
Decoding Type 2 Diabetes Progression via Metabolic
Hormone Time-Series

Hesam Abouali
Electrical and Computer Engineering

University of Waterloo
hesam.abouali@uwaterloo.ca

Sanjana Srikant
Electrical and Computer Engineering

University of Waterloo
sanjana.srikant@uwaterloo.ca

Nicole G. Barra
Department of Biochemistry and Biomedical Sciences

McMaster University
barrang@mcmaster.ca

Ali Etemad
Electrical and Computer Engineering

Queen’s University
ali.etemad@queensu.ca

Jonathan D. Schertzer
Department of Biochemistry and Biomedical Sciences

McMaster University
schertze@mcmaster.ca

Mahla Poudineh
Electrical and Computer Engineering

University of Waterloo
mahla.poudineh@uwaterloo.ca

Abstract

Unraveling the dynamics of diabetes hormones and peptides, including insulin,
glucagon, and C-peptide, is important for understanding diabetes progression and
for personalized treatment. The current gold standard methods to monitor these
biomarkers have a prolonged processing time, and their protocols do not allow real-
time data collection. We recently developed the quantum dot–integrated real-time
ELISA (QIRT-ELISA), a continuous monitoring platform that quantifies these key
biomarkers at minute-by-minute resolution. Here, we leverage QIRT-ELISA’s high
temporal resolution for real-time, multiplexed monitoring of insulin, glucagon,
and C-peptide in animal models of prediabetes and type 2 diabetes, generating the
first in vivo, hormone time-series dataset. Using the raw QIRT-ELISA time series,
we trained and evaluated four classical machine-learning classifiers to classify
metabolic phenotypes, a capability not achievable with conventional assays or with
unprocessed QIRT-ELISA outputs. Among these classifiers, logistic regression
performed the best, achieving 89% accuracy in distinguishing healthy, prediabetic,
and diabetic states. QIRT-ELISA’s capacity to capture high-resolution, time-series
hormone data, along with machine-learning–based classification, has the potential
to enable phenotypic characterization and early detection of metabolic dysfunction
in diabetes.

1 Introduction

Type 2 diabetes (T2D) is a chronic disease in which the regulatory mechanisms of glucose homeostasis
become imbalanced [1, 2]. Insulin, secreted by pancreatic β-cells, regulates blood glucose by
promoting cellular glucose uptake, particularly in the liver and skeletal muscle. In addition to insulin,
other hormones and peptides coordinate blood-glucose regulation [3, 4]. For example, C-peptide
(connecting peptide) is co-secreted with insulin in equimolar amounts but has a longer half-life,
making it a robust marker of insulin secretion and β-cell function [5, 6]. Glucagon, another key
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regulator of glucose homeostasis, is produced primarily by pancreatic α-cells; its principal role is
to prevent low blood glucose conditions by releasing stored glucose into the bloodstream, thereby
counteracting insulin’s actions [7, 8]. In T2D, pancreatic β-cell function declines—reducing insulin
and C-peptide secretion—while α-cell dysregulation leads to inappropriate glucagon secretion. Thus,
understanding how insulin, glucagon, and C-peptide evolve during T2D progression will provide
fundamental insight into how factors beyond blood glucose drive disease progression [9, 10, 11, 8].

Blood glucose can be continuously measured using continuous glucose monitoring (CGM) devices
and the time-course of changes in blood glucose before and after a meal is well-established [12, 13,
14, 15]. However, compared with glucose, the temporal dynamics of circulating insulin, glucagon,
and C-peptide remain largely unmeasured, mainly due to technological limitations. Gold standard
methods—such as enzyme-linked immunosorbent assays (ELISAs)—require bulky, specialized
instrumentation, extensive sample pre-processing, and hours per run, severely limiting the acquisition
of high-frequency time-series data for these hormones and peptides [16]. Additionally, technologies
such as CGMs are enzyme-based (e.g., glucose oxidase) [17] and are not readily adaptable to insulin,
glucagon, or C-peptide, for which no suitable catalytic enzymes are available.

To address this need, we recently developed QIRT-ELISA [18], a continuous monitoring platform that
provides minute-by-minute, multiplexed measurements of insulin and glucagon with high sensitivity
directly from whole blood in rat models. The QIRT-ELISA platform employs quantum dot-based
fluorescence immunoassay in a multi-module microfluidic system to enable continuous, multiplexed
measurements without any sample pre-processing in whole blood in conscious rat models.

Figure 1: Overview. a) The schematic of experiments performed
using conventional ELISA and QIRT-ELISA. b) The fluorescence
measurements from QIRT-ELISA are processed, and are used for
profiling. c) Multiple features of the hormonal dynamics are ex-
tracted and machine learning models are used for phenotype classi-
fication of animal models. Created with BioRender.com.

The publication, which in-
cludes the detailed informa-
tion about this platform and
the immunoassays for detec-
tion of insulin and glucagon,
can be found in [18]. In the
present work, we expanded
QIRT-ELISA to enable contin-
uous C-peptide quantification,
complementing the existing in-
sulin and glucagon assays, and
tested its enhanced temporal
resolution for monitoring these
hormones/peptides during a
fed-state experiment in which
conscious rats did not have to
be fasted overnight in contrast
to traditional glucose tolerance
test (GTT) (Fig. 1) [19, 20].
Experiments were performed
in three groups of rats: healthy
(control), obese (prediabetic),
and T2D. We implemented a
data-analysis workflow to ex-
tract dynamic features from in-
sulin, glucagon, and C-peptide time-series (details available in appendix A.1 and measurements
available in appendix A.2). We then applied machine learning techniques, including logistic (LR), ran-
dom forest (RF), k-nearest neighbors (KNN), support vector machines (SVM) to classify phenotypes
in the animal models. Our results show that QIRT-ELISA enables high temporal resolution hor-
mone monitoring, revealing in vivo dynamic responses that are otherwise inaccessible with standard
methods such ELISA with longer time intervals for measurements (Fig. 1).

In this work, we present minute-resolution dynamics of insulin, glucagon, and C-peptide in conscious
rats under fed-state, plus an interpretable pipeline that maps dynamics to metabolic phenotype. Our
main contributions include: (1) A new dataset (first multiplexed in vivo diabetes hormone time-series
at minute scale, to our knowledge) and (2) interpretable dynamic features aligned with diabetes
physiology. We aim to share our data and results with workshop participants and take steps towards
advancing diabetic metabolic phenotyping enabled by QIRT-ELISA to detect and ultimately help
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prevent T2D. Additionally, once adapted to humans, QIRT-ELISA time-series data along with our
modeling framework, can inform sex-specific, personalized treatment regimens for both men and
women.

2 Problem Formulation

Datasets: Let P = {healthy, prediabetic, diabetic} represent our set of metabolic phenotypes
corresponding to healthy, prediabetic, and diabetic rat models. We have a total n = 9 of experimental
subjects, with np = 3 subjects per phenotype p ∈ P . Subjects are assigned a phenotype label
yk ∈ P . For the subjects indexing we have: k ∈ K = {1, 2, 3, · · · , 9}, where k = {1, 2, 3}
correspond to healthy rats, k = {4, 5, 6} to prediabetic rats, and k = {7, 8, 9} to diabetic rats.
Each subject k, undergoes a fed-state experiment for a duration of Texp = 15 minutes with spectral
measurements of 1 minute, and averaged at regular time intervals ∆t = 2.5 minutes for data
analysis, yielding m = 6 temporal observations per subject (6-fold improvement over conventional
ELISA 15-minute sampling intervals). So, we have a temporal domain of T = {t1, t2, · · · , t6} =
{2.5, 5, 7.5, 10, 12.5, 15} minutes. QIRT-ELISA measures three biomarker at each timepoint ti ∈ T .

For the biomarker vector, we will have xi,k =
[
x
(ins)
i,k , x

(cpep)
i,k , x

(gluc)
i,k

]T
∈ R3, with a complete

temporal profile of Xk = [x1,k, x2,k, · · · , x6,k] ∈ R3×6. In each fed-state experiment, we have two
glucose measurements, Gk

start, G
k
end ∈ R+, and Gk = (Gk

start +Gk
end)/2. Thus, the complete data

set will be D = {(Xk, yk, Gk)}9k=1. Similar to glucose, for each biomarker, we have a conventional
ELISA cross-validation at the beginning and end of the experiment.

Classification goal: Learn mapping h : Rf → P , with a training set of Dtrain = {(ϕk, yk)}9k=1,

with a feature vector of ϕk = ϕ
(
Xk, Gk

)
=

[
ϕk
1 , ϕ

k
2 , · · · , ϕk

f

]T
.

3 Proposed Solution

Feature Engineering: The raw time-series data of QIRT-ELISA, despite having high dimensions,
do not provide useful information for physiology study. To address this challenge, we adopted a
physiologically-informed feature engineering pipeline. To transform raw dynamic temporal measure-
ments into physiologically interpretable metrics, ϕk, we followed the established procedures available
in previous literature [12, 13, 14, 15], and adopted a comprehensive feature extraction operator (details
available in appendix A.1). Given the number of extracted features (184 per subject) and sample size
of n = 9, we face constraints in the methodological choices for data analysis due to the curse of dimen-
sionality. To resolve this issue, we applied a multi-stage feature selection with the aim of retaining top
15 features: R184 variance→ Rd1

correlation→ Rd2
F−test→ R15. First, we filtered the features with mini-

mal variation across the subject. For each feature j ∈ {1, 2, · · · , 184}: σ2
j = 1

n−1

∑9
k=1

(
ϕk
j − ϕj

)2
,

where ϕj =
1
9

∑9
k=1 ϕ

k
j . We set the variance threshold τvar = 0.01, and filtered the features whose

contribution is negligible Svar =
{
j : σ2

j > τvar
}

. Next, we deployed correlation-based redundancy
removal by eliminating features that provide duplicate information. We set the correlation threshold
τcorr = 0.95. We created the Pearson correlation matrix: R = [rij ] ∈ Rd1×d1 , and identified the
redundant feature pairs (i, j), Predundant = {(i, j) : |rij | > τcorr, i < j}, and removed the second
feature R = j : ∃ i < j such that (i, j) ∈ Predundant. For the remaining features, we applied uni-
variate statistical feature selection to identify a compact subset such that |S| = 15. First, we conducted
an F-test (using ANOVA) to identify features that individually have discriminative power. For each
feature j ∈ {1, 2, · · · , 15}, we tested the null hypothesis H(j)

0 : µ
(j)
1 = µ

(j)
2 = µ

(j)
3 , where µ

(j)
p rep-

resents the population mean of feature j per phenotype p ∈ P . F-statistics: Fj =
SSBj(k−1)

SSWj/(N−k) where

SSBj =
∑3

p=1 np (xp,j − xj)
2, and SSWj =

∑3
p=1

∑
k∈Gp

(
ϕk
j − xp,j

)2
for each subject index

Gp for phenotypes, P-values: pj = P (F2,6 ≥ Fj), and effect size: η2j = SSBj/(SSBj + SSWj)
were calculated, and based on the F-statistic ranking we achieved the final features j1, j2, · · · , j15
such that Fj1 ≥ Fj2 ≥ · · · ≥ Fj15 .

Phenotype Classification: For the final data set, Dfinal = {(ϕ(final)
k , yk)}9k=1, where ϕ

(final)
k ∈

R15, we employed four classic models for classification: logistic regression (LR), random forest
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(RF), k-nearest neighbors (KNN), support vector machines (SVM). Given the small sample size of
n = 9, we adopted Leave-One-Out Cross-Validation (LOO-CV) framework for training Dk

train =

{(ϕ(final)
i , yi : i ̸= k)} and testing Dk

test = {(ϕ(final)
i , yk)}. The predicted label for the held-out

subject is: ŷk = argmaxc∈{0,1,2} P (y = c|ϕfinal
k ; Θ̂(k)), where Θ̂(k) is the model-specific parameters

trained on Dk
train. We calculated the overal accuracy: ACCLOO = 1

9

∑9
k=1 I [ŷk = yk] as the model

performance metric.

Classifier Justification: Out of the four implemented models, LR and SVM has the best cross-
validation accuracy. However, LR in prediction confidence: for classifier h, given input xi and class
j ∈ {healthy, prediabetic, diabetic}: Ci = max

j∈0,1,2
P (yi = j|xi, h) outperformed SVM significantly.

Classification Significance: To test the significance of the classification, we deployed permu-
tation testing, with the null hypothesis (H0) that the top 15 selected features are not truly dis-
criminative. With B = 1000 iterations of random permutations of phenotype labels, and using
the same top 15 features and LOOCV, we calculated the statistical significance: p − value =

(1 +
∑B

b=1 I [ACCLOO,b ≥ ACCLOO,true])/(B + 1).

4 Results and Discussion

Figure 2: Feature ranking. a) Top 15 ranked features. b) Size effect of
top two features among the rat models.

We monitored the dynamics
of insulin, glucagon, and
C-peptide using QIRT-
ELISA. Blood samples
were directly withdrawn
for 15 minutes from
rats using a peristaltic
pump from indwelling
catheter surgically placed
in the jugular veins and
injected into QIRT-ELISA
for real-time biomarker
measurement. The rats
were conscious and under
normal physical activity.
Please see appendix A.4 for
full experimental details and appendix Fig. 4 a-c for time-series QIRT-ELISA data. We extracted
features from the time-series data of these targets, and ranked them (Fig. 2 a). Cohen’s d analysis
quantifies the size of the difference between groups, and a larger value of Cohen’s d indicates a
larger difference between groups (Fig. 2 b). Next, we deployed different classifiers including LR,
RF, KNN, SVM (100% training accuracy). First, we investigated the cross-validation accuracy of
each model for the top 15 ranked metrics. LR and SVM, both showed a better cross-validation
accuracy (89%, appendix Table 1). For the final model selection, we performed prediction confidence.
Across all animals, LR showed a significantly better classification certainty (appendix Fig. 5 a-b).
Next, for all the deployed models, we classified the animal models based on the top two metrics:
as the best model, LR showed classifying boundaries for: the glucagon mean rise rate (GMRS,
[a.u./min]) and the insulin mean rise time (IMRT, [min]). Higher GMRS values indicate a faster
release of glucagon from the α-cells. The IMRT is the average time that it takes for insulin to rise
from a valley point (the minimum point before the peak) to the peak point. For analysis here, we
statistically transformed both metrics by robust scaling (scaled to the median of all rats). Obese
rats exhibit strongly negative values, consistent with α-cell hyper-compensation in prediabetic
rodents [21]. T2D rats show consistently positive values, indicating impaired glucose sensitivity
and hyperglucagonemia, a hallmark of T2D [22, 23, 24]. For insulin, lean rats maintain sustained
rise times; Obese/T2D rats show shortened times (In Fig. 3, negative values indicate values less
than population median), reflecting β-cell exhaustion during metabolic challenges. Using only these
two metrics, we established decision boundaries that accurately separated lean (healthy), obese
(prediabetic), and T2D phenotypes with 89% accuracy (Fig. 3 a-d).
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5 Conclusion and Future Steps

Figure 3: Decision boundaries. a-d) Performance of classi-
fiers on the top two dynamic metrics.

In this work, we captured minute-
resolution, multiplexed time-series of
insulin, glucagon, and C-peptide in
conscious rats (healthy, prediabetic,
and T2D) using the QIRT-ELISA plat-
form. From these data, we derived
physiologically informed dynamics
(e.g., glucagon mean rise rate, in-
sulin rise time). Logistic regression
achieved the best performance on n=9
animals, and we showed that as few
as two features yield clear decision
boundaries.

This study has limitations we will ad-
dress next. First, we evaluated only
a small set of classical models; we
will broaden this to more sophisti-
cated models to increase the classifi-
cation accuracy. Second, the animal
cohort size is small (n=9, three per
group); while we tried to tackle the limits of statistical power by the LOO-CV approach and max-
imize data utilization, we will expand the study to a larger cohort (n=60 animals per phenotype)
to strengthen statistical power and generalizability of the temporal biomarkers. To enable bench-
marking and community feedback, we have publicly released the code and in vivo data, with the
goal of accelerating QIRT-ELISA–enabled diabetes research and catalyzing TS4H work on diabetes
time-series.
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A Technical Appendices and Supplementary Material

A.1 Feature Extraction

We studied the profile of each biomarker according to the previous studies that have analyzed the
time-series data from CGM devices [12, 13, 14, 15]. For instance, area under the curves (AUCs)
of each hormone/peptide, including postive, negative, and total AUCs, coefficient variations %,
glucose sensitivity, etc. are calculated similar to the measurements from CGM devices. Since we are
measuring new hormones/peptide that CGM devices do not provide any information about them, new
metrics are introduced to fully capture the behavior of biomarker profiles for different phenotypes.
Moreover, these features help us understand physiological mechanism happening in vivo in the animal
models such that they will not be visible to us with comparison of raw data measurements. Some of
the important definitions are listed below.

Definitions: Let x
(j)
j,k represent the normalized signal for animal k, biomarker j ∈

{insulin, glucagon,C − peptide} at timepoint i ∈ {1, 2, 3, 4, 5, 6}.

Normalization:

F j,k
0 = 1

6

∑6
i=1 F

j,k
i and x

(j)
i,k =

F j,k
i

F j,k
0

Category 1: Basic Device Measurements (15 metrics, 5 per biomarker)

1. Mean raw signal ([a.u.]) = µj,k
raw = 1

6

∑6
i=1 F

j,k
i

2. Range Raw Signal (a.u.) = Rj,k
raw = maxi(F

j,k
i )−mini(F

j,k
i )

3. Coefficient of variation (%) = CV j,k =
σ
(
x
(j)
:,k

)
µ
(
x
(j)
:,k

) × 100%

where σ
(
x
(j)
:,k

)
=

√
1
5

∑6
i=1

(
x
(j)
i,k − µ

(
x
(j)
:,k

))2

4. Maximum normalized value = xj,k
max = max

i

(
x
(j)
i,k

)
5. Minimum normalized value = xj,k

max = min
i

(
x
(j)
i,k

)
Category 2: Glucose-Adjusted Parameters (21 metrics)

Glucose Normalization Parameters

• Average Glucose Concentration: Ḡk =
Gstart,k+Gend,k

2

• Glucose Change: ∆Gk = Gend,k −Gstart,k

Efficiency Metrics (7 per biomarker)

1. Glucose-Corrected Baseline (normalized to 5.6 mM): correctedj,k5.6 = µ(x
(j)
:,k )×

5.6
Ḡk

2. Glucose Efficiency Ratio: ηj,kglucose =
µ(x

(j)
:,k )

Ḡk

3. Glucose Sensitivity: sensj,kglucose =
range(x(j)

:,k )

Ḡk
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4. Glucose Responsiveness: respj,kglucose =
|∆Gk|
σ(x

(j)
:,k )

× sign(∆Gk × corr(x(j)
:,k ,Gk))

5. Glucose Correlation: ρj,kglucose = corr(x(j)
:,k , [Ḡk, Ḡk, ..., Ḡk])

6. Glucose Peak Efficiency: ηj,kpeak =
maxi(x

(j)
i,k)−1.0

Ḡk

7. Glucose-Adjusted Range: Rj,k
glucose =

xj,k
max−xj,k

min

Ḡk

Category 3: Peak Dynamics Analysis (21 metrics)

Peak Detection Algorithm:

• Threshold Definition: τ j,kpeak = µ(x
(j)
:,k ) + 0.5σ(x

(j)
:,k )

• Peak set: P j,k = {i : x(j)
i,k > τ j,kpeak and x

(j)
i,k > x

(j)
i−1,k and x

(j)
i,k > x

(j)
i+1,k}

Peak Metrics (7 per biomarker)

1. Peak Count Above Standard Deviation: N j,k
peaks = |P j,k|

2. Peak Frequency (peaks per minute): f j,k
peaks =

Nj,k
peaks

Texp/60

3. Peak Dynamic Range Ratio: Rj,k
dynamic =

max
i∈Pj,k (x

(j)
i,k)

min
i∈Tj,k (x

(j)
i,k)

4. Peak Mean Width (temporal extent): W j,k
peak = 1

|P j,k|
∑

i∈P j,k ∆twidth,i

where ∆twidth,i is the full-width-half-maximum around peak i

5. Peak Total Excursion: Ej,k
total =

∑
i∈P j,k(x

(j)
i,k − µ(x

(j)
:,k ))

6. Peak Coefficient of Variation: CV j,k
peak =

σ({x(j)
i,k:i∈P j,k})

µ({x(j)
i,k:i∈P j,k})

7. Peak Maximum Prominence: P j,k
prom = maxi∈P j,k(x

(j)
i,k −max(neighboring troughs))

Category 4: Rate Analysis (21 metrics)

Discrete Rate Calculations

• Point-to-Point Rate: rj,ki =
x
(j)
i+1,k−x

(j)
i,k

∆t

• Smoothed Rate (3-point derivative): rj,ksmooth,i =
x
(j)
i+1,k−x

(j)
i−1,k

2∆t

• Acceleration (second derivative): aj,ki =
rj,ki+1−rj,ki

∆t

Rate Metrics (7 per biomarker)

1. Maximum Increase Rate: Rj,k
max,inc = maxi(r

j,k
i )

2. Maximum Decrease Rate: Rj,k
max,dec = maxi(|rj,ki |) where rj,ki < 0

3. Mean Absolute Rate: Rj,k
mean,abs =

1
5

∑5
i=1 |r

j,k
i |

4. Rate Variability: σj,k
rate =

√
1
4

∑5
i=1(r

j,k
i − r̄j,k)2

5. Maximum Acceleration: Aj,k
max = maxi(a

j,k
i )

6. Trend Slope (linear regression): βj,k
trend =

∑6
i=1(ti−t̄)(x

(j)
i,k−x̄j,k)∑6

i=1(ti−t̄)2

7. Trend R-squared: R2,j,k
trend =

[
∑6

i=1(ti−t̄)(x
(j)
i,k−x̄j,k)]2∑6

i=1(ti−t̄)2
∑6

i=1(x
(j)
i,k−x̄j,k)2
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Category 5: Area Under Curve (AUC) Metrics (15 metrics)

AUC Calculations

• Total AUC (Trapezoidal Integration): AUCj,k
total =

∆t
2

∑5
i=1(x

(j)
i,k + x

(j)
i+1,k)

• AUC Above Baseline (positive excursions):
AUCj,k

above =
∆t
2

∑5
i=1[max(x

(j)
i,k − 1.0, 0) + max(x

(j)
i+1,k − 1.0, 0)]

• AUC Below Baseline (negative excursions):
AUCj,k

below = ∆t
2

∑5
i=1[max(1.0− x

(j)
i,k , 0) + max(1.0− x

(j)
i+1,k, 0)]

AUC Metrics (5 per biomarker)

1. Glucose-Corrected AUC: AUCj,k
glucose = AUCj,k

total ×
5.6
Ḡk

2. AUC Glucose Efficiency: ηj,kAUC =
AUCj,k

total

Ḡk

3. Time-Weighted Average: TWAj,k =
AUCj,k

total

Texp

4. AUC Balance Ratio: Bj,k
AUC =

AUCj,k
above

AUCj,k
below+ϵ

where ϵ = 10−6 prevents division by zero

5. Net AUC: AUCj,k
net = AUCj,k

above − AUCj,k
below

Category 6: Oscillation Pattern Analysis (18 metrics)

Oscillatory Characteristics (2 per biomarker)

1. Zero Crossings (baseline crossings): Zj,k = |{i : sign(x(j)
i,k − 1.0) ̸= sign(x(j)

i−1,k − 1.0)}|

2. Oscillation Frequency: f j,k
osc =

Zj,k

Texp/60

Pattern Regularity Metrics (2 per biomarker)

1. Autocorrelation-Based Regularity: ρj,kauto(τ) =
∑6−τ

i=1 (x
(j)
i,k−x̄j,k)(x

(j)
i+τ,k−x̄j,k)∑6

i=1(x
(j)
i,k−x̄j,k)2

2. Pattern Regularity Index: Ij,kreg = maxτ∈{1,2,3} |ρj,kauto(τ)|

Oscillation Metrics (3 per biomarker)

1. Rhythmicity Index (Fast Fourier Transform-based): Ij,krhythm =
max(|FFT(x(j)

:,k )|)

mean(|FFT(x(j)
:,k )|)

2. Signal Entropy: Hj,k = −
∑6

i=1 pi log2(pi)

where pi =
|x(j)

i,k|∑6
j=1 |x(j)

j,k|

3. Temporal Stability: Sj,k
temp = 1− σ(x

(j)
:,k )

max(x
(j)
:,k )−min(x

(j)
:,k )+ϵ

Category 7: Inter-Biomarker Correlations

For each pair of biomarkers (j1, j2) ∈ {(I,Glu) , (I, CP ) , (Glu,CP )} and animal k we have:

Basic Correlations:

1. Pearson Correlation: ρkj1,j2 =
cov(x(j1)

:,k ,x
(j2)

:,k )

σ(x
(j1)

:,k )σ(x
(j2)

:,k )

2. Cross-Correlation Maximum: ρj1,j2,kmax = maxτ |ρkj1,j2(τ)|
where ρkj1,j2(τ) is the cross-correlation at lag τ
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Category 8: ELISA Quantitative Metrics

ELISA Calibration Parameters:

• Calibration Slope: βj,k
cal =

known concentration
measured signal

• Calibration Error: ϵj,kcal =
|predicted−actual|

|actual| × 100%

Concentration Metrics (7 per biomarker)

1. Mean Concentration (pM): Cj,k
mean =

Cj,k
start+Cj,k

end

2

2. Concentration Range: Cj,k
range = Cj,k

end − Cj,k
start

3. CV Concentration: CV j,k
conc =

|Cj,k
range|

Cj,k
mean

× 100%

4. Maximum Concentration: Cj,k
max = max(Cj,k

start, C
j,k
end)

5. Maximum Secretion Rate: SRj,k
max =

|Cj,k
range|
Texp

6. Concentration-Device Correlation: ρj,kconc−dev = corr([Cj,k
start, C

j,k
end], [x

(j)
1,k, x

(j)
6,k])

7. Calibration Quality Score: Qj,k
cal =

1

1+ϵj,kcal/100

Category 9: Peak Kinetics Analysis (21 metrics)

Kinetic Parameter Definitions

• Rise Time (to peak): T j,k
rise,i = ti − tstart

where tstart is the timepoint before peak i begins to rise.

• Decline Time (from peak): T j,k
decline,i = tend − ti

where tend is the timepoint where peak i returns to baseline.

Kinetic Metrics (7 per biomarker)

1. Mean Rise Time: T̄ j,k
rise =

1
|P j,k|

∑
i∈P j,k T

j,k
rise,i

2. Mean Decline Time: T̄ j,k
decline =

1
|P j,k|

∑
i∈P j,k T

j,k
decline,i

3. Mean Rise Rate: R̄j,k
rise =

1
|P j,k|

∑
i∈P j,k

x
(j)
i,k−xj,k

baseline,i

T j,k
rise,i

4. Mean Decline Rate: R̄j,k
decline =

1
|P j,k|

∑
i∈P j,k

x
(j)
i,k−xj,k

baseline,i

T j,k
decline,i

5. Rise-Decline Ratio: γj,k
kinetic =

R̄j,k
rise

|R̄j,k
decline|+ϵ

6. Peak Count: N j,k
peaks = |P j,k|

7. Peak Frequency: f j,k
peak =

Nj,k
peaks

Texp/60
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A.2 Fed-State Data Measurements by QIRT-ELISA

Figure 4: Monitored hormonal/peptide data. The measurements during Texp = 15min for a) insulin,
b) glucagon, and c) C-peptide. Here, we assume that the data from the fed-state experiments represent
a quasi-steady metabolic condition where biomarker fluctuations reflect intrinsic regulatory dynamics
since we do not have external perturbations such as glucose gavage or injection.
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A.3 Comparison of Classification Models

Model 1. Multinomial logistic regression model (with softmax parameterization),

P
(
yk = c|ϕ(final)

k

)
=

exp(wT
c ϕ

(final)
k +bc)∑2

j=0 exp(wT
j ϕ

(final)
k +bj)

for c ∈ {0, 1, 2}, where W = [w0, w1, w2] ∈

R15×3 and bias vector of b = [b0, b1, b2]
T ∈ R3. Considering a log-likelihood for subject

k with the true label yk, and L2 regularization to avoid overfitting, the complete objective is
J (W, b) = −

∑9
k=1

∑2
c=0 I [yk = c] logP

(
yk = c|ϕ(final)

k

)
+ λ

∑2
c=1

∑15
j=1 w

2
cj .

Model 2. Support Vector Machine Here the model aims to solve the optimization problem of
min
w,b,ξ

1
2 ∥w∥

2
+ C

∑n
i=1 ξi subject to yi

(
wTϕ (xi) + b

)
≥ 1− ξi, ξi ≥ 0, where for inputs features

are mapped by ϕ (xi): K (xi, xj) = ϕ (xi)
T
ϕ (xj) with a hyperparameter optimization through grid

seach over C ∈ {0.1, 1.10} and γ ∈ {scale, auto}.

Model 3. Random Forest We used this model to construct an ensemble of B decision trees
f̂RF (x) = 1

B

∑B
b=1 Tb (x), where each Tb is trained on a bootstrap sample with randomly sub-

sampling features at splits. Since our sample number was limited (n = 9), we set the following
parameters for shallow depth and minimum leaf samples to prevent overfitting: estimator numbers of
B ∈ {20, 50}, maximum depth of dmax ∈ {3, 5}, minimum sample per leaf of nleaf ∈ {2, 3}, and
with feature subsampling of m =

√
15.

Model 4. K-Nearest Neighbors This classifier was utilized to classify the subjects based on the
majority vote: ŷ = arg max

c

∑
xi∈Nk(x)

I(yi = c) where Nk(x) denotes the k nearest neighbors to

our query point x. Given our subject size (n = 9), chose a neighborhood size of k ∈ {3, 5}, distance
weighting of wi =

1
d(x,xi)2

where d(xi, xj) =
√∑p

l=1(xil − xjl)2.

We employed different ML classification models, initially for the experimental data, including logistic
regression, random forest (RF), k-nearest neighbors (KNN), support vector machines (SVM). We
followed a similar feature selection from the experimental data, and had priority-matched features
for all classifiers. In the RF model, although we have a successful classification for training, but
a low level of cross-validation accuracy suggests a possible overfitting to training data (Table 1).
Moreover, when analyzing the decision boundaries in this model, the jagged and rectangular bound-
aries represent artifacts of the tree-based splitting process, that undermines a realistic precision in
physiological interpretation and classification (Fig. 2 e). In KNN, we have moderate cross-validation
accuracy, inferior to both LR and SVM results (Fig. 2 f). Moreover, in the KNN classification, the
complex curved boundaries with abrupt transitions, create physiologically implausible "islands" of
classification. This will imply that a metabolic classification of a subject depends more on which
particular subject (animals) it resembles rather than underlying the actual biological mechanisms, and
nearest neighbor logic will not capture causal physiological relationships among features (Fig. 2 f).

Comparing LR and SVM, that outperformed previous models, both show good accuracies in training
and cross-validation (Table 1), and the similar linear boundaries in both suggest a continuously
progression in α and β-cells efficiency and dysfunction, and they follow along a biological continua
(Fig. 3 c-d).

With similar performance from LR and SVM, we investigated the most reliable model. For
this aim, we tested the prediction confidence for a trained classifier h, input xi, and class
j ∈ {healthy, prediabetic, diabetic}: Ci = max

j∈0,1,2
P (yi = j|xi, h), and also classification un-

certainty: Ui = 1− Ci. From the uncertainty heatmap, we can see the higher uncertainty for SVM
than LR for most animals (Fig. 4 a-b).
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Table 1: Model Performance Comparison

Classifier Cross-Validation Accuracy

Logistic Regression 0.89
Random Forest 0.56

SVM 0.89
KNN 0.78

Figure 5: Robustness comparison. The classification uncertainty of LR and SVM are compared, and
the significance level for these values are shown.
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