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Abstract—Acute kidney injury (AKI) is a prevalent clinical
concern, often leading to adverse outcomes such as elevated mor-
tality and hospital readmission rates among patients. Disconcert-
ingly, a significant care gap exists, with fewer than 10% of AKI
patients obtaining nephrologist-led follow-up post-discharge care
from the hospital. This work introduces an artificial intelligence
(AI)-based methodology that synergistically combines single-
lead electrocardiogram (ECG) data, demographic attributes, and
creatinine levels to address this healthcare gap by forecasting
AKI recurrence within a three-to-seven-day period prior to
clinical diagnosis. The ECG signal is processed using a reservoir
computer (RC) implemented on a 28nm CMOS test-chip, pro-
viding a compact representation that enhances predictive ability.
Integrating demographic factors further refines the prediction,
culminating in an accuracy of 81.2% when validated against
retrospective patient data sourced from Mayo Clinic, across
various locations.

Index Terms—Machine learning, acute kidney injury, electro-
cardiogram, mixed-signal classifier, and reservoir-computer

I. INTRODUCTION

Acute kidney injury (AKI) is frequently encountered in
clinical settings and is associated with diminished long-term
health outcomes, including increased risk of death and hospital
readmission. A study revealed that 18% of AKI survivors were
re-hospitalized, and 8% died within 30 days of discharge,
with recurrent AKI being the leading cause [1]. Despite
these worrying statistics, many patients opt out of specialized
nephrological care, citing factors such as hospital fatigue
and logistical challenges i.e. long travel times. To address
this deficit in post-AKI management, this work proposes
a home-based monitoring framework that employs artificial
intelligence (AI) to predict AKI recurrence within a window
of three to seven days prior to its clinical onset. The proposed
system integrates electrocardiogram (ECG) readings with elec-
tronic medical record (EMR) data, including age, race, gender,
weight, as well as initial creatinine levels recorded at the
same time as the other EMR information. Fig. 1 gives an
overview of this system. The core of the system features
a reservoir computer (RC) that encodes single-lead ECG
data into a condensed and information-rich format. The RC-
based representation of the ECG signal, which is sensitive to
electrolyte disturbances indicative of AKI [2], is concatenated
with the creatinine and demographic data, to be processed
by a neural network to estimate the likelihood of recurrence.

The RC is fabricated using a 28nm CMOS process, while
the fusion model is on software with the goal of future
smartphone-based deployment. Encoding the ECG data at the
sensor level minimizes radio frequency (RF) transmission,
conserving battery life of the ECG sensor. This is feasible due
to the RC’s capability to derive salient features from sparse
signals using a small number of neurons [3]. The rest of this
paper is organized as following: Section II defines the dataset
provided by Mayo Clinic that is used in this work, Section III
discusses the proposed architecture and artificial intelligence
model used, Section IV presents measurement results of the
test-chip, and Section V concludes the discussion of this work.

ECG sensor

Dense 
representation AI outcomes 

Fusion AI model

EMRRC data 
Sensor 

In-sensor AI

Fig. 1: Overview of the proposed technique for predicting AKI
onset through ECG and demographic information inputs to an
ANN; the work of this paper is enclosed within blue.

II. DATASET

The dataset comprises over 7100 retrospective patient
records, from 1883 unique individuals, obtained from Mayo
Clinic. Each ECG sample was recorded within three to seven
days prior to either AKI diagnosis or normal status con-
firmation. The dataset includes 1118 male, and 765 female
patients, with their ages ranging from 18 to 90 years. Fig. 2
details the demographic breakdown of the patient samples
in this dataset (body mass index is given to indicate the
distribution of the weights of the patient records). The dataset
was divided into training and testing sets, ensuring that data
from each patient appeared in only one set to maintain patient
exclusivity. The training set included 1506 unique patients
with 5670 ECG samples, and the test split contained 377
unique patients with 1495 ECG samples. For each patient,
12-lead ECGs, demographic, and creatinine level data were

433

2025 IEEE Biomedical Circuits and Systems Conference (BioCAS)

DOI 10.1109/BioCAS67066.2025.00099

20
25

 IE
EE

 B
io

m
ed

ic
al

 C
irc

ui
ts

 a
nd

 S
ys

te
m

s C
on

fe
re

nc
e 

(B
io

C
A

S)
 | 

97
9-

8-
33

15
-7

33
6-

2/
25

/$
31

.0
0 

©
20

25
 IE

EE
 | 

D
O

I: 
10

.1
10

9/
B

io
C

A
S6

70
66

.2
02

5.
00

09
9

 979-8-3315-7336-2/25/$31.00 ©2025 IEEE

Authorized licensed use limited to: Arizona State University. Downloaded on March 11,2026 at 15:43:58 UTC from IEEE Xplore.  Restrictions apply. 



collected; however, only ECG data from V4 lead was used
for model input as it gave the best model performance in
software (see Table I). The ECG data was pre-processed by
using a median filter, which suppresses noise of the ECG
signal and reduces its size [4]. This step reduced noise while
keeping the data volume low enough for direct input into the
RC, eliminating the need for intermediate feature extraction,
simplifying the circuit design by avoiding an on-chip feature
extractor. Static demographic features - age, weight, race, and
gender - were all scaled to the 0 to 1 range by normalizing
age and weight, and one-hot-encoding race and gender. Fig. 2
shows the distribution of these features among the patient
records. Also considered with the other EMR data was a
baseline creatinine value for each patient sample. The RC
output was concatenated with this data to be passed to the
neural network off-chip.

1467 - 21%

1571 - 22%

10%
-

(b)Age ranges of patient samples(a)

Non-Caucasian
Caucasian
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Fig. 2: Pie charts of patient samples according to a) race, b)
age, c) gender, and d) weight.

TABLE I: Performance of different ECG lead data in software
test accuracy.

Lead I II III V1 V2 V3 V4 V5 V6 AvF AvR AvL

Accuracy 0.822 0.820 0.825 0.816 0.817 0.822 0.833 0.825 0.823 0.822 0.825 0.819

III. PROPOSED ARCHITECTURE

A. Overview of RC circuits

RC is a computational technique that projects input signals
into a high-dimensional space through static nonlinear pro-
jections, which enhances class separation. A key advantage
of RC is that it does not require training of the reservoir
or input layers. Additionally, the inherent nonlinearity of

RC eliminates the need for highly linear analog circuitry,
thereby reducing energy consumption. RC compresses the
sensor input and encodes it, reducing RF packet size and
power. Prior RC implementations often relied on photonic
or energy-intensive analog designs [5]–[8]. These works [5]–
[7] require large capacitors, leading to energy inefficiency
or needed background calibration for delay or nonlinearity
elements. In a prior work [8] time-multiplexing was used on
an on-chip analog RC to create multiple virtual neurons from a
single physical neuron, thus avoiding requiring large capacitors
or calibration. However, [8] used continuous-time circuits,
which are are not energy efficient due to the slowly varying
signals found in biomedical applications as they require large
capacitors and have static energy consumption [9]. Hence,
the key aspect of this work is the adoption of a low-power
switched-capacitor-based RC system that builds on previous
efforts by integrating all neurons on-chip and reducing energy
consumption. For this work’s RC parameters, simulations of
the RC model were used to determine the optimal values for
best performance as illustrated in Fig. 3.

B. Circuit design

The RC output with N neurons is defined as

R⃗k[n] = H
(
GiW⃗i × X⃗T +GfW⃗r × R⃗k[n− 1]

)
(1)

here X⃗ = [X1X2 · · ·XD] represents the ECG signal with D
samples, W⃗i is a N ×D input weight matrix (D >> N ), W⃗r

is an N × N interconnection weight matrix for the reservoir
layer, H(·) denotes the nonlinear activation, Gi and Gf are
the input scaling and feedback gain factors respectively. The
RC is constructed using a switched-capacitor integrator design,
shown in Fig. 4. Each neuron functions as a leaky integrator,
seen in (1), implemented with a low-gain amplifier (≈ 25dB).
The neuron’s output is reset whenever it crosses a predefined
threshold. The architecture features lateral inhibition among
clusters of three neurons, modeled after biological vision
systems and aids in detecting transient signals such as the QRS
complex in a ECG signal. Lateral inhibition is possible due to
all the neurons in the same cluster being reset simultaneously.
Sampling capacitors, Cin, Cf1, Cf2, are each 14.fF, while the
feedback capacitor Cintg is 44.4fF. The ratio of the sampling
capacitors to the feedback capacitor sets the feedback gain Gf .
The input scaling factor Gi is realized off-chip along with
the input layer. Input ECG data of 2500 time samples are
compressed using 70 neurons, achieving a compression factor
around 36. The nonlinear activation H(·) stems from the am-
plifier behavior in slew mode, reset dynamics in the integrator,
and charge injection error from the switches, all of which are
harnessed as part of the system’s computational kernel. Hence,
these proposed analog RC neurons can be extremely small in
contrast to traditional analog design requirements of careful
matching, large area, and high power to prevent mismatches
and nonlinearity. Input multiplication occurs off-chip to allow
for flexible testing with arbitrary input sample sizes D, with
the input weight matrix W⃗i restricted to binary ’1/0’ values.
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The analog outputs are serialized and digitized via a 10-bit
successive approximation register analog-to-digital converter
(SAR ADC), which uses bi-directional switching technique
to minimize energy consumption [10]. ADC nonlinearities
are absorbed by the RC’s activation function, simplifying the
ADC’s design constraints.

(b)(a)

Fig. 3: Plots of train accuracy versus a) input scaling factor
and b) feedback factor.
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Fig. 4: Schematic of a) RC architecture; and b) single reservoir
neuron.

C. ANN

The output of the RC neurons are sent to a neural network
off-chip for predicting AKI onset. As previously discussed
in Section II, demographic information - age, race, gender,
weight, were used as well as a baseline creatinine measure-
ment. All input data for the respective AI models were scaled
to the range 0 to 1 by one-hot-encoding race and gender,
and normalizing weight, age, and RC output. This ensures
equal weighing of the input data when feed to the neural
networks. The various neural networks tested were: logistic
regression (LR), k-nearest-neighbor (KNN), support vector
machine (SVM), and artificial neural network (ANN). The
hyper-parameters of the neural networks were optimized by
a grid search on the training dataset.

SAR ADC

Reservoir

(a)

(b)

Fig. 5: a) Die photograph and layout view of the test-chip;
b) picture of the test board with the chip and equipment
interfaces.

IV. MEASUREMENT RESULTS

The 28nm CMOS test-chip, including its layout is shown
in Fig. 5. This test-chip was fabricated with dummy metal
fills to meet process requirements. The resulting additional
parasitics have negligible impact, as they are incorporated
into the RC’s nonlinearity. Power consumption was measured
at 16.8µW at 0.9V with the RC operating at 31.25kHz and
the SAR ADC at 2MHz. The core area is 1.65mm×1.04mm.
Fig. 5 shows the test board housing the test-chip, with the
low-dropout regulators and potentiometers used to properly
bias the test-chip, along with the equipment needed to capture
the test-chip’s outputs. Input signals were supplied via NI
DAQ systems, and the outputs were recorded using a logic
analyzer. The performance of the various models was assessed
using confusion matrices. Their test accuracies are summarized
in Table II, while the corresponding confusion matrices are
presented in Fig. 6. Among the models, the ANN with a
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Fig. 6: Confusion Matrices of Test Results with various AI
methods: a) Logistic Regression b) K-nearest neighbors c)
Support Vector Machine and d) Artificial Neural Network.

single hidden layer comprising 298 neurons and a hyperbolic
tangent activation function achieved the highest test accuracy.
This ANN model also attained a precision of 0.817, sensitivity
of 0.987, and a balanced F1 score of 0.894. Table III com-
pares this work with state-of-the-art chronic kidney diseases
(CKD)/AKI detection/onset prediction tools using ECG, EMR,
and clinical data such as measurement results of biomedi-
cal markers such as fatty-acid binding protein, hemojuvelin,
neutrophil gelatinase-associated lipocalin, etc. [11]. This work
achieves results that are comparable to, or even better than,
those of other works that utilize more extensive EMR and
clinical data, despite relying solely on single-lead ECG data
and minimal EMR information. The proposed analog RC
achieves an energy consumption of 58nJ/inference including
the input layer and RC layer, which as shown in Fig. 7
is competitive and on the lower end of energy/inference
for other state-of-the-art technologies [12]–[30]. For the RC
layer alone, this work achieves an energy consumption of
just 0.5nJ/inference - the lowest value compared to the other
works in Fig. 7. Compared to our previous work [30], which
reported a similarly low energy/inference for the RC layer
(1.5nJ/inference compared to 0.5nJ/inference), the earlier work
resulted in lower model performance (test accuracy of 0.758
versus 0.812) and was evaluated on a much smaller dataset
(295 samples from 117 unique patients, compared to 7165
samples from 1883 unique patients in this work). Overall,
this work demonstrates both improved energy efficiency and
superior classification performance.

V. CONCLUSION

This work has presented prediction of AKI recurrence three
to seven days before onset, by utilizing single-lead ECG and

TABLE II: Performance of different neural networks.
Model Precision Sensitivity Accuracy F1 Score
Logistic Regression 0.809 0.999 0.811 0.894
K-Nearest Neighbor 0.801 0.848 0.710 0.824
Support Vector Machine 0.809 0.999 0.810 0.894
Artificial Neural Network 0.817 0.987 0.812 0.894

TABLE III: Comparison with kidney disease detection tasks.

Task Predictor Accuracy Sensitivity
[11] CSA-AKI onset EMR and Clinical Data 0.822 0.813
[31] AKI onset within 2 days EMR 0.558 −
[32] AKI in Heart Failure Patients EMR and Clinical Data 0.884 0.960

This work AKI onset within 3–7 days 1-lead ECG+EMR 0.812 0.987

This work

MonitoringSeizureArrythmia
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[12]

[25]

[17]

[13]

[14]

[15]

[16]

[23]

[18]

[21]

[20]

[22]

[24] [13]
[27]
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Fig. 7: Comparison with state-of-the-art AI ASICs for different
bio-medical applications.

demographic data as input data to an ANN. The proposed
framework was validated using data given by Mayo Clinic. Its
performance shows the potential of at-home monitoring for
AKI patients using intelligent wearables.
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