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CardioNet: Synthesis of a Diagnostic-Caliber 12-Lead 
Electrocardiogram Using Generative Neural Networks and Novel 

Feature Extraction Techniques
Tanay Chitlur – Westview High School Portland OR, USA

Highlights
1. CardioNet is a comprehensive 

generative pipeline that uses 
machine learning to create a 
diagnostic quality 12-lead ECG from 
3 recorded leads

2. Novel use of multiresolution (single-
beat, fine-grained and coarse-
grained) transformer to 
comprehensively capture both global 
and local dependencies in an ECG

3. Use of convolutional neural network 
layers embedded in single beat 
transformer block to capture detailed 
morphological features of an ECG

4. Synthesized output ECGs were 
extensively evaluated to be 
diagnostic caliber based on 
quantitative results (low AAE & 
NRMSE) and qualitative results 
(morphology analysis)

Future Work
1. Use past clinically recorded ECGs along 

with transfer learning (i.e.. targeted 
retraining of base model) for 
personalization 

2. Incorporate individual metadata (e.g. 
age, gender, weight) to personalize the 
model

3. Apply model to all types of 
cardiovascular disease 

Impact
1. Allows advanced CVD detection using 

wearable devices – wearable devices 
can be used to generate complete 12-
lead diagnostic quality ECGs 

2. Increases early detection rates of 
cardiovascular disease – enables at 
home monitoring of CVD

3. Demonstrates effectiveness of 
generative AI healthcare - novel 
multiresolution transformer can be 
applied for the generation of other 
electrophysiological signals (e.g. EEGs)

Conclusions

CardioNet: Multiresolution Transformer Network For ECG Synthesis (V1-V5)

Research Focus

4-Step Workflow
Record

Use predefined 
placements on body to 
record 3 leads I, III, V6

Use Einthoven and 
Goldberger’s Lead 

Formulas to Compute 
Leads II, aVR, aVL, aVF

Build and train 
multiresolution 

transformer model to 
synthesize leads V1-V5

Analyze quantitative 
(e.g. AAE, NRMSE) and 

qualitative results of 
generated ECGs

SynthesizeCompute Analyze

[7]

[7]

[3] [14] [8]

Step 1 Step 2 Step 3 Step 4

Background
Leading Causes of Deaths In USA Normal ECG (From Mimic-IV Dataset)

ECG with Intraventricular Conduction 
Disturbances (From Mimic-IV Dataset)

Claim
• CardioNet will be able to 

synthesize a 12-Lead ECG 
using information from only 3 
leads that can be recorded 
from a smart device 

• Generated 12-lead ECG is 
accurate for both normal and 
abnormal ECGs

• At home monitoring of heart 
health with only wearable 
device and CardioNet

• Early detection via at home 
monitoring of CVD can 
mitigate up to 80% of fatalities

• Create a machine learning 
pipeline to synthesize a 12-
lead ECG from 3 recorded 
leads 

• Synthesized ECGs capture 
both local and global 
dependencies of ECGs

Impact Goal

Low early detection 
rates of Cardiovascular 

Disease, resulting in 
high mortality rates 

Problem

Wearable ECG 
recording devices that 
are used for at home 

monitoring cannot 
record all 12 leads, 

limiting the detectable 
diseases 

Unmet Needs

Generative AI Pipeline 
to Synthesize a full 12-
lead ECG from only a 
subset of the leads

Proposed Solution

Transformer Architecture Customization

Results

12-Lead ECG Generation Strategy

Part 1 – Positional Encoding

Part 2 – Transformer Attention Overlays Part 3 - Model Training

Hyperparameter Description Single Beat Block Fine Grained Block Coarse Grained 
Block

Feature Fusion Block

epochs # of epochs for whole model 29 29 29 29

attention _heads # of attention heads in block 40 32 16 32

ff_dim Network depth 1024 1024 256 1024

batch_size Specifies # of sample processed together 32 32 32 32

loss_function Type of loss function used for training Custom DWT loss function

dropout_rate Parameter used for preventing overfitting 0.15 0.1 0.1 0.075

conv_filter_1 Size of convolutional filter for CNN layer 
1

128 N/A N/A N/A

conv_filter_2 Size of convolutional filter for CNN layer 
2

128 N/A N/A N/A

Loss Graph
Standard Loss Functions: 

MSE: 1
𝑛

σ𝑖=1
𝑛 (𝐴𝑖−𝑆𝑖)2,  RMSE: 1

𝑛
σ𝑖=1

𝑛 |𝐴𝑖 − 𝑆𝑖|2

Custom DWT and Modified MSE Loss Function: 
𝟏

𝒏
෍

𝒊=𝟏

𝒏

𝑫𝑾𝑻(𝑨𝒊 − 𝑫𝑾𝑻(𝑺𝒊)| + (𝑨𝒊
𝟐 − 𝑺𝒊

𝟐)𝟐

• Custom discrete wavelet transform (DWT) and modified mean squared error (MSE) is 
used to minimize:

• Frequency spectrum deviation
• Overall errors between synthesized and actual ECG

• Standard MSE and RMSE loss functions can result in low error rates even with  
morphological errors requiring frequency spectrum analysis to be incorporated into the 
loss function 

𝑨𝒊 = 𝑨𝒄𝒕𝒖𝒂𝒍 𝑫𝒂𝒕𝒂
𝑺𝒊 = 𝑺𝒚𝒏𝒕𝒉𝒆𝒔𝒊𝒛𝒆𝒅 𝑫𝒂𝒕𝒂

𝑵 = # 𝒐𝒇 𝑺𝒂𝒎𝒑𝒍𝒆𝒔

Custom Loss Function

Attention overlay graphs demonstrating how specialized transformer blocks selectively focus on 
relevant features

Feature Fusion Layer

Coarse Grained Overlay – Moving Average Data

Fine Grained Overlay – Original Data

Temporal 
Features - 
Periodicity

Basic 
Morphological 

features

Basic 
Temporal 
Features

Noise

Basic 
Morphological 

features

Temporal 
FeaturesMorphological 

featuresLow noise

1. Apply Fourier transforms to a dataset of 100,000 ECGs - 
breaks down the ECGs into its basic frequencies.

2. Create an average of the resulting Fourier transforms to create 
a representative Fourier transform for the entire dataset

3. Isolate frequencies with a magnitude exceeding a threshold of 
15

4. Generate a sine and cosine wave for each frequency that 
exceeds the threshold.

5. Use these sine and cosine waves as individual dimensions in 
the positional encoding.

6. Implement positional encodings to enhance the accuracy of 
the synthesized ECGs

Visualization of Custom Positional Encoding 
used in the Transformer Model This image represents 

the unique sinusoidal 
patterns assigned to 

each position in a 
sequence, with varying 
frequencies across the 
embedding depth. The 
heatmap indicates the 
magnitude of the sine 

and cosine values, which 
helps the model 

correlate temporal 
features in the data to a 

consistent waveform

Areas of 
Customization

Original Unmodified  
Architecture Image 

from [19]

Areas of customization in the general transformer network

Lead Average Absolute Error 
(AAE)

Normalized Root Mean 
Squared Error (NRMSE)

Lead V1 0.01090 mV 0.0001353

Lead V2 0.01905 mV 0.0001486

Lead V3 0.01849 mV 0.0001338

Lead V4 0.01804 mV 0.0001158

Lead V5 0.01562 mV 0.0001184

Quality of Results When Tested With 30,000 ECGs: 
Synthesized Lead vs Actual for Normal and Abnormal ECGs

V1-V5 ECG Examples: The results show 
that both Local and Global features are 
accurately captured in the synthesized 

normal and abnormal ECGs. This includes 
the accurate synthesis of the P, Q, R, S, 

and T waves, and the slope characteristics, 
for both normal and abnormal ECGsActual

Synthesized

Recording of Lead V6 with the 
smartwatch at the fifth 
intercostal space in left 

midaxillary line

Recording of Einthoven Lead I 
between the left arm wrist and 

the right index fingerRecording of Einthoven Lead III 
between the left lower abdominal region 

and the left index finger

[7]

Computing Pipeline

Synthesis Pipeline

Einthoven Leads

Calculate Lead II 
using Einthoven 
Lead Formulas

Goldberger Leads

Calculate Lead 
aVR, aVL, aVF 

using Goldberger's 
Lead Formulas

Evaluation

Evaluate the 
accuracy of the 
computed ECGs 
using AAE and 

NRMSE

Data Pre-
processing

Pre-recorded 
leads from 
MIMIC-IV 

public dataset 
used as inputs 

into 
computing 

and synthesis 
pipeline

Steps:
• Data 

Selection
• Data Noise 

Filtering

1 Recording

2

3

Lead Synthesis 
Method

I Record

III Record

V6 Record

II
Einthoven Lead 
System

aVR
Goldberger’s Lead 
System

aVL
Goldberger’s Lead 
System

aVF
Goldberger’s Lead 
System

V1
Synthesize Using 
CardioNet

V2
Synthesize Using 
CardioNet

V3
Synthesize Using 
CardioNet

V4
Synthesize Using 
CardioNet

V5
Synthesize Using 
CardioNet

Feature Analysis

Add Convolutional 
Layers to transformer 
blocks and customize 

the positional  
encoding of the 

transformer model

Model 
Architecture 

Define Architecture 
of Synthesis Model 
and Visualize Loss 

Graph

Evaluation

Evaluate the 
accuracy of the 

synthesized ECGs

Output – 
Synthesized 

ECG

Trained on RTX 4090
- 16,384 Cuda Cores

Fe
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Lead I
(1000 x 1)

Lead III
(1000 x 1)

Lead V6 
(1000 x 1)
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Single Beat Analysis

Single Beat 
(Up Sample)
(1000 x 3) 

Single Beat 
(Extraction)

(100 x 3)

Transformer With 
CNN Encoder

Coarse Grained Analysis

Transformer 
Encoder

Coarse Grained
(Moving Average)
(Kernel Size 8)
(1000 x 3)

Transformer 
Encoder

Fine Grained
(No Preprocessing)
(1000 x 3) Transformer 

Encoder

Input Embeddings

Custom Positional 
Encodings

Multi Headed 
Attention

Add & Normalize

Feed Forward

Add & Normalize

Output Embeddings

Custom Positional Encodings

Multi Headed Attention

Add & Normalize

Feed Forward

Add & Normalize

Multi Headed Attention

Add & Normalize

O
ut

pu
t f

ro
m

 E
nc

od
in

gs

Convolution 128

Dense 1000

Transformer 
Decoder with 

CNN

Normal

Actual
Synthesized

Overlaid Synthesized vs Actual Lead V1 Example

Overlaid Synthesized vs Actual Lead V2 Example

Overlaid Synthesized vs Actual Lead V3 Example

Overlaid Synthesized vs Actual Lead V4 Example

Overlaid Synthesized vs Actual Lead V5 Example

Abnormal

Non-diagnostic T Abnormalities
Overlaid Synthesized vs Actual Lead V3 Example

Overlaid Synthesized vs Actual Lead V1 Example
Incomplete Right Bundle Branch Block

ActualSynthesized

Cardiovascular disease (CVD) is the leading cause of death in the United States. Early detection and at home monitoring can prevent up to 80% of 
associated fatalities. Smart wearable devices are ideal for at-home monitoring but only record three leads, limiting detectable diseases. This project 

aims to create a generative AI solution to synthesize a diagnostic-quality 12-lead ECG, necessary for comprehensive CVD detection. 

Fine Grained Analysis

Transformer Encoder Pipeline
• Single Beat with CNN - 

Convolutional layers embedded 
in transformer block to capture 
local and spatial features

• Coarse Grained - Transformer 
with 16 attention heads and a 
feed-forward dimension of 256 
to capture global features

• Fine Grained - Transformer with 
32 attention heads and a feed-
forward dimension of 1024 to 
capture detailed features across 
all beats

Feature Fusion
The encoders outputs are 
concatenated and 
passed through a 
transformer encoder to 
fuse features from 
different pipelines. 

Output
The final stage employs a 
transformer decoder with 
convolutional layers to 
ensure all features are 
captured 
comprehensively 

Convolutional Layers – Convolutional layers are adept at capturing 
local and nuanced features from the data. To capture more spatial and 
local features convolutional layers were embedded in the within the 
transformer block. Specifically, a convolutional block was inserted 
between the multi-headed attention layer and the feed-forward layer, 
allowing the CNN to process data enhanced by the attention 
mechanism, rather than the raw data. This modified convolutional block 
was applied to a up-sampled single beat of an ECG to capture the 
morphology of the waves. This integration of CNN modules helps the 
synthesis accuracy in several aspects:

 Local Context Sensitivity –  The convolutional filters in CNNs 
help them extract local patterns, making them particularly effective in 
recognizing and maintaining local contexts and morphological patterns 
within data

 Hierarchical Feature Extraction: CNNs are known for their 
ability to learn hierarchical feature representations allowing them to 
build complex features out of simpler ones, capturing a different type of 
dependencies than attention mechanisms and transformers

Modified Transformer 
Encoder with 

Convolutional Layers

Convolutional Layers in Transformer Block

Input Embeddings

Custom Positional 
Encodings

Multi -Headed 
Attention

Add & Normalize

Feed Forward

Add & Normalize

Convolution 128

Convolution 128

Preprocessing Pipelines:
• Single Beat Extraction with Up 

Sampling is used to reveal local, 
fine-grained features. This 
analysis offers a close-up view of 
one ECG beat

• Coarse Grained Analysis with 
Moving Average is used to reveal 
global and long-term 
dependencies, creating a broad 
view of the whole ECG

• Fine Grained, No Preprocessing, 
unaltered data stream, keeps the 
unmodified values of the data

Custom positional encoding based on frequency domain analysis of ECGs

Optimized model hyperparameters and a customized loss function result in an accurate synthesis 
model with optimal loss graph

The Coarse-Grained transformer block 
is optimized to capture the temporal 
features of an ECG:
• Moving average applied to data to 

create broad view ECGs
• Used to capture global and long-

term dependencies
• 16 attention heads and a feed-

forward dimension of 256 
• Captures only basic features of an 

ECG leaving out morphological 
features like the P and T waves

The Fine-Grained transformer block is 
optimized to capture the overall 
features of an ECG:
• Used to capture general features of 

ECGs
• Holds unmodified raw ECG values 
• 32 attention heads and a feed-

forward dimension of 1024
• Captures lots of noise reducing 

other morphological and temporal 
features requiring other blocks to be 
accurate

The Feature Fusion block is optimized 
to combine all the features from the 
individual blocks
• “Fuses” and combines features from 

Single Beat, Coarse Grained and 
Fine-Grained Blocks

• 32 attention heads and a feed-
forward dimension of 1024

• Results in an ECG that captures 
temporal, morphological, local and 
global dependencies with low noise

[2]

Project ID: ROBO023

Data Preprocessing

[7]

[7][7]

Dataset Details

MIMIC-IV Database 
12-Lead

800,000 ECGs
~50 different 
disease types

Validated by 
multiple physicians

Step 1 Step 2 Step 3

Data Noise Filtering
- Standard Scaler Normalization

- High pass filter to remove noise 
and baseline drift from ECGs

Before Hi-Pass Filter

After Hi-Pass Filter

Data Selection

Normal

LVH

AFLT
LAFB

AMI
ISCAL

CLBBB

NDT

AFIB

IRBBB

100,000

10,000 
ECGs Of 

10 
Disease 
Types

CardioNet Dataset: 

• Selected 100,000 ECGs 
out of total 800,000

• 10 Different Disease Types

• Even split - 10,000 each to 
remove bias

Find and replace 
outliers using DBSCAN 

clustering

Blue, Yellow and Green 
Dots are outliers[3]

*Plotted ECGs from Mimic – IV Dataset*Data that was clustered from Mimic-IV dataset

Computation of Leads (II, aVR, aVL, aVF)
Lead AAE (mV)

 (lower is better)

NRMSE 
(lower is better)

Lead II 0.0002597 mV 0.00053655

Lead aVR 0.0003348 mV 0.0005191

Lead aVL 0.0003343 mV 0.00064288

Lead aVF 0.0003334 mV 0.00062393

These results revalidate Einthoven and Goldbergers 
lead formulae and show they work to compute leads 

II, aVR, aVL, and aVF for the Mimic-IV dataset

Computed ECG

• Einthoven's lead formulas are a set of industry standard equations 
used in electrocardiography to derive the electrical activity of the 
heart from different angles. These formulas involve Lead I, Lead II, 
and Lead III, which represent different viewpoints of the heart's 
electrical axis in the frontal plane.

Einthoven Lead System
Einthoven's Lead Equations: 
● Lead I + Lead III = Lead II
● Lead II – Lead I = Lead III
● Lead II – Lead III = Lead I

Goldberger’s Lead Equations: 
● Lead aVR = Lead I + Lead II / -2
● Lead aVL = Lead I - Lead III / 2
● Lead aVF = Lead II + Lead III / 2

• Goldberger's lead formulas are a set of industry standard formulae 
used to derive the unipolar limb leads (aVR, aVL, and aVF) from the 
bipolar limb leads (I, II, and III). The unipolar limb leads are known 
as redundant leads and provide a secondary view of the frontal 
plane of the heart. 

Goldberger’s Lead System

[19]
[19]

[19][19]
*Real ECG from Mimic-IV Database

Complete 12-lead ECG, able 
to detect all types of CVD

Incomplete ECG 
resulting in fewer 

detectable diseases

Kardia 6L ©

Apple Watch ©

Only up to 6 Recorded 
Leads

Wearable Cardiac 
Biosensors

Eko Duo ©

CardioNet

Currently Avaliable Automated 
and Computerized Diagnosis 

Methods

Examples
• Anumana

• Mayo Clinic
• NIH

Research FocusResearch Problem

[6]
[21]

[12]

Generative AI solution 
to synthesize a 

diagnostic-quality 12-
lead ECG

Use automated diagnosis 
methods in market today to 

classify ECGs

[3]
[3]

*Plotted Data From Mimic-IV dataset

100,000 raw ECGs
Average

Fourier transform made 
from all ECGs

Generated Sine and Cosine 
waves from frequencies with a 

magnitude of 15 or more

Fourier Transforms of 
individual ECGs

*Plotted ECGs From Mimic-IV dataset

*Real ECGs (Blue Lines) From Mimic-IV Dataset
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Example of Cardiovascular Disease that only shows up in Lead V1 while not 
showing up in Lead I, highlighting the need for a full 12-lead ECG. Plotted ECGs 

from the Mimic-IV Dataset

Lead I

Lead V1

Lead I

Lead V1

Cardiovascular Disease (CVD) is the leading cause of death in the USA
• At home monitoring is crucial for detecting life threatening diseases like Sudden Cardiac Arrest

• Cardiovascular Disease (CVD) can show up only weeks in advance
• Currently ONLY Atrial Fibrillation and Atrial Flutter can be detected from a standard ECG recorded 

from a wearable device
• Ventricular diseases, pericarditis and half of all types of Myocardial Infarction CANNOT be 

detected
• Asymptomatic individuals with CVD rarely get a full 12-lead ECG taken, even at annual check-ups
• Access to 12-Lead ECGs in low and middle-income countries could be as low as 10%

Problem Statement

Data preprocessing: Remove outliers, Minimize bias and Correct ECG noise

Unless Otherwise Noted All Figures and Images were Created by Tanay Chitlur, 2024
*Plotted ECGs (Blue Lines) From Mimic-IV dataset
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