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N T e S U I 12y 7 g B RN Y 7
WAREZM, SIEF R [ 2RE F AR
PEATEAC BAR, BFRE NI LA G2 . Filhg
W, IRIT PR S I PRI Sk B v T s kAT T
TR, 8 ST A 70K KO = RN H T i
WL, [AKumari®: A TARRIER T RKIES
BERUAE A PR A Z MR 2219 RE DA B P Y R 5.
KEHE AT HAR ST R TR FRUASEER A 19 3 B 5 b 3,
SR VR - e €7 S | AR € T
Il RAFSE St ZE MRS ik, KA AR
A TISE T 2l . 24 EEIRN A RUE S -
SFHREE T AR T A T REAE S EA, Me-
deiros% A MO 13 A4 3G FH N A1 B X2 4AEAML

F1 NBEIFE. RREERMAGR

BE MBS BT T 43T, Warnat-Herresthal 5 Al
WHRFEF 24 AR e i T e A9 S b 40 B (1 I
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LR BRI A TUAL B | Sk v R SRR A | B
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AU FSE 25 AT AR FH A0 S ASE 70 5 T AR 9 194 I Y
9 [ A ] PR 1 — T AF 9 R 5040 1 Ak B g 2R
BOR A5 LA 224 14 7 75 Ak B D A 500 o A e S S 4
Pi, WA SRR AE B —— BRI F e X fig o B )

Table 1 Classification, representative algorithms, and application scenarios of machine learning
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BT LA TARRR, BT MR E2 Y s iy
N TR BERIHL &5 21 RS MR B i B | 12
Wi AU 202 A A 5 D7 1) AR IR T SR B
TEAF R AT 55280, AT REL R B T T
RGEITIEIIRRE: AT TR B > MR 7 25 4
AR, N RETT A RERS N B 78 73 4 1 BEAT Y
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W5Ed, Pan%E APV FHBENL AR AR (random forest, RF).
PR (decision tree, DT). 24/ i A/L(support vector
machine, SVM)FIZ4: [7] ) (linear regression)4 7325
VAR T 20Uk 2 41 B I (acute  lymphocytic  leu-
kemia, ALL)#E & BUMAA, TiiHauser 5 AP0 5
AL > AR R T 3T 2 i 20 A A0 18 Mk
41 i 1 1195 (chronic myeloid leukemia, CML)#E4 7 il
(AT RETE, TS B AAL BRI T 51450.9271
0.90F 1 57 i 28 T 1 #(area under the curve, AUC). —
SERFF5E X i 0T A0 MU B2 4 (hematopoietic  stem  cell
transplantation, HSCT)J& [ FH I & A& T B R E 47
TIRAWSE, FuseF NP2 HISE # P e (alternating
decision tree, ADTree) B ikE ik T BMH G —F NI

SV M R ALY, AR AR A BT R
T FHVE S AT R, ZhangE AP INK: 19 S EHR 04
WE AR FHF B AMLE # FHSCTIA & &, 1A A
FHIREE 22 ) T 5 39 AML SR & 10 B BE 40 s A 34T
T EMGAR R, ST R R SRR L T R AN Y
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A kv

KT N TR BRFL A FH T Al 1 8 e g 300 v
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Figure 1 Diagnostic and therapeutic models for hematologic diseases empowered by artificial intelligence
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43 T AUCHX0.90509 . REGSAT S X 73 FZ Wi (L %
P2 M IR B I I 1 1ML (chronic  lymphocytic  leukemia,



CLL)TE PN 1) 22 0 1 10095 MV 754 K LA A 1 i 595 (R AL
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TDTH A E AN 2 W ALLA ik 91.4% 1 1
TS

945 T AN TR REAE BMGIRS S5 (5 B3R IO 1H ) 28
AEE, N TR RER AR 32 0 H T3 T i sl
Al BE L ) A LS 12 W40k, Mohammed £z H: 4]
BABSR s T — P RESSAR Y 0003 A MGk T 4l o2y
CLLEUER MMM RS, % RGIHEABHSVMEAEL | k-
4T (k-nearest neighbors, KNN)REEFDTHE 4%
AIRA B, %A BN % R G 2 Wik Be 5 i X 2
AT T X HIFHIN T & ) —2E.  Steinbuss
N BN 5 T 9K D0 45 20 U6 B UG B T 8 1 7 FHR
JE 2 ) HE AR CLLAF BRI Witk B 5. FE i B
EURZ Ak, N TR R A R B sl v A FARFE i =X
Y AR sl B AR A R T R B iz Wz . REAEZR
RXFEE A T RAE AR > ALK B =X
AR AT T R4S, $RH T A BT
MR PR A2 W R BB TR AR, #H9s %
FIRE S AR A SRR 5 I 12 W7 22 18] A A LG E
AT T &8, HidhWarnat-HerresthalZs A a9 HAT
FEHARERYE. ZHI B IR A 105 A [RIAF5E Y 12029
TR RE A 1 5 DR 2 2 P i A = 3 O B KRB A 5
N AR IR ) B S AE G T R T AT LR
TREE 22 T BRI AMLIZ W R, 2R e A 1 5 1
R A e FL R A7 A T 4 R AP s A

N T2 BE e A A A i Y2 95 12 W v £ iy P -t B
BT KL, Gutierrez-RodriguesZs A 2535
TEBEWNSH FTC SR IG R B L I = A i R T 3k 15
BB AL B B 7 5 (bone marrow failure) I WAL, A
FOLA AR T IR VAR X T B s W F
M. Ramzan®F AR SN 23 ) 1 5 )
PIZEA LA S BIRLA B Mo F T 3R iz Wb, pr
F Y AlexNet 22 515 [H] 71 & AL B A 151£99.58%
(2 WIER . RF, SVMATKNNAEHL A% > Sk 9
N HFMMIZW G, FEREE T H a2 EisiEe.
HSCTJ5 I &AE40IR,  Sharifi%s AR 0 W 7 it
HSCTJ& il & AE W 4 52 W AT T #5E; Shao%s:
I £E A M microR N A B SR 1 R FRF -k 37 ik
T HENS SRS WIHS C T B M & # g N T3 REARE AR,
REHIRIL T 1T 90% 12 WiERf 2.

4 N TR it iom Bn iFAL SIS
rpiit g HI

I YR I G i Y8 s 1) 0 AEAEAR K
Bk, Kbt HAERR GRS 325 WU VA T LA I R
TR AL e S, B BB AR AT I 4 S5 AT AR
IS sl XU, FEAIRAS R T 25 R i & A= T fE. Chen%:
NG AT B RIS IR UL CLL AR B U
GYIZ, R MR T IR TS AL T AL
ARAE I ERPRAL TR T A . Agius®E AR A Y
A Ty 2 T A A R R AR A, T
TG 28R HIL AR A > SE T A th 1 18 P IR L 40 A T i
J#(chronic lymphocytic leukemia, CLL)JRYT -EYAR Y
(CLL-TIM), iZF5RIAE NI A S 5 40 57 i A MER A
3 T 5uE, JF R OL T A CLLIS PEAS S AnifE
1 RAFTALLRE. Qin® A1 IR F AML & J L il
W E BRI AE T LR, TR R TR LR
P55 AMLEE A WIm R TS M 25901697 SO AH R A AL
frp AL AR L e 5T, >k A RN A\ I
RIFFE 78 T RFFILASSO(least absolute shrinkage
and selection operator) 3 HLA% > B N I AE LT 2
e F 5 T 4% R A AT ) B i e,

IR 2 oA RN TR RE R RER iz 1
FHT VAR I LAS A 005 1) U5 1% 0. Farswan
S NS o WL S S A SR T I T840 5%
BIMMER B 70 Z ¢, HAAIT S AT A 73 51 56 T AN )
PR35 1 2 B0 (o FH AL A 2 T RSB T X MM 25 11
S A P HERR T ATIEAS. A B2 2% 23 br, 5T
FATUAT T 1 B WL 5 A LR 25 T AR ¢
JifrIg o U 22 1) 1 2R 0. Zhang J HE AT A LS 27
SRR T P S e M il /N s D (primary im-
mune thrombocytopenia, ITP) 4 (1 7E 5 H 1ML =F 44041
o, RIS T 2 O B B & P RF S AR A
TEFE 39 PO BT RIS PEIGUE, i 1 REfg s
HERR T ITTP 8 il JRURS: HE 4 DA 4R At I PR SR 4
FRIANTERE L. EN—IdiE s 7L
A8EF 2 Ik I R AR I DR AR A0 T 2 A
TR I A2 A T A T g

N T2 BB A A M 30 9555 TS TPA v g FH
B Z Ry T A E T S RIR T SO TR e,
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Hematological diseases, characterized by bleeding, fever, and abnormal blood components, are disorders originating from
or affecting the blood and the hematopoietic system. Common examples of hematological diseases include benign diseases
such as anemia and malignant diseases such as leukemia, lymphoma, and multiple myeloma. The prognosis of these
disorders varies and poses a significant disease burden. Improving the diagnosis and treatment of hematological diseases is
a key focus in clinical medicine. Artificial intelligence (Al) is a branch of computer science that aims to simulate, study, and
extend theories, methods, technologies, and applications of human intelligence. With the rapid development of relevant
technologies, Al is increasingly utilized in clinical medicine. In the clinical research field, Al technology primarily
involves machine learning (ML), where computers independently extract core information from data through algorithms to
achieve established goals. ML encompasses supervised learning, semi-supervised learning, unsupervised learning, and
reinforcement learning, all of which are implemented through various algorithms, including random forests, decision trees,
support vector machines, neural networks, and Progress. The process of ML in clinical practice includes data collection,
preprocessing, algorithm selection, model building, model training, evaluation, optimization, and clinical application. In
current research, Al and ML have been widely utilized for prediction, diagnosis, prognosis evaluation, and treatment
guidance across a variety of blood diseases, demonstrating exceptional effectiveness in tasks, such as image recognition,
omics data mining, and others. For instance, some relapse prediction models for leukemia have been successfully
established through different ML algorithms. Researchers have efficiently predicted other benign and malignant
hematologic disorders by using Al methods. In the realm of blood disease diagnosis, accurate diagnoses of leukemia have
been achieved through the use of Al algorithms with various clinical data, including laboratory test results, blood smears,
and genetic information. Additionally, ML prediction models for bone marrow failure, anemia, and other blood disorders
have demonstrated excellent performance. Clinical studies focusing on various leukemia subtypes have also shown the
value of ML models based on random forests, decision trees, and additional algorithms in guiding treatment decisions.
Furthermore, Farswan et al., Zhang et al., and other teams have applied Al to accurately assess the prognosis of other
hematological disorders such as multiple myeloma and primary immune thrombocytopenia. Al tools have also
demonstrated impressive performance in predicting treatment responses in patients with various blood diseases. Despite
challenges such as limitations in original data, ethical debates, and barriers to human-computer interaction, the
aforementioned research results have sufficiently demonstrated Al’s potential for development. It is anticipated that Al
could be applied in clinical practice, leading to significant improvements in patient prognosis while optimizing the current
clinical diagnosis and treatment paradigm for blood diseases.
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