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Dataset

e Source: MIMIC-III Database
o Publicly available database of patient data
o Admissions to the Intensive Care Unit of the Beth
Israel Deaconess Medical Center, in Boston, USA
o June 1, 2001 — October 31, 2012
o Kaggle Link
e Response Variable
0  QOutcome - Result of Patient Admission to the ICU
m 00— Alive
m | — Dead
e Dataset Summary
o Number of Features — 51
o Number of Data Points — 1177



https://www.kaggle.com/datasets/saurabhshahane/in-hospital-mortality-prediction

Dataset Features Dataset Null Counts
group COPD MCV Blood sodium PCO2 294 |PT 20
ID heart rate RDW Blood calcium PH 292 |temperature 19
outcome Systolic blood pressure (Leucocyte Chloride Laeopinnls N e
Lactic Acid 229  |Diastolic blood pressure |16
age Diastolic blood pressure |Platelets Anion gap
. . — BMI 215  |Systolic blood pressure |16
gendera Respiratory rate Neutrophils Magnesium ion
Creatine Kinase|165  [SP O2 13
BMI temperature Basophils PH
_ ' Lymphocyte 145  [Respiratory rate 13
hypertensive SP 02 Lymphocyte Bicarbonate
Neutrophils 144 |heart rate 13
atrialfibrillation Urine output PT Lactic acid
Urine Output 36 Blood calcium 1
CHD with no MI  |hematocrit INR PCO2
INR 20 outcome 1
ELSEN RBC NT-proBNP EF
deficiencyanemias [MCH Creatine kinase  [Hyperlipemia
depression MCHC Creatinine Renal failure
Urea nitrogen glucose Blood potassium
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Summary Statistics

count
mean
std
min
25%
50%
75%

max

outcome
1176.000000
0.135204
0.342087
0.000000
0.000000
0.000000
0.000000
1.000000

age
1176.000000
74.047619
13.437241
19.000000
65.000000
77.000000
85.000000
99.000000

BMI
962.000000
30.188278
9.325997
13.346801
24.326461
28.312474
33.633509
104.970366

heart_rate Systolic_blood_pressure Diastolic_blood_pressure

1164.000000
84.575848
16.018701
36.000000
72.371250
83.610799
95.907143

135.708333

1161.000000
117.995035
17.367618
75.000000
105.391304
116.128205
128.625000
203.000000

1161.000000
59.534497
10.684681
24.736842
52.173913
58.461538
65.464286

107.000000

Respiratory_rate temperature

1164.000000
20.801511
4.002987
11.137931
17.925694
20.372308
23.391200
40.900000

1158.000000
36.677286
0.607558
33.250000
36.286045
36.650794
37.021991
39.132478

SP_02
1164.000000
96.272900
2.298002
75.916667
95.000000
96.452273
97.917500
100.000000




Data Processing & Cleaning
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The two heatmaps above display the nulls in each column before and after
data processing and cleaning. Some methods we used to clean the data set
are:

e  Dropping columns that are not needed

e Dropping rows that have null values in the data column

e  Replacing null values with the median to reduce impact of outliers




Resampling

Response Variable: Outcome
o (0 — Alive
e | — Dead

Undersampling Oversampling

Copies of the
minority class

. Samples of
\, majority class

Original dataset Original dataset

Image Source

Response Variable Counts

Before Resampling After Resampling
0 1017 0 812
1 159 1 812
8



https://towardsdatascience.com/what-to-do-when-your-classification-dataset-is-imbalanced-6af031b12a36

Exploratory Data
Analysis
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Majority of distributions are right
skewed, meaning that most of the
data is on the left end. The mean is

greater than the median.

Majority of distributions are

unimodal.

Standard deviations and the scale of
the features vary, indicating the

need to standardize the data.
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Top S Correlated Features

Feature 1

Feature 2

Corr. Coeff.

Urine Output

Systolic blood pressure

0.22195

Basophils

Leucocyte

0.225909

Leucocyte

outcome

0.262817

Magnesium ion

Creatinine

0.266649

INT-proBNP

Creatinine

0.384566

v

Bottom 5 Correlated Features

Feature 1

Feature 2

Corr. Coeff.

Platelets

PCO2

0.001942

Magnesium_ion

RDW

0.002165

outcome

PCO2

0.002196

Creatinine

PCO2

0.003369

EF

Urine output

0.004009
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Feature Selection
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Standard Scaler

Standardizing the features is
required due to the differences
in standard deviations and

magnitudes of the values.

Accomplished by subtracting
the mean and dividing by the

standard deviation.

Actual Data After standardization Results in a more stable model

Image Source
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https://www.someka.net/blog/how-to-normalize-data-in-excel/

t ajeuoquedig le)
r ¢02d 6 . =
F esapual O — )
t anisuauadAy > w bt
F aulunean 1) - =
- deb uol s - 175)
K =t o =
+ uaboniu eay =} <
Hd o > O O
t uone|uqiyelse — o) i =
t ainjiey jeusy o < tO
r sa19qelp 5 O] o
 ainssaid poojq dijoiseiq (D] o) O
r u:uoumeu ho] (=) ] <= -
- el 1142dAH O o — - O
F 2inssaid poojq 21j01sAS V7] < ho] = V7]
F seliwaueAouaiysp = o, 10 — <
- wnissejod poolg o7 = o= M
oy 2 3 g 3 S
© + siiydonnan %
2 F ajesueay — (D) e o O
+ abe [ — Q
=l Yz - o +~=
) r pide dnoeq - < =
© F s12l238ld > = o = -
a F DHOW ~ < o
= > o=
= t sjiydoseg o o Z H
+ 214200037 o) o = s >
t wnidje> poojg - 1> < &=
t uor wnisaubep Q ] > ) —
L 3s0on|6 < o 5 > %
t 1d (& -1 —
t dNgoud-IN = 2l I g
t Indino auun (e < = (o1))] -
t wnipos poolg o > o o= —
ta3 = ) o = o
- 21e4”Auojelidsay < N 1) (®]
L ho) o —
o = 9 = D =
r aimesadway — h — —
b W ou yum aHd = 7 o =)
t aseuny auneann W oz = m
+ uoissaidap (0] 0 . —
I adod Q 2 = ) 2] (D)
o ] (&)
F 20 ds = g Q
— — N
F ADW < = =) @) =
2 5 = ~ © =
T : . . 7 < % % — D) O
S 4 € z 1 > > (a7
= G O
dIA
apuojydy UNI 2jeuoquedig
Setodteorg o S
uiges pooy S3ko0ydwAy €12push
Sau E ol ontimpdy
suiunean
JRcew o deb uoluy
B SRBopedy usBon"eain
Uinisseyod"poojg auiunean
ahd0ydwAl %m Uoiuy
siiydosinan Gsoniuzeain, sa13qeip
o 2inssaid poojq ai01seIa
SnSusuRdAy Siaaiisds
sulunean sajaqeip_ - ,m‘ H
usbonu eain ainssaid poojq dijoIseiq inssaid”poo|
Ju0jeW: selwaueAouanlap
maadi gmams& ‘pooig
ainssaid”poojq 21j01sAs May
~ sargem _ < mm,Em:mmmw 3p © siiydonnan
g S poaaaosen nisseiod poois g 2 a1er veay .
5 aunssaid_poo|q 1j01sAS m S 3jes_peay m S pieIE] 2
m selwaueAduaidyap &8s peE] g c s1jR1eld 8
£ L 1] JHOW
= = = sjiydoseg
21/000n37
wnile> poojg
uoi wnisaubep
350on|6
id
22" poo 04d-,
UrsBo8En dngoidun héino 3uun
2500016 Indino suun Indang o
nZamEan Mt:iOm poojg H pos poojg
X E] -
SeiRicreitdssu Seikiojendsay Sier horeidsay
g
i Hiessdus Smesdua
aimesadwa; W OU M QHD y
IO e aHo 35eUny SUNeal aseuny-auneai
aseuny auneas Uoissaidap uoissaidap
uoissaidap adod adod
adod 20 ds Z0 dS
20 ds AW Ao
009 00S 00¥ 00€ 00Z 00T O 0s or o€ 0z ot o S 14 € T 1
4IA dIA EL
HOW 28y a1fooydwhy
apLojyd Jud0jeWsy sjiydo.inan
Lttoqieag NI Seuogieny
e id Z02d
winipos pooig ) esapusb
JHOW
Febdoiy Slouduiky ansuaLRdAY
1ydonnan sulunean
Tbeway ieuogiedy de6-uotuy
Z02d
Mh_(_ - Mw,w_muh_wwmmn\f ﬂwm@b,: eain
ey > sutinean
sjiydonnan deb uoiuy
uaboiiu eain saaqep_
06 o SInssaid pooiq no1seIa
Juojew
Monwnmmww;; Bndiiadin
usboniu eain s339qeIp_ _ ainssald_poojq a1j01shs
msmwa pooidioiseia mm_Ew:mﬁEacmv
eilisdIadAH linissel0d pooia
- ™ B n
3 )ik ainssaid pooj May
g sgep’ g £ mssm%mE g £ 2361 yieay o
s Sihsssidpooiqaowseid 5 6 wnisseiod pool & £
5 m.Ema,__mm>:,n 103 ﬁ_m s May 20e pocts s B wwmmwuzuﬂ ®
e ainssaid poojg dyoisks £ & sjel_ye e g ]
P | jel_jeay s)aj21e)d
g SeiwauAdURDP 8 poe e g o
= May. = abe = sjydoseg
WWE ueay si2eld 234500037
e JHW wnpjes pog
sjiydoseg |22 poow
23450on31 uor wnisaubejy
wnipjes poojg @s00ni0
2500 Bt %_mea#z
2s03n6 “u_mﬁm_wﬂ: o Indino auun
Uof winissubay {nipos ool wnipos’ poorg
fidino sl ndinoauin EN—
Sesfiojendsay 3jes Aiojesidsay wg
ng aimesadwa)
SRendua 2imesadwa W OU M GHD
1IN OU Yum gHD IW OU YIM gHD aseuny aunean
aseury suneas aseuny suneas Uoissaidap
uoissaidap uoissaidap
adod adod
20 ds Z0 ds
0ZT 00T 08 09 or 0Z O 9 S 14 €

4IA 4



Random Forest & LASSO Regression Feature
Selection

Random Forest LASSO Regression (a=0.01)

Feature Importance Using Random Forest Wei ht?

Feature
+0.119  Systolic_blood_pressure
+0.083 Platelets
+0.069 glucose
deficiencyanemias +0.057 RDW
+0.049 Leucocyte
_— +0.044 Basophils
Hyperlipemia +0.040 BMI
+0.034 Magnesium_ion
diabetes +0.034 temperature
+0.026 EF
+0.021  outcome
gendera +0.013  Urine_output
+0.012 NT-proBNP
atrialfibrillation +0.011  Blood_sodium
+0.005 PCO2
0.00 i ; ; b ; ; +0.003 Creatinine

Renal_failure
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Selected Features

Categorical Continuous
gender BMI INT-proBNP
hypertensive Systolic_blood pressure Creatinine
atrialfibrillation temperature glucose

CHD_ with no MI

Urine output

Blood sodium

diabetes RDW Magnesium_ion
deficiencyanemias Leucocyte PCO2
depression Platelets EF
Hyperlipemia Basophils outcome

Renal failure

COPD

Number of features reduced from 51 to 26
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Principal Component
Analysis

18



Principal Component Analysis

0.12 4 The Explained Variance Ratio
is graphed to determine the
0.111 elbow. According to the graph,
o
S 0.10 we should keep 6 components.
o
Q
£ 0.09 -
ki
§ 008 ] original data set output from PCA
pel
2 8 4
© 0.07 | . 2
Q 64 .
ux.l y \/ 0 *—9 I—. °
0.06 : !
0.05
0.04

0 2 4 6 8 10 12
Principal Component Index

feature 1 feature 2 feature 3 new feature 1 | new feature 2

https://campus.datacamp.com/courses/dimensionality-reduction-in-python/feature-extraction?ex=1



Scree Plot

e

.
L

The scree plot is used to determine
the number of factors to retain in
an exploratory factor analysis
(FA) or principal components to
keep in a principal component
analysis (PCA).

Percentage of Explained Varian

PC2 PC3 PC4
Principal Component

PC1 PC2 PC3 PC5 PC6
-0.966972 1.782877 .952053 -1.405088 -1.621522 -1.099229
-2.012096 3.499352 .531030 2.334477 -1.753157 -0.820873
-1.483876 ©.197878 .131047 -0.317830 1.396916 1.403093
-0.950295 -1.3987600 .352502 1.029159 ©.076503 -0.760649
-0.860199 1.807029 .555054 -0.279860 1.367071 -0.265036
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Modeling

21



Logistic Regression

Input: PCA components resulting from numerical
features determined by Lasso feature selection

The accuracy of the logistic model is 67%

o
-1
a
o
2
=

The precision of the model on class 0 is 0.95 and on class
1 is 0.17. Out of all the people that the model predicted
would die, about 17% actually did.

Predicted label

Accuracy Score: 0.6748768472906403
Confusion Matrix:

[[125 60]

[ 6 12]]

Classification Report: The model performs worse on
precision recall fl-score support

identifying class 1 because we

0. . .79 185
0. . .27 18

have resampled, resulting in

duplicate data points for class 1
accuracy .67 203

macro avg 2 % <53 203
weighted avg s % .74 203

22



GridSearchCV

parameter
combination that defines
model 1

parameter
combination that defines
model 2

parameter
combination that defines
modeln

10-fold CV
accuracy = 0.90

10-fold CV
accuracy = 0.80

)

Pick the set of parameters

that define the

with the highest accuracy

10-fold CV
accuracy = 0.95

Ima I

23


https://sarah0518.tistory.com/50

Decision Tree

Hyperparameters: Information Gain, Tree Depth =
12

Input: Categorical features selected from the random
forest feature selection

True label

The accuracy of the Decision Tree model is 65%

The precision of the model on class 0 is 0.93 and on
class 1 is 0.13. Out of all the people that the model
predicted would die, about 13% actually did.

Predicted label

Classification Report:

precision recall fl-score support Decision tree does worse at

1dentifying the actual

0.78 185 positive class 1 labeled data

0.20 18

points when compared to

accuracy - 65 203 logistic regression.
macro avg . . .49 203
weighted avg . . .73 203
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LIME (Local Interpretable Model-Agnostic Explanations)

Prediction probabilities

aive I 1.00
Dead

atrialfibrillation

Prediction probabilities

Alive
Dead [N 017

Feature Value

Random data
perturbation
Interpretable
presentation

Weight the
new samples
Feature selection

Predict labels for new
samples with original
model

Train a weighted,
interpretable model




Hyperparameters: Euclidean Distance, 2 Neighbors

Input: Both continuous and categorical variables were
used for the KNN model.

Tue label

The KNN model was the best performing model with
an accuracy of 88%.

The precision of the model on class 0 is 0.94 and on
W et class 1 1s 0.23. Out of all the people that the model
predicted would die, about 23% actually did.

Accuracy Score: 0.8768472906403941
Classification Report:

precision recall fl-score support This model performs
_ ] ] 185 better due to the
0.23 . : 18 inclusion of both

accuracy y 203 categorical and
macro avg : . . 203
weighted avg ; x . 203

0.0
1.0

numerical variables.
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Modeling Conclusions

e Unbalanced dataset resulted in modeling difficulties
o  Upsampling of label 1 results in duplicate data points, so
models do not do well with label 1 patients with different
attributes
o Ifmodel misclassified one label 1 datapoint, then it will
misclassify all potential duplicates
e KNN model accuracy is higher than logistic and decision tree models
o  Additional features being trained on (categorical, continuous)
o Important features in both sets of features
e  Further Analysis
o  Transform continuous features into categorical
o  Obtain data to represent categorical features as continuous
o  Obtain more data points for label 1

27



Hypothesis Testing
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hypertensive

hypertensive Vs. Outcome

NH+A

P Value for Hypertensive Vs outcome: 0.0019

P Value for Diabetes Vs outcome: 0.0667
P Value for Gender Vs outcome: 0.5595

diabetes

diabetes Vs. Outcome

outcome
0.0
mm 10




Thank You!

Questions?




