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■ Clinical Predictive Models (CPMs) build upon structured data and supervised le arning

■ Requirements for CPMs

■ Data for CPM development and how to prepare them

■ Development and evaluation of CPMs

■ Clinical deployment and monitoring of CPMs
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■ Persona: Susanne, nephrologist at transplantation center, 46yrs

■ Consultation bbeeffoorree and aafftteerr transplantation

■ Objectives:

□ Predict life expectancy and graft survival

□ Predict unplanned hospitalizations

□ Predict infections after transplantations

□ Analyze trends concerning kidney function

□ Identify similar patients for comparison

□ Assess whether the patient should wait for a "better" kidney 

Clinical Decision Making:
Supporting Transplantation Nephrologists
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■ What could you do with this kind of 
information?

Clinical Decision Making:
Predictive Analytics in Healthcare
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■ Aim: Risk prediction for critically ill patients 
in Intensive Care Units (ICU)

■ Data: Routine physiological measurements, 
e.g. temperature, blood pressure, creatinine, 
white blood cell count, etc.

■ Output: Maps to an individual numeric risk 
value for a specific clinical outcome

Clinical Predictive Models in Intensive Care Units
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Source: Armed Forces Institute of Cardiology & National Institute of Heart Diseases (Pakistan)



Clinical Predictive Models in Intensive Care Units:
Types of Scoring Systems
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■ First-day scoring systems

□ Acute Physiology and Chronic Health Evaluation (APACHE)

□ Simplified Acute Physiology Score (SAPS)

□ Mortality Prediction Model (MPM)

■ Repetitive scoring systems

□ Organ System Failure (OSF)

□ Sequential Organ Failure Assessment (SOFA)

□ Organ Dysfunction and Infection System (ODIN)

□ Multiple Organ Dysfunction Score (MODS)

□ Logistic Organ Dysfunction (LOD)

http://scoringexpert.pl/2017/01/01/model-scoringowy-troche-teorii/



Clinical Predictive Models in Intensive Care Units: 
Comparison of First-day ICU Scores
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System Data 
collected

Physio-
logical  
values

Other required data Req.  
data 
items

Mortality 
pred. perf.

APACHE IV First day 
on ICU 
(16-32h)

17 Age, six chronic health variables, ICU 
admission diagnosis, ICU admission source, 
LOS prior to ICU admission, emergency 
surgery, thrombolytic therapy, Fio2, mechanical 
ventilation

32 AUC=88.0%,
n=52,647

SAPS III Prior to 
and within 
1h of ICU 
admission

10 Age, six chronic health variables, ICU 
admission diagnosis, ICU admission source, 
LOS prior to ICU admission, emergency 
surgery, infection on admission, four variables 
for surgery type

26 AUC=84.8%,
n=16,784

MPM III Prior to 
and within 
1h of ICU 
admission

3 Age, three chronic health variables, five acute 
diagnosis variables, admission type (e.g., 
medical-surgical) and emergency surgery, CPR 
within 1 h of ICU admission, mechanical 
ventilation, code status

16 AUC=82.3%,
n=50,307

https://www.researchgate.net/figure/A-comparison-of-intensive-care-unit-ICU-scoring-systems-from-47-with-permission_tbl1_273059579



Clinical Predictive Models in Intensive Care Units:
Acute Physiology & Chronic Health Evaluation II (APACHE II)
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http://www.scymed.com/en/smnxpw/pwfbd770.htm

AAaaDDOO22  oorr  PPaaOO22  
((ddeeppeennddiinngg  oonn  
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TTeemmppeerraattuurree  
((rreeccttaall))

MMeeaann  aarrtteerriiaall  
pprreessssuurree

ppHH  aarrtteerriiaall HHeeaarrtt  rraattee

RReessppiirraattoorryy  
rraattee

SSooddiiuumm  ((sseerruumm))

PPoottaassssiiuumm  
((sseerruumm)) CCrreeaattiinniinnee

HHeemmaattooccrriitt

WWhhiittee  bblloooodd  cceellll  
ccoouunntt

GGllaassggooww  CCoommaa  
SSccaallee

■ Age Points + Chronic Health Points+ Acute Physiologic Score

■ Try it out: https://www.mdcalc.com/apache-ii-score



Clinical Predictive Models in Intensive Care Units:
Glasgow Coma Score
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■ Neurological scale

■ Give a reliable and objective way of recording the conscious

■ Initially used to assess a person's level of consciousness after a 
head injury

■ Now used by first responders, EMS, nurses, and doctors

■ Part of several ICU scoring systems, including APACHE II, SAPS II, 
and SOFA https://nurse.org/articles/glasgow-coma-scale/



Clinical Predictive Models in Intensive Care Units :
Glasgow Coma Score (cont’d)
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EEyyee  OOppeenniinngg  RReessppoonnssee  ((EE))
•4 Spontaneously
•3 To speech
•2 To pain
•1 No response

VVeerrbbaall  RReessppoonnssee  ((VV))
•5 Oriented to time, person and place
•4 Confused
•3 Inappropriate words
•2 Incomprehensible sounds
•1 No response

MMoottoorr  RReessppoonnssee  ((MM))
•6 Obeys command
•5 Moves to localized pain
•4 Flex to withdraw from pain
•3 Abnormal flexion
•2 Abnormal extension
•1 No response

Behavior Response

TToottaall  SSccoorree

MMiilldd  1133  ––  1155
MMooddeerraattee  99  ––  1122

SSeevveerree  33  ––  88

Icons from: https://gunnar.com, https://melibeeglobal.com/blog/2015/01/the-lack-of-non-verbal-communication-in-a-digital-world/, http://www.isfsports.org/gymnastics



Clinical Predictive Models in Intensive Care Units:
Glasgow Coma Score Calculation
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https://codehealth.io/library/article-1/glasgow-coma-scale/
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VV

MM



Clinical Predictive Models in Intensive Care Units:
Glasgow Coma Score Calculation (cont’d)
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■ Adult, moves the hand away when applying pressure on the nail bed. The patient can 
make words but not form sentences. The patient opens the eyes to pain, but not to 
speech.

EE VV MM

2 3 4 9 https://www.thompsons-
scotland.co.uk/serious-head-and-brain-
injury/brain-injury-solicitors-scotland/brain-
injury-claims-and-the-glasgow-coma-scale



Recap: NephroCAGE: German-Canadian Consortium
on AI for Improved Kidney Transplantation Outcome

■ Applying AI technology for prediction of severe post-transplant risks

■ Access to multi-national transplant data from 20+ years

■ As first of its kind: Implements NephroCAGE federated learning infrastructure to keep 

sensitive data protected whilst allowing multi-site data analyses
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Recap: NephroCAGE: German-Canadian Consortium
on AI for Improved Kidney Transplantation Outcome
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https://nephrocage.org/vision-objectives/



1. Requirements Analysis
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■ Clinical predictive modeling of severe post-transplant endpoints

I. Allograft failure

II. Allograft rejection

III. Patient death

■ Time window: 1-5 years post-transplant

■ Data:

□ Use of history of transplant data

□ From donors and recipients

□ Clinical, laboratory, transplant-related immunological, etc.

■ Beware: Impact of model outcome on treatment process and future acquired data

1. Requirements Analysis:
Use Case NephroCAGE
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§ Business metrics

§ Acceptance criteria

§ Data protection

§ Ethics

§ Interpretability 
requirements

RReeqquuiirreemmeennttss
AAnnaallyyssiiss1



■ RRiigghhtt  cceennssoorriinngg::  Subject leaves study before an event occurs or the study ends 
before the event has occurred

■ LLeefftt  cceennssoorriinngg::  event of interest has already occurred before enrolment 

1. Requirements Analysis:
Censored Data
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AApppplliiccaattiioonn  ffiieelldd SSttaarrtt  ooff  ssttuuddyy  eevveenntt EEnndd  ooff  ssttuuddyy  eevveenntt CCeennssoorriinngg  eexxaammppllee

Medical research on 
kidney failure

Time the patient 
received the new kidney

Time the patient 
experienced graft failure

Patient died due to a 
cardiovascular disease

Right censored: event would have 
happened, but patient died before

Right censored: Event happened 
after patient left study



■ Decision trees are human-readable from the root node to one leaf node

■ Decision rules are often derived from data

■ Advantages:

□ High interpretability

□ Can be combined with other algorithms

□ Requires little data preparation 

■ Disadvantages:

□ With an increasing number of dimensions, the decision trees becomes complex

□ May lack generalization, prone to overfitting

□ Creates bias if classes are unbalanced

1. Requirements Analysis:
Interpretability of Models: Decision Trees
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http://web.eecs.umich.edu/~cscott/research/decision_tree.jpg

http://scikit-learn.org/stable/modules/tree.html

Root node

Leaf node

Interior node



2. Data Acquisition

Ic
on

s 
m

ad
e 

by
 S

m
as

hi
co

ns
 f
ro

m
w

w
w

.f
la

tic
on

.c
om

Data Management for 
Digital Health, Winter 
2023

CClliinniiccaall  PPrreeddiiccttiivvee  
MMooddeelliinngg

2211

Roles

Data Scientist

Domain Expert

(Data) Engineer
DDaattaa
AAccqquuiissiittiioonn

EEvvaalluuaattiioonn5
PPrreeddiiccttiivvee
MMooddeelliinngg4

DDaattaa
PPrreeppaarraattiioonn3RReeqquuiirreemmeenntt

AAnnaallyyssiiss1

DDeeppllooyymmeenntt6

DDaattaa
AAccqquuiissiittiioonn2

Raw 
data

Model 
Requirements



■ Transplant data for 10+ yrs from multiple transplant centers in DE & CA

■ Public reference: Scientific Registry of Transplant Recipients (SRTR)

■ NNeepphhrrooCCAAGGEE  DDaattaa  SSeett  II:

□ Available at all centers

□ Ex.: Recipient and donor, recipient biomarkers

■ NNeepphhrrooCCAAGGEE  DDaattaa  SSeett  IIII::

□ Involves acquisition of additional data or extraction from additional clinical systems

□ Ex.: Biopsy, HLA data, medication and hospitalization

2. Data Acquisition
NephroCAGE Data Set
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Infection

§ Data collection

§ ETL

§ Data integration

§ De-identification

DDaattaa
AAccqquuiissiittiioonn2



2. Data Acquisition:
NephroCAGE Data Set (cont’d)
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Infection

NNeepphhrrooCCAAGGEE

DDaattaa  SSeett

CCHHAA UUBBCC MMUUHHCC CCHHUUMM

PPeerriioodd 11999988--22002200 1998-2020 2008-2018 2012-2019 2011-2019

DDuurraattiioonn  ((yyrrss)) 2233 23 11 8 9

PPaattiieennttss 88,,006677 4,742 2,510 415 400

MMaallee  vvss..

ffeemmaallee  [[nn]]  ((%%))

55,,008811  ((6633%%))::

22,,998866  ((3377%%))

2,940 (62%):

1,802 (38%)

1,606 (64%):

904 (36%)

279 (67%):

136 (33%)

256 (64%):

144 (36%)

AAggee  ((yyrrss)),,  mmeeaann  ((SSDD)) 5511..77  ((1144..33)) 51.3 (14.0) 51.9 (15.3) 55.6 (12.4) 52.0 (12.8)

§ Data collection

§ ETL

§ Data integration

§ De-identification

DDaattaa
AAccqquuiissiittiioonn2



2. Data Acquisition:
NephroCAGE Data Set (cont’d)
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Type of 
dialysis

Trans-
plantation 

date

Graft loss 
date

Age 
recipient

Donor-
specific 

antibody

Sex of 
recipient

Date of 
death

HLA mis- 
matches

Delayed 
graft 

function

Cold 
ischemia 

time

Type of 
donation Creatinine

Age of 
donor

Sex of 
donor

Hospital-
ization

Medication

Protein

Biopsy



2. Data Acquisition:
Extract, Transform, Load (ETL)
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Identify data 
sources and data 
to be extracted

Create ddaattaa  
ddiiccttiioonnaarryy

EExxttrraacctt data from 
source system

TTrraannssffoorrmm data 
into harmonized 

target format 

LLooaadd data into 
target system

§ Data collection

§ ETL

§ Data integration

§ De-identification

DDaattaa
AAccqquuiissiittiioonn2



2. Data Acquisition:
Data Integration: NephroCAGE Data Dictionary
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§ Data collection

§ ETL

§ Data integration

§ De-identification

DDaattaa
AAccqquuiissiittiioonn2



■ How to obtain training data for 
development of CPMs?

■ Data sources

□ Donor and recipient data

□ Lab data

□ Pathology data

■ Every data item requires extraction, 
harmonization and pre-processing 
aligned across sites and countries

3. Data Preparation in
NephroCAGE (cont’d)
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■ Set to the start of the month

■ Relative days to date of the transplant

■ Implicit information is accessible after de-identification

■ Original data set:

■ De-identified data set:

2. Data Acquisition:
De-Identification of Dates in NephroCAGE Data Set
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TTXX__DDAATTEE CCRREEAA LLAABB__DDAATTEE IIDD

09.01.2020 2.7 10.01.2022 23

09.01.2020 1.7 11.01.2022 23

09.01.2020 1.5 12.01.2022 23

TTXX__DDAATTEE CCRREEAA LLAABB__DDAATTEE  ((dd)) IIDD

01.01.2020 2.7 +1 23

01.01.2020 1.7 +2 23

01.01.2020 1.5 +3 23

§ Data collection

§ ETL

§ Data integration

§ De-identification

DDaattaa
AAccqquuiissiittiioonn2



3. Data Preparation
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data



1. How to understand available data / gain insights?
à Data Exploration

2. How to harmonize data? à Data Cleansing,
Transformation

3. How to combine data from different
departments, devices, units à Data Normalization

4. How to handle missing data? à Imputation

5. How to derive input for the model development? à Feature engineering

■ Bear in mind: Consider tool support for the above steps

3. Data Preparation:
Involved Aspects
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§ Exploration

§ Quality assessment

§ Cleansing

§ Feature engineering

§ Labeling

DDaattaa
PPrreeppaarraattiioonn3



3. Data Preparation in NephroCAGE
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3. Data Preparation:
Data Transformation
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■ Scaling: Data may contain attributes with a 
mixtures of scales, but ML methods require 
data attributes to have the same scale

■ Decomposition: Features may represent a 
complex concept that may be more useful to 
a ML method when split into its parts, e.g. 
data, zip code, etc.

■ Aggregation: Features that might be 
aggregated into a single feature

https://blog.dellemc.com/en-us/digital-transformation-just-got-easier-with-analytic-
insights/

§ Exploration

§ Quality assessment

§ Cleansing

§ Feature engineering

§ Labeling

DDaattaa
PPrreeppaarraattiioonn3



■ Box-Cox transformation: transform non-normal dependent variables to normal 
symmetrical shape

■ Log transformation: for strongly right-skewed data

■ Sqrt transformation: for slightly right-skewed data

■ Power transformation: for left-skewed data

3. Data Preparation:
Data Transformation
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https://www.davidzeleny.net/anadat-r/doku.php/en:data_preparation

§ Exploration

§ Quality assessment

§ Cleansing

§ Feature engineering

§ Labeling
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3. Data Preparation: 
Variance Scaling / Standardization
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■ !𝑥𝑥 = !"#$%& !
'()* +%) !

■ Let 𝑥𝑥 be an individual feature value

■ Variance scaling: 

□ Subtract the mean of the feature from x, and

□ Divide by std. dev.

■ Result: Standardized feature has a mean of 0 and a 
variance of 1

■ If the original feature showed a Gaussian 
distribution, the scaled feature will keep this 
property.

Feature Engineering for Machine Learning
Principles and Techniques for Data Scientists

Alice Zheng and Amanda Casari, O’Reilly, 2018

§ Exploration

§ Quality assessment

§ Cleansing

§ Feature engineering

§ Labeling
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3. Data Preparation:
Min-Max Scaling
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■  !𝑥𝑥 = !"#,& !
#%- ! "#,& !

■ Let min 𝑥𝑥  and max 𝑥𝑥  be the minimum and maximum 
values of this feature across the entire dataset

■ Result: Min-max scaling squeezes/stretches all values 
into the interval [0, 1]

Feature Engineering for Machine Learning
Principles and Techniques for Data Scientists

Alice Zheng and Amanda Casari, O’Reilly, 2018

§ Exploration

§ Quality assessment

§ Cleansing

§ Feature engineering

§ Labeling
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PPrreeppaarraattiioonn3



3. Data Preparation:
Benefits from Scaling?
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https://blog.dellemc.com/en-us/digital-transformation-just-got-easier-with-analytic-insights/

§ Exploration

§ Quality assessment

§ Cleansing

§ Feature engineering

§ Labeling

DDaattaa
PPrreeppaarraattiioonn3



■ Aim: Data reduction of high-dimensional data sets

■ Transformation of data to a lower number of dimensions without losing information

3. Data Preparation:
Principal Component Analysis (PCA)
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§ Exploration

§ Quality assessment

§ Cleansing

§ Feature engineering

§ Labeling

DDaattaa
PPrreeppaarraattiioonn3

Pros Cons

Removes correlated features Independent variables become less interpretable

Reduces chance for overfitting Data standardization is must before PCA

Improves visualization Loss of information



3. Data Preparation:
Example: Eating and Drinking in the UK (cont’d)
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§ Exploration

§ Quality assessment

§ Cleansing

§ Feature engineering

§ Labeling

DDaattaa
PPrreeppaarraattiioonn3

http://setosa.io/ev/principal-component-analysis/

1. High-dimensional dataset



3. Data Preparation:
Example: Eating and Drinking in the UK (cont’d)
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§ Exploration

§ Quality assessment

§ Cleansing

§ Feature engineering

§ Labeling

DDaattaa
PPrreeppaarraattiioonn3

http://setosa.io/ev/principal-component-analysis/

2. Mapping n dim to PCA (2D)
1. High-dimensional dataset



3. Data Preparation:
Example: Eating and Drinking in the UK (cont’d)
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§ Exploration

§ Quality assessment

§ Cleansing

§ Feature engineering

§ Labeling

DDaattaa
PPrreeppaarraattiioonn3

http://setosa.io/ev/principal-component-analysis/

2. Mapping n dim to PCA (2D)
1. High-dimensional dataset

3. Mapping to pc1 
(1D)



3. Data Preparation:
Example: Eating and Drinking in the UK (cont’d)
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§ Exploration

§ Quality assessment

§ Cleansing

§ Feature engineering

§ Labeling

DDaattaa
PPrreeppaarraattiioonn3

http://setosa.io/ev/principal-component-analysis/

2. Mapping n dim to PCA (2D)
1. High-dimensional dataset

3. Mapping to pc1 
(1D)



■ Calculating the mean/median of the non-missing values in a column

3. Data Preparation:
Data Imputation: Mean/Median Values
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PPrrooss CCoonnss

Easy and fast Correlations between features are ignored

Works well in small numerical datasets Poor results on encoded categorical features

Not very accurate

§ Exploration

§ Quality assessment

§ Cleansing

§ Feature engineering

§ Labeling

DDaattaa
PPrreeppaarraattiioonn3



■ Statistical strategy to impute missing values using most frequent values

■ Zero or Constant imputation replaces the missing values with either zero or any 
constant value you specify

3. Data Preparation:
Data Imputation: Most Frequent or Zero/Constant Values
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PPrrooss CCoonnss

Works also with categorical features Correlations between features are ignored

Might introduce bias in the data

§ Exploration

§ Quality assessment

§ Cleansing

§ Feature engineering

§ Labeling

DDaattaa
PPrreeppaarraattiioonn3



■ k-nearest neighbors is classification algorithm

■ Algorithm uses feature similarity to predict the 
values of new data points

■ Imputed data point is assigned to the class 
according the class with the most of its k neighbors

3. Data Preparation:
Data Imputation: k-nearest Neighbors
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Pros Cons

Can be much more accurate than the mean, 
median or most frequent imputation 
methods (It depends on the dataset)

Computationally expensive. KNN works 
by storing the whole training dataset in 
memory

K-NN is quite sensitive to outliers in the 
data (unlike SVM)

§ Exploration

§ Quality assessment

§ Cleansing

§ Feature engineering

§ Labeling

DDaattaa
PPrreeppaarraattiioonn3



3. Data Preparation: 
Feature Engineering
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§ Exploration

§ Quality assessment

§ Cleansing

§ Feature engineering

§ Labeling

DDaattaa
PPrreeppaarraattiioonn3

Feature Engineering for Machine Learning
Principles and Techniques for Data Scientists

Alice Zheng and Amanda Casari, O’Reilly, 2018

FFeeaattuurree  SSeelleeccttiioonn FFeeaattuurree  EExxttrraaccttiioonn

AAiimm Reduce dimension of feature space whilst representing the same information

AApppprrooaacchh Select subset of features, e.g. filters, ML 
wrapper, or combined as embedded 
methods

Transform existing features into more 
informative features, e.g. automatic via 
linear PCA or non-linear autoencoder or 
manual extraction using subject-matter 
expertise

EEffffeecctt Improved model performance, reduced overfitting, faster training and inference, better 
interpretability, etc.



■ Receiver data: REC_SEX, ANONYM_DATE_BIRTH, AGE_TX, AGE_DIALYSIS,

■ Donor data: DON_AGE, DON_SEX, DON_TYPE

■ Organ data: CIT_HOUR, MMA, MMB, MMDR

■ Lab data: CREATININ_MEAN, PROTEINURIA

3. Data Preparation:
Feature Selection in NephroCAGE
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§ Exploration

§ Quality assessment

§ Cleansing

§ Feature engineering

§ Labeling

DDaattaa
PPrreeppaarraattiioonn3

PPrreeddiiccttiioonn::  OOuuttccoommee  ccllaassssiiffiiccaattiioonn  ffoorr  nneexxtt  44yyrrssTTrraaiinniinngg  ddaattaa::  11sstt  yyeeaarr  
ppoosstt--ttrraannssppllaanntt

t0: Transplantation



■ Automatically select features that 
contribute most to the prediction

■ Univariate feature selection: Statistical 
tests, helpful in Linear Models

■ Recursive feature elimination: Use the 
model to eliminate features

■ Tree-based feature selection: Elimination 
using feature importance, e.g. Boruta

3. Data Preparation:
Automatic Feature Selection
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§ Algorithm selection

§ Feature selection

§ Model training

§ Hyperparameter tuning

§ Model selection

PPrreeddiiccttiivvee
MMooddeelliinngg4



■ Incorporate domain expertise for 
feature selection

□ Baseline eGFR measured directly 
after surgery

□ Specific value per patient and 
transplant based on individual 
kidney function

■ Variation in longitudinal measurement

□ Creatinine: Mean Creatinine, 
Variance in creatinine

□ Hospitalisation duration after 
surgery

3. Data Preparation:
Example: EGFR in Nephrocage
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§ Exploration

§ Quality assessment

§ Cleansing

§ Feature engineering

§ Labeling

DDaattaa
PPrreeppaarraattiioonn3



3. Data Preparation: 
Transformation of Categorical to Numerical Attributes
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■ Aim: Each attribute will have a value either 0 or 1

■ Dummy variables encodes n categories through n 
dummy variables, 

■ Dummy variables with reference group 
rrepresents n categroies through n-1 dummy 
variables

■ Dummy variables for ordered categorical variable 
with reference group assumes logical ordering, 
e.g.  S < M < L. 

https://de.mathworks.com/help/stats/dummy-indicator-variables.html

§ Exploration

§ Quality assessment

§ Cleansing

§ Feature engineering

§ Labeling

DDaattaa
PPrreeppaarraattiioonn3



4. Predictive Modeling
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Roles

Data Scientist

Domain Expert

(Data) Engineer
DDaattaa
AAccqquuiissiittiioonn2

Test 
data

EEvvaalluuaattiioonn5

DDaattaa
PPrreeppaarraattiioonn3RReeqquuiirreemmeenntt

AAnnaallyyssiiss1

DDeeppllooyymmeenntt6

Model 
Requirements

Trained 
model

Raw 
data

Feedback Feedback

Training 
data

Predictions PPrreeddiiccttiivvee
MMooddeelliinngg4

Performance 
metrics



■ Supervised learning

□ Labeled data is required

□ Categorical or numerical responses

□ Ex.: Decision trees, Bayesian nets, ridge regression

■ Unsupervised learning

□ No data labels required

□ Performs pattern recognition

□ Ex.: Hierarchical clustering, k-means, etc.

4. Predictive Modeling:
Categories of Models
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https://de.mathworks.com/help/stats/machine-learning-in-matlab.html



TTaasskk::  FFiinndd  tthhee  bbeesstt  ddiissccrriimmiinnaannttss  ffoorr  kknnoowwnn  oouuttccoommeess

■ Binary class vs. multiple class classification

■ Examples:

□ Logistic regression for prediction of stroke outcomes

□ Applying deep learning to diagnose cancer patients

□ Analyzing electrocardiograms to detect atrial fibrillation

□ Predict incidence of heart disease with life-style data

□ Probability for hospital re-admission 

4. Predictive Modeling:
Classification-based Models
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https://blog.statsbot.co/machine-learning-algorithms-183cc73197c

Cleophas, T. J., & Zwinderman, A. H. (2013). Machine Learning in Medicine (Vol. 53). Springer Berlin Heidelberg. http://doi.org/10.1017/CBO9781107415324.004



TTaasskk::  FFiitt  tthhee  bbeesstt  ccuurrvvee  ttoo  pprreeddiicctt  aa  ccoonnttiinnuuoouuss  vvaarriiaabbllee

■ Examples: 

□ Predicting cancer survival time using a Cox model

□ Forecasting reduction of viral load after treatment using Support 
Vector Regression (SVR) 

□ Predicting Length of Stay (LoS) of ICU patients using
local polynomial regression Optimal drug dosage

□ Survival analysis / survival curve

□ Time-to-event prediction, e.g. cancer mortality

■ Bear in mind: Correlation does not imply causation

4. Predictive Modeling:
Regression-based Models
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https://blog.statsbot.co/machine-learning-algorithms-183cc73197c

Cleophas, T. J., & Zwinderman, A. H. (2013). Machine Learning in Medicine (Vol. 53). Springer Berlin Heidelberg. http://doi.org/10.1017/CBO9781107415324.004



4. Predictive Modeling:
Censored Data (cont’d)
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5. Evaluation
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DDaattaa
AAccqquuiissiittiioonn2

Training 
data

EEvvaalluuaattiioonn

PPrreeddiiccttiivvee
MMooddeelliinngg4

DDaattaa
PPrreeppaarraattiioonn3RReeqquuiirreemmeenntt

AAnnaallyyssiiss1

DDeeppllooyymmeenntt6

Model
requirements

Raw 
data

Roles

Data Scientist

Domain Expert

(Data) Engineer

Test 
data

PredictionsTrained 
model

Performance 
metrics

EEvvaalluuaattiioonn5

Feedback



5. Evaluation
Measures of Performance

Data Management for 
Digital Health, Winter 
2023

CClliinniiccaall  PPrreeddiiccttiivvee  
MMooddeelliinngg

5566

MMeeaassuurree

Sensitivity and specificity

Discrimination (ROC/AUC)

Predictive values: positive, negative

Likelihood ratio: positive, negative

Accuracy: Youden index, Brier score

Number needed to treat or screen

Calibration: Calibration plot, Hosmer-Lemeshow test

R2 statistical significance: p-value (e.g. likelihood ratio test)

Magnitude of association, e.g., β coefficients, odds ratio

Model quality: Akeike IC/ Bayes IC

Net reclassification index and integrated discrimination improvement

Net benefit

Cost-effectiveness

Lee, Y.-H., Bang, H., & Kim, D. J. (2016). How to Establish Clinical Prediction Models. Endocrinology and Metabolism, 31(1), 38. http://doi.org/10.3803/EnM.2016.31.1.38



■ F1 score combines precision and recall

■ Disadvantages of using F1 score:

□ It is not normalized 

□ It is not symmetric ( when swapping positive and negative classes)

■ Matthew’s Correlation Coefficient (MCC) is normalized and symmetric

■ Similarly interpretable as Pearson’s correlation coefficient [-1,1], i.e.

□ 1 = perfect prediction

□ 0 = random prediction

□ -1 = negative prediction
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5. Evaluation
F1 score vs. MCC



■ Allows comparison between classifiers (popular in CPMs)

■ But: Not suitable for imbalanced classes (common for CPMs)

■ F1 score and Matthew’s Correlation Coefficient (MCC) are better suited 

5. Evaluation
Recap: Receiver Operating Characteristic (ROC) Curve
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■ X-axis: Mean predicted value

■ Y-axis: Fraction of positive predictions

■ Ideal calibrated model would be a straight line

5. Evaluation
Calibration Plot
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https://scikit-learn.org/stable/auto_examples/calibration/plot_calibration_curve.html



6. Deployment
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■ Packaging for CPM models comparable to applications

■ Meta data description required, e.g. input data definition, training data, etc.

■ Continuous Integration and Continuous Delivery (CI/CD) of ML systems are achieved 
through automated orchestration tools like Kubeflow.

6. Deployment (cont’d)
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https://cloud.google.com/architecture/mlops-continuous-delivery-and-automation-pipelines-in-machine-learning

§ Model compression

§ Model 
versioning

§ Process integration

§ Monitoring

§ Continual learning

DDeeppllooyymmeenntt6



■ CPM needs to be monitored for stability metrics in data, model performance metric, 
and software development operations metrics.

■ Data Shift Metric: Helps identify various shifts in data distribution between the 
training data and production data.

■ Continual Learning mitigates data shift

□ Incremental learning: Learn frequently without losing old model

□ Model retraining: Retrain on new data

□ Online learning: Continuously improve model through new real-world data

6. Deployment:
Monitoring and Continual Learning 
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§ Model compression

§ Model 
versioning

§ Process integration

§ Monitoring

§ Continual learning

DDeeppllooyymmeenntt6



■ Many steps could be automated with a software program but some steps need 
domain experts.

■ Data acquisition: Consider what data is available, what data is missing and what data 
can be removed.

■ Data preparation: Organize your data by formatting, cleaning and sampling from it.

■ Data transformation: Identify relevant features for CPM development

■ Model evaluation: performance metrics need to be defined prior development, e.g. 
use of F1 score vs. MCC on imbalanced data

■ Deployment  and monitoring of CPMS is crucial for clinical use

What to Take Home?
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To Know More
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