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Abstract 
 

Diagnosing abnormal fetal cardiac function using ultrasound is a complicated procedure which 

makes it difficult to obtain high quality results from ultrasound examinations that are 

performed shortly before delivery. Color tissue Doppler imaging (cTDI) is the 

echocardiographic technique that has been used to obtain the data for this project. Subtle 

changes in the fetal cardiac function caused by a variety of complications can possibly be 

detected using cTDI. Fetuses suffering from these complications are often involved in high-risk 

deliveries. Combining the data obtained from cTDI with Artificial Intelligence (AI) may 

improve precision and accuracy when it comes to diagnosing pathological conditions involving 

fetal cardiac function before delivery. AI uses machines to perform and execute tasks that are 

characteristic of human intelligence. AI can be achieved by using deep learning. Deep learning 

uses algorithms called artificial neural networks that are inspired by the biological structure and 

function of the human brain. The neural networks classify information in a similar manner to 

the human brain. A platform that uses deep learning can make statements or predictions based 

on the data fed to it. The AI platform Peltarion uses deep learning to perform tasks. The aim of 

this project was to use Peltarion to evaluate the possibility of predicting high-risk deliveries 

with abnormal perinatal outcome by using data obtained by cTDI velocity recordings of the 

fetal heart. The data included myocardial velocity recordings from 107 pregnancies, out of the 

107 pregnancies 82 of the babies were born healthy while 25 babies had an adverse perinatal 

outcome. The data was uploaded in the platform and three models were built and trained in 

order to evaluate the performance of the platform using the data. The parameters that have been 

used to determine the results are loss, accuracy and precision. The results showed that the 

accuracy parameter was measured to be 0.8 in all cases which means that the model correctly 

predicts if a fetal heart is healthy or likely to have an adverse outcome 80% of the time. The 

precision parameter was measured to be around 0.4 which means out of all the times the model 

predicted a fetal heart to have an adverse outcome, only 40% truly had an adverse outcome. It 

was concluded that a substantially larger amount of evenly distributed data is required to 

appropriately evaluate the possibility of using fetal myocardial velocity recordings as data for 

the AI platform Peltarion to predict high-risk deliveries.  
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Sammanfattning  
 

Diagnostisering av avvikande fetal hjärtfunktion med ultraljud är en komplicerad procedur 

vilket gör det svårt att erhålla bra resultat från ultraljudsundersökningar som görs kort innan 

förlossning. Färgkodad vävnadsdoppler (cTDI) är en ekokardiografisk teknik som har använts 

för att erhålla data till detta projekt. Förändringar i fosterhjärtats funktion som är orsakade av 

komplikationer kan möjligtvis detekteras med hjälp av cTDI. Foster som lider av dessa 

komplikationer kan vara involverade i svåra förlossningar. Att kombinera datat som har 

erhållits från cTDI med Artificiell Intelligens (AI) skulle kunna förbättra precision och 

noggrannhet när det gäller diagnostisering av avvikande fetal hjärtfunktion innan förlossning. 

AI använder sig utav maskiner för att utföra uppgifter som är karakteristiska med människans 

intelligens. AI kan uppnås med hjälp av deep learning. Deep learning använder sig av 

algoritmer som heter artificiella neurala nätverk och som inspireras av hjärnans struktur och 

funktion. De neurala nätverken klassificerar informationen på liknande sätt som den mänskliga 

hjärnan. En plattform som använder sig utav deep learning kan göra antaganden och 

förutsägelser baserat på datat som har matats in. AI plattformen Peltarion använder sig av deep 

learning för att utföra uppgifter. Målet med projektet var att använda Peltarion för att utvärdera 

möjligheten att förutse svåra förlossningar med avvikande perinatalt utfall genom att använda 

data som har erhållits från cTDI av fosterhjärtan. Datat bestod av hastighetsmönster från 

fosterhjärtan från 107 graviditeter. Från de 107 graviditeterna var 82 bebisar involverade i 

normala förlossningar medan 25 bebisar var involverade i komplicerade förlossningar. Datat 

laddades upp i plattformen och tre modeller byggdes och tränades för att kunna utvärdera 

plattformens prestanda. Parametrarna som användes för att analysera resultaten var loss, 

noggrannhet och precision. Resultaten visade att noggrannheten var 0,8 i alla fall vilket betyder 

att modellen förutsåg korrekt att ett fosterhjärta var frisk eller hade avvikande fetal 

hjärtfunktion 80 % av tiden. Precisionen var 0,4 vilket betyder att fosterhjärtat faktiskt hade 

avvikande fetal hjärtfunktion 40 % av alla gånger modellen förutsåg att det hade avvikande 

fetal hjärtfunktion. En avsevärt större mängd jämnt distribuerade data behövs för att på 

lämpligt sätt utvärdera möjligheten att använda AI plattformen Peltarion med 

hastighetsmönster från fosterhjärta för att förutse svåra förlossningar. 
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1 Introduction 
 

The fetal heart is a crucial organ in fetal development. Ultrasound examinations are 

performed shortly before delivery. Diagnosing fetal cardiac dysfunction using ultrasound has 

proven to be difficult due to multiple factors. Complicating factors include fetal movements, 

high fetal heart rate, the small size of the fetal heart and the distance between the ultrasound 

transducer and the fetal heart (1). These factors make it hard to obtain results of good quality 

from the ultrasound examinations which leads to difficulty diagnosing fetal cardiac 

dysfunction. Due to these difficulties, an improvement is in high demand. Color tissue 

Doppler imaging (cTDI) is an echocardiographic technique that shows promise for 

evaluation of fetal hearts and has been used to obtain the data used for this project (1).  

 

Subtle changes in fetal cardiac function caused by complications such as hypoxia/hypoxemia 

or acidemia can possibly be detected using cTDI (1). Fetuses suffering from 

hypoxia/hypoxemia are likely to have a lower tolerance to contractions during labor and 

might be at higher risk during delivery. Combining the data obtained from cTDI with 

Artificial Intelligence (AI) might improve precision and accuracy when it comes to 

diagnosing fetal cardiac dysfunction. A better diagnosis is necessary to be able to predict if 

the delivery will include complications. 

 

AI is used to create platforms that execute tasks by mimicking the human cognitive function. 

The AI platform Peltarion uses deep learning to perform tasks (2). Deep learning is one of 

many ways to achieve AI. Deep learning uses algorithms called artificial neural networks 

that are inspired by the biological structure and function of the human brain. The neural 

networks work by classifying information in a similar manner to the human brain (2). A 

platform that uses deep learning can make statements or predictions based on the data fed to 

it. In theory, deep learning can be used to diagnose with better precision and more accuracy 

than human experts (2). 

1.1 Aim 
 

The aim of this project was to evaluate the possibility of using the AI platform Peltarion to 

predict high-risk deliveries with abnormal perinatal outcome by using data obtained by cTDI 

of the fetal heart.  

1.2 Limitation  
 

The platform Peltarion was the only AI platform to be evaluated during this project.  
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2 Background 
 

The background section contains information about cTDI, the cardiac cycle of the fetal heart, 

deep learning, convolutional neural networks and the AI platform Peltarion. 

2.1 Color tissue Doppler imaging 
 

cTDI is based on the Doppler effect. The Doppler effect is the change of frequency in 

electromagnetic waves such as sound waves in relation to an observer who moves towards or 

away from the source of the wave (3). If the source moves towards the observer, then the 

frequency is higher. If the source moves away from the observer, then the frequency is 

lower.  

  

 cTDI is an echocardiographic technique that is used to measure tissue velocities. cTDI can 

be used to measure myocardial function of the fetal heart (4). The Doppler color is coded 

directly into the image. The velocities measured from the myocardium are seen as different 

colors depending on what direction they are going in as seen in figure 1 (3).  

 

 
Figure 1 shows an ultrasound image obtained with cTDI from an adult heart. Blue and red color codes indicate velocities 
from myocardium moving in opposite directions. Image from course material from KTH course HL1013 Medical Imaging 
Systems 2018 

2.2 The cardiac cycle of the fetal heart 
 

The fetal heart plays a central role in fetal development. Multiple complications can arise 

with pregnancy and child birth such as hypoxia, hypoxemia or acidemia (1). Hypoxia is 

when the oxygen supply to the fetus is insufficient which leads to a low oxygen content in 

the body, hypoxemia is low oxygen content in the blood, and acidemia is an increase in 

hydrogen ions in the body (1).  

 

The cardiac cycle is divided in systole and diastole. Systole is the part of the cardiac cycle 

where the heart muscle contracts and pumps blood while diastole is the part of the cardiac 

cycle where the heart muscle relaxes and fills with blood (5). The cardiac cycle can further 

be divided into six different phases according to an automated algorithm (4). The automated 

algorithm identifies the six phases of the fetal cardiac cycle which are shown in figure 2. The 
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six phases of the fetal cardiac cycle need to be well synchronized in order to achieve a 

normally functioning heart (1).  

 

 
Figure 2 The phases of the fetal cardiac cycle from left to right. Atrial contraction (blue), pre-ejection (light green), 
ventricular ejection (red), postejection (dark green), rapid filling/early diastole (yellow) and slow filling (light blue) (4). 

 

The heart is a muscular organ with four chambers which include the right atrium, the left 

atrium, the right ventricle and the left ventricle, blood comes in the heart through the atria 

and when the heart muscle contracts blood is moved from the atria to the ventricles where 

the blood is later ejected out from the heart (4). The six phases of the fetal cardiac cycle are 

explained below (1). 

 

• Atrial contraction (blue): The time it takes for the lifting of the atrioventricular plane 

towards the base of the heart with the aim of increasing the stroke length. This phase 

completes the filling of the ventricles in late diastole. 

• Pre-ejection (light green): The time it takes for the ventricles to restructure 

themselves and contract before ejecting blood. 

• Ventricular ejection (red): The time it takes for the ventricles to contract and eject 

blood during the systolic phase of the cardiac cycle.  

• Post ejection (dark green): The time it takes for the ventricles to restructure 

themselves in order to start relaxing.  

• Rapid filling/Early diastole (yellow): The time it takes for the ventricles to rapidly 

fill with blood during early diastolic phase of the cardiac cycle. 

• Slow filling (light blue): The time when the filling of the ventricles has slowed down.  

 

A pregnancy is full-term between week 37+0 and week 41+6 (weeks + days). When a 

pregnancy is post term, the risks associated with delivery are increased (1). In Stockholm all 

pregnancies in week 41+ are monitored to examine the presence of amniotic fluid and if the 

foetus is suspected to be small (1).  



4 
 

2.3 Deep Learning 
 

AI uses machines to perform and execute tasks that are characteristic of the human 

intelligence such as learning, reasoning and self-correction (6). AI can be achieved using 

deep learning. Deep learning uses algorithms called artificial neural networks that are 

inspired by the biological structure and function of the human brain. The neural networks 

work by classifying information in a similar manner to the human brain. A platform that uses 

deep learning can make statements or predictions based on the data fed to it. (7). The 

networks are based on a collection of connected units called neurons (8). The neurons are 

organized in layers, additional layers indicate a deeper model. Different layers perform 

different kinds of tasks on the inputs to make the model learn and understand the data.  

 

The basic structure of a deep learning model starts with an input layer, is followed by hidden 

layers, and ends with an output layer (9). Each layer has a number of neurons as seen in 

figure 3. The neurons from the input layer represent features or dimensions. If the input data 

is an image, three neurons are required to symbolise height, width and colour. There are 

connections between the layers where signals are transmitted from one neuron to the next 

(8). A neuron in one layer is connected to all the neurons in the next layer. Each connection 

has its own assigned weight. A weight is a number between zero and one which represents 

the strength of the connection. As the model trains and learns from the input data these 

weights will change to reach the optimized weight. An optimized weight suggests a better 

performing model (8). 

 

 
Figure 3 Illustration of an artificial neural network with four layers. The input layer consists of three neurons that are 
connected to two hidden layers with five neurons each and an output layer with two neurons. 

An activation function follows each hidden layer which is significant in order to compute 

more complex and non-linear data such as images. The activation function is a non-linear 

function that defines the output of the neuron when given a set of inputs (7).  

 

The neurons in the output layer represent labels or categories  (7). When the model is 

training the data will pass through a loss function that is designed together with the output 

layer to calculate the loss. Loss is a measurement of how good the model does in terms of 

being able to predict the expected outcome (7). Categorical crossentropy is a loss function 

that is used for single label categorization where only one result can be correct. The 

activation function SoftMax is often used together with categorical crossentropy, the 
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SoftMax function highlights the largest values and suppresses values that are below the 

maximum value (10). 

2.4 Convolutional neural networks  
 

A convolutional neural network is a deep learning algorithm that is particularly good at 

image classification because of its ability to detect patterns (11). The difference between 

convolutional neural networks and other algorithms are that the hidden layers are 

convolutional layers. Convolutional layers have a number of filters that detect patterns such 

as edges, shapes, and objects. A deeper network indicates more sophisticated filters. A 

model with a small number of convolutional layers can only detect simple features such as 

edges and geometrical shapes while a model with a higher amount of convolutional layers 

can detect more complex features such as objects or facial features (11).  

2.5 Peltarion 
 

Peltarion is an operational AI platform that uses deep learning to produce real-world 

applications (10). Peltarion works with a drag-and-drop interface where it is possible to build 

a model from scratch or use their prebuilt neural networks that are called snippets. The 

snippets that are appropriate for image classification are CNN, DenseNet and Inception (12). 

These snippets have different architectures but follow the same general principles of 

convolutional neural networks. 

 

The CNN snippet has the architecture of a basic convolutional neural network, it has few 

layers and identifies low-level features such as edges and curves (12). The DenseNet snippet 

is a network that is deep with many layers which makes it powerful and able to learn more 

complex features. DenseNet is harder to train in comparison to the snippet CNN. Inception is 

unlike the other snippets a wider network rather than deep (12). This makes it faster and 

easier to pick up features with different scale (11). 

 

While creating a model, data is divided in to training sets and validation sets. A training set 

is used to train the model to find differences between the data that is labelled as healthy or 

pathological. The validation set is used to evaluate the performance of the model (13).  

 

The evaluation view parameters on Peltarion show the models performance as it learns from 

the data. The parameters that have been used to determine the results are loss, accuracy and 

precision. Ideally the loss scores should be as low as possible and the training error should 

be slightly lower than the test error (13). A deviation from the ideal scenario means that the 

model is either underfitting indicating a very high training error or overfitting indicating a 

very low training error.  

 

The accuracy parameter is the ratio of correctly classified examples and the total number of 

classified examples. This parameter refers to the closeness of the measured value in 

comparison to the correct or true value. High accuracy is always better (13).  

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑒𝑥𝑎𝑚𝑝𝑙𝑒𝑠
  (13) 

 

The precision parameter calculates the proportion of the positive predictions that were 

correct. This parameter refers to the closeness of the measured value in comparison to other 

measured values. High precision combined with high accuracy is the best possible scenario 
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which is seen in figure 4 (13). 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒
 (13) 

 

 
Figure 4 The difference between accuracy and precision 
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3 Method 
 

The method section contains information on how the data was acquired for this project, how 

the images were produced and how the models were created on the AI platform Peltarion. 

3.1 Data retrieval 
  

Myocardial velocity recordings of the fetal heart were obtained before this project started. 

The ultrasound examinations were performed by ultrasonographer Kjerstin Ferm Widlund 

between October 2013 and October 2014 at the Center for Fetal Medicine, Karolinska 

University Hospital (4). The recordings were obtained using cTDI with a Vivid S6 

ultrasound imaging system with a M4S-RS (1.9-4.1 MHz) phased array transducer (GE CV 

Ultrasound, Haifa Israel) (4).  

 

The regions of interest for this study were placed in the septum, the right ventricular wall, 

and the left ventricular wall at the level of the atrioventricular plane which is shown in figure 

5 (4). The data included recordings obtained from 107 pregnancies at gestational week 41. 

Out of the 107 pregnancies, 82 of the babies were born healthy while 25 of the babies were 

born with adverse perinatal outcome. Adverse perinatal outcome was defined as at least one 

of the following; high intrapartum fetal scalp blood lactate, operative delivery for suspected 

fetal asphyxia, low cord arterial pH and low total Apgar score for muscle tone at 5 minutes. 

 

 
Figure 5  Four chamber view of the fetal heart showing the left ventricular wall (red circle), septal wall (cyan circle), and 
right ventricular wall (yellow circle). (4) 

3.2 Producing the image 
 

In order to easily evaluate the cardiac cycle and run tests in Peltarion, the six phases of the 

cardiac cycle were divided into six different datasets using the automated algorithm 

mentioned above (4). The Peltarion platform supports data formats such as npy, csv, png and 

jpg (13). MATLAB (R2016a, Mathworks, MA, USA) was used to create 120x120 pixel jpg 

images of the fetal heart curves. Each image had its own identification number to keep them 

apart. A csv file was created to label each image and separate the healthy from the 

pathological fetal hearts. 
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Table 1 The six datasets 

Datasets The six phases 

T1 – T4 Atrial contraction 

T4 – T6 Pre ejection 

T6 – T10 Ventricular ejection 

T10 – T12 Post ejection 

T12 – T14 Rapid filling/Early diastole 

T14 - T15 Slow filling 

 

3.3 Creating the models 
 

The data was loaded into the platform in form of nine separate datasets. One for the atrial 

contraction phase of the cardiac cycle (T1 – T4), one for the ventricular ejection phase of the 

cardiac cycle (T6 – T10) and one for the complete cardiac cycle (T1 – T15). Each of these 

three phases were uploaded into the platform in three sets. One set for each wall; the right 

ventricular wall, the left ventricular wall and the septal wall. 

 

The first phase was the atrial contraction phase T1-T4 which is the time it takes for the 

lifting of the atrioventricular plane towards the base of the heart with the aim of increasing 

the stroke length. This phase completes the filling of the ventricles in late diastole As seen in 

figure 2 from the background section, the vertical axis of the of the graph represents the 

velocity of the cardiac cycle while the horizontal axis of the graph represents the time it 

takes to complete the cardiac cycle. As the fetal heart is controlled by the blood flowing, it 

was hypothesized that the signal can decrease leading to a decline in the velocity curve 

during this phase in fetal hearts suffering from hypoxia, hypoxemia or acidemia and that is 

why that specific phase of the fetal cardiac cycle was chosen. The second phase was the 

ventricular ejection phase T6-T10 which is the time it takes for the ventricles to contract and 

eject blood. It was hypothesized that the latter part of the ventricular ejection phase might 

decline faster in a fetal heart suffering from oxygen deprivation as it is not strong enough to 

keep pumping which is why that specific phase of the fetal cardiac cycle was chosen. A lack 

of oxygen causes a decline in the cardiac performance of the fetal heart. The third chosen 

phase was T1-T15 which was chosen to include the entire fetal cardiac cycle.  

 

Every dataset was a zip file including the images and a csv file. The data was then divided 

into a training set which included approximately 80% of the data and a validation set which 

included approximately 20% of the data. Three models were created using the snippets CNN, 

DenseNet and Inception. The input layer was set on images with three dimensions to 

represent height, width and colour. The output layer was set on two dimensions to represent 

the two different labels, healthy and pathological. Categorical crossentropy was selected as 

the loss function and SoftMax as the activation function. An epoch is a single path of data 

through the model from input to output, a single epoch meaning that the test was run once. 

30 epochs were used in this project meaning that the data was run from input to output 30 

times.  
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4 Results 
 

The results below demonstrate the performance of the AI platform Peltarion given the input 

data obtained from cTDI of the fetal cardiac cycle. The results are distributed into three 

sections containing the three different models, CNN, DenseNet and Inception. The tables 

present the calculated metrics accuracy, precision, and loss from the validation data. 

Accuracy and precision are measured from the best epoch while loss is measured from the 

last epoch. All curves represent loss curves. The loss curve marked training shows the 

calculation of the loss on each training data for each epoch. The loss curve marked 

validation shows the calculated loss on the validation data for each epoch.  

4.1 CNN 
 

This section contains the results exhibited from the CNN model from the left ventricular 

wall, the septal wall and the right ventricular wall. 

 

4.1.1 Left ventricular wall 

 

The accuracy results in the table below are measured to be 0.8 in all three datasets while the 

precision results are measured to be 0.4 in all three datasets. The thicker curves in the graph 

represents the validation data sets while the thinner curves represent the training data sets. 

The graph contains 3 thick validation curves and 3 thin training curves. The training curves 

are shown to decrease while the validation curves do not. 

 
Table 2 showing the calculated accuracy, precision and loss parameters for the left ventricular wall 

 
 

Figure 6 The graph represents the loss curves from three chosen phases of the fetal cardiac cycle T1-T4, T6-T10, and T1-15. 
The blue highlighted part of the graph represents the area between the T1-T15 training (thin) and validation (thick) curve. 
The remaining 2 thick curves represent the validation curves for T1-T4 and T6-T10 while the remaining 2 thin curves 
represent the training curves for T1-T4 and T6-T10. 

4.1.2 Septal wall 

 

The accuracy results in the table below are measured to be 0.8 in all three datasets while the 

precision results are measured to be 0.4 in all three datasets. The thicker curves in the graph 

represents the validation data sets while the thinner curves represent the training data sets. 

The graph contains 3 thick validation curves and 3 thin training curves. The training curves 

 T1-T4 (Epoch 28) T6-T10 (Epoch 3) T1-T15 (Epoch 8) 

Accuracy  0.800 0.800 0.800 

Precision  0.400 0.400 0.400 

Loss (Epoch 30) 0.640 1.380 1.540 
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are shown to decrease while the validation curves do not. 

 

 
Table 3 showing the calculated accuracy, precision and loss parameters for the septal wall 

 

Figure 7 The graph represents the loss curves from three chosen phases of the fetal cardiac cycle T1-T4, T6-T10, and T1-15. 
The blue highlighted part of the graph represents the area between the T1-T15 training (thin) and validation (thick) curve. 
The remaining 2 thick curves represent the validation curves for T1-T4 and T6-T10 while the remaining 2 thin curves 
represent the training curves for T1-T4 and T6-T10. 

4.1.3 Right Ventricular wall 

 

The accuracy results in the table below are measured to be 0.8 in all three datasets while the 

precision results are measured to be 0.4 in all three datasets. The thicker curves in the graph 

represents the validation data sets while the thinner curves represent the training data sets. 

The graph contains 3 thick validation curves and 3 thin training curves. The training curves 

are shown to decrease while the validation curves do not. 

 
Table 4 showing the calculated accuracy, precision and loss parameters for the right ventricular wall  

 

 

Figure 8 The graph represents the loss curves from three chosen phases of the fetal cardiac cycle T1-T4, T6-T10, and T1-15. 
The blue highlighted part of the graph represents the area between the T1-T15 training (thin) and validation (thick) curve. 
The remaining 2 thick curves represent the validation curves for T1-T4 and T6-T10 while the remaining 2 thin curves 
represent the training curves for T1-T4 and T6-T10. 

 T1-T4 (Epoch 18) T6-T10 (Epoch 9) T1-T15 (Epoch 3) 

Accuracy 0.800 0.800 0.800 

Precision 0.400 0.400 0.400 

Loss (Epoch 30) 1.040 2.100 3.220 

 T1-T4 (Epoch 7) T6-T10 (Epoch 8) T1-T15 (Epoch 20) 

Accuracy 0.800 0.800 0.800 

Precision 0.400 0.400 0.400 

Loss (Epoch 30) 0.870 0.998 2.170 
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4.2 DenseNet 
 

This section contains the results exhibited from the DenseNet model from the left ventricular 

wall, the septal wall and the right ventricular wall. 

 

4.2.1 Left ventricular wall 

 

The accuracy results in the table below are measured to be 0.8 in all three datasets while the 

precision results are measured to be 0.4 in all three datasets. The thicker curves in the graph 

represents the validation data sets while the thinner curves represent the training data sets. 

The graph contains 3 thick validation curves and 3 thin training curves. The training curves 

are shown to decrease while the validation curves do not. 

 
Table 5 showing the calculated accuracy, precision and loss parameters for the left ventricular wall 

 

Figure 9 The graph represents the loss curves from three chosen phases of the fetal cardiac cycle T1-T4, T6-T10, and T1-15. 
The blue highlighted part of the graph represents the area between the T1-T15 training (thin) and validation (thick) curve. 
The remaining 2 thick curves represent the validation curves for T1-T4 and T6-T10 while the remaining 2 thin curves 
represent the training curves for T1-T4 and T6-T10. 

4.2.2 Septal wall 

 

The accuracy results in the table below are measured to be 0.8 in all three datasets while the 

precision results are measured to be 0.4 in all three datasets. The thicker curves in the graph 

represents the validation data sets while the thinner curves represent the training data sets. 

The graph contains 3 thick validation curves and 3 thin training curves. The training curves 

are shown to decrease while the validation curves do not. 

 
Table 6 showing the calculated accuracy, precision and loss parameters for the septal wall 

 T1-T4 (Epoch 15) T6-T10 (Epoch 12) T1-T15 (Epoch 9) 

Accuracy 0.800 0.800 0.800 

Precision 0.400 0.400 0.400 

Loss (Epoch 30) 0.579 0.814 0.857 

 T1-T4 (Epoch 9) T6-T10 (Epoch 18) T1-T15 (Epoch 8) 

Accuracy 0.800 0.800 0.800 

Precision 0.400 0.400 0.400 

Loss (Epoch 30) 0.588 0.864 2.377 
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Figure 10 The graph represents the loss curves from three chosen phases of the fetal cardiac cycle T1-T4, T6-T10, and T1-15. 
The blue highlighted part of the graph represents the area between the T1-T15 training (thin) and validation (thick) curve. 
The remaining 2 thick curves represent the validation curves for T1-T4 and T6-T10 while the remaining 2 thin curves 
represent the training curves for T1-T4 and T6-T10. 

4.2.3 Right ventricular wall 

 

The accuracy results in the table below are measured to be 0.8 in all three datasets while the 

precision results are measured to be 0.4 in all three datasets. The thicker curves in the graph 

represents the validation data sets while the thinner curves represent the training data sets. 

The graph contains 3 thick validation curves and 3 thin training curves. The training curves 

are shown to decrease while the validation curves do not. 

 
Table 7 showing the calculated accuracy, precision and loss parameters for the right ventricular wall 

 

Figure 11 The graph represents the loss curves from three chosen phases of the fetal cardiac cycle T1-T4, T6-T10, and T1-15. 
The blue highlighted part of the graph represents the area between the T1-T15 training (thin) and validation (thick) curve. 
The remaining 2 thick curves represent the validation curves for T1-T4 and T6-T10 while the remaining 2 thin curves 
represent the training curves for T1-T4 and T6-T10. 

4.3 Inception 
 

This section contains the results exhibited from the Inception model from the left ventricular 

wall, the septal wall and the right ventricular wall. 

 

4.3.1 Left Ventricular wall 

 

The accuracy results in the table below are measured to be 0.8 in all three datasets while the 

precision results are measured to be 0.4 in all three datasets. The thicker curves in the graph 

 T1-T4 (Epoch 17) T6-T10 (Epoch 2) T1-T15 (Epoch 9) 

Accuracy 0.800 0.800 0.800 

Precision 0.400 0.400 0.400 

Loss (Epoch 30) 0.733 5.399 1.149 
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represents the validation data sets while the thinner curves represent the training data sets. 

The graph contains 3 thick validation curves and 3 thin training curves. The training curves 

are shown to decrease while the validation curves do not. 

 
Table 8 showing the calculated accuracy, precision and loss parameters for the left ventricular wall 

 

Figure 12 The graph represents the loss curves from three chosen phases of the fetal cardiac cycle T1-T4, T6-T10, and T1-15. 
The blue highlighted part of the graph represents the area between the T1-T15 training (thin) and validation (thick) curve. 
The remaining 2 thick curves represent the validation curves for T1-T4 and T6-T10 while the remaining 2 thin curves 
represent the training curves for T1-T4 and T6-T10. 

4.3.2 Septal wall 

 

The accuracy results in the table below are measured to be 0.8 in all three datasets while the 

precision results are measured to be 0.4 in all three datasets. The thicker curves in the graph 

represents the validation data sets while the thinner curves represent the training data sets. 

The graph contains 3 thick validation curves and 3 thin training curves. The training curves 

are shown to decrease at first then slightly increase while the validation curves increase. 

 
Table 9 showing the calculated accuracy, precision and loss parameters for the septal wall 

 

Figure 13 The graph represents the loss curves from three chosen phases of the fetal cardiac cycle T1-T4, T6-T10, and T1-15. 
The blue highlighted part of the graph represents the area between the T1-T15 training (thin) and validation (thick) curve. 
The remaining 2 thick curves represent the validation curves for T1-T4 and T6-T10 while the remaining 2 thin curves 
represent the training curves for T1-T4 and T6-T10. 

 
 

 T1-T4 (Epoch 9) T6-T10 (Epoch 5) T1-T15 (Epoch 8) 

Accuracy 0.800 0.800 0.800 

Precision 0.400 0.400 0.400 

Loss (Epoch 30) 0.976 1.699 1.300 

 T1-T4 (Epoch 27) T6-T10 (Epoch 5) T1-T15 (Epoch 7) 

Accuracy 0.800 0.800 0.800 

Precision 0.400 0.400 0.400 

Loss (Epoch 30) 1.323 2.080 0.831 
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4.3.3 Right ventricular wall 

 

The accuracy results in the table below are measured to be 0.8 in all three datasets while the 

precision results are measured to be 0.4 in all three datasets. The thicker curves in the graph 

represents the validation data sets while the thinner curves represent the training data sets. 

The graph contains 3 thick validation curves and 3 thin training curves. The training curves 

are shown to decrease while the validation curves do not. 

 
Table 10 showing the calculated accuracy, precision and loss parameters for right ventricular wall 

 

Figure 14 The graph represents the loss curves from three chosen phases of the fetal cardiac cycle T1-T4, T6-T10, and T1-15. 
The blue highlighted part of the graph represents the area between the T1-T15 training (thin) and validation (thick) curve. 
The remaining 2 thick curves represent the validation curves for T1-T4 and T6-T10 while the remaining 2 thin curves 
represent the training curves for T1-T4 and T6-T10. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 T1-T4 (Epoch 8) T6-T10 (Epoch 9) T1-T15 (Epoch 5) 

Accuracy 0.800 0.800 0.800 

Precision 0.400 0.400 0.400 

Loss (Epoch 30) 1.086 0.821 1.468 
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5 Discussion 
 

This project was performed in order to evaluate the possibility of predicting high-risk 

deliveries using data obtained from cTDI in combination with an AI platform. In the method, 

three specific phases of the cardiac cycle were chosen to evaluate using the AI platform 

Peltarion. cTDI is used for assessing the movement of the fetal myocardium at the level of 

the atrioventricular plane in order to assess longitudinal motion, which might be affected in 

early stages of hypoxia (1). 

 

The three models CNN, DenseNet and Inception were chosen as they were all appropriate 

for image classification and had different qualities regarding identification and learning as 

previously mentioned in the background section. CNN is a model with the ability to identify 

low-level features while DenseNet and Inception are models with the ability to learn more 

complex features. Most of the graphs from figures 6-14 in the CNN section have a higher 

loss rate in comparison to the graphs from figures 6-14 in the DenseNet and Inception 

section, ideally the loss rate should be as low as possible. This is likely since CNN is a less 

complex model meaning that it does not have the ability to identify complex details in an 

image. The images of the fetal cardiac cycle seem to require a more complex model in order 

to classify the image.  

 

The thinner curve on the graphs from figures 6-14 show the loss on the training data set 

which ideally decreases throughout the training as the model learns to more and more 

closely follow the pattern of the data it sees. The thicker curve is the validation data set, 

which is the more important curve when it comes to analysing the results. A good models 

validation curve should follow a similar pattern to its training data, as the model gets better 

on the training data it gets better on the validation data. As shown in graphs above, the 

training curve decreases as it should while the validation curve does not which suggests 

overfitting. Overfitting indicates that the model has memorized the input fed to it. This is not 

ideal as the model has memorized and not learned meaning that the model would not be able 

to recognize new data that is slightly different from the existing data. Overfitting is likely 

solved by feeding the model very large amounts of data. 107 fetal hearts is not enough. For 

the best possible outcome to be achieved, an exceptionally large amount of data is required.  

 

The atrial contraction phase T1-T4 and the ventricular ejection phase T6-T10 of the fetal 

cardiac cycle both show a lower loss rate in comparison to the entire fetal cardiac cycle T1-

T15 in most of the graphs above from figures 6-14. This indicates better results as the loss 

rate should ideally be as low as possible. Both phases are significantly smaller than the entire 

cardiac cycle which leads to fewer deviations in the fetal cardiac cycle, less deviations 

makes it easier for the model to learn from the data. The 107 images of curves from the atrial 

contraction phase T1-T4 were more alike in comparison to the entire cardiac cycle T1-T15, 

the same applies to the ventricular ejection phase T6-T10.  

 

The accuracy was measured to be 0.8 in all cases as seen in tables 2-9 which means that the 

model correctly predicts if a fetal heart is healthy or has an adverse perinatal outcome 80% 

of the time. This would indicate a good model but due to the data not being evenly 

distributed with 25 fetal heart curves with an adverse perinatal outcome and 82 fetal heart 

curves being healthy, the precision parameter needs to be considered. The precision 

parameter was measured to be around 0.4 which means out of all the times the model 

predicted a fetal heart to have adverse perinatal outcome, only 40% truly had an adverse 

perinatal outcome.  
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The validation set consisted of 20 fetal heart curves, 16 of the fetal heart curves were 

labelled healthy while the remaining 4 were labelled pathological. Accuracy is defined as the 

ratio of correctly classified examples and the total number of classified examples. The 

accuracy in all tests run was measured to be 0.8 as seen in tables 2-9. The significantly small 

amount of data combined with the data not being evenly distributed leads to the model 

always striving to get the best accuracy possible and always guesses that a curve is labelled 

healthy due to the majority of the curves being healthy, which leads to the accuracy in all 

tests being measured to 0.8. The precision parameter calculates the proportion of the positive 

predictions that were correct and refers to the closeness of the measured value in comparison 

to other measured values. The precision in all tests run was measured to be 0.4 as seen in 

tables 2-9. The low precision measurement occurred since the amount of data was too small 

and not evenly distributed.  

 

Fetuses that suffer from hypoxia/hypoxemia are likely to have a lower tolerance to 

contractions during labor and might be at higher risk during delivery. Diagnosing fetal 

cardiac dysfunction accurately before delivery is exceedingly crucial. AI techniques can be 

developed to be able to diagnose and detect pathologies more precisely than the human eye. 

Using AI to achieve a better diagnosis of the fetuses with cardiac dysfunction in order to 

predict a possible high-risk delivery is advantageous for both patients and doctors in the 

future. For future work, an optimized model combined with an exceptionally large set of 

evenly distributed data is recommended for an improved evaluation. 
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6 Conclusion 
 

The results acquired from training an AI model depend on the amount of data given, the 

quality of the data and the difficulty of the given problem. The results from this project 

indicate that despite an optimized model, the amount of data and the distribution of the data 

are significant factors in order to achieve reliable results. A small amount of data that is not 

evenly distributed is not enough. In conclusion, a substantially larger amount of evenly 

distributed data is required to appropriately evaluate the possibility of using fetal myocardial 

velocity recordings as data for the AI platform Peltarion to predict high-risk deliveries. 
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