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Artificial intelligence and machine learning

Artificial intelligence (Al) is ability of computers to perform tasks normally associated with human
intelligence
Modern Al has been greatly advanced by machine learning (ML), which is ability of computer
programs to learn without being explicitly programmed
ML has been advanced by new algorithms, enhanced computer processing abilities, and availability
of large and diverse quantities of data

o Most important has been deep learning (DL), involving use of multi-layered neural networks

Don’t need to understand math or theory to understand use or evaluate clinical benefit
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Most success has come from image classification

a
|
Early studies
mm «  Diabetic retinopathy (DR) (Gulshan, 2016; Ting, 2017)
T A VN= Fara . . .
.:E;*_‘: ::; _‘-";.,.‘- - «  Histology of cancer (Benjordi, 2017) and metastases
o e e e (Veta, 2019)
-‘_'.::-}"..:':4" —. - ;.i - e Tuberculosis (Lakhani, 2017) and pneumonia
Ay et (Rajpurkar, 2018)
B U '-,:\..-.;“ +  Skin cancer (Esteva, 2017; Haenssle, 2018; Tschandi,
e P - 2019) IDZENY
AT e E State of the art (Esteva, 2021) L 12))
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Other successes in clinical prediction

e Length of stay, mortality, readmission, and diagnosis at two

large medical centers (Rajkomar, 2018)
e Age and sex determination from retinal images (Poplin, 2018)

or ECG (Attia, 2019) T ———
e Earlyrisk of chronic kidney disease in patients with diabetes T s '

(Ravizza, 2019)
e Dementiafrom EHR data up to two years before clinical w ,“

diagnosis (Wang, 2019)
e Prediction models for mechanical ventilation, renal Whether you are male or female Your age, I you're healthy, within 7 years .
with an accuracy of over 90% And may determine your physiologic age if
replacement therapy, and readmission in COVID-19 youhaue other comorbidies
(Rodriguez, 2021)
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What is the evidence for the benefit of Al?

e Best evidence for interventions (treatment or prevention) comes from randomized controlled
trials (RCTs)
o ldeally RCTs that are well-conducted, generalizable, and well-reported
e There are other clinical questions that can be answered by Al
o Diagnosis - can Al methods improve ability to diagnose disease?
o Harm - can Al identify harms from environment, medical care, etc.?
o Prognosis - can Al inform the prognosis of health and disease?

e Ultimately, however, Al interventions must be demonstrated experimentally to benefit patients,
clinicians, and populations
o Some instances when RCTs are infeasible so observational studies may be justified

. . JIS Go Live
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Systematic review of clinical interventions

e Zhou, Q. Chen,Z.-H.,Cao, Y.-H., Peng, S., 2021. Clinical impact and quality of randomized
controlled trials involving interventions evaluating artificial intelligence prediction tools: a
systematic review. NPJ Digit Med 4, 154. https://doi.org/10.1038/s41746-021-00524-2

e Review of all randomized controlled trials (RCTs) using

o  Traditional statistical (TS) - mostly regression

o Machine learning (ML) - all but deep learning
o Deep learning (DL) - neural networks
e Foundusefor
o Assistive treatment decisions
o Assistive diagnosis
o Riskstratification
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Identified 65 RCTs with following characteristics

e 61.5% positive results

» Variety of disease categories - cancer, other chronic disease, acute
disease, and primary care

*  Types of algorithms - TS > ML > DL

* Predictive tool function - assistive treatment decisions > assistive
diagnosis > risk stratification

Some concerns of bias in studies

e One-third no sample size estimation

» Three-fourths no masking (open-label)

* Majority did not reference CONSORT, use intent-to-treat analysis, or
provide study protocol

« Caveat: number of positive studies does not necessarily indicate
general superiority of methods

Table 1. General characteristics of the 65 randomized controlled triaks

Variables Levels Total in—63)

Results 04}

Negaiive 25 385)
0615

126,24

a3
1192, 9091

Study design %)

Alocation ratio %)

Masking %)

centers (%)

Disease category 66

19292

o038
2023
Types of zlgorithms 2 37 565)
17262
1169
Prediction taols 338
function 1)
st 16 246
Risk stratificat 121185)
Others 260
Referenced CONSORT ) No 47723
Yes 18277
Intent-o-reat analysis (06 No 30 5500)
Yes 2 00)
Study protocol available  No 49 754)
Yes 16 246)

Miodel development (%]

03
03),07}
o/}

.‘

,’\
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Ch teristics by tool t ied Variables Levels TS (n=37) ML (n=17) DL (n=11) Pvalue
arac erls ICS y 00 ype Va”e Duration of study (n = 59, months, median [IQR]) 1718, 32) 714,19] 61(4,9] 0.005
. Model input — C“nical Sample size (median [IQR]) 435 [194, 999] 258 (90, 537) 700 [548, 994] 0122
. . Clinical settings (%) Outpatients 19 (51.4) 6(353) 1001 0015
quantitative data for TS/ML, 1 ass) s 10.009)
1 H H 1(27) 3176 0(0.0
images for DL, little use of ome sl e ©o
Publication year (%) 2010-2015 14 (378) 7(412) 0(00) 0041
natural language 2016-2020 52 10688 1 1000)
. . Model input (%) Clinical quantitative data 36 (97.3) 16 (94.1) 0(00) <0001
. -
Disease C?te.gory varied for Images or videos 1(27) 0(0.0) 10 (90.9)
TS, Chr0n|c d|sease f0|" ML, Natural language 0(0.0) 1(59) 1(99)
Disease category (%) Cancer 2(54) 0(00) 9(818) <0001
cancer for DL Chronic disease 4(108) 13 (76.5) 1(91)
e Tool function - risk Acute disease 16 (43.2) 2(18) 1001
epe . Primary care 9(243) 0(0.0) 0(00)
stratification and treatment for otrs o6 o) 000
TS, treatment for M L’ diagnosis Prediction tools function (%) Assistive diagnosis 3(81) 2(18) 11(100.0) <0001
Risk stratification 11(29.7) 1(5.9) 0(0.0)
for DL Assistive treatment decision 22 (505) 13 (76.5) 0(00)
. Others 1(27) 1(59) 0(00)
. -
Res'u!ts mixed for TS’ more Results (%) Negative 18 (48.6) 5(204) 2(182) 0136
pOSItlve fOI" ML/DL Positive 19 (51.4) 12 (70.6) 9(81.8) 0.044 (P for trend)
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© | O Deeplearning © | O Negative result B
O Machine learning @ Positive result
H H W Traditional statistical model
By publication year
. i o B o i =
Increasing per year g g
* Increasing DL per year 5 3
Z} w é w -
By tool type, more positive for DL > ML > TS iﬂii HH DHBH HH
_ull .J80 i
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Publication Year Publication Year
c d
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O Negative result -
S - O Positive result _
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= c o |
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4 &
£ 5 g
z s
g
. 5
E g o |
s
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Traditional model Machine learning ~ Deep learning Traditional model Machine learn bp'fear/ing
Publication Year Type of Prediction Tools ™
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’ I
Other bias
Selective reporting .
T
Only 17 of 65 trials with low risk of bias 3 B e

Risk of bias high or unclear for most studies - higher for
TS>ML>DL

Suboptimal use of CONSORT, sample size pre-
estimation, randomization, and intent-to-treat analysis

Blinding of participants and personnel

Allocation concealment

Random sequence generaton

g l

0 25% 50% 75% 100%
Percent
b
° O Low
o O Some concerns
m High
s
]
26%
ﬂ 43%
3
£ e
5 9
: 35%
3
£
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2
o
2% 47%
o 29 9% 46%
2% 36 % .
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b
o - L
Al Traditional models Machine learning Deeplearnin
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Characteristics of DL trials

+ Of 11 RCTs, 9 evaluate assisting endoscopy — all positive results

» 2 other RCTs have negative results

Table 2. Procedures of predictive tool ions in the eleven ing decplearning tools

Reference

Contttons 527

Tools for intervention Control Algorithms Tool function  Tool input Tool output How the output being used in clinical settings

Routie  EGD  cxamination

e esinal 437 Faifid by fss tpes with the Routine EGD xaminaton stfied

A virtual stomach model monitoring Experts referenced Al o

(GhEaiZ015: s assistance of ENDOANGEL Al by three types without Al [P (VGG-16) | Assativa diéguoss (BGD kmagss: blind spots; timing; scoring and grading  cxamination and monitor blind spots.
e
- Ocuar mages o AT made Gngnoss independenty. ad 1 el would
Chidhood L — N . . e Disgnoss _ontoms _ comprehenive .
naos  Cllbood gy COeri Reguar ophbaimic dsgnoss DN (mageNe) Asisive dignoss s Disgnoss | oseome:  <amDrehNE e Compuid it cxprs and not impit cia
phogrephy decion making
Rowine colonoscpies it e
DCNN  (AlexNet,  ZFNet, Location of colorectal polyps; timing; Endoscopists referenced Al output to make endoscopic Ad:nom: detection
S0 ool 65 s ol i B aomss v oo Lol Asstiv dingnoss Colnoscpy mages Locwion of coloretl 7 (i ot AL iz o e
Routne colonasopics Wi e e U
Wang 2019 | Colorectal cancer | 1058 assistance of an automatic polyp Routine colonoscopies Deep learning architecture | Assistive diagnosis | Colonoscopy images | Location of polyps; alarming location detected by the system and report of polyps /e 415
detsionsysem nd sienamas.
Iy ——
U Routne EGD sxamiaton with
s DN (V6G6  md blind ot iing: coring and pading, Expers refroncsd Al ouput to mske
oo g 303 e sssas o WSENSE Al R EODcumann DO At dsgnoss EGD moges  11nd % mins o i gading Expers efrneed AL oviput
R confidence
— i Tining,_ e, s, snd_dmgerous Oneraing endowapies refeencad AT oo 1o ke
Gong 2020 Coorecit ancer 708 NPOANGHL-AsSd 10U 1 cotomaony o T 4 e g Clnsony imses e of il el e i xminain nd e o s
clonoscony goritns (VGG.16) bl e endosoni
Endoscopins foced mily on e e monor
Routin coloncsopy with CADe . Tho robabls of polyp i cach frame; doring he. cxsminaion procees. snd  vocs
L2020 Colreontancer 1026 "6 © Routinecolonoscopy DD At dngnoss Colonoscopy mages T POy g tho st oot ¥ v ol
s ocwion fcch plyp detetd by he sy,
. — ; ; ondoscopst rfeenced Al ouput o make endasori
Lu02020  Colorssal cancer 157 | Alasisd clonasony Traitona olonocopy o (voL0) Asiive disgnoss Colonascpy images Locstion of olyps i e A o
ighdetintion _colonoscopics Endoscopss refirnced AL oot to ks cndoscopic Adnorss detcion
Repct 2020 Colrcctemncr G35 Hifhdofiion | cnlonosoBes g ctonoopy o Asisive disgnoss Colonoseopy msges. Locato ofpoys (e E e AL i LS S
Endoscapis were requred (0 Gheck_eves poop
. L Wit light colonoscopy with White light colonasopy with . ] e
Wang 2020 Colorelcncer (962 Ve I colontseony wih Wl colonosons Wi . g shecre  Awisive diagnosis Clonoseapy images Locstonof polys srming o e by sy s gt P
S e recogaiion i Dispschers in the inerventon group wre sl dispacher
BOMOSE oo e 52602 Normalprocols withslrt Normal proosol witout et S0, SSOBBOD VSIS i pnos Emcrgencycalls OHCA Al when the mschine lsming model entied outf- ecognition
(OHCA) opmemincheoria: ‘hospital cardiac arrest.
Rbbreviion: AT = Al elgence; DL = Tooe g 3o eaming Sorions ML = Tl o sk o Sgaris, N z o DONN ~Deep somvoton memal e C
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Conclusions

Al predictive tools show great promise in improving clinical decisions for diagnosis, treatment, and

risk stratification but comprehensive evidence lacking
o Number of clinical trials assessing clinical benefit is small
o Majority of the clinical trials have indeterminate or high risk of bias
o Most trials of deep learning focused on endoscopic procedures
Concerns about review
o Missing columnin Table 2 of DL interventions
m  Doesnotinclude Yao et al. 2021 - published after review done?
o Difficult to use data in Supp Table 4 of ML interventions
m  Includes Wijnberge et al. 2020 (62) but not in ML table - considered TS?
o  Nodata/table for TS interventions

14
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Other concerns about Al algorithms

e CDSstudies rarely (0.3%) replicated e Studies of CXR used for diagnosis of
(Coiera, 2021) COVID-19 had inadequate reporting of

e Alforradiographic COVID-19 detection methodology (Roberts, 2021)
selects non-signal features that may be e Machine learning for health compared
idiosyncratic (DeGrave, 2021) poorly to other areas regarding

e Incase of using Al for screening reproducibility metrics, such as dataset and
mammography, quality of studies is poor, code accessibility (McDermott, 2021)
mostly retrospective, and mostly inferior to e Of 130 medical Al devices approved by
radiologists (Freeman, 2021) FDA, only 4 underwent prospective

e Almost all published prediction models for evaluation and number of evaluation sites
COVID-19 prognosis poorly reported and and samples often not reported (Wu, 2021)

at high risk of bias (Wynant, 2020)
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Summary
e Much promise, but clinically proven benefit still mostly lacking
e Need “translation” from “basic science” of Al to “clinical value”
o Clinically-driven applications and trials
o Attention to patient safety and benefit and to clinician workflow
o Robust Al and RCT methods that are replicable and generalizable
e Most conduct implementation and trials from a health equity standpoint
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