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Artificial intelligence is expected to influence clinical practice substantially in the
foreseeable future. Despite all the excitement around the technology, it cannot be
denied that the application of artificial intelligence in medicine is overhyped. In fact,
artificial intelligence for medicine is presently in its infancy, and very few are cur-
rently in clinical use. To best leverage the potential of this technology to improve
patient care, clinicians need to see beyond the hype, as the guidance and leadership
of medical professionals are critical in this matter. To this end, medical professionals
must understand the underlying technological basics of artificial intelligence, as
well as the methodologies of its proper clinical validation. They should also have an
impartial, complete view of the capabilities, pitfalls, and limitations of the technolo-
gy and its use in healthcare. The present article provides succinct explanations of
these matters and suggests further reading materials (peer-reviewed articles and
web pages) for medical professionals who are unfamiliar with artificial intelligence.
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Table 1. Opinions on Artificial Intelligence in Medicine Recently Published in Premier Medical and Scientific Journals

Author (Reference) Journal, Month, Year

Opinions

Obermeyer (2) New Engl J Med,

When you look at all of the enthusiasm and hype around how machine learning will contribute to
medicine, | think it's quite striking how little machine learning has contributed to medicine already.
Lancet, December 2017 There is no doubt that Al in health care remains overhyped and at risk of commercial exploitation.

Despite the excitement around these sophisticated Al technologies, very few are in clinical use.
The inherent requirement for large-scale, high-quality, well structured data might ultimately limit the
areas in which Al can bring benefits to health care.

September 2017
The Lancet (3)
Beam and JAMA, March 2018
Kohane (4)
No authors Nature, March 2018
listed (5)

development.

Machine learning is not a magic device that can spin data into gold, though many news releases

would imply that it can. Instead, it is a natural extension to traditional statistical approaches.
Many reports are best viewed as analogous to studies showing that a drug kills a pathogen in a Petri dish.
They are not applying the evidence-based approaches that are established in mature fields, such as drug

Many reports of new Al diagnostic tools, for example, go no further than preprints or claims on websites.
They haven't undergone peer review, and might never do so.
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Fig. 1. A diagram of artificial neural network consisting of multilayer perceptron. This simple diagram is for a conceptual explanation. When the
logistic function is used as the activation function, the connection between all nodes (all x variables) in the input layer and one each node in hid-
den layer 1 makes a separate logistic function. Therefore, four different logistic functions (% to &) marked by different colors (red, green, blue,
and black) are created to connect the input layer to hidden layer 1 in this example. Other functions such as the tanh or the ReLU can be used as

an activation function. Please see the main text for further explanations.

RelU = rectified linear unit, Tanh = hyperbolic tangent
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(artificial neural network) W] o1 Z(layer)] U s

& o (layer) 02 TS Hgok= O 2 A 2X|AH gk
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Fig. 2. A diagram of convolutional neural network. This simple diagram is for a conceptual explanation. A typical convolutional neural network
algorithm contains a much greater number of convolution and pooling steps and layers. Adapted from a background image available on the In-

ternet (14).
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perceptron) T52k= G2 QA Y (artificial neural network)
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5] A= (fully connected) 02t AW A} Y] R
Aoz AZ% (partially connected)” 2 & Olop7|alt), HAEF
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B2 o] AR oé"%;': 2 0] WAl o gAtel e
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7N Sk-50] 7 x W= o] H31 o] ol ZHH ofA
=9 G Ul UA| B = AEER] Al Theot A gwlE o]
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(convolutional neural network )= 2t %V:} U] 3k40] 742 AY
25 o) 712 A0 2 o9 B 0] x T ERTHE YOl
2 o A-=-FA4 (convolution) J-}XO*OHH ako 0] AjRQ
bﬂﬁé% oc:)l/g-Eo] AH/HE]D = ohj]-7<4o 2 D/Ké] —%x %Ag
Agolelele Zke gl oV 4 . oIt RS 1Ak

0]

(high—dimensional) = 245K overparameterized) =&
2} 5k o= XS overfitting) |2 =4S OF7 IO o
SfiAl= FoflA] TRA] TS}, e A7 (convolutional
neural network)ll thgk & T ApAISH WS Q15llAl= Supple-
mentary Material (in the online-only Data Supplement) 2] 22
A58 Zolu7|g Haict,

OIZAIS-S QJAl RO EQISH|of| QA EESE XA QA
A58 ok= o] mhe Fasit. o5k zch Y oS 9f7t
O]_—ﬂ_x]_\—_ %_].

S AlS 2f5of et B2 A0l HEE 950l
=Trokl ARZA] A= = % A5 A= o B0,
2| ofgl/aks) Fopo] 9 shaAlEo] o= kg AlEof g
AR A FESol O]E’OVIZI %= A A-skhl Utk
(2, 5). UFAE 72 oJel/ofm 2opof thfet ghalo = A
| 5 o, oSt G i 2Ok Yol ofe] 71R] 8k & o8-
= 4 oIk, E-F(classification, ©]: QbA] A3 o2} 73o] ZHA
SEQIF ZHAEEO] ob S M), B/ = (segmentation, Ol
A ol 7HE AFs o= 2ol THe] B S48-5 AFEo)
= 9h), AFEHE 7= (computer—assisted detection)
A5 HZE, 2O (simulation) FAH(Oll: HATRF ZAE
o =Y Yo rHE QlgAlsZ 085t 7] HE Al

T ket EY Y fARE G2 THEC1 W) SOl tiE
A1 ARg[ofet, ofek A 2okg A Ztoll BT QFgAsS ol
Sk B2 (classification) Ol @A) 7 aAlo] X1=x] 11 Q)r} o=
‘i"ﬂlolﬁ (big da‘[a)ﬂ Ol*xl“—o OIQOJ HZ2(classification) 7}
Z310] E7] gi2ofekef: of
o A= Okzﬂoﬂ ojsll &2 9= —“io' Yt TR X A2

A= Hof F-2/0o5 kAR ).

ofgkA Zcth U ol &g 219k E-F(classification) 4] QFF-A]
= ok712|50] ATty FHIR= BAF LAIRE 2AZF EA (receiver
operating characteristic) 412 ©-23}. Receiver Operating
charactenstlc (st ROC) =A5]of| thet ApAfISE W82 ool
S Y] F2 = e ALY 4 e Eob Supplemen—

tary Material (in the online—only Data Supplement)2] s &t
25 arohy| sl ook 1 4 of| 52 ffet - (clas-

o
4>
32
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sification) W4 QFSAls Y1el5o] A s ZHle H35of
7] Yetial=, AR overfitting, YarelE0] SHEEICIE WO
Al= 4ot o500 AR EA] gR2 215 EojEofA= A
7H AR = A, AHER § T (spectrum effect), 85 &
TH prevalence effect)”7} QFEAlSs A12]59] A E7tof| ofm
P U]X| AL o HRO[oIA (bias) & -FEHT = U=A] A ol

F @7} 9ot of2]a} ulo]oiA (bias) 2 w[ato] AaSE A
H7FS ok= 70 ufe 2 Q5HH(15). A overfitting)-2 AF
25 ot ZJo] sk 7]Eof| QIA[SHA] ZotH A= A
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