or erroneous responses, making it challenging to govern their behavior within a particular 
domain. Furthermore, LLMs grapple with the temporal generalization problem as external 
knowledge continues to evolve and change over time.  

To tackle these issues, various tools can be employed to enhance LLMs and bolster their 
effectiveness as recommendation agents. 
1) Search engine. Search engines are widely employed to provide external knowledge to LLMs, 

reducing LLMs’ memory burden and alleviating the occurrence of hallucinations in LLMs’ 
responses. 

2) Recommendation engine. Some works have attempted to alleviate the memory burden of LLMs 
by equipping them with a recommendation engine as a tool, enabling LLMs to offer 
recommendations grounded on the item corpus.  
The recommendation engine in Chat-REC (Gao et al. 2023) is further divided into two stages: 

retrieve and reranking, which aligns with typical recommendation system strategies. In the retrieval 
stage, LLMs utilize traditional recommendation systems as tools to retrieve 20 items from the item 
corpus as a candidate item set. Subsequently, LLMs employ themselves as tools to rerank the 
candidate item set. LLMs’ commonsense reasoning ability, coupled with the internal world 
knowledge within them, allow them to provide explanations for the sorting results. The 
recommendation engine tool used in RecLLM (Friedman et al. 2023) is highly similar to the one in 
Chat-REC, and it is also divided into retrieval and reranking stages.  

Bottom of Form 
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An overview of our proposed personalized recommendation architecture is shown in Figure 1. 
The essential recommendation components are: 
(1) Abductive reasoning, which requires an LLM to provide an explanation why a certain item is 

recommended, given the Personalization User Profile; 
(2) Object-level Prompt, which is formulated as an exact task of providing an answer for a certain 

category / specialty of the user; 
(3) Meta-level Prompt, which is an abstract request such as finding commonalities in user documents, 

extracting them from user documents. 

 

Figure 1. A Hybrid prompts + abduction LLM personalization architecture. 

The “Purchase or Selection History” is created by concatenating the items that the user has 
interacted with. The “Personalization User Profile” is a high-level summarization of the user’s 
preferences, generated using an LLM based on user-item interactions, item attributes, or even user 
information if possible. The “Candidates for Recommendation” are the output of an arbitrary 
retrieval component. 

2.1. Problem formulation 

We consider every data sample as an independent user u, with a set of user records associated 
with each sample across all tasks. These user records are instrumental in tailoring language models 
to individual users using their specific data. Consequently, each data sample can be divided into 
three distinct components: an input sequence, which serves as the model’s input; a target output, 
which represents the expected model output; and a profile, which encapsulates any supplementary 
information that can be used to customize the model in accordance with the user’s unique preferences 
or needs. 

A general recommendation problem can be defined as the task of maximizing a utility function 
M. M serves as a measure of how useful an item s is to a recommendation context c, represented as 
M: C× S → R, where R is a totally ordered set. Here, the recommendation context c is intended as an 
information collection composed of the user profile, i.e., the list of her preferred items Suser, and those 
recommended by the system at recommendation time Srec, such that C = {Suser, Srec}. The primary 
objective is to select an item s′ ∈ S for each recommendation context c ∈ C that maximizes their utility. 
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In our case, personalized recommendation in provided via text. For a given textual input t, the 
goal is to develop a model M that generates personalized output o for user u. This task is formulated 
as arg maxo p(o|t; u). For each user u, the model M can take advantage of user profile Pu = {(tu1, ou1), 
(tu2, ou2), … , (tum,om)} where each (tui, oui) denotes a pair of input text t and personalized output o of 
user u (Figure 2). 

 
Figure 2. Formulating personalization problem for IR and LLM. 

Each personalization user profile comprises an extensive array of data points specific to that 
user. However, due to the natural limitations on context length in LLMs and considerations of 
efficiency and cost, it is feasible to include only a subset of these data points as input prompts. Not 
all elements within a user’s personalization profile may be directly applicable to the particular task 
the user intends to undertake. IR plays a selective role in extracting the relevant data from the user 
profile that includes the current, unseen test case. 

To compute personalization for a given sample in personalization user profile (tui, o ui), three 
steps are used: 
(1) a query construction component that transforms the input ti into a query q for retrieving from the 

personalization user’s profile; 
(2) a retrieval component IR(q; Pu) that accepts a query q, a user profile Pu and retrieves entries 

assumed to be most significant from the user profile; and  
(3) a prompt construction component p that assembles a prompt for user u based on input ti and the 

obtained entries. 
LLM input is obtained using the following: 𝑡௜௅௅ெ ൌ  𝜙௣ሺ𝑡௜  , IR൫𝜙௤ ሺ𝑡௜ ሻ, 𝑃𝑢 ൯. ሺ𝑡௜௅௅ெ, 𝑜௜ ሻ is used to 

train and evaluate LLM. 
To express the similarity between a recommending system and an LLM, consider the following. 

A LLM estimates the probability P(x1, x2, ..., xT ) of observing sentence tokens in the given order, 
namely estimating the entire sequence’s joint probability. Applying the chain rule, this probability is 
expressed as 

 
An ideal LLM is expected to autonomously generate text by sequentially selecting individual 

tokens 

 
Hence both LLM and a recommender learn to predict the most probable next token and next 

item respectively (Di Palma 2023). 
Let us consider an recommendation example. The input is: “I find the purchase history list of 

user_15466: 
4110 -> 4467 -> 4468 -> 4472 I wonder what is the next item to recommend to the user. Can you 

help me decide?” 
The output is: “1581” 
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(Geng et al. 2022) assigned the user and each item a unique ID. Using a training set with 
thousands of users (and their purchase histories) and unique items, the LLM is able to learn that 
certain items are similar to one another and that certain users have inclinations towards certain items 
(due to the nature of the self-attention mechanism). During the pre-training process across all these 
purchase sequences, the model essentially goes through a form of collaborative filtering. It sees what 
users have purchased the same items and what items tend to be purchased together. Combine that 
with an LLM’s ability to produce contextual embeddings, and we suddenly have a very powerful 
recommendation system. 

In this example, although we do not know what item each ID corresponds to, we can infer that 
item “1581” was selected due to other users purchasing it along with any of the items that 
“user_15466” already purchased (Aboufoul 2023) 

3. Transformer-based personalization 

The survey by Yang and Flek (2020) contains an overview of tasks and applications where the 
main goal is to adapt a model or system to the needs of the user in the area of dialog personalization. 
There are also works in summarization, style and formality adaptation, and text simplification. The 
authors of the survey make an observation that personalization techniques vary broadly in the type 
of condition for personalization. Specifically, the text can be personalized based on factual knowledge 
of a user, i.e., some meta information, or on stylistic modifiers commonly used by users. It is also 
mentioned in the survey that a notion of personal writing style is broad and can include emotional 
stylistic modifiers, sociodemographic traits, and personality specific modifiers. 

For example, Ficler and Goldberg (2020) use conditional LLM approach to generate more 
personalized movie review. They use an RNN with conditional style context: whether a review 
should be descriptive, professional or personal; the length of the review could also be provided as a 
condition. 

Syed et al. (2020) use a transformer with the additional encoder-decoder framework for fine-
tuning towards the style of one of the ten Gutenberg authors. Their results state this approach 
rewrites the input text with better alignment to the target style. Skopyk et al. (2022) develop a model 
that trained on users’ previously written records will produce a more personalized text for each of 
them. 

Welch et al. (2022) consider approaches to fine-tuning and interpolation that leverage data from 
similar users to boost personalized LLM performance. The authors consider the case of users with a 
small number of available tokens and propose ways to find similar users in their corpus and also 
leverage data from similar users to build a personalized LLM for a new user. trade-offs between the 
amount of available data from existing users were analyzed, as well as the number of existing users 
and new users, and how the authors’ similarity metrics and methods scale. The study includes the 
analysis of what types of words our method predicts more accurately and are thus more important. 

The diagram by Welch et al. (2022) illustrates the utilization of data, models, and metrics (Figure 
3). The diagram comprises two primary sections: a left rectangle demonstrating the computation of 
three similarity metrics and a right rectangle depicting two methods for leveraging similar user data 
to create personalized models. Solid lines indicate the flow of golden set user data, while a dashed 
line represents data from a new user. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 29 February 2024                   doi:10.20944/preprints202402.1709.v1



 8 

 

 
Figure 3. Personalization architecture that leverage data from similar users to boost personalized LLM 
performance. 

Golden set user data is employed to construct the authorship attribution model (AA), individual 
user LLMs for the perplexity-based metric (depicted as a set with the first as LMA1), and user 
embeddings (UE). These three metrics are then utilized to filter anchor user data to identify similar 
users. With this group of users, a baseline LLM is fine-tuned (without UE, denoted LM-UE), and 
subsequently, it undergoes further fine-tuning using new user data for the weighted fine-tuning 
method (WFT LM). During interpolation, the LLMs of individual golden set users are reweighted 
and combined with predictions from an LLM fine-tuned on new user data (FT LM). 

Given N trained LLMs, one for each user, Welch et al. (2022) use the perplexity of one LLM on 
another user’s data as a measure of distance. We could compare the word-level distributions, though 
this would be very computationally expensive. In their experiments, Welch et al. (2022) use the 
probability of the correct words only, or the perplexity of each model on each new user’s data. The 
LLM is trained on all golden set users and fine-tuned for each anchor user. Then the perplexity of 
each model is measured on the data of each new user. For this matrix of new×golden_set perplexities, 
each row, representing a new user, is turned into a similarity vector by computing 1 െ ೎షౣ౟౤ ሺೝ೚೐ሻౣ౗౮ ሺೝ೚ೢሻ  for each cell, c. 

3.1. History of recommendation development  

The evolution of recommendation technology spans several decades, marked by significant 
advancements in ML and NLP (Figure 4). Here is a brief history: 
(1) MDL (Minimum Description Length): The concept of recommendation systems can be traced 

back to the late 20th century, with early models like MDL. These systems focused on simplicity 
and used algorithms to minimize the description length of the recommendation, laying the 
foundation for future developments. 

(2) MLP (Multilayer Perceptron): As neural networks gained prominence in the late 20th century, 
MLPs became a notable recommendation technology. These multilayered artificial neural 
networks were used for collaborative filtering and content-based recommendations. 

(3) BERT (Bidirectional Encoder Representations from Transformers): In 2018, BERT, a transformer-
based model, revolutionized natural language processing. BERT excelled at understanding 
context and semantics in textual data, enhancing recommendation systems’ ability to grasp user 
preferences and deliver more accurate suggestions. 

(4) GPT (Generative Pre-trained Transformer) Series: GPT models, developed by OpenAI, represent 
a breakthrough in recommendation technology. Starting with GPT-1 and progressing to GPT-
3.5, these models are pre-trained on massive datasets, enabling them to generate human-like text 
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and understand context, making them applicable to a wide range of natural language processing 
tasks, including advanced recommendation systems. 

 

Figure 4. Aligning recommendation architectures with deep learning architectures (Chen et al. 
2023). 

The GPT-3.5, in particular, is a powerful language model with 175 billion parameters, making it 
one of the most sophisticated models for NL understanding and generation. Its large-scale pre-
training allows it to perform exceptionally well in various recommendation tasks, understanding and 
generating human-like responses. Overall, from the early days of MDL to the current state-of-the-art 
GPT-3.5, recommendation technology has undergone a remarkable journey, leveraging 
advancements in neural networks and language models to provide increasingly accurate and context-
aware suggestions to users. 

4. Offline and online functionality 

At indexing time, upon permission, the personalization system builds a personalization profile 
(Figure 5). Once it gains the access to personal files on a computer or on a cloud, it classifies the file 
as useful for personalization or useless for it. Then documents which looks promising for 
personalization are de-identified. Only text with generalized features like income level or an 
anonymized disease is retained. 
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Figure 5. Overall system architecture. 

Then we aggregate the totality of de-identified documents: anonymized financial complement 
other financial documents, and anonymized health records complement other health records. As a 
result, we include financial needs, health issues, landlord-type recommendations, travel advice etc. 
obtained from the available document. 

A personalization profile includes the attribute value pairs like {acceptable_investmement_risk: 
low, …, blood_pressure:high}. Building of personalization profile involves discovering a meta-prompt, 
such as ‘what are the commonalities between available health documents allowing to identify a certain medical 
condition X’. The object-level prompt will then be “adjust the treatment recommendation to the identified 
medical condition X”. 

5. LLM Personalization via meta-prompting 

We follow Lyu et al. 2023, exploring various prompting strategies for enhancing personalized 
recommendation performance with large language models (LLMs) through input altering via 
prompts. 

We rely on the following prompting strategies:  
(1) basic prompting,  
(2) personalized recommendation-driven prompting, 
(3) user commitment - driven prompting, and  
(4) recommendation-driven + user commitment - driven prompting. 
Rather than utilizing LLMs as recommender models, this section investigates the application of 

prompting strategies to enhance input text with LLMs for personalized content recommendations. 
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Drawing upon the extensive language datasets on which LLMs have been fine-tuned, our objective 
is to unlock their potential for generating high-quality and context-aware input text, thereby 
improving recommendations. We explore various tailored prompting strategies for personalized 
content recommendation, including basic prompting, recommendation-driven prompting, 
engagement-guided prompting, and the combination of recommendation-driven and engagement-
guided prompting. Through the utilization of these strategies, our aim is to optimize the generation 
of input text by LLMs, ultimately enhancing the accuracy and relevance of content recommendations. 

Recommendation-driven prompting components play a crucial role in enabling LLM to focus 
on relevant context and align with user preferences (Lyu et al. 2023, Figure 6) 

 
Figure 6. Prompts for recommendation. 

The utilization of recommendation-driven prompting possesses several compelling 
characteristics, rendering it an attractive approach for crafting high-quality content descriptions: 
(1) Enhanced Context Precision: Explicitly stating that the generated content description is 

intended for content recommendation provides models with a clearer understanding of the task. 
This additional context enables models to align their responses more closely with the purpose 
of generating content descriptions for recommendation purposes. 

(2) Guided Generation for Recommendation: The specific instruction serves as a guiding cue for 
models, directing their attention towards generating content descriptions better suited for 
recommendation scenarios. The mention of “content recommendation” likely prompts the Large 
Language Model (LLM) to focus on key features, relevant details, and aspects of the content that 
are more instrumental in guiding users toward their preferred choices. 

(3) Heightened Accuracy of Recommended Entities: The instruction assists the LLM in producing 
content descriptions tailored to the requirements of content recommendation. This alignment 
with the recommendation task results in more relevant and informative descriptions, as the LLM 
is primed to emphasize aspects crucial for users seeking recommendations. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 29 February 2024                   doi:10.20944/preprints202402.1709.v1



 12 

 

The user commitment prompting strategy involves utilizing user behavior, specifically user-
item commitment, to formulate prompts with the aim of guiding the Large Language Model (LLM) 
to better encapsulate characteristics within the content description that align with user preferences. 
The goal is to generate more meaningful descriptions for recommendation tasks using this type of 
prompt. 

To create the commitment-guided prompt, Lyu et al. (2023) combine the content description of 
the target item, denoted as dtarget, with the content descriptions of T important neighbor items, 
represented as d1, d2, … , dT . This amalgamation of information serves as the foundation for the 
prompt, strategically designed to leverage user engagement and preferences in generating more 
contextually relevant content descriptions. 

The commitment-guided prompt makes use of user engagement data to identify significant 
neighbor items. By incorporating information from these items into the prompt, the LLM has the 
potential to unveil meaningful connections, similarities, or relevant aspects between the target item 
and its neighbors. This approach can lead to more accurate, informative, and high-quality content 
descriptions, ultimately enhancing the overall performance of the content recommendation system. 

Personalized recommendation-driven and user commitment-driven prompting components 
play a crucial role in enabling large language models to focus on relevant context and align with user 
preferences. 

Recommendation-driven and commitment-driven prompting components, together with their 
corresponding augmented texts are shown highlighted in Figure 7. 

 
Figure 7. User commitment and personalization prompts. 

Finally, both the recommendation-driven and commitment-driven prompts are used: “The 
description of an item is as follows: ‘dtarget,’. What should I say if I want to recommend it to others?”. 
This content is considered to hold some similar attractive characteristics as the following descriptions: 
‘d1, d2, … , dT’.” 

There are certain limitations when employing LLM for augmenting input text in 
recommendation systems when constructing prompts. There is a distinction between prompts that 
solely instruct LLM to modify the content description and those that prompt LLM to infer additional 
information. In the latter case, where inference beyond the original context is required, the 
recommendation-driven prompting strategy may not yield the expected improved personalization 
results. The value of recommendation relevance of the inferred context might not be that high. 
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There is a need for careful consideration and evaluation of the prompts employed, particularly 
when instructing LLM to infer information beyond the provided context. While recommendation-
driven prompting strategies prove effective for prompts that do not necessitate inference, their 
effectiveness may be hindered when the prompts require LLM to extrapolate information. 

In addition to its superior performance in personalized content recommendation, the 
incorporation of commitment signals in prompt designs may have broader associated benefits. The 
commitment-guided prompting strategy instructs the LLM to generate commonalities among 
different items, resembling the concept of neighborhood aggregation in graph and concept learning 
(Galitsky and Kovalerchuk 2010). 

A Meta-prompt for building user personalized profile 

In the realm of personalization, a meta-prompt serves as an abstract request aimed at 
constructing a user profile from a set of documents. At its abstract level, the meta-prompt seeks to 
identify commonalities among documents, such as shared phrases that signify entities potentially 
applicable for personalization. Depending on the nature of the documents and the task at hand, this 
meta-prompt can be instantiated into a specific task, such as determining values for the user’s 
personalization profile, including common interests, tools, or locations. For instance, consider 
multiple software design documents and tutorials. A specific object-level prompt could extract the 
entity ‘software’, which can then be utilized to personalize recommendations in various domains, 
including job searches, training, socializing, and other activities. 

For example, an instance of a meta-prompt for building a user personalization profile can be 
“adjust the answer about {topic} to user specialty extracted from {URL} from this profile” (Figure 8). 

 
Figure 8. Applying health-related attribute “cutting cholesterol” from the user personalization profile 
to the answer to the question related to cooking. 

We rely on meta-learning techniques to design a LLM prompt to produce a personalization 
prompt to obtain a suitable relevant information. Such meta-prompt is produced by generalization 
operation applied to available documents for the user. These documents need to be de-identified so 
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that they are sufficient for personalization on one hand and will maintain user privacy on the other 
hand. 

We do not know in advance which information from the documents or web pages associated 
with an individual. So the prompt would sound “extract information from documents which occur 
in at least two distinct documents”. We assume that occurrence in just one document can be a noisy 
indication but occurrence in two is a reliable indication. Hence a meta-prompt is needed to produce 
a prompt which will be applied to a given user question. Such meta-prompt would sound like 
“Determine which features X in a given document indicate an interest of a user” which will yield the 
prompt “Adjust search results to the domain of interest X”. The former meta-prompt, once obtained, 
would yield what is called “object-level” or regular prompt with X instantiated. Whereas the meta-
prompt need to be “discovered” or “explored” by a LLM given a collection of documents, the 
resultant regular prompt is used to obtain the actual recommendation. 

5.1. Designing meta-prompts 

The pursuit of self-improving systems is driven by the promise of creating artificial intelligence 
that can learn, adapt, and evolve autonomously, leading to more efficient problem-solving and 
decision-making. Such systems could revolutionize a wide range of fields, from medicine and climate 
modeling to space exploration and poetry. 

Intrigued by the potential of self-improvement, (Goodman 2023) experimented with a language 
model chatbot that modifies its own instructions from one episode to the next, by reflecting on a 
dialogue with a user. 
 The fundamental concept behind Meta-Prompting is to prompt the agent to self-assess its 
performance and adjust its instructions accordingly. A viable approach involves employing reflection 
and introspection. The agent engages in an iterative process that initiates without instructions and 
progresses through the following steps (Figure 9, Greyling 2023): 
(1) Engage in conversation with a user, who may provide requests, instructions, or feedback. 
(2) At the end of an episode, generate self-criticism and a new instruction using the meta-prompt. 

 

Figure 9. Introspection architecture: meta-prompting for feedback loop. 

The meta-prompt for the introspection architecture looks like (Figure 10, Greyling 2023): 
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meta_template = “““ 
Assistant has just had the below interactions with a User. 
Assistant followed their “Instructions” closely.  
Your job is to critique the Assistant’s performance and then 
revise the Instructions so that Assistant would quickly and 
correctly respond in the future. 
 
#### 
 
{chat_history} 
 
#### 
 
Please reflect on these interactions. 
 
You should first critique Assistant’s performance. What could 
Assistant have done better?  
What should the Assistant remember about this user? Are there 
things this user always wants? Indicate this with “Critique: 
...”. 
 

Figure 10. Meta-prompt for introspection architecture. 

5.2. Automated learning of meta-prompts 

The technique of prompting represents a significant breakthrough in the realm of few-shot 
Natural Language Processing (NLP). Recent advancements in the field have transitioned from the 
use of discrete tokens referred to as “hard prompts” to the adoption of continuous “soft prompts.” 
These soft prompts make use of trainable vectors as pseudo prompt tokens and have demonstrated 
enhanced performance. While the potential of these soft-prompting methods is quite promising, they 
are notably reliant on having an appropriate initialization to be effective. Regrettably, achieving an 
optimal initialization for soft prompts requires a deep comprehension of the inner mechanisms of 
language models and intricate design. This makes it a challenging and time-consuming neuro-
symbolic undertaking that must commence from scratch for each new task. 

Prompt-based methods involve the insertion of specific text, referred to as prompts, into input 
examples. This conversion turns the few-shot task into a (masked) language modeling problem. For 
example, when analyzing the sentiment of a product review, such as “I will never use it again,” a 
prompt like “It was” can be added to the sentence, resulting in “I will never use it again. It was.” This 
adjustment naturally encourages the LLM to generate a higher probability for “bad” than “good.” 
This transformation effectively closes the gap between pre-training and target tasks, enhancing 
transferability and diminishing reliance on target task data. 

The effectiveness of prompting methods is significantly influenced by prompt design (Gao et al., 
2021). Early efforts involved manually crafted prompts or the automatic generation of search 
prompts. Seeking enhanced performance compared to manually selected prompts, Gao et al. (2021) 
introduces LM-BFF, a method that searches for both prompt templates and label words. To further 
maximize the potential of prompts, recent studies have adopted learnable vectors as prompt content, 
enabling the learning of optimal prompts in a continuous space, termed “soft prompts” (Li and Liang, 
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2021). As these methods no longer necessitate prompts to consist of real words, they greatly broaden 
the range of possible prompts, resulting in improved performance. 
 To tackle this challenge, Hou et al. (2022) introduce a comprehensive soft prompting method known 
as “MetaPrompting.” MetaPrompting harnesses the widely recognized model-agnostic meta-
learning algorithm to autonomously uncover optimal prompt initializations, enabling swift 
adaptation to new prompting tasks. 

The authors depart from task-specific prompt designs, instead concentrating on acquiring a task-
general prompt initialization that facilitates more rapid and enhanced adaptation to novel prompting 
tasks. 

Through extensive experimentation, it is demonstrated that MetaPrompting effectively 
addresses the soft prompt initialization problem, resulting in notable enhancements across three 
distinct datasets. This approach significantly mitigates the issues associated with soft prompt 
initialization, demonstrating the acquisition of general metaknowledge to counter the instability of 
prompt variance. 

In Figure 11, x denotes the query sentence, and z is learnable pseudo tokens in soft prompts. ϕ 
represents all trainable parameters. Meta prompting exploits optimization-based meta-learning to 
find an initialization ϕmeta that facilitates better and faster adaptation to new tasks. 

 

Figure 11. Comparison between conventional soft prompting method and automated learning of 
meta-prompts. Parameter scales are shown in bottom-left corner. 

5.3. Prompting evaluation architecture 

Prompting evaluation architecture is depicted in Figure 12. For each generated response, Lyu et 
al. 2023 first encode it and then concatenate the embeddings with the embeddings of the original 
content description. 
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Figure 12. Prompting evaluation architecture. 

It turns out that the distinctive words generated with the commitment-guided prompting 
strategy are fine-grained descriptive words related to movie-goer interests (Figure 13) 

 

Figure 13. Commitment prompt – based results are in green frame. 

6. LLM Personalization via abduction 

Logical abduction is the logical formalization of abductive reasoning. Given observed facts and 
background knowledge expressed as first-order logical clauses, logical abduction can abduce ground 
hypotheses as possible explanations to the observed facts. This happening in the form of LLM 
prompts produced by abduction. A declarative framework in Logic Programming that formalizes 
this process is Abductive Logic Programming (ALP, Denecker, and Kakas 2002).  

Abductive learning involves an ML model’s task of translating sub-symbolic data into basic 
logical facts, while a logical model is employed for reasoning about these interpreted facts using a 
foundation of first-order logical background knowledge to yield the ultimate output. The main 
challenge stems from the inherent difficulty of simultaneously training both the sub-symbolic and 
symbolic models in a cohesive manner. Experimental results of Dai et al. (2019) show that ABL 
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generalize better than state-of-the-art deep learning models and can leverage learning and reasoning 
in a mutually beneficial way (Figure 14). 

Being more specific about integration of an abstract M and reasoning: 
(1) ML model does not have any ground-truth of the primitive logic facts for training; 
(2) without accurate primitive logic facts, the reasoning model can hardly deduce the correct output 

or learn the right logical theory. 
We consider un-personalized LLM is a sub-symbolic ML without a logical theory. A logical 

theory focuses on personalization, implemented as re-labeling of data “labelled” within LLM. What 
LLM outputs can be considered as classification of each sentence or phrase into ‘in’ and ‘out’. What 
LLM gives is ‘in’ class and what it does not give is ‘out’ class. Default LLM classification has 
significant inaccuracies: sentence “see the doctor” should be ‘out’ for the doctor user, but it is ‘in’. 

When provided with a training sample linked to a final output, logical abduction is capable of 
making educated inferences regarding the missing information. This might involve deducing logic 
clauses that complement the existing background knowledge, thereby creating a coherent proof from 
the sample to its final output. Subsequently, the inferred basic facts and logical clauses are harnessed 
for training the machine learning model and preserved as symbolic knowledge, respectively. The 
process involves optimizing consistency to maximize the alignment between the conjectures and the 
background knowledge. To tackle this intricately complex challenge, we reframe it as a task that 
involves searching for a function that can make educated guesses regarding potentially erroneous 
primitive facts. 

A baseline ML / LLM is used for learning the perception model LLM. Given an input instance x, 
LLM can predict the pseudo-labels LLM(x) as groundings of possible primitive concepts in x. These 
concepts can potentially be used in recommendation. When the pseudo-labels contain mistakes, the 
LLM needs to be fine-tuned, where the labels are the revised pseudo-labels r(x) returned from logical 
abduction. 

 

Figure 14. Personalized and Unpersonalized results with LLM and Logical Abduction. 

The task of abductive learning can be formalized as follows. The input of abductive learning 
consists of a set of labelled training data D = {<x1; y1>; … ; <xn; yn>}about a target concept C and a 
domain knowledge base B, where xi ∈ X is the input data, yi ∈ {0; 1}, is the label for xi of target concept 
C, and B is a set of first-order logical clauses. The target concept C is defined with unknown 
relationships amongst a set of primitive concepts symbols P = {p1; … ; pr} in the domain, where each 
pk is a defined symbol in B. The target of abductive learning is to output a hypothesis model H = p ∪ 
ΔC, in which: 
(1) p : X → P is a mapping from the feature space to primitive symbols, i.e., it is a perception 

model formulated as a conventional machine learning model; 
(2) ΔC is a set of first-order logical clauses that define the target concept C with B, which is called 

knowledge model. 
The hypothesis model should satisfy: 

∀<x; y> ∈ D (B ∪ ΔC ∪ P(x) |= y):     (1) 
‘|=’ is a logical entailment. 
Target concept C is viewed as a purpose of the prompt: once it is run, we expect to obtain C. 
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The perception model LLM is not personalized. LLM model and the knowledge model ΔC are 
mutually dependent: 

1) To learn ΔC , the perception results p(x) (the set of groundings of the primitive concepts in x) 
is required; 

2) To obtain p, we need to get the ground truth labels p(x) for training, which can only be 
logically derived from B ∪ ΔC and y. 

In not personalized LLM, the perceived primitive symbols p(x) is most likely incorrect; therefore, 
should be called pseudo-groundings or pseudo-labels. As a consequence, the inference of ΔC based on 
Eq. 1 would be inconsistent. 

When the personalization knowledge model ΔC is inaccurate, the logically derived pseudo-labels 
LLM(x) might also be wrong, which harms the fine-tuning of LLM. In either way, they will interrupt 
the learning process. 

Formally, an abductive logic program can be defined as follows: An abductive logic program is 
a triplet <B; A; IC>, where B is background knowledge, A is a set of predicates obtained by abduction, 
and IC is the integrity constraints. Given some observed facts O, the program outputs a set of ground 
abduction results of A, such that: 

  B ∪ Δ  |= O, 
  B ∪ Δ  |= IC, 

  B ∪ Δ is consistent. 
Δ serves as a hypothesis that explains how an observation O could hold according to the 

background knowledge B and the constraint IC. Δ can be obtained in NL form if we request LLM to 
derive O from B and the constraint IC via chain of thoughts. 

Abductive reasoning takes observed facts about data instances and also takes the combined LLM 
+ reasoning about prompt prediction model H = p ∪ ΔC. Given a fixed ΔC , the system produces 
explanation by abduction p(X) according to B and Y. However, when the learning model p has been 
obtained, the system builds an improved explanation ΔC according to B ∪ Y ∪ P(x). 

p(X) = ⋃ ሼ𝑝ሺ𝑥௜௡௜ୀଵ ሻሽ for coarse labels for all instances X = ⋃ ሼ𝑥௜௡௜ୀଵ ሽ and Y = ⋃ ሼ𝑦௜௡௜ୀଵ ሽ are the 
improved labels (correctly personalized results) for X. 

An LLM can also be requested to perform abduction independently (Figure 15). 
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Figure 15. Encouraging LLM to perform abduction. 

7. Evaluation 

We draw the comparison between our personalization algorithm and competitive LLM 
personalization approach in the shopping domain, and then apply the optimized algorithm in the 
health domain. 

Traditional personalization systems commonly use task-specific metrics like ranking-oriented 
metrics, NDCG, AUC, and recall for assessing model performance. However, the integration of LLMs 
into recommender systems brings about significant changes in evaluation tools. Conventional metrics 
may not adequately capture the novel capabilities and altered recommendation generation processes, 
necessitating the development of new evaluation tools. In large language model-powered systems, 
evaluating user preferences is crucial, demanding a user-centric approach. Metrics such as user 
satisfaction, engagement, and overall experience become pivotal considerations, with user 
satisfaction surveys and feedback questionnaires serving as valuable options. It is also important to 
consider factors like diversity, novelty, serendipity, user retention rates, interpretability, and fairness 
of personalized recommendations. We will do that for a health recommendation domain. 

The dataset is randomly split into training, validation, and testing sets using 4:2:1 ratio. Negative 
training dataset is created using random negative sampling. We follow personalization strategy of 
Wei et al. (2019) for evaluation: https://github.com/weiyinwei/MMGCN. For the validation and 
testing sets, we pair each observed user-item interaction with 1,000 items that the user has not 
previously observed. We use the following metrics: Precision@K, Recall@K, and NDCG@K. 

We adopt the leave-one-out approach to evaluate the performance of each method, a commonly 
employed technique in many related studies. In this approach, for each user, we designate the last 
interacted item as the test data, the item just before the last interaction as validation data, and the 
remaining items for training. The evaluation of each method is conducted on the complete item set 
without any form of sampling. 

For the validation and testing sets, we pair each observed user-item interaction with 1,000 items 
that the user has not previously interacted with. It is crucial to emphasize that there is no overlap 
between the negative samples in the training set and the unobserved user-item pairs in the validation 
and testing sets, ensuring the independence of the evaluation data. 

To assess the performance of top-K recommendations, we utilize widely-used metrics such as 
Precision@K, Recall@K, and NDCG@K. In our case, we set K = 10, indicating that we consider the top 
10 recommendations. We present the average scores across five different splits of the testing sets, 
providing a comprehensive evaluation of the recommendation performance. 

We compare Multi-layered perceptron (MLP, Zhou et al. 2022), PALR (Chen et al. 2023), LLM-
Rec (Lyu et al. 2023) and FMLP-Rec (Zhou et al. 2022) in the four datasets of sequential item-based 
recommendations: Movielens, Recipe, Yelp and Sports. Movielens dataset includes 25 million ratings 
and one million tag applications applied to 62,000 movies by 162,000 users 
(https://grouplens.org/datasets/movielens/). Yelp is a dataset for business recommendation. 
 The baseline model employs a Multilayered Perceptron (MLP). The augmented text embeddings 
and the original content description embeddings are combined through concatenation, and the 
resulting vector is fed into a two-layer MLP. The first MLP layer’s output dimension, along with the 
input/output dimensions of the second MLP layer, is set to 128. The first MLP layer incorporates a 
ReLU activation function and a dropout layer. Following this, the dot product of the latent 
embeddings of the user and the item is computed, and the resulting value is then processed through 
a Sigmoid function. This Sigmoid function transforms the dot product into a final relevance score, 
representing the relationship between the user and the item. 
TABLE 1 
 
 Movielens Recipe Yelp Sports 
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 Precisio
n@10  

Recal
l@10  

NDC
G@1
0  

Precisio
n@10  

Recal
l@10  

NDC
G@1
0  

HR@
5 
 

NDC
G@1
0 
 

HR
@5 
 

NDC
G@1
0 
 

MLP 0.291 0.244  0.363 0.032 0.068 0.058     
LLM-
Rec 

0.315 0.277  0.395 0.039 0.084  0.070     

FMLP-
Rec 

      0.273 
 

0.502 
 

0.38
0 
 

0.316 
 

PALR  0.072
* 

0.044
* 

       

Ours 
baseline 
(LLM 
finetuni
ng) 

0.307 0.210 0.320 0.029 0.065 0.043 0.28 0.460 0.35
5 

0.261 

Ours 
with 
abductio
n 

0.321 0.254 0.390 0.041 0.062 0.075 0.291 0.489 0.37
1 

0.332 

Ours 
with 
meta 
prompts 

0.304 0.231 0.403 0.0361 0.072 0.068 0.273 0.465 0.37
6 

0.309 

We show three types of performances of our system on a popular datasets (Table 1): 
(1) Ours baseline with LLM finetuning. Its implementation in health domain is available at 

(Galitsky-github 2024); 
(2) Baseline extended with abduction; 
(3) Baseline extended with meta prompts. 

One can observe that our baseline performance is below all the competitive systems. We were 
not able to match FMLP-Rec on Sports database in all three our architectures, but improved its 
performance in Yelp domain. The best performance is achieved using abduction, and the second best 
– using meta prompts, in comparison with LLM-Rec, 

FMLP-Rec and PALR. Abduction is the winner in the Movielens dataset, outside of NDCG 
measure, and also in the Recipe dataset, outside of Recall@10 measure. We observe that abduction 
and meta prompts gives a substantial boost to personalization performance. Hence these are 
promising directions to improve overall recommendation accuracy as LLMs are being further 
developed. 

7.1. Sample sessions 

Figures 16 and 17 show personalization results in software and health domains respectively. 
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. 

Figure 16. Personalization for github user. 

 

Figure 17. Personalization for cooking method for a person interested in cutting cholesterol level. 

8. Personalized Recommendation in Health 

In the contemporary digital landscape, healthcare stands as a pivotal domain within the medical 
field. The demands of the healthcare system involve the analysis of extensive patient data to extract 
valuable insights and facilitate disease prediction. An intelligent healthcare system is crucial for 
forecasting health conditions by scrutinizing a patient’s lifestyle, physical health records, and social 
activities. The emergence of Health Recommender Systems (HRS) underscores their growing 
significance as a vital platform for healthcare services. Consequently, health intelligent systems have 
evolved into indispensable tools for guiding decision-making processes within the healthcare sector. 

Within this context, health intelligent systems have evolved into indispensable tools for 
decision-making processes in the healthcare sector. Their primary objective is to ensure the timely 
availability of critical information while upholding standards of information quality, trustworthiness, 
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authentication, and privacy. As individuals increasingly turn to social networks for insights into their 
health, the health recommender system becomes instrumental in generating recommendations 
related to diagnoses, health insurance, treatment methods based on clinical pathways, and alternative 
medicines, all guided by the patient’s unique health profile. 

The recommender system is based on predictive analytics which predicts and recommends 
appropriate items to the patients. This system can be applied to specific applications. Healthcare 
analytics is a major area in big data analytics which can be incorporated into the recommender 
system. An HRS is a decision-making system which recommends proper healthcare information to 
both health professionals and patients as end patients. By using this system, patients are 
recommended the proper treatment of disease for avoiding a health risk, and health professionals 
benefit from the retrieval of valuable information for clinical guidelines along with delivery of high-
quality health remedies for patients. This HRS should be trustworthy and reliable so that end patients 
can use this system to their benefits (Figure 18). 

 
Figure 18. A centralized HRS architecture. 

The rapid advancements in data mining and analytics have given rise to the widespread 
application of big data analytics across various domains. Among these, the healthcare sector has 
emerged as a particularly promising area, where big data analytics has garnered its own well-
deserved recognition and acclaim. In healthcare data, there are three primary distinguishing 
characteristics associated with big data: 
(1) volume (referring to the sheer amount of data generated by organizations or individuals, 

originating from both internal and external sources), velocity (indicating the rapid rate at which 
data is created, captured, and shared), 

(2) variety (encompassing data from diverse sources in varying formats), and 
(3) veracity (concerning the accuracy and consistency of obtained data), all of which play a crucial 

role in the healthcare domain. 
Given the overwhelming volume of unprocessed data and information overload, recommender 

systems have gained popularity due to their ability to filter and manage large datasets effectively. 
There arises a pressing need for a new HRS capable of enhancing the healthcare system’s efficiency 
and handling the healthcare needs of patients with various ailments simultaneously (Sahoo et al. 
2019) 

The HRS in Figure 19 encompasses several distinct phases involved in the process of 
recommending specific healthcare items in pre-LLM times. These phases include the training phase, 
patient profile processing phase, sentiment analysis (Galitsky and McKenna 2017) phase, privacy 
preservation phase, and the recommender phase. To initiate this process, we begin by gathering a 
healthcare dataset and subject it to feature selection and classification techniques. A critical 
component of the HRS is the collection and preparation of a Profile Health Record (PHR) and a 
patient database. The PHR serves as a vital input for the recommender engine, aiding in the 
prediction and recommendation of health solutions to patients. Sahoo et al. (2019)’s system extracts 
relevant information from the patient database, which is linked to the PHR, for the purpose of feature 
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selection. Subsequently, a classification algorithm is applied to classify and store this knowledge in a 
repository. 

 
Figure 19. Pre – LLM HRS architecture. Under LLM, feature selection is manual. 

To seamlessly integrate into any health-related information system, it is crucial to consider the 
system context of a an HRS). A profile-based HRS component serves as an extension to an existing 
PHR system. The data entries within the PHR database constitute the medical history of the PHR 
owner. With access to medical facts, the HRS calculates a set of potentially relevant items of interest 
for a target user, such as the PHR owner or an authorized health professional. These items are sourced 
from reliable health knowledge repositories and may be presented while the user is reviewing the 
PHR online. 

The recommender phase internally consists of three sub-phases: the collection phase, the 
learning phase, and the recommender phase. Following the application of these phases using the 
patient database, appropriate treatments are suggested to patients, and health professionals are 
directed to valuable clinical guidelines and high-quality healthcare treatments. The sentiment 
analysis phase of the HRS gathers patient opinions to support informed healthcare decisions, offering 
insights into the perspectives of end users regarding specific themes. The privacy preservation phase 
ensures the security and confidentiality of the HRS, safeguarding valuable information from 
unauthorized alterations. 

Figure 20 depicts an integration of HRS into the overall health information system. An HRS is 
expected to facilitate adequate and proper communication. Communication is bidirectional (to the 
patient and to the recommender). Patients should be able to express in an undisturbed and hassle-
free manner to doctors so that doctors can interpret the symptoms of patients and can give 
recommenders for a particular disease to patients. The visualization of data should address the 
purpose of the recommender system and able to understand the patients, doctors and their intentions. 
There should be a proper visualization tool in a recommender that fosters the patient’s willingness 
to explore options and helps to explain individual recommendations. Since individual differences 
might play a vital role in the health sector, it is crucial to intensify research in this field 
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Figure 20. Recommendation environment. 

8.1. Recommendation requirements 

HRS should be capable of dealing with imprecise terms like ‘Hepatitis’ - ‘chronic viral Hepatitis’, 
colloquial terms like ‘menses’ – ‘menstruation’, and misspellings. HRS must tackle expert vocabulary 
primarily used by physicians and other health professionals (e.g., ‘auscultation’, ‘palpation’). 

HRS also needs to detect whether clinical conditions mentioned in clinical reports are negated. 
In particular, medical facts (i.e., terms) occur in conjunction with abbreviations frequently used by 
physicians. In this context, a negation detection algorithm must cope with various negation patterns, 
for instance: 

‘Patient’s second ECG and subsequent ECGs show no signs of abnormal cardiac activity’ 
exclude negative terms ‘abnormal cardiac activity’ from the recommendation seed. Another example: 

‘immune-mediated condition that affects the retina in the absence of retinal damage’  exclude 
‘retinal damage’. 

Ensuring the privacy of user data in PHR systems is paramount and must be maintained under 
all circumstances. Even administrators of PHR systems should not have any access to or 
understanding of these data. HRS should possess the capability to seamlessly adapt to a new system 
localization. This involves allowing users to change their language preferences without necessitating 
manual adjustments to underlying language resources like text corpora or localized ontologies. 

Data entries of medical records are frequently stored as unstructured plain text. This creates 
further difficulties for IR term matching approaches. A HRS must also recognize expert vocabulary 
(i.e., common medical abbreviations) and classification system codes primarily used by physicians 
and other health professionals, such as: 

I25.1 - Atherosclerotic heart disease of native coronary artery: 

I25.1XX - Atherosclerotic heart disease of native coronary artery with angina pectoris 
I25.1YY - Atherosclerotic heart disease of native coronary artery with a documented episode of 

care 
Such difficulties can result in less specific recommendations when integrating classic IR 

approaches into electronic/personal health record systems 
 Another HRS imperative emerges from the categorization of health information artifacts concerning 
their accessibility to laypersons. Depending on a patient’s background knowledge and their 
proficiency in comprehending expert documents (essentially, the user’s expert level), a Health 
Recommender System (HRS) should possess the capability to pre-filter medical information artifacts 
that might prove excessively complex for the intended reader. This pre-filtering not only narrows 
down the pool of recommendable candidate documents but also enhances computational efficiency 
by reducing the need for extensive processing. 

 

8.2. Sources and Features of Recommendation 

As to the sources of recommendation information, they are as follows: 
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(1) Credible and authoritative websites, guidelines, and books: and websites approved by 
healthcare professional societies such as “American Urology Society” , guidelines published by 
professional associations such as the European Society of Sports Medicine” guidelines. 

(2) Domain experts: the information source is created by researchers in medical field or clinicians 
(3) Similar patients: recommended items extracted from patient databases (e.g., a database of 

smoking students who had succeeded in managing smoking), social networks sites by 
crowdsourcing, or patients with similar health problems. 

(4) Government database such as United States Department of Agriculture food composition 
guidelines, dietary information from a food nutrition database of the Food and Drug 
Administration, Nutrition Analysis, and other government health agencies or public health 
organizations. 

(5) A range of other information resources including online health community, online registered 
doctors, psychotherapy approaches. 

Some recommendation features are enumerated in Table 2 (Cai et al. 2022) 

Table 2. User attributes and features employed in personalization. 

Generally, user attributes in the included studies were distributed across six categories: 
demographics, medical condition, food intake, physical activity, explicit data, and implicit data (Cai 
et al. 2022, Figure 21) 
 

User Attribute Features 
Demographics name, gender, age, body mass index, location, average  

charge, ethnicity, education level, marital status, blood 
type,  
weight, height, hip, waist, occupation, address, and 
income 

Health status symptoms, complications, treatments, health checks, 
diagnosis, diseases, severity, physiological, capability, 
depression, sleep, and pregnancy 

Laboratory test blood glucose, total cholesterol, triglyceride, high/low 
density lipoprotein, uric acid, blood pressure, 
hypertrophy, carotid artery plaque, carotid femoral pulse 
wave velocity, ankle brachial index, and heart rate 

Disease history family history, allergy, and smoking or alcohol history 
Medication routine medicine that patient took 
Food intake food types, food size, food names and ingredients, and 

dietary record 
Physical activity activity level (high, moderate, low), type of activity, 

duration, past activity, intensity, and frequency 
Explicit data (information 
preference provided by the user) 

studies used the direct input preference from patients to 
generate recommendations OR utilized user ratings 

Implicit data generated from users’ interactions with the system (e.g., 
navigation or interaction logs) 
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Figure 21. Components of a case description within the HRS system containing the patient 
characteristics and the compiled advice. Only a relevant sub-set of the weekly questions will be asked 
in each session. LBP: low back pain; Q/A: question/answer (Mork and Bach 2019). 

HRS offers two primary categories of personalized recommendations: 
(1) Personalized Disease-Related Information or Patient Educational Material: This aligns with the 

Pew Internet and American Life Project’s findings. Supplying patients with disease-specific 
information is integral to healthcare services, providing insights into symptoms, diagnostic tests, 
treatment options, side effects, and the skills needed for self-management and informed 
decision-making. 

(2) Personalized Dietary Information: A healthy diet is crucial for preventing noncommunicable 
diseases like diabetes, cardiovascular diseases, cancer, and other conditions associated with 
obesity. HRS can propose food options tailored to individual health goals, aiding users in 
cultivating healthy eating behaviors through actionable recommendations. 

8.3. HRS Architectures 

We first look at traditional and then proceed to LLM-based personalized recommendation 
architectures 

A pre-LLM system structure and processing workflow of an IR-based baseline HRS is shown in 
Figure 22 (Wiesner and Pfeifer 2014). A PHR system feeds in data elements via querying. The process 
yields a set of recommendable items which are highly relevant to an electronic record. 
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Figure 22. Traditional IR-based HRS. 

Lewis et al. (2022) investigate the viability of incorporating collaborative filtering-based 
algorithms within health recommender systems (HRS) to suggest mental health therapy tasks. These 
algorithms, known for their effectiveness across diverse domains and often achieving top-tier 
accuracy, are less commonly discussed in contemporary digital mental health HRS literature. Instead, 
the focus tends to be on methods such as content-based and contextual bandit paradigms. 

Results from offline assessments consistently reveal the superiority of these collaborative 
filtering algorithms over simpler models, including random or user-item baseline models, 
particularly in predicting ratings for novel therapy tasks tailored to specific clients. Collaborative 
filtering algorithms function by leveraging item ratings from similar users to predict rating values 
for a given user. This finding emphasizes the significance of incorporating therapy task ratings from 
a collective client group when tailoring recommendations for an individual client. For example, a 
collaborative filtering recommender system might propose a recommendation like, “Clients with 
preferences akin to yours have reported significant mood improvement with this previously untried 
task. Would you like to give it a try now?” 

Given their accuracy advantages, along with other strengths compared to alternative HRS 
paradigms, such as providing more diverse recommendations compared to content-based models, 
Lewis et al. (2022) advocate for the inclusion of collaborative filtering algorithms in the toolkit for 
digital mental health recommender systems. These algorithms should be considered alongside 
alternative HRS approaches that have been assessed in different contexts. Furthermore, it is 
noteworthy that incorporating contextual information (e.g., time of day and day of the week) and 
item attributes (e.g., effort level and category) into collaborative filtering algorithms has been found 
to enhance their accuracy. This suggests that supplementary data can be valuable in assessing 
whether a client will find a particular task enjoyable at a specific moment. 

Top of Form 
Bottom of Form 
The workflow of the implemented recommendation system requires the diagnose encoded by 

International Classification of Diseases (ICDs), age, sex to predict the most probable Therapy Keys 
(TKs) per patient as parameters; and the following steps ensure (Ochoa et al. 2021): 
(1) Synthesize the patient’s information and store the result with the relevant patient parameters: 

age, gender, patient Identifications (ID), ICDs. 
(2) Cluster ICDs and TKs. This step is required to reduce the dimensionality of both parameters 

(high number of items) and perform predictions of TKs group number depending on patient 
parameters, including ICDs groups. 

(3) Train (deep learning model), validate, and export model to medical/hospital documentation and 
information system. 

(4) Introduce a user interface for the recommender system, using the trained deep learning model 
based on the medical information system’s data to recommend the treatment keys. As part of 
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the combination of medical/hospital documentation and information recommender system, this 
is the process where the physician accepts or discards the recommended TK. 

8.4. Neuro-symbolic recommender 

Having considered conventional and deep learning–based recommender architectures in health, 
we now proceed to a hybrid, neuro-symbolic technique. The workflow of the neuro-symbolic 
recommender is shown in Figure 23. 

 
Figure 23. LLM within HRS framework. 

Its usage includes the following steps: 
(1) The physician asks for a recommendation of the most frequently used TKs using the 

recommender system. 
(2) The physician gets a recommendation. 
(3) The physician selects the appropriate recommendations and does the treatment based on his 

own decision. 
(4) The new updated information about selected TKs is stored in the database (DB). 
The HRS is based on the fuzzy classification system, such that the ICD groups, patients’ age, and 

sex are used as input parameters to predict the treatment strategy (Figure 24). A DNN method based 
on a multilayer neural net composed of multiple hidden layers, where every neuron in layer i is fully 
connected to every other neuron in layer i + 1. 
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Figure 24. Neuro-symbolic architecture of HRS. 

The data contained in electronic health records (EHRs) offer the potential to discover relevant 
patterns that aim to relate diseases and therapies, and thus discover patterns that could help identify 
empirical medical guidelines that reflect best practices in the healthcare system. Based on this pattern 
identification, it is then possible to implement recommendation systems based on the idea that a 
higher volume of procedures is associated with high-quality models (Ochoa and Mustafa 2021). 

Ochoa et al. (2021) implement two AND layers (conjunctions), followed by an OR layer 
(disjunction), to logically evaluate the nodes Mi, which is a process modeling human reasoning in the 
decision process. The last layer emulates fuzzy logical operations, based on logical gates, modeled by 
perceptron with fixed weights and biases, activated by so-called squashing activation functions. 
These squashing functions approximate the cutting function in the nilpotent logical operators 

 
where β is a real nonzero value that needs to be adjusted to let the model be convergence. Thus, the 
hidden layers can model a threshold-based nilpotent operator [9, 10]: a conjunction, a disjunction, or 
even an aggregative operator. This means that the weights of the first layer are to be learned, while 
the hidden layers of the pre-designed neural block, worked as logical operators with frozen weights 
and biases. 

Ochoa et al. (2021) trained two different models for the final model consumption (Figure 25), 
one with the whole database (Model 1) and another with a database that selects only positive 
outcomes (Model 2). The goal of this training method is to make predictions based on the positive 
outcomes and then evaluate the confidence of the prediction. 

The training method for the Siamese recommender system is as follows: Two different models 
are trained based on the whole data set (Model 1) and a dataset consisting only of positive outcomes 
(Model 2). After that, both models are used to make different predictions. If there is a matching in the 
predictions, then Prediction 1 is used as the standard with high confidence; otherwise, predictions 
from Model 2 are provided but have low confidence 
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Figure 25. Siamese setting for a treatment recommender system. 

8.5. Graph embedding 

Patient Safety Indicators (PSIs), created by the federally managed Agency for Healthcare 
Research and Quality, aim to assess the frequency of potentially avoidable complications or adverse 
events that patients encounter while hospitalized. The empirical criteria for measurement are derived 
from widely accepted parameters, encompassing Inpatient Quality Indicators (IQI), Prevention 
Quality Indicators (PQI), and Patient Safety Indicators (PSI). These parameters are assessed as 
aggregated metrics, overlooking the inherent patterns and dynamics in the allocation of therapies 
and medical procedures to patients. 

PSIs specifically measure complications and adverse events from: 
(1) medical conditions after admission 
(2) surgical procedures 
(3) obstetric procedures 

PSIs have consistently revealed significant variations in complication and adverse event rates 
among hospitals. Additionally, there is supporting evidence indicating that elevated rates of 
complications and adverse events may be linked to deficiencies in the quality of care. There is a broad 
consensus that healthcare providers can mitigate patient complications and adverse events by 
enhancing the overall quality of care and safety within the healthcare environment. 

The integration of information found in Electronic Health Records (EHRs) and their structured 
modeling is crucial for enhancing patient care, particularly in the development of personalized and 
adaptable treatment strategies. There is potential in establishing connections between ICD-10 
diagnoses and medical procedures. The use of graph-based representations of health attributes can 
facilitate both detailed and generalized analyses of IQI. 
Utilization of a graph-based data representation is anticipated to be highly effective in 
clustering “similar” patients. With such a model, patients will be interconnected when there 
are shared or analogous patterns observed among them. This concept leads to the creation of 
a network-like structure referred to as a patient graph (Ochoa and Mustafa, 2021). This 
structure can then be analyzed using Graph Neural Networks (GNN) to discern pertinent 
labels, specifically suitable medical procedures for recommendation. The successful 
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implementation of this graph framework not only relies on the quality of the underlying 
diagnostic system but also necessitates a comprehensive understanding of how patients with 
specific diseases are identified. 

Patient clustering is conducted under the assumption that each patient, denoted as 𝑘, who shares 
the same or similar ICD pattern, is connected to other patients with similar ICDs. This means that 
patients with akin combinations of morbidities and comorbidities are expected to have similar 
Treatment Keys (TKs). This approach offers an advantage over traditional clustering methods due to 
its flexibility, allowing for the easy evaluation of different connectivity patterns in new graphs. Unlike 
traditional clustering methods like k-means or c-means, this graph-based clustering approach doesn’t 
necessitate the use of ad-hoc definitions or parameters, as it establishes a direct correlation between 
ICDs and TKs. 

Although embedding methods have demonstrated success in various applications, they have a 
fundamental limitation: their ability to capture complex patterns is intrinsically constrained by the 
dimensionality of the embedding space. (Nickel and Kiela, 2017). (Ochoa and Mustafa 2021) perform 
a patient embedding in a graph object 𝐺, as is shown in Figure 27, such that the corresponding ICD 
distributions are encoded by an object representing an interlinking between similar patients, an object 
that can be defined as a similarity score 𝒢̂𝑖𝑗, which is essentially the adjacency matrix for the linking 
between the patient 𝑖 and 𝑗. 

The objective is to recommend TKs for a patient depending on her diagnosis (ICDs) and 
additional metadata, like patients’ age, gender, and pertinence to a specific health center. The TKs 
and ICDs are represented as a multi-label matrix ℳ̂𝐼𝐶𝐷𝜖ℝ𝐼×𝑀, where 𝑀 is the number of unique ICDs 
and 𝐼 is the total number of patients, such that each element in the matrix can be defined as ℳ̂𝐼𝐶𝐷𝑖𝑚 
(Figure 26). 

 
Figure 26. Sample ICD multi-label matrix for the patient population ℳ𝐼𝐶𝐷, where the columns are the 
ICDs and the rows are the patients. 
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Figure 27. Graph encoding of patient’s features. 

Since a fix clustering method aggregates information in the defined cluster, with graph 
structures the information is aggregating in each node informing how strong is the similarity between 
patients, relying on similarity score of (Rocheteau et al. 2021). This similarity is defined by means of 
a score 𝒢̂𝑖𝑗, which is a function that depends on the ICD distribution as well as the gender and age 
relatedness between patient 𝑖 and patient j 𝑑௜௝ ൌ  ෍ 𝑔௜௝௠ 𝑠௜௠𝑠௝௠ெ௠ୀଵ ൅ 𝑐ሾ ቀ௜,௝ቁ ൫1 െ ห௜ െ  ௝ห൯ሿ 
where 𝑔௜௝௠ is essentially a weight for the ICD distribution for patients 𝑖 and 𝑗, 𝑚 is the number of 
elements of each of the 𝑠⃗𝑖 vector, i.e., 𝑠⃗𝑖 = {𝑠𝑖1 , 𝑠 𝑖2 , … , s𝑖m, … }, and 𝑀 is the total number of columns 
of the reduced-dimension ℳ̂ ′𝐼𝐶𝐷 matrix. Additionally, there is a scoring that depends on the patient’s 
meta parameters, where  ቀ௜,௝ቁ is the Kronecker’s delta (1 if ௜ ൌ ௝ , 0 otherwise), and 𝑐 is an 
importance hyper parameter, so that patients with similar parameters get a high score, adjusting the 
initial ICD scoring in this manner. The goal of this definition is to bias the graph construction to 
similar patients based not only on similar diagnoses, but also on similar age and gender. 

This score is used to define the strength of the linking between two nodes. The corresponding 
structure of the similarity score 𝒢𝑖̂𝑗 is a function that depends on this relatedness 𝑑𝑖𝑗 and the clustering 
of similar elements in the graph, and which essentially works as the adjacency matrix linking the 
nodes 𝑝𝑖 and 𝑝𝑗 . For the definition of this matrix, neighbor elements should be recognized depending 
on the distance between 𝑝𝑖 and 𝑝𝑗. For this computation we estimate the nearest neighbors using a k-
Nearest neighbors’ method by finding a predefined number of training samples closest in distance to 
the new point and predict the label from that, such that 

 
where 𝑘 is the maximal number of nearest neighbors explored by the clustering algorithm, 𝑎 is an 
internal calibration parameter of the metric, and 𝑟 is the radius where the clustering is performed. 

The graph encoding, as shown in Figure 27, is then used as input for a convolutional neural 
graph in order to identify corresponding labels for each patient, located in each node of the network. 
In our case, the labels are the corresponding TKs assigned to each node (patient). 
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The whole algorithm is presented in Figure 28. One can see a shaped-charge architecture: the 
DNN is followed by the kNN. 

 

Figure 28. Training setting for patient graph learning. 

8.6. Computing similarity between patients 

To organize EHRs as a graph and propose a novel deep learning framework, structure-aware 
Siamese Graph neural networks (SSGNet, Gu et al 2022. Figure 29) perform robust encounter-level 
patient similarity learning while capturing the intrinsic graph structure and mitigating the influence 
from missing values. SSGNet initializes a patient graph with the instances in EHRs, then jointly learns 
the patient encounter representation and pairwise similarity. Two parameter-sharing Pro-GNNs are 
employed in a Siamese architecture to derive the embedding representation for each patient 
encounter pair. The low-rank regularized loss, contrastive loss and cross entropy loss are combined 
to supervise the end-to-end training process and enhance the model capacity against sparse 
relationships and missing values. 

 
Figure 29. The overview of the proposed SSGNet for encounter-level patient similarity learning. 

The suggested SSGNet approach initiates EHRs by configuring them as a patient graph. It 
combines two Pro-GNNs within a Siamese network framework, facilitating the concurrent learning 
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of encounter-level patient representations and pairwise similarities. This architecture is adept at 
capturing the inherent structure of the patient graph and reducing the impact of missing values 
within EHRs. 

Let X ∈ RN×M denotes a matrix containing the features of all instances, where the feature vector 
of each instance vi is N-dimensional and represented by xi. The patient graph is represented as G = (V, 
E). Each instance is considered as a node thus the instance set V serves as the node set of the graph. 
E is the edge set, and eij ∈ E denotes the edge between node vi and vj, which reflects the similarity 
between them. 

SSGNet regards X as input and outputs pairwise similarity. In general, the main architecture of 
SSGNet consists of two modules: 

(1) patient encounter representation learning, and 
(2) patient encounter similarity learning. 
The two modules can be trained in an end-to-end manner simultaneously. Specifically, after the 

patient graph is initialized, we adopt Pro-GNNs as the backbone to derive patient encounter 
embedding representations. Given a node pair (vi, vj) in the patient graph, we employ two parameters 
haring Pro-GNNs in a Siamese architecture to embed individual nodes, respectively. Next, for patient 
encounter i and patient encounter j, the obtained embedding representations are concatenated and 
then fed into a fully connected layer to classify whether they are similar (Figure 30). 

 

Figure 30. Similar patients have similar diseases. 

9. Deployment of LLM Personalization 

9.1. Service-based architecture for personalization 

Figure 31 shows an overview of the framework, including three major components: 
(1) Interface, 
(2) Orchestrator, and 
(3) External Sources. 
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Figure 31. A service-based personalization architecture. 

The interface serves as a connection point between users and agents, offering interactive tools 
accessible via mobile, desktop, or web applications. It incorporates multimodal communication 
channels, encompassing text and audio. Queries from users are received by the interface and then 
relayed to the Orchestrator. It is important to note that questions can be presented through various 
modes of human communication, such as text, speech, or gestures. Within this framework, users have 
the capability to provide metadata alongside their queries, which may include images, audio, 
gestures, and more. As an example, a user might capture an image of their meal and inquire about 
its nutritional values or calorie content, with the image serving as metadata. 

The Orchestrator assumes the responsibility of problem-solving and decision-making to generate 
suitable responses based on user queries. It incorporates Neisser’s (1976) Perceptual Cycle Model, 
enabling the Orchestrator to perceive, transform, and analyze input queries and metadata for 
response generation. In this process, input data is aggregated, transformed into structured data, and 
analyzed to plan and execute actions. The Orchestrator engages with external sources to obtain 
necessary information, conduct data integration and analysis, and extract insights, among other 
functions. Here, we delineate five key components of the Orchestrator. 

The Task Executor, functioning within the Orchestrator, executes actions by adhering to the 
decision-making process established by the Task Planner and invoking modules upon request. The 
Task Executor has dual responsibilities. Firstly, it serves as a data converter, translating input 
multimedia data into prompts. When the Task Executor receives user queries, including text, audio, 
and more, it calls on relevant external platforms to convert them into text. 

Microsoft Azure provides a range of tools and services that can be leveraged for personalization 
in application development. These services often include machine learning capabilities, data 
analytics, and other AI-driven tools. Developers can use these resources to build personalized 
experiences for users, such as tailored content recommendations, targeted marketing, and more 
(Figure 32). 
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Figure 32. Microsoft Azure LLM development platform ready for personalization. 

9.2. Decision Support 

The decision support is delivered to patients through a mobile phone application in the form of 
self-management advice. This app is distributed for both Android and iOS platforms using the React 
Native framework. The process for creating and customizing self-management plans is outlined in 
steps 1-6 as depicted in Figure 33. 

Before initiating the use of the app, patients are required to complete a web-based questionnaire 
(1) that gathers information on various personal characteristics. This information is then transmitted 
to the app server (2) to initiate the first Case-Based Reasoning (CBR) decision support cycle and obtain 
the initial plan of actions. This plan is subsequently delivered to the patients’ cell phones (5) and can 
be accessed by the patients (6). All further interactions occur via the app, which collects personalized 
data from patients every 10 days (4) and also physical activity data of patients from their wearable 
devices (3). 

The user interaction component (4) involves a Question-and-Answer (Q/A) module utilized to 
adjust the weekly self-management plan. This adjustment is based on the responses to questions 
covering topics such as lower back pain, functional ability, fear avoidance, work ability, barriers to 
self-management, pain self-efficacy, sleep, perceived stress, mood, and adherence to the self-
management plan. The sole objective is to ask questions that are pertinent to updating the current 
decision support for individual patients while avoiding unnecessary repetition or irrelevant queries 
for their follow-up. 
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Figure 33. Decision support functionality. 

10. Discussion and Conclusions 

He et al. (2023) observe that even without fine-tuning, large language models can outperform 
existing fine-tuned conversational recommendation models in terms of relevance (Figure 34). 
Surprisingly, LLMs can function as standalone recommendation systems without requiring 
additional feature engineering or manual processes typically involved in common recommendation 
systems. This capability stems from the nature of LLMs and how they are pre-trained and operate. 

 

Figure 34. High deviation in recommendation relevance. 

There are the following advantages of LLM-based personalization in comparison with baseline 
LLM: 
(1) engage with user via interactions 
(2) present outputs in a verbalized and explainable way; 
(3) receive feedback from the user; 
(4) make adjustment on top of the feedback from passively making search; 
(5) recommendation help to proactively figuring out user’s need and seeking for user’s preferred 

items. 
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Also, LLMs may go beyond simply making personalized search and recommendation: 
(1) Take notes of users’ important information within their memory, 
(2) make personalized plans based on memorized information when new demands are raised, 
(3) execute plans by leveraging tools like search engines and recommendation systems 
As to the difficulties in LLM personalization (Figure 35), they are as follows: 
(1) Personalization requires an understanding of user preference, which is a domain-specific 

knowledge rather than the commonsense knowledge learned by LLMs; 
(2) Unclear how to effectively and efficiently adapt of LLMs for personalized services; 
(3) LLMs could memorize user’s confidential information while providing personalized services; 
(4) There is a risk that most of the recommendations are similarity based (i.e., items that are 

semantically similar to the items purchased so far), though I do think with extensive training 
data of user purchase history, we can ameliorate this issue via the “collaborative filtering” 
approach that this method could mimic; 

(5) Also, since there is no weighting assigned to various actions or events a user undertakes, from 
exploration to the eventual purchase of an item, our reliance is solely on the LLM’s prediction 
of the most probable next token(s) for recommendations. We are unable to consider factors such 
as items bookmarked, items observed for a duration, items added to the cart, and similar user 
interactions. 
It is noted that incorporating abduction and meta prompts significantly enhances 

personalization performance. Consequently, these avenues hold promise for enhancing overall 
recommendation accuracy as LLMs continue to undergo further development. 

 

Figure 35. Difficulties of using LLM for personalization . 

HRSs have the capacity to inspire and involve users in modifying their behavior. They can offer 
individuals enhanced choices and practical insights derived from observed behavior. The 
overarching goal of HRS is to enable individuals to actively monitor and enhance their health by 
delivering personalized recommendations with the aid of technology, as outlined by De Croon et al. 
(2021). According to Sun et al. (2023), both the health care professionals along with the end users 
should participate in the future design and development of HRSs to optimize their utility and 
successful implementation.  

A personalized agent designed to represent users in decision-making processes involving the 
consideration of mental attributes of both human and automated agents was introduced in (Galitsky 
2002). The proposed framework included the Natural Language Multiagent Mental Simulator 
(NL_MAMS) as a component for reasoning and user profile specification. This simulator had the 
capability to predict the entire range of possible mental states a few steps ahead based on the current 
mental state of the involved agents. 

The field of health services complaints stands out as one of the initial areas where personalized 
approaches to managing complaints are crucial. Galitsky (2005) introduced a personalized conflict 
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resolution agent that employs reasoning about mental attributes to handle scenarios involving 
multiagent interactions. This approach was implemented in the context of complaint analysis, 
necessitating a sophisticated user interface and machine learning to guide customers on crafting a 
valid complaint and assisting in its structured representation. The author illustrated that exchanging 
information solely on the mental actions of conflicting agents, even without domain-specific 
knowledge, is often adequate for assessing the validity of a complaint. 

In their study, Zhou et al. (2023) discovered that user behavior data logged often contains noisy 
interactions. Through empirical analysis, they demonstrated the efficacy of filtering algorithms from 
the digital signal processing community in mitigating the impact of noise on recommendation models 
based on large language models (LLMs). Building upon this insight, the authors introduced the 
FMLP-Rec model, incorporating learnable filters for enhancing sequential recommendation tasks. 

Galitsky (2016) introduced a framework aimed at extracting user interests from social network 
profiles, such as those on Facebook, in order to tailor recommendations for products and services. 
Traditional personalization systems, relying on keyword matching of user interests and product 
attributes, demonstrated low recall. This limitation necessitated a shift toward a more generalized, 
category-based framework. The challenge lies in the need for substantial reasoning about products 
and their categories, aligning the taxonomy of a user’s expressed public profile with that of products 
and services. To address inconsistencies between these taxonomies, Galitsky proposed a mapping 
expressed as a Defeasible Logic program. In this program, a potential mapping can be overridden by 
others if additional relevant information becomes available. The study introduces a Facebook app 
and a mobile app with similar functionality, designed for recommending activities. The accuracy and 
usability of these apps are evaluated. Additionally, a content management system supporting 
personalized recommendations is outlined as part of the proposed framework. 

Galitsky (2021) proposed an innovative approach to conversational recommendation that 
deviates from traditional methods of questioning users about their preferences. Instead, our 
recommender system monitors the user’s interactions with others, including customer support 
agents (CSAs), and intervenes in the conversation only when there is a pertinent recommendation to 
make, and the timing is appropriate. The Recommender Joining Conversation (RJC) model utilizes 
information extraction, discourse and argumentation analyses, as well as dialogue management 
techniques to generate recommendations for products and services based on the user’s needs inferred 
from the ongoing conversation. We specifically address scenarios where customers discuss their 
issues with CSAs, aiming to resolve problems and receive recommendations for products tailored to 
address these issues. Evaluations conducted in various human-human and human-chatbot dialogues 
demonstrate that RJC is an effective and unintrusive method, providing highly relevant and 
persuasive recommendations. 

Recent research has demonstrated the successful application of personalized word embeddings 
in addressing ambiguity in various downstream tasks (Welch et al., 2023). Garimella et al. (2017) 
explored the impact of location and gender on associations with words such as “health” and other 
stimuli like “stack” — does it evoke thoughts of books or pancakes? Welch et al. (2020) delved into 
different associations, such as the interpretation of “embodying” an idea, which may vary depending 
on religious or economic beliefs. Similarly, the word “wicked” may denote “evil” or serve as an 
intensifier, contingent on geographical location (Bamman et al., 2014). These instances illustrate how 
personalized representations can enhance distinctions in meaning. However, static representations 
have their limitations. A diversity of meaning for various combinations of horses, men and heads is 
shown in Figure 36. 
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Figure 36. Visualization of superpositions of horse-man-head. 

We concur with Wiesner and Pfeifer (2014) in asserting that collaborative filtering is unsuitable 
for a Health Recommender System. Collaborative filtering involves examining user profiles across 
users, posing a significant security risk, especially considering the stringent confidentiality 
requirements of Personal Health Record systems. While it might be argued that the similarity 
measuring across user profiles is conducted by the recommendation engine (a machine) rather than 
humans, assuring users that their profiles remain private proves challenging. In practice, explaining 
this concept to an average user, concerned about data confidentiality, becomes complex. 
Additionally, any technical implementation must be meticulously designed to prevent security 
vulnerabilities. Processing data from different users in the same computational units simultaneously 
(i.e., server-side sessions) could potentially expose security holes, making it easier for hackers to 
exploit and access another user’s profile data. 

We now demonstrate that LLMs are good at resolving ambiguities; this property is naturally 
leveraged by recommenders. Let us now look at comparison of ‘testing’ and ‘sanitation’. 
Observations reveal that in certain contexts, ’testing’ may refer to assessing the functionality of a 
device, and ‘sanitation’ may relate to a pest control issue. In another context, both terms may signify 
conditions related to the COVID-19 pandemic. Personalized LLMs, designed to better predict 
individual expressions, could effectively address these nuances, as they learn dynamic encodings of 
words. In another example, a meaning of “personalization elixir” is depicted in Figure 37. 
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Figure 37. Personalization elixir. 

Towards the conclusion of this section, we present specific examples illustrating the application 
of LLMs in healthcare: 
• Babylon Health: A UK-based company, Babylon Health utilizes LLMs to deliver virtual healthcare 

services through its app. Patients can engage in conversations with doctors or nurses assisted by 
LLMs. The LLM aids in diagnosing conditions, recommending treatments, and providing 
answers to inquiries. 

• InteliHealth: Operating in the United States, InteliHealth employs LLMs to craft personalized 
health plans. Through the InteliHealth website, patients respond to questions about their health 
and lifestyle, and the LLM generates a tailored plan encompassing recommendations for diet, 
exercise, and medication. 

• Google Health: Google Health, functioning as a personal health record (PHR), integrates LLMs to 
assist patients in managing their health. Users can track their medical history, medications, and 
symptoms using Google Health. The LLM then generates reports and insights to enhance 
patients’ understanding of their health. 
These examples provide a glimpse into the diverse applications of LLMs in healthcare. As LLMs 

continue to evolve, we anticipate witnessing even more innovative and effective uses of this 
technology in the coming years. 

11. Hands-on 

The reader is recommended to run the notebook 
https://colab.research.google.com/github/bgalitsky/LLM-
personalization/blob/main/Treatment_Recommendation_Personalization_System.ipynb. This 
recommendation system is based on LLM using a T5 architecture. LLMs embed text allowing for 
similar words/terms to have similar embeddings, and the recommendation system leverage these 
embeddings to recommend the next treatment for a patient, based on her treatment history. The P5 
team uses a number of input-output prompts, essentially giving the model a list of treatments a 
patient has already received, and asking which treatment should follow (from a list of candidates). 
Embedding the treatment history as a series of tokens allows the model to determine what types of 
treatment the patient is expected to receive, solely based on the words and their 
embeddings/”meanings”. In turn, the selection of the next treatment becomes similarity based (Figure 
38). 

 
3,500-Year-Old Advanced Minoan Technology to handle a long sequence of rows 
was ‘Lost Art’. Not Seen Again Until 1950s 

Figure 38. Learning from a long list of similar items. 
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