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Novo Nordisk does not guarantee the accuracy or reliability of the information provided herein.
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phuseHave you used any NLP powered tools?

Q. whatis| X &

Q. whatis my ip

2. what is computer

c
Q. whatis ai
Q. whatis python
c

L whatis chat gpt

. what is artificial intelligence

Q. whatis java
O, whatis noun
Q

. whatis cloud computing

Google suggestion

English — detected v & Hindi

Intelligence that

Translation
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Virtual assistant devices
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that is focused on enabling com

& Processing (NLP) is a subfild of Arffficial Inteligence
sal-world analys

‘language. In this presentation .
d extraction of_knowledgelhterat Doublecheck if this is correct
1d topic modeling

jven information extraction e
p in using Al models for clinical b ilysis
-etation

sluster graphs Ignore All

jon from images like ultrasound

s and pafterns

still has challenges to identify features
‘in advance NLP technologies.

that matches the knowledge of human expert, bt

Spelling correction

and many
more....
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Spam mail identifier


https://askleo.com/how_do_i_hide_the_email_addresses_im_sending_to_on_a_message/?source=post_page---------------------------
https://creativecommons.org/licenses/by-nc-nd/3.0/
https://technofaq.org/posts/2020/10/technology-that-is-changing-seo/
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p@e What is NLP?

N Coreference Speech-to-Text  Text-to-Image

Resolutlon

Text-to-Speech Data-to-Text
Computer Part Of Speech
S s Tagglng Stance
7 cience Word Sense Fake News Detection
- Disambiguation Detection
/ Hate Speech
/ Detection
g
Fake News and Common Sense
Hate Speech Reasoning
Detection
/ Natural Language
Text Inference

Grammatical Error Text

Correction \ Preprocessin
- Feature
) Text .
Classification
Senhment P Classification SN Reasoning 7
Human —
e EEn]
g g Sentence/Document
/ Similarity Intent
/ Detection
Question
Answering Topics and Keyword
! Knowledge Keywords Extraction
Bases, Entities Keywol
and Relatlons achon
Relatlon Topic
Enmy
/ s
Relation
Named Entity
Prediciton R nition

Information Retrieval —

NLP refers to the branch of computer science, linguistics and
artificial intelligence concerned with giving computers the
ability to understand text and spoken words in much the same
way human beings can. Its rule-based modeling of human
language with statistical, machine learning, and deep learning
models.

\
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p@e History of NLP

Early days of NLP: Rule
|n 1 947, after based approac[h\

world war I,

. 1950

|mp0rta nce Of Statistical approach
| become popular: ML '
anguage approach

translation by a
machine
increased.

Present day NLP
is focused more
on information Large language
extraction and Today models: Uses in real
generation from world applications
big data. Uses the
information to
improve language
processing.

Advances in
computer
hardware:
Deep learning
approach



https://www.localitytokens.info/roadmap/
https://creativecommons.org/licenses/by-sa/3.0/

clinical trials and
real-world
analysis
benefited from

NLP
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p@e Let's explore NLP aid examples!

.. Linguistic analysis and

extraction of
knowledge/literature mining
from unstructured data

Sentiment Analysis

00

Positive  Negative  Neutra
|

Sentiment analysis and topic
modeling

System integration driven
information extraction

NLP as important step in
using Al models for clinical
predictive analysis and
descriptive analysis

. Creating symptoms cluster

graphs

Automate interpretation
from images like ultrasound

Detect critical trends and
patterns




8

p@e Extraction of literature from unstructured data

D

Q Identify relevant data sources and define search terms % F:B‘ % % % ’f:h‘ % % % % % % % % ’f:h‘ % % % % ’;ﬁ‘ % % % % %
. N

Collect and read through all search results to determine relevance and quality |mproves the way we ma ke Trial designs' product

) strategies and respond to questions from Health

Af Select relevant search results and summarize learings Authorities

' Reduce time spent on writing new content or searching
for information across lengthy files
Give consistent answers
Re-use content to provide quick answers

#* Integrate knowledge in project strateqy Avoid increase of resources or delays of approvals
‘ ‘

‘ Interpret the results in light of totality of evidence

&? Put intelligence into action in health authority response or meeting package

[
(TSI
(TSI
(TSI
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Extraction of knowledge from free text clinical
reports, trial metadata, clinical trial
descriptions, consumer generated text,
biomedical literature, clinical guidelines etc.
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IR

=



<~ ldentify similarities across trials with trial
phuse

— metadata

Can flowchart be helpful?

%  Alot of assessments are

. Trial 1 Trial 2 Key features Scores
common across trials and may
not be that useful to describe a Superiority, placebo, treatment1, ratio,
trial rational / objective Abcd100 Xyz2020 CITEENES, GYEEMIE @il @RLEen | g 7
criteria x, inclusion criteria X,
«* Can be harder to find what is hypoglycaemic, estimand....etc.

important for a similarity score

Protocol title, primary & secondary
objectives, compound text

X/

*%* This text represents the
rationale of the trial (why / what
/ how/ when)

Superiority, placebo, treatment1,
Abcd100 Xyz2001 exclusion criteria x, difference, 0.69
hypoglycaemic, safety, estimand...etc.

Abcd100 Efg2301 Superiority,treatment1, difference,

hypoglycaemic, safety, Relative risk..etc. ok

% These fields are long text, and it
is not easy to search key
information across, NLP can
help
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Electronic Trial Data lake
Master Files Structured trial
(eTMF) metadata
=

Model Maintenance and
Feedback Loop
Update NLP models and
analyze trial data regularly,
gather feedback, and
enhance relevance and
accuracy.

Process flow

Data Preprocessing

Remove noise, tokenize,

and lemmatize

1.

Application
Use trial similarities
for recommendations,
clinical trial design,
and systematic review
enhancement.

= =

Text Vectorization
Convert text data into numerical
representations using techniques
like TF-IDF or word embeddings for
mathematical analysis

ASSNN

Evaluation and
Interpretation

Analyze similarity analysis
to identify clusters of trials

with common
characteristics and
understand patterns.

=)

x

Similarity Measurement
Measures like cosine similarity, Jacobian
similarity, Euclidean or Manhattan
distance, and Word Mover's distance,

Indicate direction, size, intersection size,
and minimum distance needed for word
alignment.

i e

Topic Modeling
(Optional)
Utilize topic modeling
techniques like LDA to
identify latent topics in
trial metadata and
identify thematic
similarities

g @

Clustering and
Visualization
group similar trials
based on scores &
visualize them using
techniques like MDS
or t-SNE.



p@e Sentiment analysis & topic modeling

With the pervasiveness of social media platforms, people nowadays share opinions, critics, reviews,
forum debates on social networks, which made sentiment analysis a domain of interest.

By using topic modeling, dominant themes of given texts from social media platforms, news articles,
and purchase behavior can be detected

Sentiments - Flu vaccine

Topics - Flu vaccine

The vaccine is available now
Opinions and emotions around
vaccines

Knowledge about vaccines
Vaccine administration

| received the first vaccine. @
Thanks

It's been 7 days and my arm still
' o=



https://www.freepngimg.com/png/21282-vector-windows-8-tablet
https://creativecommons.org/licenses/by-nc/3.0/
https://www.freepngimg.com/png/21282-vector-windows-8-tablet
https://creativecommons.org/licenses/by-nc/3.0/
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phuse System integration driven information extraction

Syntactic 4 Field Value N
Analysis
A 12 years old female had a Gender Female
diarrhea from past 2 days. Pattern Age 12
Medication taken yesterday Matching Symptoms Diarrhea
but no improvement | Duration 2 days
MUtMII\_/IS Medication “r
etaMa
Recorded data i \ j
Med7 Electronic Health Record

NLP tools/algorithms

e et . s AT
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p@e NLP as important step in using Al models (1/2)

Al model for clinical Predictive Analysis

oo Iy Treatment outcome
’H’H‘H‘ }E; prediction
- Disease prediction
—=— — s (\ . QT O
— -
oo . Healthcare
L B ﬁ $ E Q outcome
EHR data Curated . @ Prediction
atient Data Predictive
I::ohort representation algorithm

Trying to predict any clinical events ]
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p@e NLP as important step in using Al models (2/2)

B
Al model for clinical Descriptive Analysis

Social
Public media
ation ,' . Symptoms clustering and
analysis
A @ . .
_ @ > ﬁ‘I}P Healthcare Disparity
O— o
ooo . Data
> visualization
EHR a rat —
dat Curated Data Descriptive
datasets/ . . Tobi
patient representation analysis opic
cohorts modeling

Trying to discover pattern based on information we extracted. These patterns helpful for generating
new clinical hypothesis



https://rokrokss.com/post/2018/09/26/lda-%EC%9E%A0%EC%9E%AC-%EB%94%94%EB%A6%AC%ED%81%B4%EB%A0%88-%ED%95%A0%EB%8B%B9-latent-dirichlet-allocation-%EC%84%A4%EB%AA%85.html
https://creativecommons.org/licenses/by-nc/3.0/
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chuse Patient record interpretation

Clinical notes

O7DEF2021 1 9FEI?T2022 29A?G2022 21 SlTPZOZZ
|

Interpreting chart reviews using
attention mechanisms helps
clinicians validate drugs and
identify relevant features.

1 |

High attention weights highlight
relevant features, making clinical
decisions easier.

Model can be improved based
on clinical needs.
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A | Symptom clustering based on disease sirnilarity|

= Symptom-disease associations

« Symptom clusters are >=3 interrelated symptoms,
aiding disease management, early detection, and
reducing delays in interventions for patients and
clinicians.

» (Can be analyzed using t-tests to determine patient
variables like age differences

» Chi-squared tests to identify differences in
categorical variables like gender, diabetes status,
and cancer stage.

» Forinstance, diabetes patients experience more
numbness or tingling in figures, hands, or lower
extremities, while stage Ill cancer patients ¢ Symetom clusters
experience memory loss. Ao

Symptom
cluster 1

Symptom clustering ]

ccccccc
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p@e Symptoms cluster graphs: case

NLP groups similar
documents or
sentences based on
their content &
meaning.

It facilitates efficient
categorization and
analysis of large
volumes of
information.

(© Acquir. toe
deformities

[l\ﬁf‘\se;s‘es ;ﬂ‘ . 735 - (d]
uskuloskelet Sys ) . Acquir. toe
& Connective Tissue CeiEmRE: Glaucoma Diseases of deformities
S 366 Muskuloskelet Sys
710-739 SK Sys
& Connective Tissue

Other retinal 710-739

Internal knee | Osteoarthrosis 362" disorders 717
derangement Internal knee
ki 374,375,379 derangement
Eylid/lacrim/orbit Osteoarthrosis Other hernia @553

abdomen

disorders 715

733 Mononeuritis Other diseases
Other bone/ (upper limp/multiplex) intestin/periton
cartilage dis. \, 345 Di eI Acute 5400 .

725-729 Epilepsy isease of the Nervous appendicitis Gastr/tis&  Diseases of the
Rheumatism System & Sense Organs 5588 colitis (unsp) Digestive System
(320-389) (520-579)

Osteoarthrosis is linked to various diseases, including
musculoskeletal system and connective tissue disorders,
nervous system and sense organ diseases, is shown in Fig (c)
Osteoarthrosis — Cataract was the most frequent statistically
significant comorbidity found

A cluster relating to digestive system disorders, including
cholelithiasis, pancreas diseases, and gastrointestinal
hemorrhage, is shown in Fig. (d)
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p@e Automate Interpretation from IMages

« Saving time and decreasing
the reading variability
between laboratories and
interpreters.

« More efficient, saving time
in the preliminarily
classification of disease

Structured Reporting in Clinical Routine |

‘ NLP Development Pipeline ‘

06/2019 — Previous Study

B

16 mm

09/2019 — Present Study

STRUCTURED ONCOLOGY RE RT (SOR)

GENERAL INFORMATION

Area
Chest (CT), Abdomen and Pelvis (CT)

Cancer treatment situation
Follow-up during treatment

Comparison

Last imaging study: 15.06.2019
ONCOLOGICAL FINDINGS

Primary tumor

Breast carcinoma on the left, primary diagnosis 2016, post
breast-conserving surgery + ALNE + RTx, primary tumor region
not sufficiently assessable on CT.

—

Metastases

Lung:

- Bipulmonary metastases slightly increased (ref. table).

- Unchanged pleural thickening left basal adjacent to the known
nodule in the left lower lobe (2-145); pleural invasion cannot
be excluded in this area.

- Status post VATS (S2 and S6 on the right side) with
postinterventional scarring

Thoracic lymph nodes and soft tissues:

- Mediastinal lymph node metastases slightly increased (ref. table).

- Constantly enlarged biaxillary lymph nodes.

Liver:

- ive and lesion in liver
segment SIVa (ref. table).

Abdominal lymph nodes and soft tissues:

- None.

Peritoneum:

- None.

Skeleton:

- of a mixed Iyti ic lesion
in L1 (10-195) without posterior edge being involved.

Reference measurements (Follow-up)

19 mm, prior 15 mm (PUL, left lower lobe, 2-80)
15 mm, prior 10 mm (PUL, middle lobe, 2-123)

18 mm, prior 17 mm (LYM, right hilar region, 5-82)
11 mm, prior 11 mm (LYM, left axillar region, 5-49)
30 mm, prior 16 mm (HEP, SIVa, 5-183)

Sum of diameters: 93 mm, prior 69 mm (+35%)

e

NON-ONCOLOGICAL FINDINGS

Chest

Thyroid nodule in the right lobe measuring 6 mm (5-8).
Abdomen and Pelvis

Unremarkable.

Skeleton
Age-related degenerative changes.

IMPRESSION —

Oncological impression

- Significant increase of tumor burden compared to 15.06.2019.

- Known bipulmonary metastasis with increasing lesions and one
newly detectable lesion. No change in lymph node metastases.

- Solitary progressive liver metastasis.

- According to RECIST 1.1: PD (progressive disease).

‘Non-oncological impression

Constant thyroid nodule in the right lobe.

PR RAINED NLP MODEL BERT

Native BERT model (general domain)
Wikipedia (6 GB)

Open Legal Data (2.4 GB)
Y News articles (3.6 GB)

Pre-trained language-adapted
BERT model

FINE-TUNING ON ONCOLOGICAL FINDINGS

Conventional
NLP models

Deep NLP
model BERT

Tokenization Bag of words

Ground Truth Classifier

8653 SOR
1000 SOR
3] TRAINING & VALIDATION 802 FTOR

Hyperparameter optimization
5-fold cross-validation

3 EVALUATION OF PERFORMANCE

Precision, recall, accuracy, F1 score
Comparison with human baseline scores on FTOR

2] EXTRACTION OF RECIST 1.1. CATEGORY

Oncological impression

- Significant increase of tumor burden compared to 15.06.2019.

- Known bipulmonary metastasis with increasing lesions and one.
newly detectable lesion. No change in lymph node metastases.

- Solitary progressive liver metastasis.

- According to RECIST 1.1: PD (progressive disease).

B

(PD)(sD)(PR)(cR)

Source: Deep Learning-based Assessment of Oncologic Outcomes from Natural Language Processing of Structured Radiology Reports
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phuse  Detect critical trends and patterns

A: sentence B: aspect

This medicine works great when
it comes to pain.

pain

Extracting cause-effect entities from medical
literature is an important task in medical
information retrieval.

embed €= tokenize €= input

"
position segment token

Causality between disease and symptoms between

\ A
< (’) medications and side effects between genes and

disease etc.

encode €—

) N /]\M /N
VO AN TAN S N EAN
In medical literature cause and effect phrases in a . j _ l l l l l
sentence are not simply noun or noun phrases, classification

layer
rather they are complex phrases consisting of
several word

softmax

l

[Pyes | Poo]

output €—— classify €=
r

Source: https://www.mdpi.com/2504-4990/4/2/21
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use Summary

(

NLP models still has challenges to identify features that matches the knowledge of human expert, but
these models can improve over time.

To advancing medical research it's high time that we need to invest more in advance NLP
technologies.

Building NLP tools takes significant effort and cost

~—— k1

Limited understanding of technology and scarcity of skilled resources makes journey challenging

—— ———

|dentifying good use cases is challenging
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p@e Quality of your natural language processing going to impact the quality of your analysis!
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https://creativecommons.org/licenses/by-nc-nd/3.0/
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