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Definition

Time series analysis is a statistical technique that analyzes time-ordered data (temporal) points to extract
meaningful statistics and other characteristics. It’s widely used across various sectors like finance,
meteorology, and particularly medical and healthcare.

Definition Importance Objective
-~ i e ':AMA;
mll R G
e ¢ R =
A method to analyze Crucial for interpreting Introduce quantizing
series of data points over and forecasting temporal uncertainty through time

time. data. series.



Medical Time Series Analysis & Applications

Medical time series data, generated from continuous monitoring of patient health metrics, holds
immense potential for transforming healthcare. However, leveraging this data effectively involves
navigating complex challenges including data variability, privacy concerns, and regulatory compliance.
1. Disease Progression Monitoring: Continuous monitoring devices using Al can analyze the progression
of chronic diseases in real-time, allowing for timely interventions.
2. Predictive Analytics in Patient Care: Al models predict potential health events by analyzing patterns
from historical data, facilitating preemptive medical actions which can save lives.
3. Personalized Medicine: Al-driven analysis helps in tailoring treatment plans to individual patient
profiles based on their unique time series data.

Analysis of temporal medical data.
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Challenges in Medical Time Series

1) Data Complexity and Variability: is derived from a global population that exceeds 8 billion individuals,
each with unique physiological and medical profiles. This variability introduces significant complexity in
data analysis:
* Heterogeneity: Data collected from different individuals under various conditions can be highly
heterogeneous, complicating the task of creating uniform models.
* Scale: The sheer volume of data generated continuously from health monitoring devices challenges
existing computational resources and analytical methods.
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Challenges in Medical Time Series

2) Privacy Concerns: The sensitivity of personal health data mandates stringent privacy protections, which are
legally enforced by regulations like the EU Al Act [1]. These concerns present several challenges:
» Data Security: Ensuring that all data storage and processing mechanisms are secure against breaches and
unauthorized access is crucial and often requires sophisticated encryption and access control measures.
* Compliance: Adhering to international privacy laws such as GDPR in Europe, which requires that data not
only be protected but also that patients have rights over their data, including the right to be forgotten.




Challenges in Medical Time Series

3) Regulatory Compliance: The application of Al in healthcare, particularly in diagnostics, is heavily regulated.
Ensuring that Al systems comply with these regulations is a significant challenge:
» Standards Alignment: Al models must align with the high standards of accuracy, reliability, and safety set by
regulatory bodies such as the FDA in the USA and Health Canada. This often requires extensive validation and
testing phases, slowing down the implementation process.
* Interpretability: Al systems must not only be effective but also interpretable, meaning that healthcare
providers must be able to understand and justify the Al’s decision-making process, particularly in critical care
scenarios.
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Challenges in Medical Time Series

4) Interpretation of Results: The interpretation of Al-generated results from medical time series data must
be precise and reliable, as incorrect interpretations can lead to misdiagnoses and inappropriate
treatments:
* Diagnostic Accuracy: Ensuring that Al tools provide accurate diagnoses that match or exceed the
standards of human healthcare providers remains a challenge.
* Integration into Clinical Workflows: Even when Al tools are accurate, integrating their use into existing
clinical workflows without disrupting standard care practices requires careful planning and training.

Data complexity: Privacy concerns: Interpretation:
high variability data security is crucial accuracy in medical contexts
8B+ EU Al ACT Compliance guideline



Machine Learning x Biomedical

(d MACHINE LEARNING & MEDICINE/HEALTHCARE/BIO-SCIENCE

e ML/AIl drives a revolution in medicine
e Medicine drives innovations in ML/AI




Machine Learning x Biomedical Science

(d MACHINE LEARNING CAN TRANSFORM MEDICINE & HEALTHCARE

deliver precision medicine at the patient level

understand the basis and trajectories of health and disease

empower healthcare professionals and patients

inform and improve clinical pathways, better utilize resources & reduce costs
transform population health and public health policy

enable new discoveries — clinical, therapeutics
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Machine Learning x Biomedical Science

Clinical research
& development
Healthcare data (incl. pharma)
(incl. electronic health records,
prescriptions, referrals, appointments)

i Availability of new life-
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The Usage of ML In Biomedical Science

d THE “AUGMENTED” CLINICIAN, RESEARCHER, PATIENT

Machine learning
...can’t do medicine!
...can provide interpretable, trustworthy, actionable information!

Machine learning
algorithms

Personalized risk scores
Personalized treatment recommendations
Data-driven hypotheses

Trustworthy - A Clinical
recommendations inica
é

g practice
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Integrated Clinical Decision Ecosystem using ML

1 An integrated clinical decision support ecosystem using machine learning to provide patient-level
recommendations and support

Integrated care: Time
Prevention Diagnosis Survival prediction Risk
Screening ! CPG3+
' Censored

(Early) Diagnosis — ! Active Surveillance - data collected
Treatment “' : oy

Monitoring - - “ .'i ” ‘ ‘E X

Multiple venues/areas:

\ / Endpoint

— In-patient/out-patient Baseline covariates History of pathways Prediction R
- Athome Initial PSA, Biopsy, Follow-up PSA, Biopsy, and dia -
i MRI MRI
Many stakeholders in every measurements
measurements
stage of care
infe and demographic
— Clinicians, nurses
features

— Healthcare planners
— Patients!




Time-series in Healthcare: Multi-faceted Problem




Time-series In Healthcare: Multi-faceted Problem

1) Dynamic forecasting

2) Time-to-event and survival analysis
3) Clustering and phenotyping

4) Screening and monitoring

5) Early diagnosis

6) Treatment effects

7) AutoML

8) Interpretability

9) Uncertainty estimation

10) Missing data and informatively missing data
11) Synthetic data generation

- Reproducibility and visualization

Part 1: tailoring development of
time series models to healthcare
challenges

Part 2: making time series models
as useful as possible



Healthcare Time Series Data - Unique Challenges

Multiple streams of measurements

Measurements are sparse, irregularly and informatively sampled

Multiple outcomes of interest (various events of interest, various morbidities)
True clinical states are unobserved (e.g., onset of diseases)
Many possible patterns (heterogeneous phenotypes, comorbidities)
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Healthcare Time Series Data - Unique Challenges

e Build disease progression models

» Understand and model carefully the available data!
e Learn the model parameters from available EHR data (Training time)
e Issue dynamic forecasts for the patient at hand (Test time/Run-time)
e Unravel new understanding of disease progression

» Population

» Sub-groups of patients

» Personalized

Input data ( Disease progression ) Dynamic
(time-series) model " forecasts
M_J

Observational EHR data +
clinical knowledge



Healthcare Time Series Data - Unique Challenges

d Motivation: How should we group patients?

Example of 3 patients diagnosed with breast cancer (BC)
Should we group patients based on similarity in the time-series observations?
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conventional notion of clustering Autoencoder-based approaches
. . . ) = N. S. Madiraju et al., 2018
Key idea: similarity in time-series observations * Q.Maetal., 2019

(e.g. dynamic time warping, auto-encoders)



Healthcare Time Series Data - Unique Challenges

(d How can we detect disease early?

Early diagnosis is more than just event prediction/forecasting
- It involves unravelling and dissecting the underlying[states of disease
progression towards the event of interest

Patient’s progression
through hidden states

Healthy Emerging pre- Pathology Disease
malignant conditions present progresses

Clinical observations

Genetic Early signs MNon-specific Specific
"offset” etc. and indicators symptoms symptoms

Window for risk- Window for detection Window for early-stage ) )
e . . . - Late-stage diagnosis based
based mitigationor based on early signs and diagnosis based on non-specific -
. - , on specific symptoms
prevention indicators signs or symptoms

A quantitative understanding of disease progression is needed!




Healthcare Time Series Data - Unique Challenges

1 Individualized treatment effects over time

Breast cancer
patient

Diagnosis (baseline)
information

Electronic Health

Longitudinal patient features: Records

* Labtest

* Treatments administered Decide best future treatment plan

* Symptoms

* Hospital visits " .
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Healthcare Time Series Data - Unique Challenges

1 Individualized treatment effects over time

Tumor volume

[ How to treat?

® Chemotherapy

Counterfactual

3
Patient history .
i outcomes

L
®

Best
outcome

QY

Past Predictions

Current
time

(a) Decide treatment plan J

[ When to give treatment?
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(b) Decide optimal time of treatment J

® Radiotherapy

Tumor volume

[ When to stop treatment?
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(c) Decide when to stop treatment J




Healthcare Time Series Data - Unique Challenges

(d Healthcare data: not easy to access

Strict regulations for data access
...the result of perfectly valid concerns regarding privacy

Data holders
(e.g., hospitals)

Impossible to share directly

COMPLIANGCE

Private data ML GOty

Strong Regulation

Lack of high-quality healthcare data: impedes ML research in healthcare!



Healthcare Time Series Data - Unique Challenges

1 De-identified data vs synthetic data

De-identified/anonymized data: real Synthetic data: data created from scratch,
data with all personal identifiers cannot be synced back to any individual
removed/data fields scrambled (if modeled properly)

v

Requires ML/statistical modelling!

Generating synthetic data to be used for
machine learning modeling
is itself a machine learning problem!

ICML 2021
Tutorial



Healthcare Time Series Data - Unique Challenges

(d Time-series generation

Objective: To generate time-series data with preserving temporal
dynamics

Key Example: Synthetic time-series healthcare data generation

Challenges: Capture the distributions of features within each time
point as well as complex dynamics of those variables across time
points



Conclusion

(0 NEW FRONTIERS: HEALTHCARE PROBLEMS (AND MODELS) ARE INTERCONNECTED

Dynamic
forecasting

Survival
analysis

Clustering &
phenotyping

Treatment
effects

Screening &
monitoring

Early
diagnosis




Conclusion

(0 NEW FRONTIERS: HEALTHCARE PROBLEMS (AND MODELS) ARE INTERCONNECTED

Individual

At scale

Patient-oriented

Profession-oriented

Bespoke medicine

* Risk scores

* Competing risks

* Screening and monitoring
* Diagnostic support

* Longitudinal disease trajectories

= Treatment effects

Empowering healthcare
professionals

* Personalised ML assistants to

support clinicians

* Interpretable, explainable,

trustworthy

*  Multi-disciplinary clinical

contributions

Population health and public
health policy

+ Discover & disentangle public risks and
risk factors

* Population risk assessment =
personalized risk

* Data-driven guidelines, protocols,
standards

* Cross-country learning and interventions

Systems, pathways and
processes

Improving healthcare pathways
Integrating and curating data sources
Integrating a multitude of analytics
into delivery systems
Cooperation, interaction and
learning

Catalyze
a revolution
in healthcare
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Introduction

v -data Date Country/Region Confirmed Deaths Recovered Active New cases New deaths New recovered WHO Region

. country_wise_latest.csv 2020-01-22 Afghanistan 0 Eastern Mediterranean

. 2020-01-22 Albania 0 Europe
. covid_19_clean_complete.c...
2020-01-22 Algeria 0 Africa

B day wise.csv 2020-01-22 Andorra Europe

. full_grouped.csv 2020-01-22 Angola Africa
2020-01-22 Antigua and Barbuda Americas

B usa_county_wise.csv

2020-01-22 Argentina Americas
B worldometer_data.csv 2020-01-22 Armenia Europe
2020-01-22 Australia Western Pacific

2020-01-22 Austria Europe

- Date: the date of record
- Country/Region: the country/region of record
- WHO region: which the WHO region that record located in



Date
2020-01-22
2020-01-22
2020-01-22
2020-01-22
2020-01-22
2020-01-22
2020-01-22
2020-01-22
2020-01-22
2020-01-22

Country/Region Confirmed Deaths Recovered Active New cases New deaths New recovered

Afghanistan
Albania
Algeria
Andorra

Angola

Antigua and Barbuda

Argentina
Armenia
Australia

Austria

Introduction

0
0
0

- Confirmed: how many covid-diagnosed cases in total
- Deaths: number of deaths in the confirmed cases

- Recovered: number of recovered people in the confirmed cases

WHO Region
0 Eastern Mediterranean
0 Europe
Africa

Europe

Africa
Americas
Americas
Europe
Western Pacific

Europe

- Active: number of people who still positive with covid in the confirmed cases

=> Comfirmed = Deaths + Recovered + Active



Date
2020-01-22
2020-01-22
2020-01-22
2020-01-22
2020-01-22
2020-01-22
2020-01-22
2020-01-22
2020-01-22
2020-01-22

Country/Region Confirmed Deaths Recovered Active New cases New deaths New recovered

Afghanistan
Albania
Algeria
Andorra

Angola

Antigua and Barbuda

Argentina
Armenia
Australia

Austria

Introduction

0
0
0

- New cases: how many new covid-diagnosed cases
- New deaths: number of new deaths in the confirmed cases
- New recovered: number of new recovered people in the confirmed cases

= New cases = Confirmed(t) — Confirmed(t — 1)
New deaths = Deaths(t) — Deaths(t — 1)
New recovered = Recovered(t) — Recovered(t — 1)

WHO Region
0 Eastern Mediterranean
0 Europe
Africa

Europe

Africa
Americas
Americas
Europe
Western Pacific

Europe



Introduction

Date Country/Region Confirmed Deaths Recovered Active New cases New deaths New recovered WHO Region

2020-01-22 Afghanistan Eastern Mediterranean

2020-01-22 Albania Europe

2020-01-22 Algeria Africa

2020-01-22 Andorra Europe

2020-01-22 Angola Africa

2020-01-22 Antigua and Barbuda Americas

2020-01-22 Argentina Americas

2020-01-22 Armenia Europe

2020-01-22 Australia Western Pacific

0
0
0
0
0
0
0
0
0
0

o O O o O o o o o o

2020-01-22 Austria Europe

- Number of records: 35156 samples
- Number of country/regions: 187 samples
- Date: 22/01/2020 — 27/07/2020



Introduction

Date Country/Region Confirmed Deaths Recovered Active New cases New deaths New recovered WHO Region

2020-01-22 us 1 0 0 0 Americas
2020-01-23 us 1 0 0 Americas
2020-01-24 us 2 1 0 Americas
2020-01-25 us Americas

2020-01-26 us Americas

34394 2020-07-23 4038816 144430 1233269 2661117 Americas
34581 2020-07-24 4112531 145560 1261624 2705347 Americas
34768 2020-07-25 4178970 146465 1279414 2753091 Americas
34955 2020-07-26 4233923 146935 1297863 2789125 Americas
35142 2020-07-27 4290259 148011 1325804 2816444 Americas

188 rows x 10 columns

- Number of records: 188 samples
- Date: 22/01/2020 — 27/07/2020



Introduction

2020-07-27 A

Date

2020-01-22 A

0 20000 40000 60000 80000 100000 120000 140000
Num of Deaths

- Number of records: 188 samples
- Date: 22/01/2020 — 27/07/2020



Preprocessing

- Convert tabular into the dataset including n continuous records and the
output as the n + 1 record

Datal [TimeStamp1| KPl; | KFi; - KPln | Labelt ~:> create sequences(data, seq length):
Window1 i =
Data2 [TimeStamp2| KPl; | KPI - KPl, | Labei2 Véll?(ﬂﬁw o, ¥ = [s 1]
Window?2 ":> g for i in range(len(data) - seq_length):
~L i KPl, | kP KP rs s o
Windours Data3 TimeStamp3 : - i X.append(data[i:i+seq_length])
indow ol :
T~ | Datat [Timestamps| KPI, | KPL - KPl, | Labels y.append(data[i+seq length])
return np.array(X), np.arra
Data5 [TimeStamps| KPI, KPl, KPI, | Labels I NP y(X), np y(y)
Data6 |TimeStampf| KPIs KPI KPl, | Labels seq length = 7

X, y = create sequences(data, seq length)




Preprocessing

- Split dataset into train set and test set

X train, X test, y train, y test = train test split(X, y, test size=6.3, random state=42, shuffle=
X train.shape, y train.shape, X test.shape, y test.shape

3¥ ((126, 7), (126,), (55, 7), (55,))




Training

- Initialize the model
- Fit the train set into the model

[ ]

model = LinearRegression()

model.fit(X train, y train)




Testing

- Predict the test set and evaluate using metrics

Actual vs Predicted Values

150000
y_test pred = model.predict(X test) = Adtal
- — - — Ppredicted
test mse = mean_squared error(y_test, y test pred) 145000 =2
test mae = mean_absolute error(y test, y test pred)
test r2 = r2 score(y test, y test pred) 140000 4
print(f Test
print(f Test : 135000 -
print(f'Test j

«» 130000 A
3
. R : o ]

print(fP tions: 3 } 125000
print( I

120000 -
Test MSE: 246064.28028447783
Test MAE: 322.5146545441239 m—
Test R2: ©.998844125890038
Predictions: [108110.90112369 109066.31267272 110069.76535847 110766.74237685 110000
111295.19854884 111761.67833179 112317.87923343 113629.67265811
114338.91604917 115220.36176308] y y " v Y .

0 10 20 30 40 50

Actual values: [108159 109168 110138 110818 111269 111774 112714 113631 114512 115334] Saimpils
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Introduction

Pregnancies Glucose BloodPressure SkinThickness Insulin BMI DiabetesPedigreeFunction Age Outcome

6 148 72 35 0 336 0.627 50
1 85 66 29 0 266 0351 3
64 0 0 233 0672 32
66 23 94 281 0.167 21
40 35 43.1 2288 33
74 0 256 0.201 30
50 32 31.0 0.248 26
0 0 0134 29
70 0.158

96 i 0.232

v [ data - Pregnancies: To express the Number of pregnancies
B ciabetes.csv - Glucose: To express the Glucose level in blood

- BloodPressure: To express the Blood pressure measurement




Introduction

Pregnancies Glucose BloodPressure SkinThickness Insulin BMI DiabetesPedigreeFunction Age Outcome

6 148 72 35 0 336 0.627 50
1 85 66 29 0 266 0351 3
8 64 0 0 233 0.672 32
66 23 94 28.1 0.167 21
40 35 43.1 2288 33
74 0 256 0.201 30
50 32 31.0 0248 26
0 0 0.134 29

70 45 0.158

96 0 ! 0.232

- SkinThickness: To express the thickness of the skin
- Insulin: To express the Insulin level in blood
- BMI: To express the Body mass index



Introduction

Pregnancies Glucose BloodPressure SkinThickness Insulin BMI DiabetesPedigreeFunction Age Outcome

6 148 72 35 0 336 0.627 50
1 85 66 29 0 266 0351 3
8 64 0 0 233 0.672 32
66 23 94 28.1 0.167 21
40 35 43.1 2288 33
74 0 256 0.201 30
50 32 31.0 0248 26
0 0 0.134 29

70 45 0.158

96 0 ! 0.232

- DiabetesPedigreeFunction: To express the Diabetes percentage
- Age: To express the age
- Outcome: To express the final result 1 is Yes and 0 is No



Introduction

display normal barchart(dataframe, col name):

sns.countplot(x=dataframe[col name], palette="viridis')
plt.show(block= )

400 A

300 A

count

200 A

100 A

Outcome:

- 0: 500 samples
1: 268 samples

Outcome



Function

display barchart byRatio(dataframe, col name, split=18):

df = dataframe[col name]
min _value = df.min()
max_value = df.max()

bins = np.linspace(min value, max value, split + 1)
labels = [f"{int(bins[i])}-{int(bins[i+1])} " for i in range(len(bins)-1)]

df[ "Segment’] = pd.cut(df, bins=bins, labels=labels, include lowest=

segment counts = df[ 'Segment'].value counts().sort index()

plt.figure(figsize=(18, 6))
plt.bar(segment counts.index, segment counts.values, width=0.8, color='skyblue', edgecolor="black")




Function

.figure(figsize=(10, 6))
.bar(segment counts.index, segment counts.values, width=0.8, color="skyblue', edgecolor="black")

.xlabel(col name)
.ylabel (' Frequency'’
.title(f 'Distribution of {col name} into Segments®)

.xticks(rotation=45)

.grid(axis="y", linestyle="--', alpha=0.7)

.show(block=



Introduction

Distribution of Glucose into Segments

200 -

175 A

25 A

Glucose



Checking values

Pregnancies Glucose BloodPressure SkinThickness Insulin BMI DiabetesPedigreeFunction Age Outcome

6 148 72 35 33.6 0627 50
1 85 66 29 26.6 0.351 31
64 0 23.3 0672 32
66 23 28.1 0.167 21
40 35 43.1 2288 33
74 0 25.6 0.201 30
50 32 31.0 0248 26
0 0 0134 29
70 0.158

0.232




Checking values

zero_columns = [col for col in df.columns if (df[col].min() == @ and col not in
col in zero columns:
df[col] = np.where(df[col] == @, np.nan, df[col])

df.isnull().sum()

Pregnancies [ 1 df.isnull().sum()

Glucose

Pregnancies

BloodPressure .
Glucose

SkinThickness
BloodPressure

Insulin SkinThickness

BMI Insulin

DiabetesPedigreeFunction .

DiabetesPedigreeFunction
Age
Age

Outcome
QOutcome

dtype: int64 dtype: int64




Checking values

till na with median(dataframe):
dataframe = dataframe.apply( x: x.fillna(x.median()) if x.dtype not in ["category '‘object” rool™] else x, axis=8)
return dataframe

df = fill na with median(df)

© df.head(10)

Pregnancies Glucose BloodPressure SkinThickness Insulin BMI DiabetesPedigreeFunction Age Outcome

6 148.0 72.0 35.0 125.0 33.6 0.627 50

1 85.0 66.0 29.0 125.0 26.6 0.351 31

183.0 64.0 29.0 125.0 233 0672 32

89.0 23.0 94.0 28.1 0.167 21

137.0 35.0 168.0 43.1 2288 33

116.0 29.0 125.0 256 0.201 30

78.0 32.0 88.0 31.0 0.248 26

115.0 1 29.0 1256.0 35.3 0.134 29

197.0 45.0 543.0 305 0.158 53

125.0 29.0 125.0 323 0.232 54




Preprocessing

- Convert data into the attributes(X) and labels(Y - Outcome)
- Split dataset into train set and test set

[ ] target = "Outcome”
X = df.drop(target, axis=1)
y = df[target]

X train, X test, y train, y test = train test split(X, y, test size=0.3, random state=42)




Training

- Initialize the model
- Fit the train set into the model

o rf model = RandomForestClassifier(random state=42)
rf model.fit(X train, y train)

v RandomForestClassifier

RandomForestClassifier(random state=42)




Testing

- Predict the test set and evaluate using metrics

acc_train = accuracy score(y train, rf model.predict(X train))
acc_test = accuracy score(y test, rf model.predict(X test))

print(20*"#", "Accuracy & Results”, 20*"#")
print("Accuracy Train : " " % acc_train)
ccuracy Test : ", "%.3f" % acc_test)

HHHHHHHHHHHEHHHAHEE Accuracy & Results $HHHHHBHEHHHHHHHHHEH
Accuracy Train : 1.000
Accuracy Test : ©.753




Testing

[ ] feature_ imp = pd.DataFrame({'value® : rf_model.feature_ importances , 'Feature’': X.columns})
plt.tigure(figsize=(7,7))

set(font_scale=1)
sns.barplot(x="value’
plt.title( ' Feature
plt.tight layout()
plt.show()

re', data=feature_imp.sort_values(by="value', ascending=

Glucose
BMI

Age

- Visualize the weights of
attributes of model

DiabetesPedigreeFunction

Feature

BloodPressure

Pregnancies

SkinThickness

Insulin

0.00 0.05 0.10 0.15 0.20 0.25
Value



Questions
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