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Convergence study to predict length of stay in premature infants
using machine learning
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Abstract This study was conducted to develop a model for predicting the length of stay for premature
infants through machine learning. For the development of this model, 6,149 cases of premature infants
discharged from the hospital from 2011 to 2016 of the discharge injury in—depth survey data collected
by the Korea Centers for Disease Control and Prevention were used. The neural network model of the
initial hospitalization was superior to other models with an explanatory power (R2?) of 0.75. In the model
added by converting the clinical diagnosis to CCS(Clinical class ification software), the explanatory
power (R2) of the cubist model was 0.81, which was superior to the random forest, gradient boost,
neural network, and penalty regression models. In this study, using national data, a model for predicting
the length of stay for premature infants was presented through machine learning and its applicability
was confirmed. However, due to the lack of clinical information and parental information, additional

research is needed to improve future performance.
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CCS(Clinical classification software) 97 &5
W< ul= AHRQ(The Agency for Healthcare
Research and Quality)oll 4] 7idsle] ZE AW S <
At o g -y stehe Wolth i CCS At

S o] g3sPd EE WIS 259709 AHTo R
3 4 9Iri[18,19]

BT 2A ] B RS o] 83 A S o
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Bz 21] & thFsk Uil ALl oL, S5
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BAA B4 A3 3 A AEE AR volHe 2E

2.1 A4 W8 FAdo] 8 (Train data) 70%$F 2% 48 E o
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2 AT YA 25 EHAEPET2AE =

a5 xﬂ.g"m»o]_ U]é;—o],—g— ‘:H rlo g 6}93\ l:]— Q B EARNES Korea National Hospital Discharge Injury Survey

Data(2011-2016)

Total 1,362,455

Premature and preterm

=
10034 ol4ke] F3h 9l 9 Wl Jaigct 54 Yes 6,805

Death or
Transfer, Other

['ype of discharge
(improvement)

v

. .
2.1.2 Tv:}ﬁl EH}\O]'X]- T= Newborn weight No newborn

Yes 6,384

No 229

weight data

2011 %€ 2016 Yes 6,155
QA ZT} A Aol o]

174 days or
M A n|<zol(premature infant) T FAko} preterm Ve 6149 more
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70.7%, % ®jo} Z40] 27.8% k. AE) AH-e 325 Table 29} Zt}. 71 @2 3 A2 7)€} 171
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& 315 o817} 13.0%, 285 w|vto] 4.5%3] ). v]&o} o} theo R 884 S 9 = ) 3 555%, 5%
A5 2,000g0178 2,499g°]87F 37.8%, 1,500g°]%% T ST 23.6%, A E =3] AW 719 20.3%,
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Table 1. General characteristics of Admission based

Variable

Variable ‘ n ‘ %
Single vs. multiple fetuses

Single 4,346 70.7

Twin 1,712 27.8

Other multiple 91 1.5
Gender

Male 3,287 53.5

Female 2,862 46.5
Insurance

Health insurance 6,036 98.2

Medical benefits 82 1.3

Other 31 0.5
Gestational age

Less than 28 weeks 274 4.5

28—-31 798 13.0

32—-36 4,207 68.4

37 weeks or more 870 14.1
Weight

Less than 1000g 273 4.4

1000g—1499¢g 687 11.2

1500g—1999g 1,467 23.9

2000g—2499¢g 2,327 37.8

2500g or more 1,395 22.7
Urban

Rural 1,108 18.0

Urban 4,760 77.4

Unknown 281 4.6
Bed size

100—299 519 8.4

300—499 491 8.0

500—999 3,723 60.5

1000 or more 1,416 23.0

QWS 397) F 29 15709] Aol SAe

Table 2. General characteristics of Clinical based

Variable(Topl5)
Variable n %
Other perinatal conditions 3,859 62.8
Hemolytic jaundice and perinatal jaundice 3,413 55.5
Respiratory distress syndrome 1,450 23.6
Cardiac and circulatory congenital anomalies 1,249 20.3
Septicemia 664 10.8
Presence or absence of Surgery 261 4.2
Retinal disease 239 3.9
Intestinal infection 221 3.6
Other congenital anomalies 179 2.9
Genitourinary congenital anomalies 178 2.9
Nutritional deficiencies 90 1.5
Birth trauma 90 1.5
Abdominal hernia 83 1.3
Digestive congenital anomalies 75 1.2
cher nutritional, endocrine and metabolic 74 1.2
disorders
3.1.1 AR Bt AL
AU vlsole] Byt AL 23.69, SUH
& 149, ARE9IFO 1E91E 8, 389l 304, H
2 1744 o]k v Bjo} EAY o= T S
Bt ALLert 24.3<, 4 Hiol 40] 21.3<, 71
o} F240] 30.7U= Hat APLSol Polﬂ =
Ao UERTtH(p<0.01). Bjote] Aef w2 285 |
7ol 23.6%, 285 o] 31F ©]dl7} 49.1Y, 325 ©]

A} 365 ©]317}F 15.0Y, 37F o]Ate] 18.8Y o]t}
(p<0.01). =4 A AFS 1000g wvro] 94.4%,
1000ge] 4t 1499ge] 8} 54.5%, 1500g°]7+ 1999g0] 8t
25.99, 2000go]At 2499go]st 1.3Y, 2500g°]%+
10.9¢ 2 YR tH(p<0.01). WA 3= 10084 o)A
29994k o]&k7) 18.1Y, 30014 o]4F 499 ola}
21.8%, 5004+ o4k 9990]5} 23.8%, 10004} o4
o] 2579 % YERRTHp<0.01). A thdAte] 5= 7
TAZE S5, W A Q] Ale] A 23.2¢, AR -
23.74, "F 23492 BAH R Fofu|ehH] ekttt
(p=0.82). Table 3
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Table 3. Average length of stay according to
characteristics of admission based variable

Variable n Mean+SD F(p)
Total 6,149 | 23.6£24.8
Single vs. multiple fetuses
Sngle® 4,346 | 24.3£25.9 | 15.6(<0.01)
Twin® 1,712 | 21.3+21.7 c>a>b
Other multiple® 91 | 30.7£23.3
Gender
Male 3,287 | 23.7£24.5 0.2(0.65)
Female 2,862 | 23.4%+25.1
Insurance
Health insurance 6,036 | 23.6+24.9 1.5(0.22)
Medical benefits 82| 22.7+21.8
Other 31| 18.0£18.0
Gestational age
Less than 28 weeks® 274 | 95.6£26.7 | 1522(<0.01)
28-31° 798 | 49.1+£19.6 a>d>b>c
32—36° 4,207 | 15.0£12.2
37 weeks or more? 870 | 18.8+21.0
Weight
Less than 1000g* 273 94.4£28.0 | 1522(<0.01)
1000—1499° 687 | 54.5%£22.8 | a>b>c>d>e
1500—1999¢ 1,467 | 25.9%£14.0
2000—2499¢ 2,327 | 12.3£9.4
2500g or more® 1,395 | 10.9£10.8
Urban
Rural 1,108 | 23.2+23.6 0.20(0.82)
Urban 4,760 | 23.7£25.1
Unknown 281 | 23.4+24.0
Bed size
100—299° 519 | 18.1£16.9 | 1522(<0.01)
300—499° 491 | 21.8422.3 d,c,b>a
500—999¢ 3,723 | 23.8£24.3 d>b
1000 or more? 1,416 | 25.7£28.8
3.1.2 el WE B AU
P ek W] w2 W AALSE Fe T 4
7] R ek 9 27.8U = Xt ek 165
A} o] 7k AATHPp<0.01). A g 9 5= 4]
TS e A9 2619, F9RA] ke 79- 204
A AATHp<0.0D). EF ¢ FFTL S 73S
26.1, 2eht=] 232 7-9- 2049 AATHP<0.01). A
&R 3] ARG NFE A A 4489, K
ik ok 29 1829 AATHp<0.01). HPZFL 7
TS A9 4109, A o2 A9 2159 AT
(p<0.01). 7= W& 497} 84149 5 A &2 4

27} 20,992 AYPLTF HUYTHp<0.01). A = ¢
Aol Q= 7% 221, fl= A7) 2369 % YEIS
U FAHo2 FojnetA] &tH(p=0.56) Table 4.

Table 4. Average length of stay according to
characteristics of Clinical based Variable
(Topl5)

Variable n Mean+SD t(p)

No 2200 | 1654159 | _g901
Yes|3,859 | 27.8+28.0 |(<0.01)

Other perinatal conditions

Hemolytic jaundice and No |2,736 | 20.4+24.2 -9.0
perinatal jaundice Yes 3,413 | 26.1£25.0 (<0.01)
Respiratory distress No 4,699 | 16.6+16.3 —33.4
syndrome Yes |1,450 | 46.3432.7 |(<0.01)
Cardiac and circulatory No | 4,900 | 18.2£17.9 —26.2
anomalies Yes | 1,249 | 44.8434.7 (<0.01)
S . ) No 5,485 21.5%22.1 —-13.6

epticemia .
Yes| 664 |41.0436.2 |(<0.01)

Presence or absence of No |5,888 | 20.9£20.1 —25.8
Surgery Yes| 261 |84.1439.4 |(<0.01)

No 5,910 | 21.1£20.6 | _g65

Retinal disease

Yes| 239 |85.3+37.3 |(<0.01)
No | 4,699 | 16.6£16.3 13
. . . 33.4
Intestinal infection
Yes|1,450 | 46.3+32.7 |(<0.01)
No [ 5,970 | 23.3+24.4 -31
Other congenital anomalies (< p 1
Yes| 179 | 31.4434.4 0.01)
Genitourinary congenital No |5,971 | 23.4£24.8 -2.7
anomalies Yes| 178 | 28.5+25.6 | (0.01)
No [ 6,059 | 23.2+24.3 —6.4
Nutritional deficiencies . 1
Yes| 90 |49.9+39.7 |(<0.0
No [ 6,059 | 23.6+24.7
. 0.59
Birth trauma
Yes| 90 |22.1+4207 | (0.56)
No | 6,066 | 22.8423.8 | _140
Abdominal hernia :
Yes| 83 |77.8432.2 |(<0.01)
Digestive congenital No | 6,074 | 23.5+24.6 —2.4
anomalies Yes| 75 |335+358 | (0.02)
Other nutritional, endocrine No | 6,075 | 23.4+24.6 —4.2
and metabolic disorders Yes| 74 |39.4432.6 |(<0.01)

maled el wlole] AelM o B2 s 7
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2000g0] 4ol A 2499g0]8}, 2500014, AE] 18 325
ool A 3650]3}, &Y Al Als 1500g°] g4 1999¢g
ola}, Aef 1 375 o] =& YERT<Fig. 2>.

Weight(20009-2499g
Weight(2500g or more)
Gastational age(32-36)
Weight{1500g-1999g)
Gestational age(37 or more)
Weight{1000g-149%g)

Bed size(500-993

Bed size(1000 or more)
Bed size(300-499

Single ws. multi{twin
Gestational age(28-31)
Single multi{fother multiple)
Insurance(Medical benefits
Gender(fernale
Urban(unknown
Insurance{Cther’
Urban({urban

|

%

10
Importance

Fig. 2. Admission based Variable importance
(Neural Network model)

2 (then)H o ¥5F 3724 WG] A &S
SRlgk Au} 7 FoJu QPIHFE ol Ve
A7) A, % 2 S35, €S, A 2 3
A 718, 4ol 79 o]t Table 5

Table 5. Variables used in the 20 committee, 0

neighbors Cubist model

Percent Percent
appearance appearance in a
in a rule multivariate Variable
conditions regression
(%) models (%)
50% 65% Gestational_age(32—36)
50% 87% Respiratory distress
syndrome
6% 99% Weight(2000g—2499g)
2% 67% Gestational_age(37 or more)
1% 99% Weight(1500g—1999g)
98% Weight(2500g or more)
949 Presence or absence of
Surgery

88% Other perinatal conditions

79% weight(1000g—1499g)

76% Septicemia

76% Bed size(1000 or more)

74% Cardiag and circulatory
anomalies

73% Intestinal infection

70% gestational_age(28—31)

53% Bed size(500—999)

43% Bed size(300—499)

41% Single vs. multi(twin)

38% Other congenital anomalies

32% Retinal disease

24% Gender (female)

20% Urban(urban)

10% Birth trauma

1% Urban(unknown)

3.2.2 BEld ujj 7| H4s

o] gy g8 A4shes 27t slolH ety
(hyper— parameter)+= caret W7]% 9] F4 7|5<
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12 2R (LASSO) 3 # 28-S A4 33

Table 6. Hyperparameter optimal tuning value for each

model

Admission based Models Admission and Clinical
Models of Models of

parameter parameter

alpha=1 alpha=1
GLMN lambda=0.0003140304 lambda=0.001275978
RF mtry=>5 mtry="7

n.trees=100, n.trees=1000,
GBM interaction.depth=5, interaction.depth=2,
g shrinkage=0.1, shrinkage=0.1,

n.minobsinnode=10 n.minobsinnode=10

size=3, . _
NNT decay=0.06812921 size=3, decay=0.1
CUB committees=20, committees=20,

neighbors=0 neighbors=0
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Fig. 3. Admission—based neural network model
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Fig. 4. Admission based prediction
of neural network model
(R2 0.75)
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Fig. 5. Admission and Clinical based
prediction of Cubist model
(R2 0.81)

Table 7. Ten Cubist rules with smallest Mean Absolute
Error (MAE).

Rule Consequent MAE

2.020307+1.340pyn1+0.63gestational_age2+0.4
ccs221+0.24ccs213—0.22bedsize4+0.17ccs222+

gestational_a |90 9940, 11weight4—0.12weight5+0.28ccs

%fe?gh;7>o‘0 135+0.14ccs2+0.06bedsize3—0.06weight3—0.05 0.35
gender1—0.05gestational_age3—0.06gestational_|
aged
3.718505—1.45weight4—1.64weight5—0.92weigh
t3+0.860pynl+0.31ccs221—0.4weight2—0.16gest
gestational_a |ational_age3+0.16ccs213—0.18gestational_age4— 0.33
ge3 > 0 0.14bedsize4+0.16ccs2+0.27ccs135+0.1ces224|
+0.05ccs222—0.04single_multi2—0.05gestational
_age2
3.859788—0.82weight4—0.58weight3—0.57weigh
tational t5—0.64gestational_age4+0.25ccs221—0.23weigh
gez a<13“‘5—a t2+0.14bedsize3—0.14gestational_age3+0.330py 0.34
geo ~= U, nl—0.19gestational_age2+0.2bedsize2+0.07ccs2|
weight3 > 0

24+0.1ccs2—0.05gender1+0.06ccs213+0.11cesl
35+0.06ccs87+0.02ccs222

4.295847—0.52weight5—0.42gestational_age4—0.
37gestational_age2—0.28weight3—0.32weight2—
0.2weight4+0.18ccs221+0.370pyn1+0.13ccs224| 0.31
+0.19ccs2+0.1bedsize3—0.05ccs222+0.09ccs87
+0.06bedsize2—0.03gestational_age3

gestational_a
ged <= 0,

weight3 <= 0,
weightd <=0




4.253301—1.34weight4—1.52weight5—0.86gestat
ional_age3—1gestational_age4—0.8weight3+0.79
opynl—0.34gestational_age2+0.23ccs213—0.28w
eight2+0.38ccs87+0.33ccs217+0.1ccs222+0.1be
dsize3+0.26ccs135—0.11bedsize4 +0.08ccs224+0
14bedsize2+0.12ccs2—0.05single_multi2—0.05ur
banl+0.03ccs2211—0.02gender1

4.446906—1.21weight4—1.3weight5—0.76weight
3—0.69gestational_age3—0.31weight2—0.26gesta
tional_age4—0.27gestational_age2+0.17ccs224+
0.320pyn1+0.18ccs2—0.1ccs222+0.15¢ccs87

4.308512—0.97weight3—0.62weight4—0.58gestat
ional_age4—0.4weight2+0.25bedsize3—0.36gesta
tional_age2+0.25ccs221+0.21weight5+0.26bedsi
ze2+0.320pynl+0.17ccs2+0.17urban9+0.08beds
ized

4.092114—1.95weight4—1.16weight3+1.160pynl
—0.25gestational_age4—0.19weight5+0.13ccs222
—0.2weight2—0.08gestational_age3+0.06ccs221—
0.06gestational_age2+0.03bedsize3+0.03ccs224
+0.04ccs2

4.674826—1.29weight4—0.9weight3—0.53weight
2—0.39gestational_age2+0.19ccs221—0.2gestatio
nal_age4+0.14weight5—0.11ccs222+0.18bedsize
2+0.250pyn1+0.1bedsize3+0.1ccs224—0.04gesta
tional_age3+0.16ccs143+0.04ccs2

4.464732—1.91weight4—1.07weight3—0.64gestat
ional_age4+0.720pyn1—0.39weight2—0.26gestati
onal_age2+0.15bedsize3+0.12ccs221—0.1weight
5—0.04gestational_age3

ccs2211 <=0

ccs2211 > 0

gestational_a
ged <=0,
weight4d <=0

gestational_a
ged > 0

gestational_a
ge3 <=0,
gestational_a
ged <=0

gestational_a

ged <=0 0.37
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Table 8. Evaluation of admission based models

Models RMSE R? MAE

Neural Network 12.71 0.75 7.93

Cubist 12.97 0.74 7.94

Gradient Boosting 12.86 0.74 7.97

Random Forest 12.89 0.74 7.99

13.46 0.72 8.17

Penalized Regression

Table 9. Evaluation of the admission and clinical

based models

Models RMSE R? MAE

Cubist 11.03 0.81 7.00

Gradient Boosting 11.15 0.80 7.04

Neural Network 11.12 0.80 7.08

Random Forest 11.37 0.80 7.15

Penalized Regression 11.44 0.79 7.29
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