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Pancreatic Surgery

Pancreatic cancer is one of the most 
dangerous diseases:
• Low 5-year survival rate [American Cancer 

Society’s Cancer Facts and Figures 2022]
• The only cure is the surgery

High rate of readmission and 
severe complications after the 
pancreatic surgery (40% - 60%) 
[Lubrano et al., 2018] 

“complications”: 
composite outcomes of 
readmission or severe 
complications
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Surgical Outcome Prediction
Goal: reliable prediction of the post-
operative complications
• Decision support: suitability for surgery
• Intervention: pre-habilitation
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ACS-NSQIP
• Rule-based model used in 

practice leverages static 
clinical features (ACS-
NSQIP)
• Predictive performance is 

not accurate 
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Static Clinical Features
• Demographics

• e.g. age, gender, ethnicity, race
• Comorbidity information 

• e.g. liver disease, chronic kidney disease
• Clinical presentations 

• e.g. Glucose, sepsis, albumin Static Clinical Features
 From Medical Records 
Measured in Hospital
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Clinical Prediction with Wearables

Static Clinical Features
 From Medical Records Machine Learning

Post-operative 
Complications

(binary classification)

Time Series 
Wearable Data
(1 month before 

surgery)
 From Fitbit

Long-term, non-obtrusive monitoring
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Data Collection Pipeline

Fitbit Smartphone Fitbit Cloud MongoDB
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Fitbit API



8

Challenges

Step and heart rate Sleep stages

• A small study cohort (61 patients)
• Fine-grained time series wearable data 

at minute granularity
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Challenges
• A small study cohort (61 patients)
• Fine-grained time series wearable data 

at minute granularity
• Noisy and incomplete wearable data

Visualization of the missingness of heart rate for each patient
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Previous Methods
• A small study cohort
• Fine-grained time series wearable 

data
• Noisy and incomplete wearable 

data

• Lose temporal information 
• May introduce extra bias 
• Not good enough to describe the 

time series data

à “Simple” machine learning models
à Simple statistics of daily features  [Bae et al., 
2016, Low et al., 2019, Xu et al., 2019]

à  Imputation [Li et al., 2020] 

Simple daily features robust to missing data 
[Wang et al., 2018]
Biorhythm features [Doryab et al., 2019] 
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Feature Engineering Pipeline

Wearable Time 
Series Data

Step Count

Heart Rate

Sleep Stage D: Number of Daily Features
N: Number of Days

D

N

Static Clinical 
Features

+

Inputs to 
predictive m

odel
I. Daily Feature Extraction II. High-level Feature Extraction
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Missing Wearable Data
• Step count: always have values because the Fitbit device records 

steps as long as it is turned on
• Heart rate: may be complete, partially missing, or completely 

missing
• Impute short missing segments

• Sleep stage: can be complete or completely missing for one night
• No imputation for missing data

• Not wearing the device
• No heart rate
• Zero step values 
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Time Series Data Imputation
• Imputation threshold: Impute short missing HR segments when 

the segment length <= imputation threshold (via k-nearest 
neighbors algorithm)
• Extraction threshold: Daily features are extracted when the daily 

yield >= extraction threshold



𝐷𝑎𝑖𝑙𝑦	𝑎𝑐𝑡𝑖𝑣𝑒	𝑡𝑖𝑚𝑒

Duration of wearing the device
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I. Daily Feature Extraction
• Semantic features

• Active/sedentary information, e.g.,
sedentary bout counts

• Sleep status information, e.g., time of sleep,

• Statistical features
• First-order features, e.g., skewness
• Second-order features, e.g., inertia

• Detrended fluctuation analysis features
• Capture local fluctuation

Different missing rate?

Standardization is used to 
accommodate missing data

𝐷𝑎𝑖𝑙𝑦	𝑎𝑐𝑡𝑖𝑣𝑒	𝑡𝑖𝑚𝑒
#	𝑜𝑓	𝑐𝑜𝑚𝑝𝑙𝑒𝑡𝑒	𝑑𝑎𝑡𝑎	𝑠𝑎𝑚𝑝𝑙𝑒𝑠
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II. Denoise with SSA

Singular spectrum analysis (SSA)
• Denoises time series of daily features
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II. Denoise with SSA

Singular spectrum analysis (SSA)
• Denoises time series of daily features
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• Is robust to missing data

• mean
• standard 
     deviation
• slope
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Clinical Study

Label Number
“1” (Complications) 25

“0” (Without Complications) 36

Clinical study: 61 patients undergoing pancreatic surgery

Wearable Time 
Series Data

Static Clinical Features



• Machine learning models outperform standard 
surgical risk scores
• x2 AUPRC
• x3 sensitivity at the same specificity

• Wearable data + clinical characteristics à best 
predictive performance 

Different Data Source 
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• NSQIP: American College of Surgeons National Surgical Quality Improvement Program
• AUROC: Area Under the Receiver Operating Characteristic Curve
• AUPRC: Area Under the Precision-Recall Curve



Feature Importance
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Top 30 Important Features 

Patients without complications:
• The heart rate can rebound 

more rapidly following a 
significant change
• Sleep status is more stable
• More active



Evaluation: Pre-operative Duration
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Predictive Performance with the Same Pre-operative Duration 



Comparison to Baselines
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• Biorhythm features: cosinor analysis to describe the biorhythm
• Min, Max, Mean of daily features: forward imputation + statistics of daily features

Better at handling missing and noisy time 
series data

Predictive Performance with Different Feature Extraction Methods on Wearable Data 



Handling Missing and Noisy Data
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• Impact of standardization when generating daily features (for raw time series data)

Handle missing data

• Influence of SSA to denoise daily features (for daily features)

Handle noisy and 
missing data



• Two-level feature engineering approach for wearable data 
• Explore its feasibility in a clinical study with 61 patients (AUROC =

0.8802)
• Combine wearable data and clinical characteristics
• Extract expressive high-level features from noisy and incomplete 

wearable data

Conclusion

23
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