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Multivariate Time Series(MTS)

* Multivariate time series has more than one-time dependent variable.

 The variables depend not only on their past values but also have some

dependency on other variables.

Fig 1. Example of multivatiate time series (MTYS), (a)
example plot of MTS, (b) example table for MTS

9 —-dim. Time Series

Date

Humidity Temperature Wind_dir Wind_speed Sample_Measurement

2013-09-12 00:00:00
2013-09-12 01:00:00
2013-09-12 02:00:00
2013-09-12 03:00:00
2013-09-12 04:00:00

1 51 101 151 201 251
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Data
* GODARTS longitudinal Bioresource !

 Hdl, non hdl, BMI and HBA1c

 Population on diet

1. Harry L Hébert, Bridget Shepherd, Keith Milburn, Abirami Veluchamy, Weihua Meng, Fiona Carr, Louise A Donnelly, Roger Tavendale, Graham Leese, Helen M Colhoun, Ellie Dow, Andrew D
Morris, Alexander S Doney, Chim C Lang, Ewan R Pearson, Blair H Smith, Colin N A Palmer, Cohort Profile: Genetics of Diabetes Audit and Research in Tayside Scotland (GoDARTS), International
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Data Pre-processing

« Unevenly spaced data
 Spline interpolation
* Requirement of equal number of time steps

Subset of patients
with more than 6
measurements from
each variable
selected and subsets
generated

Subsets of Patients Subset generated

HbAlc, Lipids, BMI

based on diet block based on dates 1n the

- mput variables . S
generated drug block csv
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Spline interpolation
of data

Subset of patients
with evenly spaced
measurements
acquired.
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Experiment 1
Multivariate Forecasting
(Synthetic Data)



ERSI7
K\ F,

g 2
DUNDEE Data

v

* Experiment 1
« Dataset 1 -SML2010 Data Set
40 days' worth data
The data has been sampled every minute
Target variable: Temperature
Features: 18

Dataset 2

Synthetic data generated based on real data
Target variable: Hdl

Features selected: HbAlc, Hdl, Chol

 Data is randomly divided into training 90% and testing 10%
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GRU Training (SML2010 data)

* Deep learning framework: Keras (TF backend)
e Number of training epochs: 400
» Optimizer: Adam (learning rate=0.001)
e Loss: Mean Squared Error
« Metrics: Mean absolute error, Root mean square error
* Training strategies:
— Model with best validation performance is saved
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Results
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GRU Training (Synthetic data)

DU

* Deep learning framework: Keras (TF backend)
e Number of training epochs: 150
* Optimizer: Adam (learning rate=0.0001)
e Loss: Mean Squared Error
« Metrics: Mean absolute error, Root mean square error
* Training strategies:
— Model with best validation performance is saved
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* EXperiment 2

* We select 3-year period for each patient with 36 measurements
placed 1 month apart.

* Number of patients: 1200
* Target variable: HbAlc
 Other variables: Hdl, non-Hdl, BMI

» Data Is randomly divided into training 90% and testing 10%

Glucose Prediction. IEEE Journal of Biomedical and Health Informatics, 24(2), 603-613.

U)P q Li, K., Daniels, J., Liu, C., Herrero, P., & Georgiou, P. (2020). Convolutional Recurrent Neural Networks for
EE https://doi.org/10.1109/JBH1.2019.2908488
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Experiment 3
ARIMA
(Univariate Forecasting)
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« Experiment 3
* Air passenger’s dataset
* Test to check data stationarity
 Synthetic dataset — In progress (Individual patient forecasting)
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AirPassengers dataset
ADF Statistic: -2.717
p-value: 0.071
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» 500 patients
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Current and Future work

* Article — “Predicting parameter progression in a dieting diabetic
population using Recurrent Neural Networks” — In progress

* ARIMA univariate forecasting implementation on GoDARTS
* Implementation of Many-Many forecasting on GoDARTS
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