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Current Practices




Opportunities
* We already have smartphones

» 83% of millennials sleep with their phone
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How well a smartphone can sense sleep without
requiring changes in our behavior?

Task 1. Detect bedtime, waketime and duration

Task 2. Infer daily sleep quality

Task 3. Classify good or poor sleeper
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User Study

* Recruited good and poor sleepers
— Living in US, age > 18
— Pay $2 USD for each diary entry (a maximum $72)

» Collected sleep data for a month

30 participants signed up and 27 completed

— Total 795 sleep-diary entries
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User Study

Ground Truthing
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Evaluation

« Classifier
— Bayesian network (BN) with correlation-based feature selection

 Task 1. Detect bedtime, waketime and duration
» Task 2. Infer daily sleep quality

— Train the model individually (leave-one-day-out cross validation)

» Task 3. Classify good or poor sleeper
— Leave-one-person-out cross validation



Evaluation

Task 1: Sleep Detection
* Detect sleep windows - Detect sleep time

* 94.5% in classifying sleep/not-sleep windows



Evaluation

Task 2: Daily Sleep Quality Inference

* Detect sleep - Classify the quality of sleep

84.0% in classifying good/poor sleeps
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Evaluation

Task 3: Good/Poor Sleeper Classification

* Infer daily qualities = Classify the sleeper type

* 81.5% in classifying good/poor sleepers
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Discussion

How well a smartphone can sense sleep without
requiring changes in our behavior?

Task 1. Detect bedtime, waketime and duration
within 35, 31, and 49 minutes of errors, respectively

Task 2. Infer daily sleep quality with 84% accuracy

Task 3. Classify good or poor sleeper with 81% accuracy



Discussion

Top Five Features

Sleep detection

Sleep quality
inference

Time

Battery charging / not-charging
Min. movement

Std. sound amplitude

Q3 sound amplitude

Bedtime

Waketime

Sleep duration

Std. movement
Yesterday’s sleep quality



Discussion

Sleep Detection Errors
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Discussion

General vs. Individual Models

« Sleep detection: 93.06% vs. 94.52%

— Need 3 days of ground truthing to train an individual model

» Sleep quality inference: 77.23% vs. 83.97%

— Need 3 weeks of ground truthing to train an individual model
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Discussion

Limitations

* Subjective vs. objective sleep quality

— “How was your sleep last night? Rate it on a one to five scale
score” does not capture the full extent of a sleep session

* People tend to over / underestimate their sleep

« Small sample size of poor-quality sleep



* More info at cmuchimps.org
or email loomlike@cs.cmu.edu
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