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WE EREHERBTIRASEEREERR BAAH 2. #HRAE, BREKEFL ZAEXRIAX
MR, ZRFNARUREIRE. ERNREEHLNZEERERANFAXTMEFEREHENXE BA
HARFAREFI]EEZIAASER 2B, EFLERERCHWATIERRATMAFENRR. AAXET
REFIFHELREEZRANSG, WET ET AL EHIER LI E AR NAE A (artificial intelligence-based ob-
ject detection model for malaria diagnosis, AIM). [& B, ABF 58 F| & 86 FHL 5 K5 B4 & & ik i B &, 612
T E R & 9 vk A B #3548 & (SmartMalariaNET), 7 TAIMER B4 5176, £ R &H, AIMEE HAccu-
racy 7 94.49%, Precision 7 94.54%, Recall 794.49%, F1-score % 94.50%, AUC (area under curve) 798.11%, & JUiF -
BARHETHAHNVGGHResNettiE R, ZATEHWERCHERRNER T TR EHZ FHA QMK KE

KB, &R ER BT ERHA G+ EF "
XgiE ATEE ERRRN, Enly, RERK, FREERN

JEEJ% (malaria) & HHE J5 1L 5| A I A% G,
BAHSAN) Tz BRI BRIKSERE A, EEN
RARATEHIE R RBIN KRR, 25 H R R &
e fREE. 95 (0205 FERIGE) BoR, JERAE
R T A ISR TEH B AR X i e,
BIRGYIEYR fa, oI K R IR TT e i S A A, TR S
R 5 12 T R I AT 92 T B 23 R 2 o e 5 A R 110 %
B HAPERIZE S F R R A R
& B 5% 7 N (polymerase chain reaction, PCR)AIRIH
WA (rapid diagnostic tests, RDT)7. 2% G imss
o A Rl I A A e th, TR R N SR R
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B N R REROAR A PR e R ANLE = A AT 7T
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TREE 27 ) FORAE R T R 1) B 3k 12 W 7 T (an T8
By HLURH S IBREME R Ce I 5 A
KB FA KT, BT N TR BRI IR s
W7 7V ) R CR SR B ' 2 A I 4 ffe
AE S e U, A TSR S BoR, AT BRI
SO N ARSI 1 F A B A B AR A S )
M, SEIL B Bhal e B 3 e IR s, R S A
FURI FH R 25 S B0t JR AL i Fr AR L v AT S
s ETF R I RS W RN TR e R i
SRAFAERRAR. A J5 R I 78 v d HE I R
Pt e F W H X AR AT RERSHE S, Ha
Mo > BB —, BT8R R 2B A E
AT R TG B g A BRI IS
e i iR mEEH, (Bl T i A BB P
MR NFIER B ) 2= 5, SRECEME AL
RRAEIE B AN SR, A R e i ) af 4 G G PR
A BEAN, MR A B R — XIS b AR 2 A g, 3
B M F S AR, 5 e I 4 A e R L
P

BEXT LA B FUARAE R 1) B, At S a i g 2 0
FHUAR B IR 3 o v Fr 8 248 5 (SmartMalar-
iaNET), P& 73T N TR ReRIEZRIZ W H bads s
MI(Al-based object detection model for malaria diag-
nosis, AIM). WE1AFTR, ZAE T HAFAEIR N ES . R
FRAE TR #2802 RO R =N 2, R fiE e
WA H Z N ERZ IR I REERFIE, JRHRAE A 5
P 4 B RRAE SR AR R RFAE, 2 ROBEVE A
B AR B RHE AT 3R G, SR i iy BH& R
JE J5 HRUR RS AN, ATMAS B 7E SmartMalariaNE T4 5
£ EHEAT TUNZRAIVEAS, FRIm I Vi R se 5 3eE 1 )=
FRAIE S s A 2 RO S B . R, ACHt
FUid It b4 Accuracy, Recall, Precision, F1-scoreZ5i¥
Wrdabr, X EE T AIMASE Y 55 HA R B2 27 ST A (VGG A
ResNet B ) (1 J duka Il ge 7). 85 R LW, B FiHh
HE 2 W B b AT B T 38 = Bk Z JE R B
N 3 X A2 W R

1 H
1.1 FskIE
AHF 5T F 42 Mate 20X, £ NMate 20Pro

iPhone 11 Pro Max%® RETFHLIAHE 1 20194E5H26 H
~202047 F 6 H 3 0] 75 2 $v A1) & - B A& 47 B2 B FTR o-
kupalBURF B BE 7697 112044 85 38 T 4 F A A [R) 40 £
SRR, e H TG L AR B E AR R
TREE A H 85 L, A R S A A SRR S I A
HARDX IR, I8 B e A fE S B SRR 5T
K, FFRI A GeFHIAE LI BE U B R 1 B~ A e
T T, AT T A B 38 LLTOO R R TSR £ B e 41 4

W (RGB)EUtA S B 48, 0 HEER N3640x2734 5
7296x547214% % .

1.2 HEwisb e

Tk BUR 1) RO XU E e TR i e A, B
HARD . A5 B B AR 7 3248 B 20 40 i X 3 )i
TG &, K i\ B AR X S b AT SR BT K
EiER R OGN KERE, BB RPK
FEEREIRN0~255. Horh, IRIEEAE AR AR, K% EUE
HHREAN IR BEAE G =B E R AARR, FE4 I E 7 B, TR
I B UG A, 20 20 B P (P S5 A1 T 200 P ) o 2K
H, METEMEARs), BT SRR A an i,
B EUE. 7 EUE =A% KT T ThRiE, Xt 5
YVEAFEEREMEIRR AR, 23501
PG B AT 4 3/ IE (RGB) LR, 4 7 UG KN
HN6Ax6415 2, LG RIAN A 73 L N LK.

1.3 ATMALRI g 4% 2514

AIMAE R F RFAE S HU A% (feature  extractor)s J&)i0
FFIE R B 2 (local context aligner) 15 BV B A
(multi-scale attention) =4k, WEIIARTR. I
o SR ERREAE R R A XA AT L 4 A (grid-position en-
coding)F1 % k¥ & JI ML (multi-head  attention)ZH i,
I E1BHR.

(1) FIEFREL AR

FRAESE S BA SBRZ AL =8 B 45, wf
MG PR 2 OB RFAE. 45 i 0 448 B2 2 AN ASC R I
AR A RRHIE, TR I 4 52 38 5 $i Bk P2 4
fE. FEIXE, @I 52 2 AR B AR S AN AN ]
FEERFREE, ()R, AP BN
PR AR 2 A — AN Ak = 4L R
X =[X, X5, X5, X4, Xs], (H
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B 1 AIMBETI L8 454, A: SR SE At # (dataset preparation) @& & REFHLRMG REE . B Fr X380 & AN 43 1] = 4~3%
4. T IE AT I B AIMAR B B REAE 2 B 25 (feature extractor)s JR AL I %E#% (local context aligner)F1 22 B B (multi-
scale attention)ZH i, B: R #B4FAE T L 3% 18 3k WX 454 B 4 i (grid-position encoding). £ 3kiF: 7= JIH/L ] (multi-head attention) 1 H
FER 1L (self attention), AN A R AL HEAT &

Figure 1 Method framework of the AIM model. A (Left): the dataset preparation process consists of image acquisition by a smartphone, capture of
the region of interest, and cell image segmentation. A (Right): the AIM model consists of a feature extractor, a local context aligner, and a multi-scale
attention module. B: The local context aligner is composed of a stack of N = 2 identical layers. Each layer has three sublayers. The first is a grid
position encoding layer, the second is a multi-head attention layer, and the last is a self-attention layer

RERHIEE I AR R AR, A i (a2 80: 3x3
(3R A BRI CREE K BN R, BRI
€1, TN, BRI AL BRI 5 7 Tk

B FL A [AVRHAE; AL R i SAS oRIAL R SEEIL, kit
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0 SRR AR R /N — 3

(2) JR EBRF AR R AR

WAL B gt T — M E AR S AH AL
B FRRHEEDIM G, AW BARE S o
TESZFR 5 R EOE BE AT gmbs. 5 R ) G 1) = 1]
Fef, i g5 G5 & 1K S 2 BAS A T Mk
BRI, ST RMLEG)), EHUT AR A
B Ymh:

—|p® p\V)

P, =[PP @
gn(ls*i/[looooé]} if i is even,

P = | 3
cos[O.S *G—-1)/ [IOOOOdL]], if i is odd,
. AN
sin{ 0.5 *j/ [IOOOOd]], if i is even,

) —

P, . )

cos|0.5*(—1)/ [100007] , ifj is odd.

ERGF@ T, PPFT PV ISR AR E
fr Bt dRANARRE, ARG AL E. RYE L
TR 23 2K, AR B 0 57 B R T I — 2R I 2R AR AR $2
EDUREBR AT R AS [ 48 B2 PR 5 AL 5 D s £ 28 2 B AL T,
RN PRI E, TR PR
X =X+P. %)

2 SRVER IS 2R R IE T B b, 2 RER
HLi A B PSSR R EE R ALK, R4 R k2
S IRFOE (X)) JE I WA 15 2B (KO AME(V), 4RIk
HF BORFAE QY )i WS A3 2 A H0(Q). W ENBFR, A
A E AR BB H(Q) SR FIE(Y), 4E%L
aalhd, d, Md,. ZJ&, 83 EEZ LS (self
attention)iHid,, AEREHOVERS 1355, FEAFIX ML
A IERIEAT RS LAS BB 25 HOMH, 30T
MultiHead(Q, K, V) = Concat(head, ..., head )7,
where head ; = SelfAttention(QWl.Q, KWk, VWZ.V),

K=V=X,

0=Xip (6)

;H\:l:*j’ VV[Q c Rdmodclxdq, I/Vl,K I Rdmodclxdk’ I/ViV c Rdmodclxdv’
;F[]WO c thvxdmodel‘
o i L P AT E Tk,

dy = d, =Tl — 64 SR BB, LA T B

TR JIHLSelfAttention, I HIAIAHQ, K, VIIHL.
A RIACE iR R A

h=2,

SelfAttention(Q, K, V') = softmax

OKT™
H»V (7)
(3) Z R s
AW FEF R T % R B A SR N s R AE 1R 31,
FERH B HEAT B A, BAR AR

Y= MultiHead(Q, K, V), )]
S(Y) = tanh(W- Y, +B) - U, (€)
At(Y) = exp(f () (10)

e ()

Hor, YRR R R IR VR R AR R REAE, R U
GZH, INAFRIE ERRHERCE, A (V) NFHIERR
SHERIRE. FIH EEAAX, THEHZREER
JIBUE Ate. BANFHERUR A B CRBGEE, BUEE
b N BRI R, 2 REERHMEMAEE S
FOOF B RFAE R AR A AT WL, BRI AN TR R/
REAESS A8 HAR A T 7 AR O

1.4 iR

I RPN i b LR A B e Ji U
PEREREAT T EA. B 213 TARFFE i 2 (the recei-
ver operating characteristic, ROC)7 7 15 74 [t B A M i,
T DASE B ATMABE RS FE (e fhi it 1. ROC i 2okt
PR NP AAR, (B BH P28 R AL AR, AUC(area un-
der curve) NROC H1ZE T 15 A4 bRl [l Rl 0 THI AR, 388 5
BT ER T ) B AR T AR bR, AUCHIEIRL.0, &
VBT E SR, MAUCTH N0.58), R
TFBEHLTLM. BtAP, Recall, Precision, Fl-score, Al
Accuracy(ACC) . I >R PEAl 73 A5 1Y 1) A4 St 14
fe. T HdEE P IEFEARM AR E B A ZE 5,
I FRA PR BN SR B TR bR SACE AH e, 15 2T RLY
1B FR R
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Sensitivity or Recall=pprrr, (11
Precision=%, (12)
Precision*Sensitivity
_ %
Fl-score=2 Precisiont+Sensitivity’ (13)
TP+TN
AcCUracy=Tp - TN+FP+FN’ (14)

L, PAING IR R IEREARBUM AREASL HAkck
Ui, TPAECRAME, FPOR A, TN BA 1, FNY{EBA
P, FIRE PR B s,

2 R

2.0 AEER IR B BERAR

F20194F 8, W78 N 23 FH R e F LA 5% 17k H
T FEh ) B - B ACGT R Bt AR okupalBUR 2= B e 35 16
IR A B EUR, Al e R R E R A E
14 0¥ 42 (SmartMalariaNET, https://github.com/yue-
teng/SmartMalariaNET). %3 ¥5 4L 646K B 2577
F11204 A 1296 K W iRk R AR i ER
H U SR T B R 3R T8 5409k, AR 4519307k
B IE L B B P S 66 105K JE e T d il B3 1 A
B4R, SmartMalariaNETHL 5 7 A [H) Fh 28 5 A4S [ By Bt
FE R HUBR e i R, AR EE R dL ORIR

Falciparum schizont

F 1 IREHEE
Table 1 Confusion matrix
Actual
Confusion Matrix
1 0
1 TP FP
Predicted

FN ™N

JR L TA) H U G A i R, DL FRR B B
T 20 2R A N R A S T A e TR SR B
BUE. B2 878 T & PG R (7R U e
H(E2A). (8 HE R L (E2D) f R 5E I dL (EI2E)
PIFRARBY B, Bt i HU 23 244 REC 7 41 M B Bt
(K2B, F)YMOIEIEIE R (E2C, G); SR HLmi 7= 1A
(H28H).

22 AIMEERIFIEE 5T

AIMBER S5 IS 1A FTR, B REFHLIA SR M
R BB AE A BR N, IR P SR E AR X, IF
EHF AR T EE, 2B TEHESA
AIMBERSHEAT 7328, SEBUNE R dU R ks R . ¥ 5,
FERFIEARBGERE R, MHERZ b Z R ]2 RE
FRAE, R _ERAERAERRAE I N R R — 5
K, K2 RBEERFCA = SRR AR B 4%, Sl 1K

Falciparum gametocyte

Sy SR AN T 40 B B (BAIF) A0 BRI S5 U (CANG); B Bk 37 AR 3 (H)

Figure 2 Different human malaria Plasmodium species in various life stages in thin blood smears: the ring-form stages of P. falciparum (A), P. vivax
(D), and P. ovale (E); the schizont and gametocyte stages of P. falciparum (B and F) and P. ovale (C and G), and the trophozoite stage of P. ovale (H)
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YEFERHMER SR R, 2 R TE BN R A 5 RE
TEM T AR AL e, FIH sigmoid bR £ i 51 K]
B SR .

A7 F F SmartMalariaNE T 42 38 5397 32
M BGAIE(5-fold cross validation)%f AIMAR T 4TIl 2k 5
M. EBARIZR2 B8 T AIMBE R ROC i 26 7 17 45
R, Ko AUCIE N98.11%+0.21%. Ah, AIMABEAH
B PFAY $6 FR Accuracy N94.49%+0.33%, Precision
94.54%+0.34%, Recall’§94.49%+0.33%, Fl-score N
94.50%+0.33%, B AIMBLE GHE 5t UG AG I B
e, HE&— e E st

2.3 JHRESCE S X g

TEATMABLR rf J5 SRR AE 1 4 85 ) P oo 4 P RS AAE
RAARLEERFE, FRH 2 REERBEYREMR. &
A3 R Z R AN [RE SR B A AE AT R . A
U, BB HATIE LIS, LA T R SRR T 2% A
% RO BRHOO AIMBEZE PR BRI 2AR, SRl gl R W
FME3B. WF2FR, SR AIMALAY A b (*F3%)
T 26N 94.49%), 25 B JR SRR IR TR R A A8 P X v 2R
F54294.10%, £BrZ2 RS ERBE P HER R F 2
93.58%. FiRkehE B, ATMAZY [ = S bk 8 2 2
F1 22 R R R R 2 A O B v T e T RS O ) v

F2 WAL SN LR
Table 2 Results of the ablation studies and model comparison in SmartMalariaNET
Models Accuracy (%) Precision (%) Recall (%) F1-Score (%) AUC (%)
AIM 94.49 94.54 94.49 94.50 98.11
AIM without local context aligner 94.10 93.86 93.58 93.67 97.66
AIM without 93.58 94.23 94.11 94.14 97.89
multi-scale attention
VGG 92.36 92.66 92.36 92.45 96.81
ResNet 91.65 91.70 91.65 91.67 96.31
B AIM without local context aligner AIM without multiscale attention
AlM 1.0 = 1.0 - ,‘
i 1.0 s 08 Average AUC | Average AUC
. ,fr e 97.66%:0.34%" g 08) 97.89%+0.35%
¢ Fd ¢ 06| ¢ 06
// Average AUC < 2 2
0.8 o S 04 S 04
) 98.11%+0.21% e o | " fold 1 (AUC = 0.972) ® | fold 1 (AUC = 0.979)
7 2 —— fold 2 (AUC = 0.973) = —— fold 2 (AUC = 0.972)
P = 0.2] fold 3 (AUC = 0.978) = 02 fold 3 (AUC = 0.972)
° ,,I y w— fold 4 (AUC = 0.981) y = fold 4 (AUC = 0.980),
® 06 < 0.0 o8 el 0977) 00k | | TTqesAuG=0sm)
o i 00 02 04 06 08 1.0 00 02 04 06 08 1.0
> ] ’
= | Pl False positive rate False positive rate
3 7’
[o] vl
g aal ot & VGG Resnet
- il 1.0 1.0 = =
// - / Average AUC Average AUC
P el s e 96.81%+0.74% o 08 96.31%+0.50%
0.2 S fold 2 (AUC = 0.977) i o
e o 06 2 06|
L, fold 3 (AUC = 0.981) = I = |
¥ g (73 7]
fold 4 (AUC = 0.983) 2 04 8 04]
Pre ® " e fold 1 (AUC = 0.969) o f —fold 1 (AUC = 0.956)
00| ,~ fold 5 (AUC = 0.982) =] —— fold 2 (AUC = 0.961) 3 ——fold 2 (AUC = 0.961)
- = 02 fold3(AUC=0975)| 0.2 fold 3 (AUC = 0.965)
0.0 02 04 06 0.8 1.0 —— fold 4 (AUC = 0.957) ——fold 4 (AUC = 0.971)
. . . . : . 0.0 fold 5 (AUC = 0.976) 0.0 ‘ fold 5 (AUC = 0.961)
False positive rate 00 02 04 06 08 10 00 02 04 06 08 10

False positive rate

False positive rate

B 3 ROCHIZAMHT45 K. A: AIMBIAYROCHIZE; B: JHA LI IROCHIZL; C: BN L 250 Y ROC HI 2%
Figure 3 ROC analysis of AIM. A: ROC curves for AIM. B: ROC curves for the ablation studies. C: ROC curves for the model comparison
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1.

[FIT, S AIMAR AL 5 3 F G 0 A VGG FIRe-
sNet#H17 T EL. AIM, VGGHIResNet# A4 %t bt 5256
T HIF AR SR R S, WR2TR, VGG
AU T S5V 92.36%, ResNet 7Y (1) 1 2y vy FiE
N91.65%, KT AIMASE AL )T HER £ (94.49%). 1
bh, AIMAE P4 8 bRRecall, Precision, F1-score, AUC I
WAL T HoAth B AR RS (K2 M EI3C). 45 R, (R
HENGA T T, BAA AR A R 88 2 RO =
JIHIAIMABE R BA RN FHE 7).

3 Wi

JEE R A ™ e T N A R I 4 Bk M A Y,
LR WS W s> JE R A B S PR AR AE T R A 2 G
B 2019 ERZ1H40.9 75 NFETIERE, HorpdEIHLIX
PEBEE BN E, 5 TAEBRIE T N EUTI90% LA
kA, R SRR DA B T R SR Ak
R X, AP AR R BR G RS, K52 B
e fEE. Rk, JFRIEH T IR R ETT Z HhX
FEERSIOEIUNEE. By, & OH R HRE
H SIS BT M B BB AT HE B A W PR A DG A
{EIA (P i e MG B SR AE B A & 38 ek
BN RERE R SR AN A 0 7 SR 1Y AR g
TEVGAEFE R R B A RE T AL B iR A, BT
TR B I R B E R 4R (SmartMalariaNET), Hf
B 12965K 3 134 Fr G M 85405k L 4R %, T4
B 58 ATMAR RS (1) )11 25 5 VA

AHFFEHEH T —F0F TER PO Wit A\ T4 68

ERAIM, I 256 R AR A R 38 F 2 RO )
MR, W2 REREIEAT B, FE7ESmartMalariaNET
Bt EHHTUIZR 5. LIk st R, AIMARALLE
JE IR A Accuracy 494.49%, Precision’94.54%, Re-
call’y94.49%, Fl-score y94.50%, AUC }98.11%, 11
THHKVGGHA(92.36%, 92.66%, 92.36%, 92.45%,
96.81%)fResNetti #1(91.65%, 91.70%, 91.65%,
91.67%, 96.31%). FETAIMAERY (1) N T Redli BhyE ik
W ER S A S POk #ERRRHEJE BRI, AR
W T AEGIERIZW TR R B DA A
. XL EEAR N AR S ), BT A S
EIp

SR, ASHH FEARATAE Jay B 4. A2 I R0 PEAL BT
FH s 2 2 A PR &R B 3 vl R iR G 1Y),
DRI LA TR 2 At P e A PR Tl ik AR ) [ SR A IR
IR IR LY S8 8 4, MR B 1932 4k
PEUSL g, ASHT S AE TR T P R B T S B
WH G a AT B, X IE S B
G, Jovk R ) S A AR EL IS VRS I B I i 2
Xk 2T 4. A F Y OLO%E H A il A 78 oy g 41
Y B 53 B 2R SIS AS [R]R U M Fr R kS
TS E]. A FT I A e S R i A B SR 4R,
R T3 N TR e IEBR 2 H bRk il A, ik
T AIMBERIE R IR S W R R T 5, A BT 42
R B A P X RIS W e U,
TR U, R Y A IR R R A R
PEEE, IRFPHRIZ . SRR, T
BEFHL— L ER Iz &, SCULI . FEAERE
ﬁi/?)[*ﬁ[l9N21].
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An artificial intelligence model for malaria diagnosis

LIU TuoYu'’, LI YanBing', ZHANG HaiDong’", LIU RuiCun', YANG Shan',
ZHUANG YingTan' & TENG Yue'

1 State Key Laboratory of Pathogen and Biosecurity, Beijing Institute of Microbiology and Epidemiology, Beijing 100071, China
2 Institute of Automation, Chinese Academy of Sciences, Beijing 100190, China

Malaria is a mosquito-borne disease caused by Plasmodium, which has a high mortality rate. Rapid and accurate detection of malaria
is the key to reducing malaria mortality and controlling its transmission. Several deep learning algorithms have previously been
applied to malaria blood smears for diagnosis using features extracted from microscopic images. Here, we propose a novel artificial
intelligence (Al)-based object detection model for malaria diagnosis (AIM) using multi-scale attention approaches. An annotated
dataset (SmartMalariaNET) was created consisting of thin smear images acquired by smartphone cameras, which is used to train and
assess the AIM. The results show that the effectiveness of our model in distinguishing positive and negative images is evident in the
values of the performance metrics, namely Accuracy, Precision, Recall, F1-score, and AUC (area under curve), calculated as 94.49%,
94.54%, 94.49%, 94.50%, and 98.11%, respectively. AIM is superior to the existing deep learning models in all evaluation indicators.
Our model shows clinically acceptable performance in detecting malaria parasites and could aid in malaria diagnosis in resource-
limited regions, especially in areas lacking experienced parasitologists and equipment.
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