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3a4yeM I3TOT KYpPC HYXeH?

N3 22 ctyneHToB maructpatypbel MOTU Tonbko 1 gan BepHoe onpeaeneHue U
Mpwn aTom:

1. JKCNOHeHUUuanbHbIN POCT MEANLMHCKUX AAHHbIX
[o 80% meguumHCKON MHOpMaUnnM — HECTPYKTYPUPOBAHHBIN TEKCT (MCTOPUU
bonesHu, 3aknodeHns, otyeTbl). ObbemM MeanNUNHCKUX AaHHbIX yaBauBarics

Kaxkable 73 OHS.
(ucmoyHuk: IBM. "The 'Big Data' Flood: Tracing the Flow")

2. MupoBou pbiHOK NLP B megnuunHe
Oxunpaembin poct Ao $4,3 mnpa k 2025 roagy npy cpeaHeM eXerogHoM pocTe
bonee 20. (ucmouHuk: MarketsandMarkets)

3. NocypapcTBeHHasa nogaepkka u cTparerus

* HauwnoHanbHble NPOeKTLI N NporpaMmmel B Poccnun HanpasneHbl Ha BHeEAPEHWE
W n unppoBbix TEXHOMOMMU B 34paBOOXPaHEHME.
(PacniopsixxeHue Npasumeriscmea P® Ne959-P om 17 anpensa 2024 2.)

* [lpun aTOM cyLiecTByeT aepuuunt cneymanmctos B Poccum.
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Knaccudoukauma U

UckyccTBeHHbIN nHtennekt (MA) — ato obnactb
KOMMbIOTEPHbIX HayK, 3aHMMaloLLaaCca co3gaHnem
CUCTEM, CNOCOOHbIX BbINOSHATL 3a4a4un, Ans
KOTOPbIX 0BbIYHO TpebyeTca YenoBeyeckn
NHTENNeKT. OTU 3aadn BKNKOYaT NOHMMaHue
€eCTeCTBEHHOr0 A3blka, pacrno3HaBaHne obpasos,
NPUHATME PeLLEHN 1 0byyeHue.

supervised

unsupervised

content extraction

classification

natural language CunbHbin UU (Artificial General Intelligence,

machine translation

processing (NLP) AGlI)
guestion answerin ) o , 3T0 runoTeTMyeckas MalLuHa, kKotopas obnagaet
text generation Artificial Intelligence OBLLMMMN HTENNEKTyanbHbIMU COCOBHOCTAMM,
(Al) CpaBHUMbIMY C YeroBeyeckummn. Takon MU moxeT
expert systems -

BbINOMNHATL Ntobble 3ajayvyn, KOTopble MOXET
BbIMOJIHATbL YeJ10BEK, C TaKUM Xe YPOBHEM
MMOKoCTU 1 KpeaTunBHOCTW.

image recognition

: - vision
machine vision

_Speech to text Cna6bint UM (Narrow Al)

910 U, KOTOpPbIN NpeaHasHayeH Ans BbiNOHEHNS
KOHKPETHbIX 3a4a4 1 He obnagaeT obLwmnmun
MHTENNeKTyanbHbIMKU cNnocobHocTAMU. Npumepsl
cnadoro M BkntovaloT cucteMbl pacno3HaBaHUs
ronoca, 4aTt-60Tbl 1 pekoMeHaaTeNbHblE CUCTEMBI.

_text to speech

robotics

Nctounuk: Artificial Intelligence: Definition, Types, Examples, Technologies. Chethan Kumar GN, 2018. 3



O6mem puitka NLP @

North America Natural Language Processing (NLP) Market Size, 2019-2032 (USD Billion)

“The global Natural Language

Processing (NLP) market size was
I I valued at USD 24.10 billion in
I 2023. The market is projected to
=nnill I I I grow from USD 29.71 billion in
T T 2024 to USD 158.04 billion by
2032, exhibiting a CAGR of 23.2%

during the forecast period.”

Global Natural Language Processing (NLP) Market Share, By Industry, 2023

B Healthcare
Retail
. B High Tech and Telecom

B Banking, Financial Services, and Insurance (BFSI)
B Automotive & Transportation
Advertising & Media

B Manufacturing
B Others (Government, Energy & Power, and Others)

NcTouHuk: Fortune Business Insights

www.fortunebusinessinsights.com




3agauu

mMeauumHckoro NLP

n@ @ o '
Sr»El«®wlay

Fundamental tasks

Named entity Relation
recognition extraction

Semantic
textual

similarity

Text
classification

LLM | Advanced applications

Question answering

:®)  Medical report
e

NcTouHuk: A survey of LLMs for Healthcare, IEEE




CpaBHeHue TOYHOCTU MoAaenen ¢ TOYHOCTbIO

Bpava
USMLE(%) MedMCQA(%) PubMedQA(%)

Finetuned BERT 44.62 [167] 43.03 [154] 72.20 [167]
Galactica 44.60 77.60 77.60
PMC-LLaMA 44.70 50.54 69.50
GatorTronGPT 42.90 45.10 77.60
DoctorGLM 67.60 . .
MedAlpaca 60.20 - -
Codex 60.20 62.70 78.20
Med-PalLM 67.60 57.60 79.00
Med-PalLM 2 86.50 72.30 81.80
GPT-4 86.70 73.66 80.40
Human 87.00 90.00 78.00

NcTouHuk: A survey of LLMs for Healthcare, IEEE



MeTtoabl npumMeHeHUsA

1. lNomowpb npn aHanuse 2. lNogckasku npy npoBeaeHUU 3. CocTaBneHne TeKCTOBbIX
Hay4HbIX CcTaTeu 3KCMepuMeHTOB MaTepuanoB

Correlation Of Lab Parameters With Depression Sym... £ : P Flood of li u n kl : H ow AI is

Correlation of Lab Parameters with Depression Symptom Response (DPQ050)
0.015

changing scientific publishing

0.005

MocTpoit Tabnuuy rno OCHOBHBIM pesynbTaTaM M3 CTaTbi U BKpaTLe
onuwu ee

ent

0.000

0.005
GPT-4 Medical Performance Results

-0.010

Comelation Coeffic

Exam/Dataset GPT-4 (Zero-shot) GPT-3.5 (Zero-shot) GPT-4 (5-s! 0.015

-0.020

USMLE Step 1 80.67 51.26 8571

-0.025

USMLE Step 2 8167 60.83 83.33

USMLE Step 3 8978 58.39 90.71
Lab Parameters
USMLE (Average) 84.31 56.91 867
The correlation analysis shows relatively weak correlations between the lab parameters and the

MedQA (5-option) 8138 4462 861 encoded depression symptom response. All correlation values are close to zero, suggesting that

MedQA (4-option) 78.87 50.82 81.38 none of these parameters individually have a strong linear relationship with the target.

Next, I'll proceed with a predictive modeling approach to assess whether these lab parameters

B Tabnuue npeacraeneHbl pesynbraTbl TECTUPOBaHUA Moaenen GPT-4 u GPT-3.5 Ha

MEAULIMHCKIX SK3aMeHaX, Takux kak USMLE, 1 pasnuubix GeHuMapkax. GPT-4 sHauuTensHo collectively can predict the response variable. I'll start by splitting the data, and then I'll train a

npesocxoauT GPT-3.5 Kak B zero-shot, Tak 1 B 5-shot Tecrax, ocobeHHo Ha ak3aMeHax USMLE, classification model to evaluate its predictive capability. (-]
rae mopens Habpana ot 80% Ao noutu 90%, B To Bpems kak GPT-3.6 ocrasanacs Ha yposHe 50-

60%. PesynbTathbl NOAYEPKMBAIOT BLICOKYIO TOHOCTb GPT-4, 4To Alenaet ero Gonee HapeXHbiM The model's performance shows a high accuracy for predicting the "Not at all" class, but it

NS MeaMUMHCKMX 3aaay. [-]

struggles significantly with other response categories like "More than half the days," "Nearly eve!

day," and "Several days." The confusion matrix highlights that the majority of predictions are for Scientific sleuth Elisabeth Bik fears that a flood of Al-generated images and text ...
the dominant class ("Not at all"), which indicates class imbalance.

An infographic of a rat with a preposterously large penis. Another
showing human legs with way too many bones. An introduction
that starts: "Certainly, here is a possible introduction for your

Kakwue euie 6eHYMapKn UCNONb3OBANKUCh ANR Kax GPT-4 obyvanu ans MeguuMHCKHX .
TecTUpoBaHHA? sapaw? To improve the model, we could try:

1. Balancing the dataset by oversampling underrepresented classes.

ChatGPT

2. Using different models or hyperparameter tuning.

topic".

3. Feature engineering or adding more relevant features.

Would you like me to proceed with any of these suggestions? [>-)

NcTounuk: Flood of 'junk': How Al is
changing scientific publishing,
Phys.org. Aug.2024 7



HaBbIKX, KOTOpPbIEe NONTY4YalT CTYAEHTDbI @

1. TeopeTnyeckume 3HaHus B obnactu
NN n NLP

2. lNpakTnyeckKkne HaBbIKW MO aHannay
ctaten n SOTA moaeneu

3. MpakTnyeckme HaBbIKU MO
co3aaHuto pabounx moaeneun NLP
ans peweHns bnomMeanLmHCKNX
3agad




Cnacunbo 3a BHUMaHume

e-mail: balbek.kd@phystech.edu

telegram: @kbalbek

@KBALBEK
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