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Figure: Example of continuous glucose monitor (CGM) data [2].




Setup and notation

Having observed data, y;(¢) for t < T, for patient ¢, we would like to predict:
@ (Forecasting) Future trajectory, y;(t) for t € [T, T + L],
© (Probabilistic forecasting) Distribution of future trajectory p;.
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Methodology

Simulation

Data generation: consider a toy example, where the data is generated
following:

y ~N(p, %)
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Methodology

Simulation

Data generation: consider a toy example, where the data is generated
following:
y ~N(p, %)
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Methodology

Approach

We change model loss by conditioning on latent variables z:

yt:t+l|y1:t7z NN(ﬂaé—z-[l) (ﬂaéj) = f@(yl:t|z) Z~ Pz
We optimize model parameters 6 to minimize negative log-likelihood:
0* = arg min (log/p(yt:H—Iy1:t7Z)P(Z)dz> 4
During training, we approximate the integral using Monte Carlo, which amount
to several stochastic passes through the network.

During inference, we form the predictive distribution as a finite mixture using the
stochastic passes:

I rn . A
P(Yet1ly1a) = P ZN(M,U?II) (i, 67) = fo(yr:e|zi) Zi ™~ Pz-
1
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Methodology

CGM Data
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Methodology

Model

ARIMA [4] | 985/17.65 891/19.86 1994 /1453 851 /2217 | -14.93
RF:Rec [5] | 9.04/17.15 897 /2036 18.84/12.43 868 /2341 | -1458
RF:MO [5] | 10.22/18.27 861 /19.90 21.64/17.36 7.99 /2158 | -15.34
PolySeqMO [2] | 8.55 / 15.68 8.7 / 18.81 22.86 /21.87 6.77 / 18.30 | -15.61

Full Event Hypo Hyper ‘ Likelihood

RNN [1] 8.17 /1567 820/10.37 1872/1626 699 /19.22 | -13.50
TFT [3] 7.80 /1578 803 /1823 1623 /1462 6.87 /18.98 =
(Our) 7.78 /15.40 7.89 /17.85 15.75/14.03 7.08/1958 | -2.67

Table: APE/RMSE for 60-minute prediction window (Full), hypoglycemia,
hyperglycemia, and event (hypo-or hyperglycemia), and model log-likelihood on test
data.
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