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Overview

OWhy Language Model?
OWhat is a language model?
OWord2Vec
OGloVe
OTransformer

OBERT



Why language models?

O Health Record System (EHR)

OThe Office of the National Coordinator for
Health Information Technology

O Electronic Medical Record (EMR)

OElectronic record of health-related information on
an individual within one health care organization

O HHS Strategy on Reducing Regulatory
and Administrative Burden Relating to the Use of
Health IT and EHRs was released on February
21, 2020.
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Utilizing NLP for Healthcare System

Healthcare System Text Analysis

EHR
Information Extraction
Diagnoses
Question Answering
Treatments

Text Classification

Text Prediction



Language Modeling

fasting

Adults aged|40-75|years with a diagnosis of|diabetes|with a ...




Language Modeling
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Type 1 diabetes can develop at any age?
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However, some people with type 1 diabetes can develop insulin resistance.

type 1 diabetes can develop in people who have a particular HLA complex.

( Detail about “diabetes” can be learned from the context (e.g., semantic similarity) 1
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Language Modeling
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OWord2Vec Type 1 n develop at any age

OGloVe Type 1 diabetes can develop at any age

OTransformer o] : (oo |
OBERT i ma— ii wit+1) i

Mikolov, Tomas, et al. "Efficient estimation of word representations in vector space." arXiv preprint arXiv:1301.3781 (2013).
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Language Modeling

OWord2Vec

OGloVe

OTransformer

OBERT

Frequent appearances
of ice and solid

k = solid /k = gas k = water  k = fashion

Probability and Ratio
P(klice) 1.9%x 10 6.6x 1075 3.0%x 1073 1.7 x 107
P(k|steam) 22%x107° 78x107% 22x107% 1.8x107°

P(klice)/P(k|steam)
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Pennington, Jeffrey, Richard Socher, and Christopher D. Manning. 04 |
"Glove: Global vectors for word representation.” Proceedings of the !
2014 conference on empirical methods in natural language 02 1
processing (EMNLP). 2014. 00 ) ! ) ) LY
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Text Analysis through Pre-trained Language Models

Corpus

—

Pre-trained
Language
Model

Results

Input text

Tasks:
« Sentiment Analysis
« Similarity



Text Analysis

OText Cleaning
OLemmatization
OTokenizer

OSemal

--------------------- “Lp ---------uuuuuuuuu-“

Text —P >tokenizer>> tagger> parser ner D —" Doc

-
-----------------------------------------------

https://spacy.io/
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In [ 1: 1 import transformers
2 import tensorflow as tf
3 import keras as k
4 import sys
5 dimport seaborn as sns
6 dimport numpy as np
7 from spacy import displacy
2 import matplotlib.pyplot as plt
9 import logging
10 logging.basicConfig(level=logging.ERROR)
11 logger = logging.getlLogger()
12 logger.setLevel(logging.ERROR)
Il Qi 1 print(f"transormers:{transformers._ version_ }")
2 print(f"tensorflow:{tf. version_ }")
3 print(f"keras:{k.__version__ }")
Sample EHR
In: [ ) 1 #Ref: https://medicalcodify.com/eh/webchart.cgi?f=1layoutnouser&func=&module=&tabmodule=&name=RXDBmain&searchterm
2 corpus= ["Percentage of the following patients - all considered at high risk of cardiovascular events - who were
4 »
In[]1: 1 corpus
Text Analysis
In [ 1: 1 dimport spacy
2 |try:
3 nlp = spacy.load("en core web 1g", )
4 except:
5 !{sys.executable} -m spacy download en core web lg



Language Modeling

Qutput
Probabilities

OWord2Vec

Add & Norm

Feed
Forward

OGloVe
—_— ) mﬁ

e ] Multi-Head

Feed Attention
Forward )

OTransformer

Nx
p—>| Add & Norm | Ve
Multi-Head Multi-Head
Attention Attention

L ) L

v,

OBERT c J |k )
Positional Positional
Encodi ? & -
ncoaing Encoding
Input QOutput
Embedding Embedding
I T Mikolov, Tomas, et al. "Efficient estimation of word
Inputs Outputs representations in vector space." arXiv preprint
(shifted right) arXiv:1301.3781 (2013).

12



[o®)
Transformer FUJITSU

The The The The
animal animal animal
didn't didn't didn't didn't
Cross Cross Cross Cross
the the the the
street street street
because hecause because because
it it
Was Was was Was
too too too oo
tired tired wide wide

https://ai.aooaleblog.com/2017/08/transformer-novel-neural-network.html
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Language Modeling
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Masked Sentence A Masked Sentence B Question Paragraph
* *
Unlabeled Sentence A and B Pair Question Answer Pair

O B ERT Pre-training Fine-Tuning

OTransformer

] [

at <Mask> [ risk
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Devlin, Jacob, et al. "Bert: Pre-training of deep bidirectional transformers for language
understanding.” arXiv preprint arXiv:1810.04805 (2018).
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Text Classification

Pre-trained Fine-tuning on healthcare
Corpus Language domain datasets

Model

Input text % Fine-tuned :> Class
Language

Model
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Question Answering

O Structured Data O Unstructured Data

l¥_[filename sex age age_years corpus group child_TNW child_TNS
1922.cha male 113 9.416666667 ENNI  SLI 1404 185 L
1924.cha male 112 9.333333333ENNI  SLI 1162 125 Description
1926.cha female 114 9.5ENNI  SLI 729 80 Percentage of the following patients - all considered at high risk of cardiovascular events - who
1928.cha male 116 9.666666667 ENNI  SLI 592 63 were prescribed or were on statin therapy during the measurement period: *Adults aged >= 21
. . . . . years who were previously diagnosed with or currently have an active diagnosis of clinical
Diagnose SDECIfIC Language Impairmentin Children / Kaggle atherosclerotic cardiovascular disease (ASCVD); OR *Adults aged >= 21 years who have ever
had a fasting or direct low-density lipoprotein cholesterol (LDL-C) level >= 190 mg/dL or were
Knowledg egrap h previously diagnosed with or currently have an active diagnosis of familial or pure
hypercholesterolemia; OR *Adults aged 40-75 years with a diagnosis of diabetes with a fasting
Model the data . Suggest edges Creatoa Knowledgs Graph or direct LDL-C level of 70-189 mg/dL
Neive Bayes Pemmiiikpsal M T

‘Ovarian Cascer | Fluid in the abdomen | 16 H B H
Octn Come | v a1 80 https://medicalcodify.com/eh/webchart.cgi
Disease | Ovarian Cancer | Fatigoe | 0894
Ovarian Cancer | Vomiting | 0.867 —
AN ooy a3
/ Symptoss | ‘Ovarian Cancer | Fover | 0.793
/ Ovarian Camcer | Nausea | 0766

Logistic Regression | Disease | Symptom | Weight
Cancer

Ovarian Cascer | Infection | 0.17%9

Discase | Symptom | Weight
" ‘Ovarian Cancer | pain | 0.286
e Ovariss Cascer | Nauses | 0178
‘Ovarian Cancer | Abdomsinal pain | 0.147
‘Ovarian Cancer | Vomiting | 0.106

—— | Ovarlan Cascer, | Discomfoet | 0,031
.................... (threshold)
<A A T Ovarian Cancer, | shortness of breath | 0.029
Symptoms Ovarlan Cancer, | bowel cbstnaction | 0.028

Rotmensch, Maya, et al. "Learning a health knowledge graph from electronic medical records." Scientific reports 7.1 (2017): 1-11.
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Question Answering

OOpen Generative Question Answering

Description

Percentage of the following patients - all considered at high risk of cardiovascular events - who
were prescribed or were on statin therapy during the measurement period: *Adults aged >= 21
years who were previously diagnosed with or currently have an active diagnosis of clinical
atherosclerotic cardiovascular disease (ASCVD); OR *Adults aged >= 21 years who have ever
had a fasting or direct low-density lipoprotein cholesterol (LDL-C) level >= 190 mg/dL or were
previously diagnosed with |or |currently have an active diagnosis of familial| o pure
hypercholesterolemia;|OR *Adults aged 40-75 years with a diagnosis of diabetes with a fasting
or direct LDL-C level of 70-189 mg/dL

Source: https://medicalcodify.com/eh/webchart.cgi

"What are previous diagnoses?"
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Question Answering

OExtractive Question Answering

Description

Percentage of the following patients - all considered at high risk of cardiovascular events - who
were prescribed or were on statin therapy during the measurement period: *Adults aged >= 21
years who were previously diagnosed with or currently have an active diagnosis of clinical
atherosclerotic cardiovascular disease |(ASCVD); OR *Adults aged >= 21 years who have ever
had a fasting or direct low-density lipoprotein cholesterol (LDL-C) level >= 190 mg/dL or were
previously diagnosed with or currently have an active diagnosis of familial or pure
hypercholesterolemia; OR *Adults aged 40-75 years with a diagnosis of diabetes with a fasting
or direct LDL-C level of 70-189 mg/dL

Source: https://medicalcodify.com/eh/webchart.cgi

"What is the disease of the patients?"
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Question Answering

OClosed Generative Question Answering

Description

Percentage of the following patients - all considered at high risk of cardiovascular events - who
were prescribed or were on statin therapy during the measurement period: *Adults aged >= 21
years who were previously diagnosed with or currently have an active diagnosis of clinical
atherosclerotic cardiovascular disease (ASCVD); OR *Adults aged >= 21 years who have ever
had a fasting or direct low-density lipoprotein cholesterol (LDL-C) level >= 190 mg/dL or were
previously diagnosed with or currently have an active diagnosis of familial or pure
hypercholesterolemia; OR *Adults aged 40-75 years with a diagnosis of diabetes with a fasting
or direct LDL-C level of 70-189 mg/dL

Source: https://medicalcodify.com/eh/webchart.cgi

"What are prevention methods for ASCVD?"

19

WIKIPEDIA

‘The Free Encyclopedia

Main page
Contants.
Current events
Random article.
About Wikipedia
Contact us
Donate

Contribute
Help

Leam to edit
Commnity portal
Recent changes
Upload file

Tools
What ks here
Related changes
Spacial pages
Permanent link
Page information
Cite this page
Wikidata flem

Printiexport

Atticie  Talk

Cardiovasc

From Wikipedia, the fre|

Cardiovascular dise;
includes coronary arte
as a heart attack).”?) ¢
heart disease, cardior|
disease, carditis, aort]
thrombosis. 1253

The underlying mech:
are associated with 5
disease involve ather¢
meliitus, lack of exerc
and poor sleep,Il7] af
13% of CVD deaths, y
5%l Rneumatic hea

tis estimated that up
risk factors through: b
Treating risk factors, ¢
Treating people who H
disease (10linosds updad
benefit.[1l12)

Cardiovascular disea
resulted in 17 9 milliof

Read  View source

(D COVID-19: Advice, updates and vaccine options.
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Arteriosclerosis / atherosclerosis

Symptoms & causes  Diagnosis & reatment  Doctors & departments

Overview

d used thing, but
there's a aference between te two tes.

when nd nutrients from
your heart 10 the rest of your body (arterios) become thick and s8 — sometimes

resiricting blood flow to your crgans and tissues. Healthy arteries are flexibie and elastic,

but over time, the walls in your arteries can harden, a condition commonly callod
hardening of the arteries.

Atherosclerosis Is a spacific typs of arteriosciarosis.

Atherosclarosis s the buldup of fats, cholesterol and other substances in and on your

artery walls. This buidup is calied plaque. The piaque can Cause your arteries 1o naTow,
The

ot

Arhough atherosclerosis is often considared a heart problem, it can affect arteries

& Notlogged in Talk Contributions Create account Log in

View history | | Search Wikipedia Q
v
F
L 6:09
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Cara at Mayo Clinic

[ Focvsst an opoiine |

anywhere in your body. y hel

pravent atherosclerosis.

Products & Services
Show mare producis flom Mayo Ciric. ~

https://www.mayoclinic.org/diseases-conditions/arteriosclerosis-atherosclerosis/symptoms-causes/syc-20350569
https://en.wikipedia.org/wiki/Cardiovascular_disease


https://www.mayoclinic.org/diseases-conditions/arteriosclerosis-atherosclerosis/symptoms-causes/syc-20350569
https://en.wikipedia.org/wiki/Cardiovascular_disease

Question Answering

Questions Corpus

> Pre-trained
Corpus Language Model

Answers
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Question Answering

2 6 ) 1 from transformers import pipeline
In [ ]: 1 qa_model = pipeline("question-answering",
2 model="distilbert-base-cased-distilled-squad")

3 #for more detail refer to: https://github.com/huggingface/notebooks/blob/master/examples/question answering.ipyn

< »

In [ 1z 1 corpus[0]

2 33 £ 1 question_l="What are previous diagnosis?"
2 answer_1 = ga_model(question = question_1, context = corpus[0])
3 answer_ 1 I
In [ ]: 1 question_2="What is the disease of the patients?"
2 answer_2 = ga_model(question = question 2, context = corpus[0])
3 answer 2
In [ ]: 1 from sentence transformers import SentenceTransformer, util
2 import numpy as np
In [ ]: 1 #ref: https://huggingface.co/allenai/biomed roberta base
2 model = SentenceTransformer("allenai/biomed roberta base")
In [ ]: 1 classifier = pipeline("text-classification", model = "roberta-large-mnli")
In [ ]: 1 mnli_context="Patients were previously diagnosed with atherosclerotic cardiovascular disease or were previously

“ »

In [ ]: 1 classifier(f"{mnli_context} Does patient previously diagnosed with diabetes?")



Text Classification

OEntallment

Diagnoses
Description Dataset

Percentage of the following patients - all considered at high risk of cardiovascular events - who Heart Disease
were prescribed or were on statin therapy during the measurement period: *Adults aged >= 21

years who were previously diagnosed with or currently have an active diagnosis of clinical Cancer
|atherosclerotic cardiovascular disease|(ASCVD); OR *Adults aged >= 21 years who have ever

had a fasting or direct low-density lipoprotein cholesterol (LDL-C) level >= 190 mg/dL or were Diabetes

previously diagnosed with or currently have an active diagnosis of familial or pure
hypercholesterolemia; OR *Adults aged 40-75 years with a diagnosis of diabetes with a fasting
or direct LDL-C level of 70-189 mg/dL
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QA & Text Classification
In 1 question_ 2, answer 2[“pnswer"]

In

In

In

In

In

In

In

In

In

NoOuUsWwN e

corpus[@] I
diseases = ["Heart Disease", "Cancer", "Diabetes"]

embeddings=[]

cosine scores=[]

answer embeding = model.encode(answer 2["answer"], convert to tensor=True)

for disease in diseases:
target=model.encode(disease, convert to tensor=True)
embeddings.append(target)
cosine_scores.append(util.pytorch_cos_sim(target, answer embeding))

len(embeddings), embeddings[@].shape
embeddings[0]
cosine scores

for index in range(len(diseases)):
print(f"{diseases[index]}:{cosine scores[index]}")

top related answer= np.argmax(cosine scores)
diseases[top_related answer]




QA & Text Classification / Training

e Pre-training -~ sample Supervised
.-~ " sample -=7 sample
.~ Unlabeled text —=-====--=-n--t"oo ’31 corpus (') g [NPUt qUETry sapeeee e e ’p

© The [MASK] at the top of the pyramid (z) E i what’s the angle of an equilateral triangle? (a:)i
l retrieve LTl retrieve Vel
[ Neural Knowledge Retriever (#) }( ------ knowledge [ Neural Knowledge Retriever (#) )« ------ knowledge
I corpus (Z) | corpus (Z)
(z,z) r (z,z)
\»[Knowledge—Augmented Encoder (qﬁ)] \»[Knowledge—Augmented Encoder (¢ )j
£~ Answer----Y-oooooooon o ! -- Answer -------.
. [MASK] = pyramidion (y) E i 60 degrees (y) E
Unsupervised pre-training Supervised fine-tuning

Guu, Kelvin, et al. "Retrieval augmented language model pre-training.” International Conference on Machine Learning. PMLR, 2020.
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In [54]: 1 for index in range(len(diseases)):
2 print(f"{diseases[index]}:{cosine scores[index]}")

Heart Disease:tensor([[0.9217]])
Cancer:tensor([[0.9137]])
Diabetes:tensor([[0.9208]])

In [55]: 1 top_related answer= np.argmax(cosine scores)
2 diseases[top_related answer]

Out[55]: 'Heart Disease'
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Masked Language Model

In [ ]: 1 from transformers impoyt pipeline

2 mlm = pipeline("fill-mask",

3 model="microsoft/BiomedNLP-PubMedBERT-base-uncased-abstract-fulltext")
In [ ]: 1 #original: all considered at high risk of cardiovascular

2 predicted_tokens = mlm("all considered at high [MASK]")

3 predicted tokens = [_ for _ in predicted tokens if ['token str'] not in ['.', ',', ';']]

4 predicted tokens
In [90]: 1

In[ ]: 1



Conclusion

OBased on use case, different language models can be used such as
Word2Vec, GloVe, BERT, GPT

OPre-trained language models can be used easily and works well
across different domains

OThe latest Pre-trained language models are expensive

OThe pre-trained models can be fine-tune on specific down-stream
tasks
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