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Abstract

Introduction: Artificial intelligence (Al) is increasingly being integrated into healthcare,
offering innovative tools to improve symptom management and support clinical decision-
making in patients with advanced cancer receiving palliative care (PC). The study aimed to
systematically evaluate recent evidence (2021-2024) on the clinical use of Al-based tools for
symptom management, prognosis prediction, and clinical decision support in adult oncology
patients in PC settings.

Methods: A systematic review was conducted following the PRISMA-P 2015 guidelines.
Databases searched included PubMed, Scopus, Cochrane Library, BVS, Scielo, and



ScienceDirect, using MeSH terms related to Al, cancer, pain, and palliative care. Studies
were included if they involved adult oncology patients using Al tools in PC and reported
outcomes related to symptom control, clinical decisions, or mortality estimation. Two
independent reviewers conducted the selection and methodological quality assessment using
STROBE, PRISMA, and CONSORT guidelines. Only studies rated as medium or high

quality were included.

Results: From an initial pool of 3,018 records, 20 studies were selected. Al applications were
grouped into prognosis and mortality prediction (n = 9), symptom identification and
monitoring (n =5), clinical decision support (n = 4), and communication tools (n = 2). Models
included neural networks, eXtreme Gradient Boosting (XGBoost), decision trees, natural
language processing (NLP), and chatbots. Most studies demonstrated high accuracy in

retrospective or real-world clinical settings.

Conclusions: Al has shown potential in the early identification of palliative needs, symptom
control, and care planning. Prospective validation and implementation studies are needed to

ensure ethical and safe integration into palliative care.

Keywords: cancer, pain, palliative care, artificial intelligence

Introduction

The World Health Organization (WHO) states that palliative care (PC) is an approach
to improving the quality of life of patients at the end of life and their families, associated with
life-threatening diseases. It includes the prevention and relief of suffering through early
identification, assessment, and treatment of pain and other physical, psychosocial, and
spiritual problems [1]. An estimated 40 million people worldwide need PC annually due to
population aging and increased chronic and non-communicable diseases. PC is required in
up to 60% of deaths worldwide, with cancer patients comprising up to 34% of cases, meaning
an increase in the need for PC and pain management in the population [1]. In 2020, it was
estimated that approximately 56.8 million patients experienced unnecessary suffering that

could be addressed and treated through palliative care (PC). This number is expected to



increase in the coming decades, particularly in low- and middle-income countries, where the
availability of PC remains limited worldwide, currently accessible in only 39% of countries
[2]. This highlights a substantial gap in PC coverage and availability between countries, as

well as an urgent need to expand PC services [2].

Palliative care involves a high symptom burden, which often leads to hospitalization.
Therefore, access to these services should be provided early, ensuring continuous support
from diagnosis to the end of life. This approach enables the timely identification of palliative
needs that can be addressed through comprehensive early intervention. However, in
healthcare institutions without access to a PC, it is essential to identify these needs to ensure
early referral [3]. Over the past two decades, the recommendation for early PC in patients
with advanced cancer has gained strong support from scientific evidence. Current guidelines
suggest initiating PC within eight weeks of an advanced cancer diagnosis and emphasize the
need for early referral [4]. Moreover, in patients with advanced cancer undergoing active
chemotherapy, early PC can reduce symptom burden, improve quality of life, increase patient

satisfaction, and potentially extend survival [5].

Despite the growing recognition of the importance of early PC, referrals to PC are
often delayed, with some patients even dying without receiving these services. This is
especially true in low- and middle-income countries, where a significant percentage of
patients do not receive PC due to various barriers such as limited access, a shortage of trained
personnel, and a lack of PC specialists [4]. In summary, PC is essential in end-of-life care [6,
71, with oncological patients having a particularly high need for these services [4] due to the

clinical and pathological implications of their condition [8].

From another perspective, various studies are exploring the use of artificial
intelligence (AI) as a supportive tool to reduce gaps in PC access and provide timely,
comprehensive care. Al has been identified as a valuable aid in therapeutic decision—making,
reducing workload, and enhancing patient care, ultimately improving overall treatment
outcomes [5]. However, more evidence is needed to fully demonstrate the benefits Al can

offer in PC, particularly in pain management and overall patient care.

Recognizing the advantages of Al in medicine [9], oncological patients receiving PC

could also benefit from AI’s role in comprehensive PC interventions, addressing the needs



of this highly vulnerable patient group. It is therefore essential to explore this topic further,
as it will provide the most up-to-date evidence regarding PC in oncological patients at the
end of life. This is particularly important for healthcare professionals, as both pain
management and PC can lead to significant changes in medical strategies for treating these
patients. Additionally, this research will strengthen the role of the medical team, ensuring
they remain attentive to the needs of oncological patients requiring PC. Equally important is
the consideration of AI’s potential in medical decision-making, which could enhance
therapeutic approaches, provide safer and more evidence-based treatment options, and
improve the overall management of oncological patients receiving PC. AI’s integration into
PC has the potential to enhance the quality of life for patients at the end of life, as well as
that of their families, by offering more effective pain relief and a more compassionate,

human-centered approach.

From a PC perspective, Al will also help strengthen the competencies required by
specialized personnel, as its holistic nature is closely tied to the critical thinking that can be
developed through evidence-based practice. Applying Al-driven insights to palliative care
will be highly valuable in addressing the needs of both patients and their families. For all
these reasons, this document presents the latest advancements in Al applications for pain

management and PC in oncological patients.

Methods
Study design

A systematic literature review was conducted following the PRISMA-P 2015
framework, aiming to identify, analyze, and synthesize available evidence on the use of
artificial intelligence (Al) in pain management and palliative care for adult oncology patients.
This methodology allowed for the exploration of the current state of knowledge,
identification of clinical applications, and evaluation of the methodological quality of the

included studies.

Information sources and search strategy



The literature search was performed between May and June 2024 in the databases
PubMed/Medline, Scopus, Cochrane Library, BVS, Scielo, and ScienceDirect, using MeSH

terms and Boolean operators. The search strategy was structured using the PICO model:

. P (Population): adult oncology patients;

o I (Intervention): artificial intelligence applications ;

o C (Comparison): not applicable;

o O (Outcomes): pain management, symptom or mortality prediction, clinical decision

support, communication and education tools.

Specific strategies for each database and the filters applied (language, population
type, and publication period 2021-2024) are detailed in Table 1, which presents the search
combinations and results obtained per database.

Inclusion and exclusion criteria

Included articles were in English or Spanish, published between January 2021 and

June 2024, and met the following criteria:

e cvaluated the use of Al in adult oncology patients receiving palliative care;

e applied Al to predict symptoms, estimate prognosis, or support clinical decision-making;

e presented a structured methodological design (observational study, clinical trial, or
systematic review);

o full-text availability.

Articles were excluded if they were duplicates, not directly related to Al or palliative

care, lacked a concrete clinical application, or had low methodological quality.
Study selection process

The selection process involved three stages:

1) duplicate removal using Rayyan.ai® software;

2) title and abstract screening by two independent reviewers, applying the inclusion and

exclusion criteria;

3) full-text review of preselected articles and critical content analysis, prioritizing clinical

applicability, type of Al used, and relevant outcomes.



This process is summarized in the PRISMA flow diagram (Table 2) [10-29], which

outlines the number of records identified, selected, and excluded at each stage.
Methodological quality assessment

An adapted assessment tool was used based on the STROBE guidelines (for
observational studies), PRISMA (for reviews), and CONSORT (for clinical trials). Each
article was evaluated according to compliance with key methodological criteria. The results
of this assessment are summarized in Table 3 [10-29], where studies are classified as high
quality (= 80%), medium quality (= 60% and < 80%), or low quality (< 60%). Only articles

rated as medium or high quality were included. No study was rated as low quality.
Data synthesis

A synthesis matrix was used to identify common patterns, clinical application
categories, and types of Al tools employed. This information is presented in Table 4 [10-29],
which groups the studies according to their main function: mortality prediction, symptom
identification, clinical decision support, and communication tools. A meta-analysis was not

conducted due to the heterogeneity in study designs, populations, and outcomes.

Results

From a total of 3,018 articles identified, 20 studies met the eligibility criteria and were
selected. These investigations, published between 2021 and 2024, reflect the growing interest
in integrating artificial intelligence (Al) into the context of oncologic palliative care. The
results of this assessment are summarized in Table 2, where studies are classified as high
quality (= 80%), medium quality (> 60% and < 80%), or low quality (< 60%). Only articles
rated as medium or high quality were included. No study was rated as low quality. The
majority of studies were observational (65%). The remainder included thematic reviews, a
randomized controlled trial, a mixed-methods study, a systematic review, and a scoping
review. The geographic distribution was diverse, with a predominance of studies conducted
in the United States (25%) and contributions from countries in Asia, Europe, and Latin
America. Additionally, 20% of the studies involved international collaboration, highlighting

a global effort to explore Al applications in palliative care.



Collectively, the studies analyzed more than 34,000 patients and 37,000 clinical
records. They involved clinical experts (oncologists, palliative care specialists, and mental
health professionals), language models such as ChatGPT and Bard, and even immersive
experiences in pediatric palliative care. To facilitate analysis and interpretation, the findings
were organized into four main clinical categories: prognosis and mortality prediction,
symptom identification and monitoring, clinical decision support, and communication and

education tools. Below are the main contributions within each of these areas.
Prognosis and mortality prediction

Zhuang et al. [16] developed a deep learning model to predict 365-day survival with an area
under the receiver operating characteristic curve (AUROC) of 0.861 and an area under the
precision-recall curve (AUPRC) of 0.771. The model, based on electronic health records,
slightly overestimated risk and used Shapley additive explanations (SHAP) plots for
interpretability. Kawashima et al. [26] applied XGBoost to predict palliative care needs in
chemotherapy patients, achieving an area under the curve (AUC) of 0.89, 95.8% sensitivity,
and 71.9% specificity. Gajra et al. [21], using Jvion CORE, reported an increase in referrals
to palliative care after implementing Al tools in clinical settings. Wilson et al. [17] developed
a Bayesian model in R (JAGS, Just Another Gibbs Sampler) to predict palliative care needs,
resulting in higher referral rates and lower hospital readmissions at 60 and 90 days. Soltani
et al. [27] used Seasonal Autoregressive Integrated Moving Average (SARIMA),
convolutional neural network (CNN), and long short-term memory (LSTM) models to
optimize home-based palliative care demand management, achieving 69.75% accuracy.
DiMartino et al. [20], with the Clinical Annotation Research Kit (CLARK) system, identified
uncontrolled symptoms with 61% accuracy for pain, 68% for nausea/vomiting, and 80% for
dyspnea. Kim et al. [22] employed XGBoost, Random Forest, and other models to predict
delirium, reaching an AUC of 74.55% and a balanced accuracy of 69.84%. Limsomwong et
al. [19] implemented a rule-based algorithm using LexTo to identify key predictors in the
Supportive and Palliative Care Indicators Tool — Low Income Settings (SPICT-LIS) tool,
achieving 95% agreement and a Cohen’s kappa of 0.83.

Symptom identification and monitoring



Mallick et al. [24] developed a remote monitoring tool using wearable sensors and a
Raspberry Pi to measure respiratory and heart rate parameters, anticipating dyspnea episodes
in advanced cancer patients. DiMartino et al. [20] applied natural language processing (NLP)
to detect uncontrolled symptoms in the electronic medical records of hospitalized patients
with advanced disease. Shimada and Tsuneto [25], using RapidMiner, predicted multiple
symptoms including pain, dyspnea, fatigue, anxiety, and spiritual distress, with accuracy
ranging from 55% to 88%. Sandham et al. [14] used the Integrated Palliative Care Outcome
Scale (IPOS) and various Al techniques (including neural networks and decision trees) to
identify key symptoms in phase transitions, such as loss of energy and appetite. Huang et al.
(2021) [ref. No. ??] identified patterns of undocumented pain using an Al algorithm applied

to clinical notes. DiMartino et al. [20], with the CLARK system, identified uncontrolled
symptoms with 61% accuracy for pain, 68% for nausea/vomiting, and 80% for dyspnea. Kim
et al. [22] employed XGBoost, Random Forest, and other models to predict delirium,
reaching an AUC of 74.55% and a balanced accuracy of 69.84%.

Clinical decision support

Wilson et al. [17] implemented a clinical prediction tool in community hospitals,
improving early access to palliative care and reducing hospital admissions. Kawashima et al.
[26] developed a model to define predictive characteristics that could replace conventional
screening tools. Soltani et al. [27] strengthened home care systems in high-demand settings
using LSTM models and deep learning. Limsomwong et al. [19] applied a rule-based system

with LexTo that accurately identified candidates for palliative care.
Communication and education tools

Van Bussel et al. [10] analyzed factors influencing acceptance of a virtual assistant,
highlighting the role of performance expectancy, effort expectancy, and trust in user
intention. Srivastava and Srivastava [29] evaluated ChatGPT-3 in therapeutic communication
in palliative care, noting realistic human-like responses but thematic redundancy regarding
spirituality and death. Yiicel et al. [28] compared ChatGPT-4, Bard, and other platforms,
finding that ChatGPT-4 showed the highest accuracy (96%), while Google Bard had the
lowest (86%), with variability in readability and response stability.



Discussion

The findings of this systematic review reaffirm the transformative potential of
artificial intelligence (Al) in oncologic palliative care. The integration of predictive
algorithms, natural language processing tools, and machine learning models has proven to be
an effective strategy for anticipating clinical needs, improving care planning, and

strengthening patient—centered decision-making.

Firstly, Al has demonstrated strong capabilities in predicting prognosis and mortality,
particularly through models such as XGBoost, LSTM, and SARIMA. These tools not only
achieved high sensitivity and specificity but also offered clinical interpretability through
SHAP plots or cross-validation techniques [16, 19, 22, 26, 27]. These models represent a
crucial step toward personalized medicine, especially in identifying the optimal timing for

palliative care referrals, as shown by Gajra et al. [21] and Wilson et al. [17].

Regarding symptom monitoring, the use of NLP applied to electronic health records
allowed for the detection of unreported or uncontrolled symptoms, optimizing the
multidimensional approach to suffering in palliative care [20, 24]. Moreover, sensor-based
tools and platforms like RapidMiner enabled remote monitoring of respiratory or
psychological symptoms, which is particularly valuable in home care or limited-access
settings [25].

Another key contribution was the use of Al in clinical decision support. Studies by
Kawashima et al. [26] and Soltani et al. [27] demonstrated how Al can complement — or
even replace — traditional screening methods, dynamically adapting to high-demand
contexts or resource-constrained environments. These findings pave the way for hybrid care
models in which artificial intelligence and clinical judgment coexist to enhance the efficiency

and timeliness of palliative care delivery.

Finally, Al-based communication and education tools, including virtual assistants and
chatbots, have shown significant improvements in accuracy, stability, and readability.
Although limitations remain — particularly in conveying emotional depth or addressing
sensitive topics such as death or spirituality — their progressive implementation suggests a

promising future for patient education and the humanization of care [10, 28, 29].



Despite these advances, important challenges persist: the limited prospective
validation of models, potential biases in datasets trained on small or unrepresentative cohorts,
and the need for ethical, person-centered integration of Al tools. Furthermore, most studies
were conducted in hospital settings in high-income countries, which restricts the
generalizability of findings to lower-resource healthcare systems. Overall, this review not
only provides a critical synthesis of clinical Al applications in oncologic palliative care but
also highlights emerging opportunities to transform care through a more anticipatory, precise,

and compassionate approach.
Study limitations

This review presents several important limitations. First, the methodological
heterogeneity of the included studies prevented the performance of a quantitative meta-
analysis. Additionally, many of the Al models analyzed have not yet been prospectively
validated, limiting the generalizability of their results to real-world clinical settings. Most of
the research was conducted in high-income countries, so their applicability in low-resource
settings still requires evaluation. Furthermore, the studies showed variability in the metrics

used, the type of Al applied, and the reported outcomes, making direct comparisons between

them difficult.

Conclusions

1) Atrtificial intelligence is emerging as a promising tool in oncologic palliative care. Its
applications in clinical prediction, symptom monitoring, clinical decision support, and
communication demonstrate encouraging results in terms of accuracy, timeliness, and
clinical utility. This systematic review provides solid and up-to-date evidence that
supports the progressive implementation of Al, while highlighting the need for
prospective validation, ethical integration, and contextual adaptability.

2) It is essential to recognize that palliative care patients require far more than algorithmic
precision. From direct clinical experience, it is clear that emotional support, physical
presence, an empathetic gaze, or an explanation tailored to the patient’s sociocultural
background provide comfort and trust that even the most advanced Al cannot replicate.
The human value of compassionate care remains irreplaceable. In this regard, Al does



not substitute clinical judgment or interpersonal connection — it complements them,
offering opportunities for more anticipatory and personalized care, always grounded in
human presence and the dignity of the patient.
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