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Abstract

Adequate blood and blood components are important to patients. Therefore, the maintenance of the rate of
repeated blood donors is a necessity. National Blood Centre have had rejected 15-20% of blood donors due to their
low hemoglobin (Hb) level. If the hemoglobin level is predictable, the rejection will be less. This study aims to
compare the efficiency between the decision tree and artificial neural networks for classification of Hb level in blood
donors by using datasets regarding 40 variables of blood donor from 1 October to 31 December 2018 at 13 Regional
Blood Centers, 1,908 cases. In addition, we were data cleaning and using Decision tree and Artificial neural networks
classifier for analysis of selected variables to classify Hb level. We found Decision tree and Artificial neural networks
show accuracy sensitivity specificity positive predictive value negative predictive value and AUC were 86.13/85.60,
23.44/37.50, 98.74/95.28, 78.95/61.54, 86.50/88.34 and 0.844/0.865, respectively. This study could lead to further

development of an online assessment application.
Keywords: predictive model, machine learning, hemoglobin, blood bank, data mining, health informatics
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Uszneunie Useianeliad TuTnadudmininnua (EverLowHb) A8 1y Indaniafniuu (Lastib) aAnualu

150591 1u50VY (DonationPerYear) 3282130 1UBUNWNHOU (Sleep Hour) M15HY52311A0U (Menstruation)

1 a ?x’z A =3 @ . . v A 1 a A
izsmfmmimmﬂmmmummﬂwuu (Period Donation) A%UNIAN1Y (BMI) uawyiaﬁw (ABO) (139N 1)

M15197 1 Selected factors by stepwise regression

Wilks' Lambda

Step Entered Exact F
Statistic df1 df2 df3
Statistic dfl df2 Sig.
1 EverLowHb 813 1 1 1906.000 439.755 1 1906.000 0.000
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Wilks' Lambda

Step Entered Exact F
Statistic dfl df2 df3
Statistic dfl df2 Sig.

2 LastHb 774 2 1 1906.000 278.876 2 1905.000 0.000
3 DonationPerYear 167 3 1 1906.000 192.859 3 1904.000 0.000
4 Sleep hour 761 4 1 1906.000 149.216 4 1903.000 0.000
5 Menstruation 756 5 1 1906.000 122.511 5 1902.000 0.000
6 PeriodDonation 754 6 1 1906.000 103.107 6 1901.000 0.000
7 DonationPlace 753 7 1 1906.000 89.208 7 1900.000 0.000
8 BMI 751 8 1 1906.000 78.734 8 1899.000 0.000
9 ABO .749 9 1 1906.000 70.537 9 1898.000 0.000

At each step, the variable that minimizes the overall Wilks' Lambda is entered.*™
a. Maximum number of steps is 76.

b. Minimum partial F to enter is 3.84.

¢. Maximum partial F to remove is 2.71.

d. F level, tolerance, or VIN insufficient for further computation.

HAMINAAIUUNEINT 8 A8 T3N3 Rapidminer 198354 9.2 Tidei 7 Yuneu Usznoudiu 1.
mathdeyari 2.mIasnnaeumIuazmMIEual 3.msdendauls 4. msutstoyaseniiudovay so 1w
1,526 3788115 Training Dataset 11a23 088¢ 20 149U 382 518115 Testing Dataset 5.A15 Validation AU
nensaidul¥daanle (decision tree) ttaz Insav181l5z e (artificial neural networks) 6,715 8319431111

4 a A (3 o =
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© e g * meap L
v L J b
] o res
. res
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e Y, par ) q % por )
Select Attributes pae ) g per e ) res
d= = =b L e
on | J
el
Waliclation (2}
g v med [y
§ g
% ena )
tex [
et ?
per [
o
A cross-validation
evaluating a
decision tree
model.

gﬂ‘ﬁ 1 Rapidminer process to validation and performance models
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1 1 1 . . 1
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gﬂﬁ 2 Outcome of decision tree model as classified passed and not passed Hb level
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A <
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2529 L asitazusalann<s.s asenoilaziial BMI<19.099 1agsLoei1amMsuInansnmIuud
&Y N 9 d' = un [ 14 =) a 3’; d' ' 9 d'
ﬂﬁ]i}uu > 5.5 1A0U NYUDN 5 inetilseiansn liinunaaitazad TuTnatianTanmuin<12.450 NYUON 6 LAY
= wun ' o = A Y A m o a A
Hsz3aas0 lurunasiuazad TuTnatiansanmiuui< 14.201 ua 1Ay 14.251 taziinn BMIS25.864 uag
[ a g}/ A = @ A E) A a a (N '3 =)
ﬁzax1»mmﬁmﬁ]mmwmummﬂﬁ]ﬁ;uu >15.5 IADULALNHVON 7 nenlszinas ludunasitazad Tuna
a L d. W1 a o
Tansaneu< 13.60 ua 11w 14.201 uazlian BMIL17.697
o . . (2 4 .. 1 1 T @
#1113 Validation #21UUNEINTBIA10T0YA Training dataset W11 1¥AI1AIINYNABY (accuracy) 191N
$owaz 85.71 manu (sensitivity) $ouaz 23.53 MANUTINL (specificity) $ouaz 98.19 AININIUIENALIN
(positive predictive value) fovaz 72.29 nazAIMIIUIBNAAL (negative predictive value) fovaz 86.49 (A5140

a a a @ 7 Y Y . ' Y Y "o
2) LLﬁ$1J'iZmuﬂigﬁﬂﬁﬂ”IWﬁ’JLLDUWﬂWﬂiﬂlﬂ’)fﬂl@ll“ﬁ Testing dataset WU’Jﬂﬁﬂ”lﬂ’J"lllQﬂﬂE]\'] (accuracy) NN

fovaz 86.13 A1 10 (sensitivity) $08aY 23.44 AIANNUTUNE (specificity) 3080 98.74 AIMTINUIBHALIN
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.. .. Y ! o . .. 9 1
(positive predictive value) 080 78.95 LAzAINITHIUIBHAAY (negative predictive value) 50802 86.50 (A1519N

3) Taalin1 AUC 11101 0.844 (317 3)

@1319% 2 Confusion matrix of training dataset using decision tree model

Hb Tk mnen Hb futnam Class precision**
wennsal Hb lalrnam 60 23 72.29
WeNnIal Hb MMInae 195 1248 86.49
Class recall* 23.53 98.19

*Class recall Y52novUAIoa Sensitivity=23.53 118 Specificity=98.19
**Class precision Usznoudien1 PPV=72.29 aza1 NPV=86.45

@1319% 3 Confusion matrix of testing dataset using decision tree model

Hb Tidnan Hb futnam Class precision**
wennsal Hb lalrwunaen 15 4 78.95
WeNN50i Hb una 49 314 86.50
Class recall* 23.44 98.74

*Class recall Y52noUAI8a Sensitivity=23.44 118 Specificity=98.74

**Class precision U3znoudiea1 PPV=78.95 1azf1 NPV=86.50

= POC ==PROC (Thsshaids

030 040

gﬂ‘ﬁ 3 Area under the curve (AUC) of testing dataset using decision tree model

=

Fruuwernsel Tasselszamifion (artificial neural networks) 3 3 layer iiiorun1sEinanumaed
wlswanua s §anlsly Input layer 148¢ Hidden layer U52n01a78 6 Truadead TuTnadiandaiehuan (Lastib)
sz Sanens193 TuTnadu lirunast (EverLowHb) AnWamsu301a luse i) (DonationPerYear) 5282419M13
ﬁmﬂﬂ%qﬁﬁmmﬁqﬂwﬂ'u (Period Donation) A%31173an18 (BMI) a2 Threshold (Bias) 1vUA Output layer
Usznoudie 2 Tnuaned Tulnadumunasiuas lurnam (gﬂﬁ 4) Taoudaz Tvualusi Hidden layer %A1
vhmtnvesdanlsangu Input layer &ail Truafi 1 A1 Lastb 111171 20,395 A1 EverLowHb 11151 -6.379 i1

DonationPerYear 11171 -1.168 A1 Period Donation i1104) -1.099 A1 BMI (1171 -0.191 1azA1 Bias NN -4.461
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Truadi 2 #1 LastHb 1911170 2.661 A1 EverLowHb 1911114 -2.192 #1 DonationPerYear 1411111 0.523 A1 Period
Donation 1911111 1.503 A1 BMI 111171 2.438 1ag1 Bias (M7 -1.504 THUAT 3 A1 LastHb (M1 3.910 A1
EverLowHb 111AU 10.972 A1 DonationPerYear iN111 5.607 A1 Period Donation (10U 15.295 A1 BMI 11101
0.929 1A A1 Bias 111170 9.376 Ty 4 A1 LastHb 191151 0.346 A1 EverLowHb (41171 2.834 A1 DonationPerYear
IR 6.270 A1 Period Donation 1R -1.330 A1 BMI MY 3.550 11azA1 Bias (NI -3.327 Truad 5 a1
LastHb 11101 10.065 A1 EverLowHb 11101 -4.762 A1 DonationPerYear 11101 -0.511 A1 Period Donation (N1
1,464 A1 BMI W1/ 0.438 1Az Bias 1171 -2.511 nazusaz Tnua lusu Out layer Tanhinvesdulsan
1 Hidden layer fai) ngulirunual Tvuafi 12 3 45 102 6 IFY -7.794 1,290 -7.213 -2.615 -2.904 1Az
6.670 AUAAY uaZNUATINGAT THUAT 12 3 4 5 1AZ 6 AD 7.791 1.258 7.213 2.616 2.915 L1AE -6.669
AN

¥1N13 Validation #2111 UNe1NTaiA1070Ya Training dataset W31 1HA1A1INYAADI (accuracy) 111
founy 85.78 MAL'11 (sensitivity) $o8a2 34.51 A1ANUTUNE (specificity) Fo8a 96.07 AIMIINUIBNAVIN
(positive predictive value) fouaz 63.77 LAZAINITIUIGHAAY (negative predictive value) $ouaz 87.97 (GﬂﬁN‘ﬁ
4)

Usziiiudlsz@nSnwanunaI89oya Testing dataset WU3117AI1AIINYNAD (accuracy)
wnueoay 85.60 A1AN1D (sensitivity) $00a2 37.50 AANUTUNE (specificity) $08aL 95.28 AIMS
MUIBHAUIN (positive predictive value) %’aﬂaz 61.54 UAZAIMTNIUIEHNADL (negative predictive value)

$oonz 85.34 (3197 5)IaeliA1 AUC 11110 0.865 (317 5)

Input Hidden 1 Output
EverLowHb > O O
™
LastHb —
O\

O
DonationPerYear —) O W . O
Period Donation —p O’ ff
BMI O
Threshold — O O

gﬂﬁ 4 Outcome of artificial neural networks model as classified passed and not passed Hb level

O
O

0
®

#15197 4 Confusion matrix of training dataset using artificial neural networks model

Hb liehuna Hb fMInoN Class precision**
nennsol Hb lairnanam 88 50 63.77
WennIal Hb fvInem 167 1221 87.97
Class recall* 34.51 96.07

*Class recall 152NOUAIUAT Sensitivity=34.51 1A Specificity=96.07

**Class precision Y5¥NOUAILAT PPV=63.77 aga1 NPV=57.97
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M1519%1 5 Confusion matrix of testing dataset using artificial neural networks model

Hb liehuna Hb futnaen Class precision**
wennsal Hb lalrwunaen 24 15 61.54
WennIal Hb fvInem 40 303 88.34
Class recall* 37.50 95.28

*Class recall 152NOUAIUAT Sensitivity=37.50 11a Specificity=95.28

**Class precision Y5¥NOUAILAT PPV=61.54 11azA1 NPV=88.34

k) 'ﬂ‘ﬁ 5 Area under the curve (AUC) of testing dataset using artificial neural networks model
5. myedlsena
Tuann@uuunensal laaadenda1ls@1e Stepwise regression AAHMAD 9 AAU3IN 24 Fawdlsua
= @ 1 o o Y o Y =2 o Ao o Y v A

1AMTEMTANYI 4 dulseusareenlasnlasdinilinanisdnang i ldduuunensaiiaiy
Usenda Yseneudiediuilssrezinaniniey (Sleep Hour) N13311/52311A0 4 (Menstruation) d014AVT 1A
. ] a 1w d Y Yo Aa .. @ 4
(Donation Place) l!ﬁxﬁgiﬁﬁﬁ (ABO) nundwvunensaiau lidaauls (decision tree) LA AILUUWIINT U
Taseviedszar1niNeow (artificial neural networks) I an Accuracy Sensitivity Specificity PPV NPV llag AUC
9

NN 86.13/85.60,23.44/37.50, 98.74/95.28, 78.95/61.54, 86.50/88.34 11ag 0.844/0.865 AN WUAULNG
a e . o ' o . . 1o o o gAaA 1 A A o
aoeliannu (sensitivity) LAZAIANNIUNIE (specificity) qmmmmﬂuwuwmwmmmmaiuiﬂauum

1 o o o 1 (BN} S Y [ A o lg)d'd = a ] =
naunaaivzgnwernsaisun lddnaa la ludasiidwadniing Ty Tnadurunusit Tondazgn
' Y 9 X 1

wonsal N lusasige feillenuitisunanszauaid luInadulunquiliszdum Indifoanasiond

A A A o A ' a A & Wmys v o v g
mildsunlasvsonaanaounnilitedun lunaazseuvoamsuion Tadia a9l Idnudoyadlsimaniu
g 1 a o (= I 1 1 o
TumsmsAnuiisu siiavesomsnivlsznu USuasquandz auvewaazay ANUYNADI AU

an = a 1 3’4 I Y = [ A A A o ‘3 a
1993511595298 10 Inadu luueazasa il udu seluanumanisveunieslionagounnauyunlsoeiia

1 Y v
CRRINS (sensitivity) HAZAININIUNIL (specificity) ﬁ'gum Hunaaandszansainvesauuuniasalums
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° A 1 A a N o Koy 14 K] ' s

muuﬂé’wumEﬂﬂﬂauu'lumummmmmms?’?ﬂmum"1mwauﬁ'ammamg~r1§'m (accuracy) AMMITNYINTUANA
i L. ' ' VoA o v A 9 ' "3 Y a

ay (negatlve predlctlve Value) tagn1 AUC %%@Qiu“ﬁ?ﬂﬂﬂ@ﬂiﬂqﬂﬂ@'&l Luf]Q%Wﬂﬂl@llﬂﬁﬁ?ualﬂiy!ﬂUQUﬁﬂ'lﬂ

A Aa = a ' Jo o o 2
TatiaNinans298 1u InadurIUINANIIUIU 1,589 31891N1UIU 1,908 318 W11ﬁ}Wﬁﬂ§$ﬂUﬂl@Qﬂ31NNﬂWﬁ1ﬂ
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o oA ' 1 o Ao & D) ' ' L '
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a

=
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(decision tree) 1AAINININTAINAVIN (positive predictive value) WINANAIVUNNTA 159V 181 520NN
L. Ay [ o o = Y1 o s Y v
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Tasavelszanniney (artificial neural networks)
A A 7?1 a = 2o = A A 9 o A
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= a Y a a P . & = S Y a
dTuTnatinluduioinladia 1dun Kazem Nasserinejad azamez (A, 2013) FIANYINITNGINTARIOMATIA
Multiple linear regression model 1% Transition model WUN11A1 AUC Tuimaaneogluaienane 0.83 uag 0.81 Tu
a1 AUC Tumsmgjseglugisnoensnlane 0.73 uaz 0.72 mud1el(Nasserinejad et al., 2013) FalndiAss
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(Fokkinga & Paap, 2019)
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