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Abstract

Various researchers have attempted to use artificial
intelligence (Al) in the prediction of blood glucose
(BGL), whether by predicting glucose into the future
while the user is wearing a physical CGM device
(“Continuous Glucose Prediction”), or by predicting
glucose while the user is not wearing a physical CGM
device (“Virtual CGM”). Here, we demonstrate the
performance of January Al's method of BGL prediction,
which incorporates data from a CGM device, a heart
rate monitor, users’ logs of nutrients and activity, and
time of day. This method resulted in increased fidelity
of BGL prediction across both continuous glucose
prediction and virtual CGM, compared to standard
machine learning algorithms.

Introduction

Continuous glucose monitors (CGMs) are medical
devices that allow individuals to continuously track their
blood glucose levels in real-time. While CGM technology
is primarily used to manage diabetes, it can also be
useful for individuals without diabetes who are looking
to optimize their metabolic health and prevent the
development of chronic conditions such as prediabetes
and type 2 diabetes.

Maintaining healthy blood glucose levels is important
for overall metabolic health, as consistently high or low
blood glucose levels can have serious consequences.
High blood glucose levels, also known as hyperglycemia,
can lead to long-term complications such as nerve

damage, kidney damage, and an increased risk of
heart disease. On the other hand, low blood glucose
levels, or hypoglycemia, can cause symptoms such as
dizziness, confusion, and loss of consciousness, and
can be potentially life-threatening if left untreated. By
continuously monitoring their glucose levels, individuals
can identify potential issues and make necessary
changes to improve their metabolic health and reduce
their risk of developing chronic conditions.

In addition to its benefits for metabolic health, CGM can
also improve quality of life for individuals with diabetes.
For example, CGM allows individuals to make informed
decisions about their insulin doses and dietary choices
based on the current state of their glucose levels, which
can help to reduce the frequency of hyperglycemic and
hypoglycemic events. This can lead to better glycemic
control, which can in turn reduce the risk of long-term
complications associated with diabetes. Additionally,
CGM can provide individuals with diabetes with peace of
mind by giving them real-time insight into their glucose
levels, which can help to reduce the stress and anxiety
associated with managing this chronic condition.

Despite the many benefits of CGM, adoption of this
technology has been slow, particularly among certain
populations such as the elderly and those with limited
access to healthcare. One reason for this slow adoption
is the high cost of CGM systems, which can be a barrier
for individuals who do not have insurance coverage
or who have high deductible plans. In general, CGM
systems can be expensive, with costs ranging from
several hundred to several thousand dollars.

In addition to the cost, many individuals find CGM
systems to be uncomfortable. The CGM sensor is
typically worn under the skin. The sensor is inserted
using a needle and is left in place for several days at a
time before it needs to be replaced. Some individuals
may find the insertion and removal of the sensor to
be painful or uncomfortable, particularly if they have
sensitive skin or are afraid of needles. Additionally, the
sensor site may become irritated or inflamed, which can
cause discomfort or pain.

Thus, given the benefits of CGM, as well as the
hindrances to both accessing and using this technology,
many researchers have sought to eliminate the need
for a physical device by employing a predictive model.
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Georga et al established a predictive metabolic model
for patients with type 1 diabetes, using free-living
data on mobile devices. The Diabits app described by
Kriventsov also attempts to predict blood glucose levels
and display predicted values to users. Furthermore,
Martinsson utilized recurrent neural networks to predict
blood glucose values.

Literature has demonstrated that short-term glucose
prediction can be improved by adding meal content
information to CGM data. We hypothesized that the
incorporation of values from a heart rate monitor
(HRM), as well as information about users’ nutrition and
activity, would further increase the fidelity of short-
term glucose prediction. Thus, we developed a unique
machine learning model capable of predicting CGM
values up to 2 hours in the future for users (continuous
glucose prediction, or “CGP”); as well as CGM values
for users who were not wearing a physical CGM device,
but who had completed an Al training period during
which they had worn a CGM device and HRM (“Virtual
CGM’/"VCGM”). Embedding this model in our mobile
application (“January V1”), we demonstrated that our
model can produce both CGP and VCGM with a high
degree of fidelity.

Literature Review

Researchers have attempted to predict CGM curves
for at least 10 years. Georga et al. used Support Vector
regression (SVR) and Random Forest regression (RFR)
to predict CGM curves for 27 patients with Type 1
Diabetes. Both models took as input a user's CGM
profile over time, and simultaneously integrated insulin
injection data, food intake, and exercise expenditure.
SVR was able to achieve a test error of 5.21 mg/dL
and 714 mg/dL at 30 and 60 minutes, respectively. RF
was able to achieve 8.15 mg/dL and 9.25 mg/dL at 30
and 60 minutes, respectively. Despite these promising
results, other researchers have raised concerns about
the model; the correlation of 0.99 could be a sign of
overfitting, and, furthermore, George et al. have as of
this writing not provided information concerning the
data and what standards upon which they based their
test data.

In 2016, Chiara Zecchin interrogated the utility of
incorporating insulin data in CGM prediction. Zecchin’s

research evaluated the benefit of including exogenous
insulin and carbohydrate data into a neural network-
based model incorporating four inputs (CGM, DCGM,
Insulin, and Carbohydrates) in 15 T1D subjects over 3
consecutive days. Zecchin’s research determined that
insulin data can improve CGM prediction only to a certain
extent. Indeed, because insulin’s effect is delayed, this
hormone is not very suitable for immediate prediction
(within 60 minutes), but can significantly assist long-
term prediction.

In 2018, the release of the Ohio T1DM (Type 1 Diabetes
Mellitus) data set gave the field of CGM prediction a
unified test standard. John Martinsson used LSTM
neural network and negative log-likelihood loss as
well as Physiological Loss Function on the 2018 Ohio
T1DM data set, and got the errors of 18.86 mg/dL and
31.4 mg/dL in the time window of 30 and 60 minutes,
respectively.

Stan Kriventsov was able to achieve better results in
a retrospective study conducted in 2020. Kriventsov
took a hybrid approach, incorporating machine learning
alongside a biophysical model. Kriventsov used Gradient
Boosted Decision Trees and SVM to achieve 86.7% and
70.6% accuracy in the 30 and 60-minute prediction
intervals, respectively. This model was also tested on
the Ohio dataset, and achieved 18.68 mg/dL error in the
30-minute prediction window.

Kriventsov had taken a different approach than Ignacio
Rodriguez. Rodriguez aimed to design automatic BGL
prediction models that incorporated only CGM data,
which came from the real-time data of the FGM sensor.
The author tried three models (namely, Autoregressive
Integrated Moving Average, Random Forest and
Support Vector Machine); Random Forest achieved the
best results. Additionally, the author found that shorter
sampling intervals of CGM data resulted in higher
prediction accuracy. In a test with a sampling interval of
15 minutes, 15.43mg/dL and 25.9mg/dL were obtained
on the predictions of 30 and 60 minutes, respectively;
while the two figures obtained at the sampling interval
of 5 minutes were 14.63 mg/dL and 22.12 mg/dL at 30
and 60 minutes, respectively.

Our approach improves upon the previous body of
work, with CGM prediction of up to 2 hours into the
future (compared to 30 and 60 minutes), and increased
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accuracy as demonstrated by a superior RMSE score.
Furthermore, our work allows us to not only predict BGL
up to 2 hours in the future, but also to learn the user’s
biology sufficiently well as to not need a physical CGM
device, a standard that has not been demonstrated
elsewhere.

Results

For this study, we recruited 1978 users of the January
V1 mobile application. These users were a subset of
our overall user base, and who met a simple set of
criteria: 3 “good days” of logging, where a “good day”
is defined as at least 1 hour of CGM coverage per day
(here, “coverage” refers to CGM'’s ability to read and
display a user’s BGL value); and not logging more than
10k calories per day.

This group of 1978 users was split into two groups:
a training set (1779 people), and a testing set (199
people), as reflected in Fig. 1, below.

Fig. 1
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Study Design. 1978 users were split into a training group (n=1779)
and a testing group (n=199).

Inputs

We collected a number of inputs for all users. First,
we collected user's CGM data, which came from CGM
devices worn by users during the 14-day Al training
period; this data was reflective of our target, as we
attempted to predict CGM whether into the future
(CGP), or when the user was not not wearing a physical
CGM device (VCGM) (Fig. 2 and Fig. 3).
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The inputs to the CGP model (where BGL is predicted up to
2 hours after a meal) are CGM, HR, time of day, exercise, and
nutrients.
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The inputs to the VCGM model (where BGL is predicted without
the use of a physical CGM device) are HR, time of day, exercise,
and nutrients.

We also collected HR data, generated by HRM devices
worn by users. HR information has two implications for
BGL and the resultant predictions. First, increased HR
due to activity leads to a depression in BGL. Conversely,
increased HR due to stress leads to an increase in BGL.
As a corollary to collecting HR data, we also collected
exercise information logged by the user, including the
type and duration of said exercise.

An additional input was all foods logged by users, along
with the corresponding nutritional information (which
was populated by our application). Food logging is
critical to CGM predictions, as foods (and especially
carbohydrates) are directly correlated with BGL.

We collected time-of-day information, which was
passed to the model as both sine and cosine waves
(with the period of each wave being 24 hours). While
a user’'s food consumption influences their BGL level,
so too does their circadian rhythm. For example, most
users see a modest spike in BGL immediately before
waking, even after fasting while asleep. Thus, collection
of time-of-day information allowed us to learn across
users around what time BGL rises, or is steady.
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Finally, we collected “one hot” vectors for CGM, activity,
meals, and HR. For our study, each “Time Step” (TS)
spanned fifteen minutes. For all other values other than
activity, each “one hot” vector was binary; for activity,
we measured intensity and thus measured four values
(“activity mild”; “activity moderate”; “activity intense”;
and “no activity”). One-hot vectors were utilized in order
to let us tell the model whether the features described
above were available, or not. Further discussion of “one

hot” vectors can be found below.

Data Summary

We collected 46,655 days’ worth of data from all users.
This equates to 4,478,880 TS (there are 96 15-minute
TS in a 24-hour interval). Of this total, for all users, we
collected 4,039,528 TS of CGM coverage; 3,231,375 TS
of HRM data; and 43,632 activities were logged.

We collected 41,907 days’ worth of data from our training
users (4,023,072 TS). Our training users logged 96,589
meals and logged 39,083 activities. Furthermore, our
training users had CGM coverage of 3,627,766 TS; and
HRM coverage of 2,898,004.

We collected 4,748 days’ worth of data from our testing
users (455,808 TS). Our testing users logged 10,872
meals and 4,549 activities. Furthermore, our testing
users had CGM coverage of 411,762 TS; and HRM
coverage of 333,371 TS.

Metrics

We calculated a number of metrics, which reflect the
accuracy of our model for CGP and/or VCGM.

We first collected RMSE Peak data, which represents
the difference between the peaks of the predicted and
actual values for BGL. Because of this, RMSE peak only
captures one data point in each 2hr 15m prediction
window. RMSE Peak is important for counterfactuals,
which tell the user about actual, projected, or avoided
spikes (by means of food substitution or exercise).

We also collected RMSE point-by-point data. This
represents the difference between the predicted
and actual values for BGL, at 10 points separated by

15-minute intervals across the 2hr 15m prediction
window. While RMSE Peak represents the height of a
user’s BGL curve, RMSE point-by-point represents the
shape of the user’s curve, and is similarly important for
counterfactual exercises.

RMSE point-by-point shifted data was also collected.
Based on where the actual maximum peak happened in
a user’'s CGM, we shift the CGP predictions retroactively
so that the peak lies directly beneath the CGM peak
(i.e., at the same time). Here, we calculate the RMSE of
overlapping points (because, in shifting, we might lose
the furthermost points).

We also collected data for the Pearson Correlation
Coefficient, percent error, and root means square error
(RMSE). Each of these metrics reflects the accuracy of
our predictions, and equations for each are given below.

Pearson Correlation Coefficient
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Delay

When a user scans their CGM device, they collect not
only an instantaneous BGL measurement; but also all of
the measurements from the 8 hours that preceded their
scan (for example, if the user scans their device at 8PM,
they collect all of the measurements from 12PM-8PM).
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Our model requires an input at the time a prediction
is requested; however, per the above logic, it is that
users will scan their CGM devices in such a way that
they have gaps in their CGM coverage. Since our model
was trained on data that was passed months in the
past, we realized that gaps in CGM coverage which
might have been reflected at the original time, might
not be reflected at the time when the model was being
trained. For example, if Person A scans every hour, and
Person B scans every 6 hours, our data set will reflect
full coverage for both people (because those scans
happened months ago); in reality, however, Person B
did not have full coverage at the time he requested a
prediction.

Thus, in training, our model would have accustomed
itself to account for coverage that was artificially without
gaps; that is, our model would expect CGM values 15
minutes before a prediction is requested. As explained
above, however, this level of coverage might not reflect
reality; due to infrequent scanning, we cannot guarantee
that there will be coverage at the time a user wants to
see a prediction. Therefore, in order to train the model
and account for a lack of coverage, we introduced a
delay. This delay was a Gaussian distribution, with a
mean of 2 hours’ delay, and a standard deviation of 8
hours (with a maximum of O hours’ delay). As expected,
percent error was lower without delay (Table 1).

occurring. The CGP value displayed is the weighted
average of those 100 different values. In the figure
below (Fig. 4), the red line reflects CGP; the green line
represents CGM; the orange zone is the range between
the 25th and 75th percentiles of the potential values
that are generated by the CGP algorithm; and the blue
zoneis the range between the 25th and 75th percentiles
of the potential values that are generated by the CGP
algorithm. This figure shows that the actual curve falls
within the confidence interval of the predicted curve.

Fig. 4

CGM vs CGP right before the meal predictions
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Table 1 Fig. 5 reflects a full day’s BGL without any actual CGM
values available. This figure demonstrates that users’
e ey BGL falls within the confidence interval of our BGL
RMSE PEAK 20.5 mg/dL 22.6 mg/dL predlctlons (VCGM).
RMSE point by point 13.2 mg/dL 14.3 mg/dL
RMSE point by point shifted 12.8 mg/dL 13.6 mg/dL Fig. 5
Correlation 0.71 0.71 Virtual CGM
Percent Error 10.3% 11.1% 200 — agm
180 — L
Eliminating delay from the CGP2.0 model leads to lower RMSE 160
Peak, RMSE point-by-point, RMSE point-by-point shifted, and
lower percent error. 2 140
g
120
100
CGP ®
Our CGP algorithm operates on a stochastic basis, 0 20 P 8 8
. . . 24 H
generating at each TS 100 different potential BGL values, i
along with the corresponding likelihood of each value
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While CGP always predicts BGL values 2 hours and 15
minutes into the future, VCGM'’s predictions are live.
Furthermore, unlike CGP, VCGM values are displayed
while the user is not wearing a CGM device. Stated
differently, VCGM doesn’t use any CGM inputs, while
CGP uses CGM inputs.

Thus, out of the metrics investigated for CGP, there are
fewer that apply to VCGM. Those metrics are reflected
in Table 2.

Table 2
VCGM
RMSE point by point 17.8 mg/dL
Correlation 0.83
Percent Error 13.0%

The most applicable metrics for VCGM are RMSE point by point,
correlation, and percent error.

Benchmarks

Comparison with baselines/benchmarks allows us to
determine the efficacy of our prediction algorithm.
Overall, our metrics are more reflective of actual values
than other comparable algorithms. January’s CGP
saw a percent error of only 10.3% (the next closest
benchmark was 15.1%). January’s VCGM saw a percent
error of 13.0% (the next closest benchmark was 14.2%).
(Table 3).

Table 3: Comparison with Benchmarks

Predict average | Predict average XGBoost Random Forest January Al
for all users for each user

CGP | VCGM | CGP | VCGM | CGP | VCGM | CGP | VCGM CGP VCGM
RMSE Peak | 44.5 35.2 24.0 271 20.5

mg/dL mg/dL mg/dL mg/dL mg/dL
RMSE Point | 20.3 321 19.3 225 19.5 18.7 215 19.0 13.2 17.8
by Point mg/dL | mg/dL | mg/dL | mg/dL | mg/dL | mg/dL | mg/dL | mg/dL | mg/dL | mgldL
RMSE Point | 21.8 19.7 18.2 20.2 12.8
by Point mg/dL
oy Poin mg/dL mg/dL mg/dL mg/dL g
Correlation 0.58 0.30 0.54 0.29 0.71 0.83
Percent 18.2% | 18.5% | 15.1% | 15.0% | 15.7% | 14.2% | 15.9% | 14.9% 10.3% 13.0%
Error

Ablation Analysis

We investigate our most important feature in terms of
CGP, using ablation analysis to determine which input
to the model has the most impact on our ability to
predict BGL (Fig. 6).

Fig. 6

RMSE point by point (mg/dL)
)
&

ALL No Nutrients  No time of day
Data Availability

No HR No Activity

Ablation analysis was conducted to determine the most important
input to the fidelity of the model. In order of importance, the most
important inputs are nutrients; time of day; HR; and activity.

Reverse Ablation Analysis

While ablation analysis removes inputs to determine
which input is most important, reverse ablation analysis
adds inputs. Fig. 7, below, demonstrates the results of
our reverse ablation analysis in terms of various inputs’
effects on our model’s fidelity.

Fig. 7
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Reverse ablation analysis was conducted to determine the
most important input to the fidelity of the model. In order of
importance, the most important inputs are nutrients; time of day;
HR; and activity.
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Exercise Forcing

Because exercise was logged so infrequently by our
users within 2 hours of mealtime, our model discounted
the impact of exercise on BGL when compared to other
levers like nutrients.

In the example below (Fig. 8), we hypothetically added
activity to a user's CGP by extrapolating the effect that
activity had on the BGL levels of patients who had logged
activity. In doing so, we were able to demonstrate the
effect of activity on BGL levels and thus CGP.

Fig. 8

The effect of walking right after a meal
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Counterfactuals are used to demonstrate the effect of activity
(in this case, a post-meal walk) on a user’s BGL level. As shown,
even a walk of modest length can lower BGL spikes, and, the
longer the walk, the greater the attenuation of the spike.

Discussion

Overall, we were able to demonstrate that our machine
learning-based algorithm for both continuous glucose
prediction (CGP) and Virtual CGM (VCGM) demonstrated
a high degree of fidelity, with performance superior to
comparable benchmarks across various metrics. By
consolidating food logging and HRM data, along with
CGM data during the training period, we produced
better predictions than baseline models; CGP was ~31%
better, and VCGM was ~8.5% better than baseline.

It should be noted that, though our V1 algorithm
demonstrated superior performance, even this algorithm
is less effective than our current, V2 algorithm. This is
because the methods reflected in this paper imposed

far less stringent requirements upon users for what
constituted a “good day”, vis a vis the number of daily
logged meals, and the hours of CGM/HRM usage during
the training period.

For our V2 product, however, we required users to
collect at least 5 days of: 1) 12 hours of HRM coverage;
2) 12 hours of CGM coverage; 3) at least 3 meals logged.

Thus, given the increased amount of data as a result
of this product decision, we expected the model to be
more accurate than is reflected in this paper; indeed,
that was the case. Results for users who had 4 or more
“good days”, as well as users who had 7 or more “good
days”, are reflected in Table 6.

Table 6
4+ “Good 7+ “Good Days” | V1 Testing
Days” Group Users
RMSE point by point 12.6 mg/dL 11.9 mg/dL 17.8 mg/dL
Percent Error 9.8% 9.3% 13%

The marked improvement in the accuracy of our CGP
and VCGM can be accounted for by better user logging;
indeed, the accuracy of these models was judged solely
on the basis of users’ good days, where those good
days are much more stringently defined.

Further discussion of these results is beyond the scope
of this paper.
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