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Logistics

Late days: 5 late days for the whole quarter - can use it whenever.
After you use up the late days - You will incur a penalty on the grade.

Mini-Project 1: Will be based on wearable device and data
collected and analyzed from the device. Exact description of
mini-project will be released early this week.

Anything else?
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Last Lecture

Random Forests

Wearable Devices Overview

Introduction to Anomaly and Change Point Detection
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Today

Anomaly and Change Point Detection

Case Study: Arrhythmia Data
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New Topic: Wearable Devices
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Power of Wearables
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Case Study: Wearable Devices
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Case Study: Wearable Devices
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Anomaly Detection: Arrythmia

(Univ. of Washington, Seattle) EEP 596: AI and Health Care k Lecture 5 Apr 11, 2022 9 / 37



Broad list of methods

Categorization

O✏ine anomaly detection

Real-time anomaly detection

Categorization

Time-series data anomaly detection

Regular anomaly detection
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Anomaly Detection Baselines

Baseline Algorithm

Classify a data point as an anomaly if your data point is ↵ standard
deviations (�) away from the mean. Here ↵ is typically greater than 3.
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Anomaly Detection Baselines

Temperature Example

The mean human body temperature is 98.4 F. Assume now that the
thermometer is accurate but normal body temperature fluctuations are
expected to be within 0.5 degrees F, then there is cause for concern if
temperature deviates beyond 98.4± 1.5 for ↵ = 3.
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Anomaly Detection Baselines

Temperature Example

↵ Outcome
1 2 Lots of false positives and un-necessary trips to urgent care
2 6 Almost no false positives. Might miss early signs of a flu
3 4 Fewer false positives. Get to urgent care at the right time!
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Anomaly Detection Baselines

Faulty thermometer

Assume you only have a faulty thermometer to measure your body
temperature. Sometimes its accurate and sometimes it is not. You get to
know that its reading can fluctate up to 3 degrees over or below the true
temperature. You measure your temperature and its 102 degrees F. Should
you head to the urgent care?

False positives vs False Negatives

Anomaly Detection methods get caught between controlling false positives
and not missing True positives (i.e. having false negatives). Would you
rather flag a social media post as inappropriate and capture 95% of
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Anomaly Detection for Wearables Framework
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Imputation Methods for wearable analytics
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Imputation Methods: Mean Imputation

Mean Imputation

Replace missing value at a (row,col) index in a data table by the mean of
the column values that the index belongs to.
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ICE #1

Median Imputation

Consider the following data table
x1 x2 x3 x4 x5 x6
1 2 3 1 4 5
1 5 5 4 2 3
1 2 5 3 1 2
2 3 4 3

What would median imputation output for the missing values in row 4?
a 3 5

b 5 3
c 5 5

d 3 3
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Imputation Methods: Hot Deck Imputation

Hot Deck Imputation

For any given row that needs imputation, find a donor row that can help
with imputation. Donor rows can be chosen based on the nearest distance
to the row that needs imputation. The nearest distance is computed on
the values that are available in both the donor row and the row needing
imputation.
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ICE #2

Hot Deck Imputation

Consider the following data table
x1 x2 x3 x4 x5 x6
1 2 3 1 4 5
1 5 5 4 2 3
1 2 5 3 1 2
2 3 4 3

Find the donor row index for the row with missing values based on `1
distance.

a Row 1

b Row 2
c Row 3

d None of the above
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Non-negative Matrix Factorization
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NMF vs SVD

Why not SVD?

Why not use SVD for data imputations?
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Non-negative Matrix Factorization
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Non-negative Matrix Factorization
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Anomaly Detection for Wearables Framework
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Anomaly Detection: Types of Anomalies

1 Point Anomaly: Deviation from a set of data points.

2 Contextual Anomaly: Depending on the context, a data point
could be an anomaly or not. For instance 35 degrees is not an
anomalous temperature for Seattle winter but it is for Seattle summer.
Same is true for anomalies in a time-series data e.g. if a person has
an average o2 level of 90. Both 100 and 80 look like anomalies, but
only lower o2 is a cause for concer! (Directional anomalies).

(Univ. of Washington, Seattle) EEP 596: AI and Health Care k Lecture 5 Apr 11, 2022 27 / 37



Anomaly Detection: Types of Anomalies

1 Point Anomaly: Deviation from a set of data points.

2 Contextual Anomaly: Depending on the context, a data point
could be an anomaly or not. For instance 35 degrees is not an
anomalous temperature for Seattle winter but it is for Seattle summer.
Same is true for anomalies in a time-series data e.g. if a person has
an average o2 level of 90. Both 100 and 80 look like anomalies, but
only lower o2 is a cause for concer! (Directional anomalies).

(Univ. of Washington, Seattle) EEP 596: AI and Health Care k Lecture 5 Apr 11, 2022 27 / 37



Tyeps of Anomalies

3 Collective Anomalies: No one data point is anomalous but a
collection of them become anomalous. E.g. the Arrhythmia time
series.
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ICE #3

Anomaly Type

You are tasked with detecting if spo2 is trending downwards. So far its
been trending downwards. You need to identify the trend by end of day.
This is an example of:

a Point anomaly detection

b Contextual anomaly detection
c Collective anomaly detection

d Not an anomaly detection problem
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ICE #4

Anomaly Type

You are tasked with identify which genes are the mutant ones in
gene-expression data of patients that are both healthy and have cancer.
Identifying these mutant genes is an example of:

a Point anomaly detection

b Contextual anomaly detection
c Collective anomaly detection

d Not an anomaly detection problem

(Univ. of Washington, Seattle) EEP 596: AI and Health Care k Lecture 5 Apr 11, 2022 30 / 37



Time-series Anomaly Detection

Local window anomalies

Fit a linear model that captures local trends and compute a probability for
a new data point being an anomaly w.r.t local model.
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Time-series Anomaly Detection

Un-supervised Learning

If we don’t have enough labels for anomalies (or positive class), we have
no choice but to resort to un-supervised learning.

Un-supervised Learning

However, un-supervised learning for anomaly detection is fraught with
issues. What are they?
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Time-series Anomaly Detection

Semi-supervised Learning

Learn good features from un-supervised learning and use a simple classifier
- such as logistic regression model to fine tune the probability
computations! Example features: Deviation from a local linear
regression model fit on a local window. Deviation from median of a local
window.
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Time-series Anomaly Detection

ICE #5

What are the hyper-parameters for the semi-supervised logistic regression
based anomaly detection approach we just described?

a The weights for the di↵erent features learned from un-supervised
learning that are then combined to get a probability prediction from
logistic regression

b The number of (unsupervised learning) features used in the logistic
regression

c The size of the local window used to compute these features

d The probability of a data point being an anomaly
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Deep Learning for Anomaly Detection

Next Lecture

Deep Learning based methods for EEG analysis, Arrythmia and detection
of other conditions.
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Your choice of Wearable - Personalized Analytics

Mid-Term Presentation

Pick a wearable from the market that does tracking of HR, glucose or
BP. Ensure you can get end of day csv files or equivalent data from
wearable

Do change point detection and anomaly detection on your own data

Some frequency domain analysis as well and record your insights

Present in teams of 2 maybe end of April. How does that sound?
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References for this lecture

1 Anomaly Detection Framework for Wearables Data: A Perspective
Review on Data Concepts, Data Analysis, Algorithms and Prospects

2 Healthcare and Anomaly Detection: Using Machine Learning to
predict Anomalies in Heart Rate Data

3 Review of Hot Deck Imputation
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https://addison.care/wp-content/uploads/2020/04/Healthcare-and-Anomaly-Detection-Electronic-Caregiver-Addison.pdf
https://addison.care/wp-content/uploads/2020/04/Healthcare-and-Anomaly-Detection-Electronic-Caregiver-Addison.pdf
https://pubmed.ncbi.nlm.nih.gov/21743766/

