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ABSTRACT

Interstitial fluid (ISF) serves as a rich source of biomarkers, enabling minimally
invasive continuous health monitoring through ISF sensors. Despite their potential
advantages, ISF sensors face a major challenge related to the delay in the trans-
fer of target analytes from blood to ISF, compared to blood-based measurements.
Particularly, this delay can vary significantly from subject to subject. While ma-
chine learning algorithms have been developed for continuous glucose measure-
ment within ISF, these algorithms have not considered this delay. In this paper, we
quantify the delay between ISF and blood-based detection of glucose and ketone
bodies in diabetic rats using decision-tree based algorithms. Accounting for this
delay can eventually improve the accuracy of ISF sensors for continuous health
monitoring of individual patients.

1 INTRODUCTION

Interstitial fluid (ISF), the fluid underneath the skin, between blood vessels and body cells, is a rich
source of health biomarkers. Wearable sensors for analyzing ISF and measuring these biomarkers
offer a minimally invasive approach to continuous health monitoring (Saifullah & Rad,[2023). These
wearable sensors which are increasingly becoming prevalent, can potentially replace invasive blood-
based measurements (Madden et al., 2020). For example, continuous glucose monitoring (CGM)
devices, a common ISF sensor, have transformed diabetes care by facilitating real-time glucose
tracking (Teo et al.}[2022)). However, a major limitation of wearable ISF sensors is the presence of a
delay between the actual concentration of biomarkers in blood and the concentration recorded by the
ISF sensors (Rossetti et al.,2010). The delay is mainly caused by variations in transport efficiencies
between the ISF and the blood in circulation (Keenan et al.l 2009). Studies have shown a 5 to
20-minute delay in detecting changes in blood glucose compared to the measurements performed
by CGM (Basu et al.; [2015). Yet, the delay for other crucial biomarkers such as ketone bodies and
insulin remains unknown. Furthermore, the delay can vary among individuals, emphasizing the need
to determine personalized delays. To successfully incorporate continuous wearable ISF monitoring
into clinical practice, it is essential to be able to understand the delay between ISF and blood levels
for clinically important analytes in a precise and personalized manner.

Over the past years, several machine learning-guided platforms were developed to analyze a patient’s
ISF glucose information obtained from CGM devices (Vettoretti et al.l 2020). These ISF-based glu-
cose models explored the classification of glycemic control profiles for alerting patients of the risk
of events like post-prandial hypoglycemia (glucose < 72mg/dl) (Cappon et al., [2019}; Reddy et al.,
2019; |Vehi et al.; 2020) and introduced time series models that predict glucose levels for the next 15
minutes up to 1 hour. These models used both classical statistical methods like autoregressive mod-
els (Cobelli, |2007) as well as more advanced artificial neural network frameworks (Alfian et al.,
2020), long short-term memory networks (Martinsson et al., [2020), Gaussian processes (Georga
et al., 2015)), support vector machines (Georga et al.l 2013} |Xiel & Wang| [2018) and transformer-
inspired encoder-decoder models (Armandpour et al., 2021; |Sergazinov et al., 2023) to name a few.
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However, these approaches have not accounted for the delays between the blood and ISF measure-
ments and are limited to glucose monitoring. Recently, we developed a new wearable platform for
continuous monitoring of glucose and ketone bodies (called CGM-CKM device) in ISF. Specifically,
patients with type 1 diabetes need to track their ketone levels in addition to their glucose to avoid
the risk of diabetes ketoacidosis (DKA). A personalized knowledge of the delay between the levels
of glucose and ketones in blood and ISF for individual patients improves the performance of this
real-time monitoring device, leading to a better quality of life for people living with diabetes.

In this paper, we used decision-tree based algorithms to quantify the delay between the ISF-based
detection from the CGM-CKM device and blood-based measurement of glucose and ketone levels in
different diabetic rats. We achieved this by applying three different boosted decision-tree algorithms
that estimated an ISF-level time series corresponding to a reference blood-based time series (Figure
1). We cross-correlated the predicted ISF response from the device against the blood levels and
estimated a delay specific to each tested animal. Determining the delays between ISF and blood will
enable auto-adjustment of the CGM-CKM device for future human studies.

We aim to share our data and results with the workshop participants and collectively take steps
towards improving personalized health monitoring using wearable devices.
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Figure 1: Overview of the protocol: (a) ISF-based data collection from CGM-CKM device, (b)
data pre-processing to remove outliers, (c) leave-one-subject-out model training scheme, and (d)
evaluating personalized sensing delays for each rat using blood-based measurements as reference.
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2 METHODOLOGY

2.1 PROBLEM FORMULATION

Let n € N be the number of tested subjects in the dataset for glucose or ketone measurements.
We defined [n] := {1,2,...,n}. Let k indicate any subjects chosen randomly from the set [n]
and my, be the number of times that subject £ was tested. A dataset with examples of the form
D = {(Xi,k, Yi,k) icima],ken] Was defined. x; € R® was the vector of all input features extracted
from the CKM or CGM sensor platform, s € N was the number of features in x; i, and y; , € R
indicated the corresponding output analyte concentration. Here, the primary objectives were: (a) to
construct a mapping (or function) Fj, : R®* — R for every individual k that learns from the vector of
input features from CKM or CGM sensor X; j to make an estimation for the ketone or glucose levels,
respectively, in blood y; i, and (b) to find an optimal delay 7, by which the subject k’s predicted
ISF levels Fy,(x; x; 0%) should be delayed to match with its corresponding blood concentration y; j
as close as possible. 05 was the set of learned parameters of the model F}, for subject k.

2.2 QUANTIFYING THE DELAY BETWEEN BLOOD AND ISF

To learn the personalized ISF prediction models F}, and consequently find the delay 75, we consid-
ered a leave-one-subject-out scheme, where, at a time, we fixed only 1 subject (i.e., k). For this k,
let k* represent any other subject in the dataset D other than k, that is, £* € [n]\{k}. Next, we

divided D into two partitions - a training dataset DF. . and a test dataset DF,_,. We considered

Dfain = DV = {(Xip= Yikr) Vicmpe ke et (i) and Dieyy = DF = {(Xik, Yisk) bicmy)- It
should be noted that DF . and D, were mutually exhaustive and disjoint. We then used all the
examples in Df, . to train F}, using a learner algorithm. It should be noted that F}, varies for every

k based on the number of trees and loss function, emphasizing on personalized predictions.

To test our model Fy and find the delay for subject k, we defined two time series. Let y?/°od :=

{Yi.k }icim*] be the series of blood-based levels of k, to be used as ground truth for comparison with
ISF levels. Let yi" := {F(xix; 0k) }icmt]. be the series of the ISF-level predictions for k. Let
tx = {fik}vicimt] be the set of all time instants at which an ISF experiment was performed for .
For positive scalar 7 € R, we defined an operation, t;, + 7 := {t; 1 + T}ie[mk] (element-wise

addition). By definition of ISF delays, y ideally should be a delayed version of y%/°°¢. To find
this delay, first, we linearly interpolated y /¥ with respect to t;. From the interpolated curve for
ISF response, we re-sampled it, but instead, at times ty, + 7, such that 7 € [Ty42] U {0}, Tinas being
the physiologically acceptable limit in minutes for ISF delays. By re-sampling at the modified time

instants, the original ISF response y,ﬁs F was now delayed by 7 minutes to give us a delayed response

- we labeled it as y; 5. We chose 7,4z, the maximum limit of any delay to be 50 min. Finally, we

compared y,ﬁSTF with yzl‘md and simultaneously, varied 7 in [T;,q.] U {0} to find the optimal delay

7 = T3, for subject k that minimizes the error metrics (see Section 3.2 for more information). We
propose that this 7 is the delay during the transmission of bioalaytes from blood to ISF in subject k.
If 7, = 0, it means transport of the analyte from blood to ISF takes place in negligible time, whereas
if 7, > 0, it means transmission in k requires a significantly higher duration.

3 EXPERIMENTS

3.1 DATA COLLECTION

Glucose and ketone sensing using CGM-CKM device: For both ketone and glucose monitoring,
the number of diabetic rats tested was n = 4. In case of CKM, the device output for a certain
subject k at every time of experiment ¢; ;. consisted of two time series - a pre-oxidation current
Pi i representing the amount of ketone recognition element present at the start of ketone detection,
and a detection current d; j, indicating the amount of recognition element left after detection. We
annotated the 4 subjects for ketone sensing as - Rat 1, Rat 2, Rat 3 and Rat 4 as in Table[l] Figure
a) (see Appendix) gives a sample pair of p; ;, and d; j, profiles for Rat 2 (£ = 2 for ketone sensor)
at time ¢; o = 93 min. The profiles were recorded every 0.1s. p; ;, was measured up to 20s and d; j,
up to 50s for every k.

For CGM, the device output for each subject k had two steps. First, a time-varying current g; j
indicating the glucose levels in k at time ¢; ;, recorded every 0.1s for up to 60s, and second, a
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Table 1: a summary of the best possible individual delays 7 and their corresponding metrics

Target Rat MAD(mM) / MARD(%) Ty (mins)
Grad. Boost CatBoost XGBoost Grad. Boost CatBoost XGBoost

Ketone Rat I 0.100/7.714 0.164/10.982  0.192/12.803 31 23 I8
Rat 2 0.144/8.500 0.184/9.739 0.114/10.254 9 11 1
Rat3 | 0.352/20.953 0.376/24.542  0.541/35.701 15 7 11
Rat 4 0.246/6.379 0.328 /7.109 0.254/6.162 29 44 31

Glucose  Rat3 | 4.147718.849  3.643/20.966  4.000/23.428 0 0 0
Rat 6 1.208/13.502  3.104/32.851 4.384 /45.599 13 9 9
Rat7 1.143/5.378 0.799 /3.457 2.497/12.374 22 19 10
Rat 8 0.661/4.075 0.682/4.477 0.655/4.070 3 10 10

Table 2: the following table compares the overall M ARD and M AD for all the algorithms

Target Algorithms used Performance metrics
Overall MAD (mM) Overall MARD (%)
Ketone Gradient Boosting 0.2261 10.8887
XGBoost 0.2915 16.3618
CatBoost 0.2849 13.4851
Glucose  Gradient Boosting 1.5272 8.3838
XGBoost 2.4439 16.1028
CatBoost 1.5588 10.6467

current-voltage loop for every k to interpret the scale of sensor response in k and thereby calibrate
g,k We annotated the 4 animal subjects on which the glucose sensing was performed as - Rat 5, Rat
6, Rat 7 and Rat 8 as in Table[T] Figure[3c) and (d) (see Appendix) shows a sample current-voltage
loop and its corresponding g; ;, profile. Because the g; ; current ranges varied from one in vivo
rat to another, they were brought to the same level by defining an adjustment factor. For this, from
the current-voltage loop for every k, we recorded the average current value corresponding to the
maximum voltage level 0.6V for every rat. Let this sampled current be Gy 6,5 Choosing G ¢,1 for
the Rat 5 (k = 1 for glucose) as the reference, we divided the G ¢, values for all the other rats 6, 7
and 8 (k = 2, 3, 4 for glucose respectively) by G 6,1 to find their individual scaling, or adjustment
factors. We later used these factors to re-scale their individual g; j, profiles to a comparable range.

Data preprocessing and input features: The varying physiological conditions inside each dia-
betic rat incorporated noise into the p; 5, and d; j, profiles during ketone sensing. As such, we used a
moving average filter to smooth both the current profiles. The g; ;. profiles for glucose however had
negligible noise and did not require any such low-pass filters. To define the input features in x; g,
we take samples from the output current profiles from the CGM-CKM platform. For ketone, we
sampled p;  and d, j profiles at their end points. Let these samples be P; ,, and D; j respectively.
For glucose, we sampled g; ;. at 10s and 40s. Let these samples be g; 1 10 and g; x,40. For CKM, the

gf'l’: indicates the percentage of recognition element left after detecting ketone bodies - directly
proportional to ketone concentration in subject k. Administration of insulin doses as a remedial ac-
tion against DKA during our ISF experiments ensured a drop in ketone levels with time and hence,

% ideally should decrease monotonically with time ¢; ;.. Similarly for CGM, g; .10+ i,k 40 being

directly proportional to glucose levels, should also decrease with time. Presence of outliers often
disrupts these trends, and so, we used a robust framework to remove such outliers (see Appendix
and Figurefor more details). Finally, for ketone, we considered x; , = [P, x D;x t; 5] and for
glucose, X; r = [¢i k,10 + Gi ka0 Tikl-

ratio

3.2 PERFORMANCE METRICS

To test the performance of F}, for subject k, we applied it on an exclusively new set of test exam-
ples D ;. To compare y/5F with yb'°°?, we considered two metrics, mean absolute difference
(absolute error), M ADj, and mean absolute relative difference (percentage error), M ARD},. Both
of these metrics are widely-accepted to measure the accuracy of continuous monitoring biosensors,
especially for glucose (Heinemann et al.| 2019; Zueger et al.,[2012)). While comparing delayed ISF
y,ﬁiF with y,l;la"d, we annotated the metrics as M ADy, ; and M ARD),  respectively. For every k,

we varied 7 to find the optimal delay T = 7, that minimizes M ARD}, - and M ADj, . between yiSTF

and ground truth y'°°?. For CKM, we were also interested if the model can differentiate between
normal ketosis (Fy(x; x; 0x) < 1.5mM) and hyperketonemia (Fy,(x; x; 0x) > 1.5mM). Hence, for
ketone, we considered a third metric, mistakesy, -, that counts the number of misclassified exam-
ples in the binary classification between normal ketosis and hyperketonemia (see Appendix).

4
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3.3 RESULTS AND DISCUSSION

Figure [I| represents an overall schematic of our approach. To learn Fj for every k, we applied
3 different decision-tree based algorithms - gradient boosting (GBA) (Friedman, [2001), CatBoost
(Prokhorenkova et al.|[2019) and XGBoost (Chen & Guestrin, [2016). We computed the performance
metrics, M AD and M ARD, for different values of 7 with 1min interval for both CKM and CGM
and chose the optimum delay that minimized M AD (see Figure [5in Appendix for sample plots).
Table [T] lists the estimated delays for each rat for different learning algorithms. For individual rats,
varying delays ranging from 9 — 44 mins for CKM device and from 0 - 22 min for CGM device, were
found. The differences between the delays in individual rats clearly established the variability in ke-
tone and glucose kinetics, even under controlled conditions with genetically similar animals. This
has important implications for human patients, who are genetically diverse and have different envi-
ronmental conditions, intensifying this inter-individual variability. At the same time, the delays 7
obtained for every rat k£ for both CKM and CGM for all the 3 algorithms were within the same range,
indicating the consistency of our frameworks in quantifying delays for the CGM-CKM device. For
both CGM and CKM, we combined the delayed ISF predictions and the reference blood values for
all subjects and determined the overall M AD and M ARD for each algorithm as in Table 2] out
of which GBA out-performed other algorithms for both analytes. We further correlated the delayed
ISF predictions obtained from GBA with the blood references for both CKM and CGM (Figure [2).
Correlation values of 0.941 and 0.790 were obtained for CKM and CGM devices, respectively, when
compared with blood-based measurements. Comparing the calculated MAD and MARD for CGM
(Table 3] Appendix) and CKM (Table ] Appendix) devices with the reported glucose and ketone
studies showed similar performance.

Correlation between ISF and blood ketone Correlation between ISF and blood glucose
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Figure 2: Overall correlation for CKM (left) and CGM (right).
4 CONCLUSION

In summary, our work enables improving the accuracy of wearable sensors for continuous glucose
and ketone monitoring via quantifying physiological delays between ISF and blood compartments.
We are currently expanding our data collection efforts with the CGM-CKM device to obtain longer
time-series sequences from a larger number of rats. These collected measurements will be used
to enhance the precision of our algorithms for assessing the delay and develop new representation
learning algorithms for time-series data obtained from wearable devices. Subsequently, we plan
to assess the CGM-CKM device in human patients and utilize the developed predictive model to
measure delay in human subjects.

5 LIMITATIONS

Our work comes with a few limitations. First, the evaluation was limited to only 4 diabetic rats per
analyte and our aim is to increase the number in future. Secondly, we quantified the personalized
sensing delays using only decision-tree based algorithms. We aim at expanding this to other state-
of-the-art machine learning algorithms to improve the generalizability of the work.
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APPENDIX

In this article, we explore the challenge of evaluating biosensor delays using the case study of a
subject suffering from diabetic ketoacidosis (DKA). DKA is a potentially is a life-threatening com-
plication of diabetes characterized by insulin deficiency, subsequently leading to hyperglycemia,
increased levels of ketosis, and an overall metabolic acidosis, resulting in symptoms like electrolyte
imbalance and potential organ failure in human bodies (Dhatariya et al.| [2020). For this problem,
we primarily focus on the continuous monitoring of two bioanalytes - ketone bodies and glucose.
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Figure 3: (a): a sample CKM sensor output - the black and blue curves indicate a sample preoxi-
dation and detection current profiles respectively; (b) the corresponding blood ketone interpolation
graph; (c): a sample CGM current-voltage loop to interpret the adjustment factors for each rat; (d):
the corresponding glucose current profile

Figure [3]shows a sample overview of the CGM-CKM device output. In case of CKM ((a) and (b)),
due to experimental restrictions, the blood-based measurements were performed at a different set of
time of experiments for each subject k in comparison to ISF experiments. Let these time instants
for blood ketone recordings be t;, = {f;} blood

je[mbioea) (in minutes), m;7°* being the number of

times blood based ketone measurements taken for subject k. In other words, cardinality of tj, U t,

> my, and > mﬁlood, for every subject k. To solve this disparity, the blood ketone levels, at first,

were linearly interpolated with respect to ty, as in Figure b). From this curve, the blood ketone
values were then re-sampled, but instead, at times tg, for comparison with our ISF-based ketone
predictions. Unlike the ketone measurements, in case of CGM ((c) and (d)), the reference blood
glucose levels were recorded at the same instants as the times of ISF experiments, that is, for our
glucose experiments, t, = tj and m;, = mblo°d.

Having interpreted the CGM-CKM device outputs, we then proceeded to remove any outliers from

our sampled data points for both the analytes. To remove outliers for CKM, we first fixed any rat k

and and performed a linear fit for { 12:: } ] versus ty as in Figure ﬂand rejected those ratios
wR ) iemy

and their time instants which lied outside the 95% confidence interval (shown in red) of the linear
fit. For CGM, we performed a similar task using a linear fit for {g; x 10 + gi7k,40}ie[mk] versus ty,
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Outlier detection for Rat 8 in CGM
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Figure 4: A sample plot for outlier detection.

Table 3: the following table summarizes the MARD performance of some widely-used CGM sys-
tems implemented on human subjects

CGM system used Reference Number of subjects  Overall MARD
Medtronic SofSensor Welsh et al.|(2012) Adults: 71, Adults: 9.9%,
children: 61 children: 10%
Abbott Navigator I Damiano et al.| (2013) 6 11.8%
Dexcom G4 Platinum Pleus et al.[(2015) 10 10.9%
Abbott Freestyle Libre Aberer et al.|(2017) 12 13.2%
Medtronic Guardian Sensor 3 Christiansen et al.[(2017) 88 9.6%
Senseonics Eversense Christiansen et al.| (2018) 90 8.8%
Dexcom G6 Wadwa et al.|(2018) 262 10%
Dexcom G7 Garg et al.[(2022) 318 8.2%

and defining similar confidence boundaries for each rat k to remove the outliers. Following this, we
moved on to train F}, for every rat k for both CGM-CKM.

While testing the performance of Fj, we used metrics M ARD) and MAD) for both
CGM and CKM and the metric mistakesy specifically for CKM. Here, MARD;, =
Lzmk Yi b — Fr (%, 150k)
my i=1

tions yis ¥ and blood reference yzl""d. We then varied 7 to find the error M ARDj, » between

the delayed ISF y;5" and y}'°°* and determine the optimal delay 74. This is shown as red
curves in Figure [5| Similarly, we had M AD; = -1 27;’“1 |Yi. e — Fr(Xik;0%)| and for ketone,

my

computes the mean absolute relative difference between ISF predic-

mistakes, = 2721 (1Yi,k>1‘5 # 1Fk(xi,k;9k)>l.5) v (]‘Yi,kglﬁ # 1Fk(xi,k;9k)§1-5)’ where V in-
dicates the logical "OR” operation. The variations of M ADj, » and mistakesy, » with 7 are shown
in blue and black curves respectively in Figure[3]

10
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Table 4: the following table compares the overall M AD and M ARD obtained while implementing
our ketone sensing framework with a state-of-the-art study (Alva et al.| [2021)

Condition Alva et al(2021)  Our approach
overall M AD for ketone Tevels < 1.5mM 0.129 0.1799
overall M ARD for ketone levels > 1.5mM 14.4% 10.1083 %

Variation of performance metrics with delay for Rat 2
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Variation of performance metrics with delay for Rat 8
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Figure 5: Sample plots for variation of metrics with delays for (a) CKM and, (b) CGM
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