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Artificial Intelligence: any device that perceives its
environment and takes actions that maximize the
possibility of achieving its objectives.

It is traditionally used to refer to systems that simulate
human cognitive activities: learning and problem solving.

Machine learning is a branch of AI that consists of the
study of algorithms and statistical models for a
specific purpose without prior instructions. It is based
on pattern searching and inference

What is AI?



Focus on learning the
boundaries.
Attention to events near
the boundaries.

What types of AI exist?

Probabilistic model of
each class.
Focus on representing
the data and boundary.



• GPT is a NPL model that uses transformer neural
networks to generate coherent and contextually
relevant text across various tasks.

• It is pre-trained on massive amounts of natural
language data, giving it prior knowledge of
language structure. This enables GPT to produce
grammatically correct and meaningful text in
different contexts and languages.

• The transformer architecture, key to GPT, allows the
model to understand both local and global
relationships in a text through layers of attention,
focusing on the most relevant parts for each task.

Brown et al, NIPS’20, 2020

Generative Pre-Trained Transformer
(GPT)





“All algorithms, models, datasets, and data processing pipelines used are fit for purpose 
and are in line with ethical, technical, scientific, and regulatory standards as described in 

GxP standards and current EMA scientific guidelines”

Clinical trial enrichment with AI



Improving DLBCL risk 
prediction and 
treatment choice 



DLBCL relapsing early after ASCT &
chemorefractory DLBCL patients have a
median survival of 6.3-9.8 months and a 5-
year survival of 20-28%.

CAR-T cells are currently the SOC in relapsed
and refractory DLBCL. BITEs coming after

New targeted drugs taavailable for upfront
and relapsing patients ineligible for ASCT
(polatuzumab, tafasitamab)

DLBCL: A one shot disease



Prognostic stratification of DLBCL based on R-IPI, IPI and NCCN-
IPI is suboptimal

Biccler et al. JCO, 2017

Risk Stratification: Pitfalls



Moving towards genomic risk stratification 
• 1,001 DLBCL exomes analyzed

• 150 putative driver genes that were recurrently
mutated

• Patterns of differential mutation between GCB and
ABC DLBCL subtypes

• A multivariate supervised learning approach for
defining the association of survival with combinations of
genetic markers (150 genetic driver genes) and gene
expression markers (cell of origin, MYC, and BCL2) was
developed.

1,001 DLBCL exomes. Reddy et al. 2018



Moving towards genomic risk stratification 

Increasing biological characterization of DLBCL improves 
prognostication

1,001 DLBCL exomes. Reddy et al. 2018



Moving towards genomic risk stratification 

Schmitz et al. NEJM, 2018

A prognostic classification of DLBCL was
proposed based on patterns of co-mutation:

• MCD (based on the co-occurrence of
MYD88L265P and CD79B mutations)

•

• BN2 (based on BCL6 fusions and
NOTCH2 mutations)

• N1 (based on NOTCH1 mutations)

• EZB (based on EZH2 mutations and
BCL2 translocations)



GUIDANCE-01 trial

Combination of R-CHOP immunochemotherapy with novel targeted agents in DLBCL.

Newly diagnosed DLBCL

18-80 years
IPI ≥ 2

(n = 128)

R-CHOP arm
(n = 64)

R-CHOP-X arm
(n = 64)



GUIDANCE-01 trial: Genetic Subtype 
Classification

To identify the potential targeted agents, six groups were established based on genetic subtypes 
classified using the simplified 20-gene algorithm.

MCD-like

EZB-like

BN2-like

N1-like

TP53mut



GUIDANCE-01 trial: Treatment Strategies 
Selection

For each subtype, targeted agents were selected based on the oncogenic signaling alterations 
driven by specific mutations in each group.



GUIDANCE-01 trial: Treatment Strategies 
Selection

Genetic subtype-guided immunochemotherapy (R-CHOP-X) significantly improves CRR, PFS, and 
OS in newly diagnosed DLBCL patients, with a manageable safety profile.



GUIDANCE-01 trial: Tumor 
Microenvironment

Patients with inflammaroty (IN) and depleted (DP) lymphoma microenvironment, originally 
presented the worst prognosis upon R-CHOP treatment, benefited from R-CHOP-X (mainly treated 
with ibrutinib and lenalidomide).



Moving towards genomic risk 
stratification: GEP

Schmitz et al. NEJM, 2018



Moving towards genomic risk 
stratification: GEP

MHR signature; Sha et al. JCO, 2022



Machine Learning for Risk Prediction

Biccler et al. JCO, 2017

2,759 and 2,414 patients were included from the
Danish and Swedish cohorts.

A stacking approach led to the lowest integrated Brier
scores & c-indexes: Denmark, 0.756; Sweden, 0.744.

C-indexes for the other prognostic models were lower
(IPI: DK, 0.662; SE, 0.661; and NCCN–IPI: DK, 0.681; SE,
0.681).

Variables included were age, gender, ECOG score, Ann
Arbor stage, raised LDH and extranodal involvement



Machine Learning for Risk Prediction

Mosquera et al. BMC cancer, 2020

Methods

1. GSE10846: 233 DLBCL patients treated with R-
CHOP (training set)

2. GSE23501: 68 patients treated with R-CHOP
(validation set)

3. Potential duplicates removed using Spearman’s
correlation (4 duplicate samples)

4. Microarray gene expression was rank normalized
in both cohorts

Exploratory study in order to design a machine learning 
algorithm for personalized survival prediction in DLBCL



LymForest-25: integrating ML and 
genomics for risk prediction

Figure. Predicted individual survival curves according to the most accurate random forest model (see text). A) Out-of-bag survival curves
predicted for patients within the training cohort. The thick red line represents overall ensemble survival and the thick green line indicates the
Nelson-Aalen estimator. B) Individual survival curves predicted for patients within the test cohort. The thick red line represents overall ensemble
survival.

A Random Forest Model predicts survival based on 50 variables (gene 
expression data, age and Ann Arbor Stage)

Training set c-index: 0.84
Test set c-index: 0.79

Mosquera et al.  BMC cancer, 2020



LymForest-25: high-molecular risk in 
DLCBL

ML algorithm that improves the prediction
of survival in DLBCL based on 25 genetic
and clinical parameters

Outperforms the main forecasting
algorithms available today

Provides personalized predictions



LymForest-25: high-molecular risk in 
DLCBL
● Validation: LymForest-25 validated in a UK-based 

cohort of 481 patients. Higher precision compared 
to existing models.

● Sub-Group Accuracy: Particularly high prediction 
accuracy in the "unclassified" COO group.

● Integration: Best survival predictions when 
combined with the International Prognostic Index 
(IPI) score and in patients under 70 years.

● Mutation-Based Classification: Potential for 
further improvement by integrating with some 
mutations.

Mosquera et al, Hemasphere, 2022



LymForest-25: high-molecular risk in 
DLCBL

Objective: To examine how LymForest-25 performs 
in the REMoDL-B trial, which assessed adding 
bortezomib to standard R-CHOP treatment.

Methodology: Retrained LymForest-25 on 469 
patients treated with R-CHOP, then made risk 
predictions for 459 patients treated with bortezomib 
+ R-CHOP.

Key Findings: For those at higher molecular risk (top 
50%), the addition of bortezomib (RB-CHOP) 
reduced the risk of progression or death by 30% 
(p=0.03).

Mosquera et al, Frontiers in Oncology, 2022



Follicular Lymphoma: is risk prediction 
needed?

Keys in the management of follicular 
lymphoma:

1. Identify those patients who will be 
refractory to treatment (early 
relapse)

2. Identify which patients will transform 
their disease to a more aggressive 
histological type

3. Optimize available therapies 
according to the molecular profile of 
the tumor



Iacobus-FL: integration of ML and GEP for 
risk prediction

● Clinico-genomic AI model that 
improves prognostic stratification in 
FL

● Through the modeling of 
individual survival, it inferers the 
survival of each patient 

● Helps to individual risk and to 
group patients in clusters with 
divergent outcomes.

Mosquera et al, F. in Oncology, 2022



LymphoPro-AI development

Diagnostic and prognostic cytogenetic aberrations and 
mutations

Characterization of therapy and immune-related tumor
biomarkers

Characterization of rearrangements:
• BCL2, BCL6, MYC, CCND1
• IRF4, BCL2L1
Identification of prognostic gene mutations:
• Prognostic mutations in DLBCL:
○CD79B, MYD88 L265P, NOTCH1, NOTCH2, and 

EZH2
• Other relevant prognostic genes:
○TP53, SPEN, SETD2, DTX1

Characterization of therapy-oriented genes
• Biomarker mutation & expression:
○CD19, CD22, BCMA, BTK, CD79B, MYD88 L265P,

EZH2, SETD2
• Biomarker expression:
○ROR1, CCR7

• Immune gene expression profiling:
○PD1, PDL1, PDL2, PVR, PVRL2, TIGIT, LAG2, LAG3,

HAVCR2, CD80, CD86, CCR7



LymphoPro-AI development

Standardization of LymForest and Iacobus-FL molecular
predictors Differential drug response prediction

LymForest:
• 19 gene signature for individual risk prediction in

DLBCL
Iacobus-FL:
• 62 gene signature for individual risk prediction in

FL
Transfer learning:
• Application of both signatures to risk stratify other

lymphomas (MCL, PTCL…)

Use of ML risk models to predict
differential drug response at the patient
level
Development of risk-oriented clinical trials



LymForest: an automated DLBCL GEP 
system for risk prediction

Gene panel 
for DLBCL

RNA-Seq 
analysis 
software

Integration 
into their 
platform

Deployment of 
our panel

Customer 
service



CT22-02 CIBMTR project

• CAR T-cell therapy has become an 
invaluable treatment in NHL and ALL

• Multiple recent single center studies 
seeking to predict toxicity or outcome were 
published.

• Most were with a small population 
sample,  with or without a validation 
cohort, and all acknowledged that larger 
studies are needed

• There is a need to integrate real-world 
data into predictive models for use in 
practice



Automatizing Flow 
Cytometry Diagnosis



Flow cytometry to diagnose NHL

Flow cytometry 
investigations in 
hematological diagnostics 
typically begin with diverse 
sample sources, with the 
majority originating from 
either blood or bone 
marrow.



Flow cytometry to diagnose NHL

LST (Screening)

T panel

NK panelB panel



Flow cytometry to diagnose NHL



But we needed a local solution adapted to 
our case

Objective
To develop a fully automated solution for 
pathogenicity assessment.

Challenges
• Human intervention for cell subclass annotation 

followed by automated diagnosis.
• Adaptation to local lab conditions, reagents, and 

cytometer specifications.

Solution
To implement an AI system trained with local 
data to inform experts about pathogenicity 
likelihood, tailored to our lab's unique setup.

>3,500 LST 
tests

Following 
EuroFlow 
standards

Information 
Technology 

Training



So we applied a double strategy

Self Organizing Maps
• Use competitive learning to project high-dimensional 

data onto a two-dimensional grid, preserving data 
topology.

• This helps to identify and visualize natural clusters 
within the data.

Random Forests
• Utilize an ensemble of decision trees to improve 

prediction accuracy and control overfitting.
• RFs aggregate the outcomes of individual trees to 

determine the most common class, enhancing the 
robustness and accuracy of classifications.



Let's create it: developing the algorithm

Training Set 
(N=2732)

Normal vs Pathological

Validation 
(N=900)

Bulding a SOM
QC

Debris, doublets, 
margins

Normal

Pathological



Discrepancies in the Test Set Analysis

• Total of 92 discrepancies identified:
– 34 undetected aberrant T or NK cell populations.
– 21 cases with minimal B-cell NHL infiltration (<0.5%).
– 7 samples from fine-needle aspiration (FNA), pleural, or ascitic fluid.

• Normal diagnoses incorrectly predicted as pathological:
– 4 cases from FNA, pleural, or ascitic fluid.
– 6 cases affected by artifacts (cryoglobulins, IgM peaks).

• Other findings:
– 10 cases involved conditions unrelated to NHL.
– 3 database misentries where the model was correct.
– 6 unidentified discrepancies.
– 1 unreported aberrant B-cell population.



AI-Driven Automation for Lymphocyte and 
CAR-T Population Identification

Cohorts

Workflow

Lymphocyte Population CART-BCMA CART-CD19

152 samples 77 samples 47 samples

.fcs file Clustering Integration into
SmartCytoFlow

CD45, CD3, CD4, CD8, CD19, 
CD56

CD45, CD3, CD4, CD8, CD19, CD56, 
CD20, BCMA

CD45, CD3, CD4, CD8, CD19, CD56, 
CD20



SmartCytoFlow: A cloud-based tool to 
automate the diagnostic process 



Interpretación automatizada del 
diagnóstico mediante IA Generativa

La muestra diagnóstica es 
analizada por nuestro asistente 
virtual para NHL, que compara los 
valores de referencia para detectar 
desviaciones, interpreta los 
resultados mediante un modelo de 
lenguaje y diferencia entre 
patologías para identificar 
alteraciones hematológicas.



User Friendly App

Anonimización de muestras 
antes del envío al servidor

(No se envía información relacionada 
con el paciente al servidor)

Sitio web seguro
(Acceso mediante VPN con 

credenciales de usuario)

Resultados de cada análisis, 
con envío automatizado al 

correo electrónico del usuario



Generative 
AI



Código Rojo is an educational platform developed
to provide healthcare professionals with a secure
environment to resolve clinical questions, access
up-to-date information, and enhance their
understanding of generative artificial intelligence
in the medical field.

Through chatbots specifically designed for the
care setting, the platform delivers educational,
evidence-based responses, facilitating informed
decision-making without ever replacing clinical
judgment. This approach ensures full alignment

A platform to train healthcare 
professionals in GenAI



• 40M+ people/day consult chatbots such as ChatGPT 
for health information, despite these tools not being 
regulated or clinically validated.

• Google AI Overviews reach ~2 billion users/month. This 
tool cites YouTube more than any medical site for 
health queries.

• ECRI ranks the misuse of LLM-powered chatbots as 
the #1 health technology risk for 2026.

• A meta-analysis of medical evaluations for ChatGPT 
showed an overall medical query accuracy of ~56%, 
meaning nearly half of responses may be incorrect or 
suboptimal in clinical contexts.

• There are reported deaths linked to chatbot interactions, 
including a case where a chatbot’s responses 
contributed to a user’s suicide. 

The Risk of General AI



Text
prompt

Context
enriched prompt

Reliable
output

Document 
search

Search 
result

Text-to-text 
foundation model

RAG is a method that combines two key AI capabilities: 
information retrieval and text generation. 

Instead of relying solely on pre-trained data, RAG 
allows a model to search external documents or 
databases during the generation process.

This helps produce more accurate and up-to-date 
responses by retrieving relevant information in real time, 
which is then integrated into the generated text.

It enhances the model's ability to provide fact-based 
answers and reduces the reliance on static knowledge.

Retrieval-Augmented 
Generation (RAG)



A system prompt is the model’s governing instruction set—the 
“rules of the road” that define role, goals, tone, safety, and 
formatting before user input.

Optimized through .json configs, it encodes debiasing strategies 
such as enforcing neutrality, forbidding demographic 
generalizations, requiring balanced viewpoints and citations, and 
flagging uncertainty.

Because it operates upstream, the system prompt shapes query 
interpretation, source use, and allowed outputs—reducing 
stereotypes, improving factual grounding, and aligning responses 
with policies. Regular A/B reviews and automated checks help 
maintain fairness and reliability.

System
Prompting



Input Query

Problem
Decomposition

Synthesis

Refined Reasoning

Final Answer

Intermediate
Reasoning

Chain of Thought Reasoning 
Process

Reasoning-enabled models decompose problems into 
intermediate steps (planning, subgoals, calculations, self-checks) 
before answering, boosting accuracy on multi-step tasks like math, 
diagnosis, and logical inference.

The chain of thought is an internal trace; for safety and clarity, it 
should be guided with light scaffolds (brief plans, equations, tool 
calls) while returning concise, outcome-focused answers—not 
step-by-step transcript.

This approach improves correctness and consistency, reduces bias 
and hallucinations, and maintains privacy and latency discipline.

Reasoning Models: 
Chain of Thought



01
02
03
04

Selection of the medical specialty for the development of 
the specialized assistant

An expert panel identifies and curates the relevant scientific 
and medical documentation to feed the model

Integration into the selected model
(GPT-4o / GPT-4.1)

Definition of the assistant’s behavioral 
framework

e.g., Myeloma, Epilepsy, Liver Failure

Clinical Guidelines, Medical Protocols, Scientific Papers, etc.

Using a Retrieval-Augmented Generation (RAG) system 

Ensuring accurate, consistent, and context-appropriate responses

From Concept to Deployment:
How We Build the Assistants



Multimodal Integration



Each specialty-specific virtual assistant 
is part of an integrated ecosystem, 
interconnected through intelligent 
agents that enable collaboration, 
information exchange, and coordinated 
responses.

This agent architecture enhances 
accuracy, broadens scope, and delivers 
seamless medical support across 
specialties.

From Individual 
Assistants

To Medical 
Agents

Código Rojo: From Specialized 
Expertise to a Connected Intelligence



User

rewrite_query

Orch Global

Orch Neuro Orch Pharma Orch Cardio

Draft Neuro classify_speciality Draft Pharma classify_speciality Draft Cardio classify_speciality

Tutor Neuro-Vasc Tutor Pharma-Hemo Tutor Cardio-Int Tutor Cardio-Eco
Aggregator/synthesis

Step 1

evaluate_answer

Final output

Neurology Pharmacology Cardiology

without evaluator
optional

complete

incomplete

Step 2

Step 3

Step 1: Input rewrite and global routing
Step 2:Domain orchestration and specialist activation
Step 3: Answer synthesis and validation



General-purpose AI Specialized medical AI

Consistency Responses vary depending on prompt/user Standardized workflows and criteria

Safety under adversarial use
More exposed to prompt injection and drift if not tightly 

constrained
Designed with safeguards, limits, and governance

Evidence and citations Risk of incorrect/fabricated citations and poor traceability Curated, controlled, and auditable evidence

Auditability Difficult to reconstruct “why it said X” QA + traceability (what, how, why)

Continuous improvement No institutional correction loop Feedback + change control (continuous improvement)

Hospital fit Useful for exploration, hard to institutionalize Built for institutional adoption

Why specialized medical AI



Safer and more consistent pharmacological decisions, 
especially under clinical pressure.

⚬ Reduces avoidable risk: detection and explanation of 
drug–drug interactions (DDI), contraindications, 
toxicology issues, and renal/hepatic dose adjustments.

⚬ Provides traceability: clear reasoning and criteria for 
clinical review, QA, and institutional learning.

⚬ Useful for committees: supports decisions and recurring 
reviews (e.g., high-risk medications, therapeutic 
appropriateness, monitoring criteria).

Medication safety 
(less risk, more 
consistency)



Fast access to evidence and trial opportunities, without turning 
clinicians into “part-time searchers.”

⚬ Evidence in minutes: targeted PubMed searches with relevant, 
recent results and actionable summaries (what changes and why).

⚬ More efficient research: ClinicalTrials pre-screening to identify 
actively recruiting studies and filter viability before investing team 
time.

⚬ Traceability and learning: sources and criteria are recorded, 
reducing variability in how evidence is consulted.

Living evidence and 
trials (less friction, 
more viable 
research)



Up-to-date visibility on drug funding status in Spain and relevant 
medical news, without adding extra research burden to clinical teams.

⚬ Funding status in context: clear visibility into the reimbursement and 
financing status of medicines in Spain, helping teams understand 
access conditions, positioning, and practical feasibility before 
considering therapeutic options.

⚬ Relevant medical news updates: curated, topic-specific medical news 
integrated directly into the workflow, highlighting regulatory changes, 
safety alerts, market movements, and emerging developments that 
may impact care pathways.

Real-time access 
intelligence and 
continuously 
refreshed evidence



Up-to-date scientific evidence embedded directly into responses.

⚬ Evidence beyond the static knowledge base: Deep Search dynamically queries 
the latest scientific literature, incorporating newly published studies into the 
response layer and reducing the risk of relying on outdated information.

⚬ Context-aware enrichment: instead of returning isolated papers, the system 
integrates recent findings into the clinical context — highlighting what is new, 
what has changed, and why it may matter.

⚬ Higher confidence answers: by refreshing the RAG layer with current evidence 
at query time, responses are strengthened with the most relevant and recent 
data available.

Deep Search 
(continuously 
refreshed scientific 
intelligence)



BioDigital Health goes beyond a medical AI assistant. The 
platform integrates a clinical case simulator that allows users 
to engage with realistic scenarios, analyze clinical 
information, and make decisions.

This approach transforms interaction into an active learning 
and training experience, supporting the development of 
clinical reasoning and decision-making skills in a controlled, 
educational environment.

Simulation for 
medical training







Retrieving real-world data with natural 
language processing

https://www.xpertdox.com/blog/nlp-in-medical-coding-benefits/ (accessed Mar 2025).

Real-world data can be extracted and 
analysed by AI

Structured 
data

Natural 
Language 

Processing 
(NLP)

Electronic Medical Records
Unstructured data

Utility

Extraction

Clarification

Trend analysis

Summarisation



https://www.xpertdox.com/blog/nlp-in-medical-coding-benefits/ (accessed Mar 2025).

Office visit

Other care

Home 
managementePRO below 

threshold for 
response

Nurse calls 
patient using 

triage pathway

Algorithm 
detects urgency 
and prioritises

Patient submits 
ePRO report

Triage nurse 
evaluates report

Clinicians had access to a 
queue of ePRO reports 
prioritised by severity

Standardised triage pathways were 
provided to evaluate whether an 
unscheduled visit was necessary

Patients could submit scheduled or 
unscheduled reports of their symptoms 

from a selected list of symptoms

ePRO enrolled
n=753

Demographic characteristics were generally 
similar between both groups

Patients considered for inclusion
N=883,090

Patients with lymphoid malignancies 
n=2,199

Phone only 
n=1,466

77% (578) 
reported 

symptomsc

56% (806) 
reported 

symptoms

Evaluation of an ePRO system in patients with lymphoid 
malignanciesa across 6 community practicesb

AI analyses of patients’ digital devices may allow HCPs to rapidly identify potential toxicities and 
prioritise those needing timely intervention

a Patients with follicular lymphoma, large B-cell lymphoma, mantle cell 
lymphoma, chronic lymphocytic leukaemia and Waldenstrom 
macroglobulinaemia were included;
b Between June 2020 and October 2024; c 340 also reported by phone
ePRO: electronic patient reported outcomes
Essell JH, et al. ASH 2024 (Abstract 3756; poster).

Overview of ePRO system 
Patient inclusion and reporting



Evaluation of an ePRO system in patients with lymphoid 
malignanciesa across 6 community practicesb

This approach can enable faster clinical action and potentially improve patient outcomes

Symptoms reported in >10% of patients by ePRO or phone
Depression

Skin/nail problems
Urinary issues

Rash
Hot flashes

Worry
Memory/concentration

Falls/balance
Fever

Mouth sores
High distress

Anxiety
Edema

Nose dry or congested
Getting around

Parenthesis
Indigestion
Dry mouth

Breathing difficulty
Diarrhea

Dizziness/light headedness
Constipation

Eating/appetite
Cough

Headache
Sleep

Nausea/vomiting
Pain

Fatigue
0 10 6050 7020 30 40
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Time on treatment

Enrolled in ePROs
Not enrolled

% difference at 90 days:
8.8 (95% CI: 4.6-13.0)

Log-rank: P<0.001

67% 
(95% CI: 65, 70)

76% (95% CI: 72, 79)

• Patients reporting via ePRO system reported symptoms more frequently vs. phone only

• During the first 90 days of treatment, patients reporting via ePRO system reported symptoms quicker vs. phone only (average of 27 days before those reporting 
by phone [95% CI=24, 31; p<0.001])

• Initiation of clinical action was quicker (where necessary) for patients reporting via ePRO system vs. reporting via phone (46 minutes vs. 99 minutes)

• At 90 days following initiation of treatment, 76% (95% CI=72,79) of patients reporting via ePRO system (who enrolled in ePRO system prior to first treatment) 
remained on treatment vs. 67% (95% CI=65, 70) of patients who reported via phone only

Essell JH, et al. ASH 2024 (Abstract 3756; poster).



• Home devices collect symptoms, vitals, and PROs
• Data flows into telemonitoring platform
• Threshold-based alerts are generated
• Clinicians manually review notifications

For interoperability to 
interconnectivity

Current Status

• Continuous longitudinal analysis & contextual interpretation
• Dynamic risk stratification & intelligent alert prioritization
• Automated clinical insight generation
• Protocol-aligned recommendations & personalized 

communication

Future: AI-Interconnected Ecosystem



Could AI play a role in the clinical trial 
setting?

Participant engagement
Maintain regular communication

and improve retention

Recruitment
Screen and enrol participants

quickly and effectively

Compliance monitoring
Ensure adherence to trial protocols with 

reminders and check-ins

Data collection
Efficiently gather patient-reported

outcomes and feedback

Speaker’s experience.



Is there a potential role for chatbots in 
patient selection for clinical trials?

Analysing patient data
• Analyses patient-specific data (medical history, current symptoms, 

current conditions, etc.) to recommend relevant clinical trials

Real-time information
• Provides real-time information on available clinical trials, including new 

experimental treatment opportunities

Efficiency
• Reduces the time and effort required to search and evaluate clinical 

trials manually, speeding up the inclusion process in suitable studies

Minimising errors
• Minimises the risk of errors in trial selection by using precise, data-

driven algorithms

Speaker’s experience.



1. Using Artificial Intelligence & Machine Learning in the Development of Drug and Biological Products (available at https://www.fda.gov/media/167973/download?attachment). 
2. Intelligent clinical trials Transforming through AI-enabled engagement (2020; available at https://www2.deloitte.com/content/dam/insights/us/articles/22934_intelligent-clinical-trials/DI_Intelligent-clinical-
trials.pdf). 3. Biccler J, et al. Cancer Med 2017; 7:114–122. 4. Wang M, et al. ASH 2024 (Abstract 390; oral). 
5. https://www.xpertdox.com/blog/nlp-in-medical-coding-benefits/ (accessed Mar 2025). 
6. Essell JH, et al. ASH 2024 (Abstract 3756; poster).

Summary
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