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Abstract: Liver cancer (LC) is one of the most rapidly growing types of cancer worldwide. Lower death rates 

result from the early identification of liver cancer. Due to COVID-19's high infectiousness, a large influx of 

patients can enter hospitals at once for both detection and treatment, which posed a significant challenge to 

the nation's public healthcare institutions. The COVID-19 epidemic has adversely impacted cancer patients. 

The COVID19 pandemic's negative effects on cancer patients who contract the virus, its effects on the 

accessibility of cancer treatment, and the significant interruption to cancer research are only a few examples 

of this effect. The population of cancer patients is diverse, and current research has now identified 

characteristics that enable risk categorization of cancer patients in order to improve therapy. The severity of 

the symptoms based on initial assessment frequently determines the priority of the treatment. Clinically, it has 

been difficult to predict outcomes for patients with liver cancer having COVID-19. The severity of the disease 

has been retrospectively linked to a large number of clinical characteristics, but it is still unclear how well these 

variables predict disease progression or how many variables interact to enhance risk. This research focuses on 

sequential analysis to extract features using activation function in the Long Short Term Memory (LSTM) as 

Deep Learning (DL) techniques. The COVID-19 effect on Liver Cancer Prediction dataset is used to predict LC 

during COVID-19 impact. Additionally, the findings of this experiment demonstrated that DL models performed 

better in terms of accuracy with leaky relu activation function classifier than other activation function 

classifiers. 
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1. Introduction 

The most common type of cancer is LC, which has 

the highest death rate. Over 700,000 people 

worldwide are diagnosed with cancer each year 

[1]. The sixth most prevalent type of cancer 

worldwide is liver cancer. Every year, more than 

600,000 people die as a result of liver cancer. The 

disease is predicted using the symptoms identified 

in clinical studies. If a liver disease is predicted, the 

patient is advised to have a Liver Function Test 

(LFT) [2]. Humans’ livers are a large, granular 

organ. The rise in acute liver disease, cirrhosis and 

chronic liver disease is directly related to lifestyle 

changes. The LC has evolved into the most 

common type of the disease in many areas as a 

result of the above-mentioned issues [3]. Early 

cancer detection opens up a wider range of 

therapeutic options. While a physical examination 

is not feasible, the only way to diagnose liver 

cancer via imaging or radiology tests. With the 

help of imagination testing, cancer can be 

detected early and the effectiveness of post-

treatment care can be evaluated [4]. 

The LC has posed a severe threat to human life 

in recent years, as both its morbidity and fatality 

rates have increased globally. Low predictability, 

quick decline, and an easier mortality following 

malignancy are the primary clinical characteristics 

of liver cancer. The identification of liver cancer is 

crucial since early detection is the key to 

successful treatment [5-7]. Imaging diagnosis, 

Serum tests and biopsies are currently the three 
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main ways to diagnose liver cancer. The 

histopathological pictures of LC can clearly show 

the satellite foci and metastases, lesions of the 

liver tissue surrounding the disease, and their 

location, size, quantity, level of differentiation, cell 

and histological type, vascular and capsular 

invasion. The level of distinction between them 

may indicate the severity of the cancer. The level 

of malignancy decreases with increasing 

differentiation and proximity to normal tissue 

cells. The degree of malignancy increases as 

differentiation decreases. The identification and 

management of various degrees of differentiation 

are essential for patient survival rates and survival 

times [8, 9]. In order to diagnose liver cancer with 

various levels of differentiation, precise 

classification of histological images of the disease 

is essential and indispensable. 

The beta-coronavirus that causes Severe Acute 

Respiratory Syndrome (SARS-CoV-2) is the source 

of the infectious disease known as coronavirus 

disease-2019 (COVID-19), which has spread quickly 

and to the point of pandemic proportions around 

the world. Liver Disease Associated to Metabolic 

Dysfunction (MAFLD) has recently replaced Non-

Alcoholic Fatty Liver Disease (NAFLD) as the term 

for the relationship between hepatic 

steatosis, diabetes, obesity/overweight and 

metabolic dysregulation [10]. There are currently 

very few published data on the incidence of liver 

disease specifically MAFLD among COVID-19 

individuals. However, metabolic 

patients particularly those in their initial years, 

who have a fatty liver and hepatic involvement 

appear to be at a greater chance for severe COVID-

19 symptoms [11, 12]. It has been suggested that 

this association between the severity of 

respiratory symptoms and MAFLD may be clarified 

by the fact that patients with metabolic-associated 

hepatic steatosis or steatohepatitis have higher 

expression levels of the cellular serine protease 

TMPRSS2 (ACE2/TMPRSS2) and the angiotensin-

converting enzyme 2 receptors, which are both 

used by SARS-CoV-2 and could promote the 

penetration of the pathogenic virus into cells. It 

should be noted that Meijnikman et al.'s study 

relies on RNA transcriptomic analysis rather than 

measurement of protein levels or ACE2 activity 

[13].  

The COVID-19 pandemic caused clinical practices 

at over 87% of the centers (n = 66), with nearly 

half (48%) reducing on number of doctors assigned 

to treating LC patients. The main modifications to 

the clinical practice are shown in Figure 1: The 

screening programme was adjusted by 80.9%, LC 

patient's the imaging follow-up was changed by 

73.5%, locoregional therapies were changed by 

52.9% and surgical treatments were postponed by 

63.2%. The percentage of regions where clinical 

practices were changed based on continent is 

shown in Figures S1 and S2. 21.1% of centers (n = 

16/76) tested for SARS-CoV-2 infection prior to an 

outpatient consultation for LC management, and 

76.3% of centers (n = 58/76) tested prior to any 

predetermined admission of patients for LC 

therapy [14].  

Algorithms based on artificial intelligence have 

become increasingly prevalent in the medical 

industry in recent years due to the field's rapid 

progress. The ML technique known as "deep 

learning" is based on deep neural networks that is 

one of the artificial intelligence algorithms [15]. 

Natural language processing and computer vision 

tasks both frequently use deep learning. Hence, 

the accurate prediction perform using DL for liver 

cancer patients with COVID-19 is essential in the 

current situation to avoid mortality. Thus, the 

research focuses on effective sequential pattern 

with LSTM technique for providing high accuracy 

in accomplishing detection of LC even during 

COVID-19 patients.  

The organisation of paper is structured are as 

follow, the session 2 discusses the automatic 

feature extraction through classification using DL 

methods. The session 3 discuss the architecture of 

LSTM with activation function through sequential 

pattern in the LC during COVID-19. The session 4 

discusses performance analysis of LSTM with 

various activation function through confusion 

matrix metrics. Session 5 conclude that leaky relu 

as activation function on LSTM model has 

performed high accuracy in diagnosing the LC 

precisely at COVID-19 pandemic situation.  

 

2. Literature Review 

The most critical situation faced by the healthcare 

is about diagnosing the LC during pandemic 

situation. The literature has supported in 
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identifying the standard procedure as well as the 

automatic computing for diagnosing LC through 

various ML and DL technique which are discussed 

as follows. Lin et al. has recently employed 

multiphoton imaging and deep learning to 

automatically classify the differentiation of HCC 

[16]. In order to fulfil the necessity of completing 

difficult visual identification tasks, such as 

classifying tumor subtypes and differentiating 

tumors from healthy tissue samples, more 

complex neural networks may now be trained 

thanks to the advancement of visual processing 

units [17]. On histopathology pictures, Coudray et 

al. used a deep convolutional neural network to 

classify lung tumor types and subtypes 

automatically. A favorable outcome was also 

obtained for the categorization of colorectal 

cancer with deep learning technique [18]. In order 

to help pathologists for accurately identify gene 

alterations and cancer subtypes, deep-learning 

algorithms may be deployed. Deep learning's 

applicability to solid tumors, notably HCC, is still up 

for debate. The need for predictive assays in 

frozen slides that allow for the identification and 

categorization of patients for extra therapy during 

surgery has also increased as a result of 

advancements in AI technologies in digital 

pathology [19]. 

Ashreetha, B. advises utilizing Gabor Features (GF) 

in conjunction with three distinct ML 

algorithms:  Support Vector Machine (SVM), Deep 

Neural Net (DNN) and Random Forest (RF) to 

separate the liver and cancer more successfully 

from CT images. Discontinuities or variances in the 

GF-generated surface data between various slices 

of the same organ shouldn't exist. Initially, 

features are extracted at the pixel level using a 

variety of Gabor filters. The liver is then removed 

from an abdominal CT picture using three different 

classifiers, which is the second step in the liver 

segmentation process. Segmentation classifiers of 

tumor are then applied to the segmented liver 

image. The Gabor filter 

provides better representation to the human 

visual system (HVS) of perception, and all of the 

aforementioned classification algorithms have 

been effectively employed for pixel-wise 

segmentation issues [20]. In order to shorten the 

time and effort needed to diagnose liver cancer, 

Ayalew, Y.A., applied a deep learning approach to 

separate the liver and tumor from the images 

of stomach CT scan. The fundamental UNet design 

forms the basis of the algorithm. In this study, 

dropout layer and batch normalization were added 

after each block along the shrinking path, and the 

number of filters utilized in each block was 

decreased. The programme received dice scores of 

0.96 for the division of the liver, 0.63 for the 

division of the tumors in the abdominal CT scan 

image and 0.74 for the segmentation of the liver 

tumor. The findings for the liver improved by 0.11 

percentage and the results for the entire liver 

segmentation increased by 0.01 [21].  

Rela, M. uses a unique approach for identifying 

liver cancers more effectively. Benchmark and 

manually collected datasets are processed using 

filtering and histogram equalization. Adaptive 

thresholding and level set segmentation are also 

used in this research to segment the liver. An 

upgraded deep learning technique called U-Net is 

used to segment the cancer using a novel Grey 

algorithm after the liver has been divided into 

segments. Since network training becomes 

increasingly difficult as feature length increases, 

the GW-CTO algorithm employs a multi-objective 

function. A Neural Network is subjected to the 

GW-CTO algorithm in order to further enhance 

these carefully selected features. The DNN 

outperformed PSO-HI-DNN, O-SHO-HI-DNN, CTO-

HI-DNN, and GWO-HI-DNN by 2.4%, 5.2%, 4.3%, 

and 4.3%, respectively, while learning at an rate 

of 85% and with 4.3% accuracy [22]. To increase 

the efficiency of the clinical analysis, the author 

developed a novel method. The researchers 

planned to use fix-based CNN to predict class 

(normal or tumour) on patches taken from 60 liver 

tumor full side images [23]. The author's unique 

three-dimensional (3-D) CNN was proposed for 

tissue classification in medical imaging and used to 

distinguish between primary and metastatic liver 

cancers using scatter weighted MRI data. The 

suggested network consists of a fully associated 

layer with 2048 neurons, followed by a Softmax 

layer for twofold order, and four successive stride 

3-D convolution layers with 3 × 3 × 3 bit size and 

redressed direct unit (ReLU) as actuation function 

[24].  
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According to earlier ML studies, for non-cancer 

patients, COVID-19 results can be predicted with 

outstanding accuracy using just a few clinical 

characteristics. For instance, Yan et al. claim that 

90%+ performance may be achieved with just 

three parameters (C-reactive protein, absolute 

lymphocyte count and lactate dehydrogenase) 

[25]. Absolute neutrophil count, prothrombin 

time, absolute lymphocyte count, White blood cell 

count, D-dimer, albumin, procalcitonin total 

bilirubin, troponin I and lactate dehydrogenase are 

the 10 clinical variables for which Huang et al. 

showed statistical significance. Many of the clinical 

characteristics utilized in this study were also 

included in other investigations [26]. Yan et al. and 

Huang et al utilized dataset variables to trained 

two random forest classifiers, for a fair comparison 

and to evaluate if variables previously deemed as 

relevant could also well-predict outcomes for 

cancer patients. 

 

3. Research Methodology 

This experimental research has recognized and 

concentrated on DL models that assist in 

determining high accuracy in performance of liver 

cancer detection even during COVID-19 situations. 

The proposed LSTM model that is one of the most 

suitable model for sequential data to identify liver 

cancer even if the patients are affected with 

COVID-19 the extracted features. In general, the 

LSTM model assist in initiating dense layer by 

modifying the activation function of input. This 

activation functions help in recognizing the 

sequential pattern of input data during feature 

extraction has generated better understanding of 

data. Therefore, LSTM model has memory cells 

that can able to remember the data for long time 

span. The architecture of sequential pattern of 

LSTM to detect liver cancer during COVID-19 is 

shown in figure 1. 

 
Figure 1: Architecture for sequence based LSTM 

for live cancer detection at COVID-19 

 

3.1 Dataset collections and preprocessing 

The dataset is involved with details of COVID-19 

effected patients with LC that yet to be confirmed 

but these European data has been reported with 

disruption to Hepatocellular Carcinoma (HCC) 

services. During the first wave of the pandemic 

from Feburary 2020 to May 2020, the reduction in 

incident cases and impact on management. The 

data is generally collect from all patients 

mentioned to the Newcastle Upon Tyne (NUTH) 

foundation trust within first year of the pandemic 

from March 2020 to February 2021has been 

compared with retrospective observational cohort 

of ensuing the patients presented in the 12 

months are immediately preceding it is shown in 

figure 2. The recent cases are HCC diagnosis are 

confirmed through histological or radiological test 

based on the procedure of COVID-19.  
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Figure 2: Sample of LC prediction on COVID-19 

effect dataset. 

 

Sl.No Attribute 

Name 

Attribute description 

1 Cancer Flag of the cancer status as 

[Y/N] 

2 Year Prepandemic or 

Postpandemic 

3 Month Month of the year from 1 

to 12 

4 Bleed Status of bleeding as [Y/N] 

5 Mode 

Presentation 

Presentatin mode as 

Symptomatic/incidental/ 

Surveillence 

6 Age Patients age 

7 Gender Male (M)/Female (F) 

8 Etiology No established CLD, ARLD, 

NAFLD, HCV, HH, PBC/AIH 

and HBV 

9 Cirrhosis Patients under liver 

disease or not [Y/N] 

10 Size Diameter of Tumour in 

mm 

11 HCC TNM 

Stage 

Hepatocellular carcinoma 

Tumour node metastasis 

Stage ("I", "II", "IIIA+IIIB", 

"IV") 

12 HCC BCLC 

Stage 

Hepatocellular carcinoma 

Barcelona Clinic for Liver 

Cancer Stage ("0", "A", "B", 

"C", "D") 

13 ICC TNM 

Stage 

Intrahepatic 

cholangiocarcinoma 

Tumour node metastasis 

Stage ("I", "II", "III", "IV") 

14 Treatment 

grps 

Ablation, Supportive care, 

TACE, SIRT, Medical and 

OLTx 

15 Survival 

from MDM 

Survival from 

Multidisciplinary meeting 

16 Alive Dead Status of patients as 

“Alive” or “Dead” 

17 Type of 

incidental 

finding 

Primary care-routine, 

Secondary care-routine, 

Primary care-acute or 

Secondary care-acute 

18 Surveillance 

programme 

Patient in a formal 

surveillance programme 

("Y", "N") 

Table 1: Attributes in LC prediction on covid-19 

effect dataset 

There are 450 cases on the first year of pandemic 

is identified which can be measured and defined 

with the feature of about 18 columns is shown in 

Table 1. The dataset features are correlate with 

each features and plotted is shown in figure 3.  

 
Figure 3: Correlation heat map for Liver cancer on 

COVID-19 

3.2 Feature Extraction 

The LSTM model with sequential kernel has 

imported for better input analysis using 34 unit of 

input data using 17 features in which input 
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activation is involved with Relu function and Leaky 

Relu function. The output dense layer used is 2 

whereas the activation function is sigmoid and the 

optimizer used is adam. The length of the words 

also calculated for the entire dataset articles and 

maximum review length is kept as 100 for 

threshold in this research which may reduce the 

execution time of the model. The dataset get split 

with 70% of the article as train dataset and 30% is 

used in testing purposes. 

3.3Working of LSTM model 

The LSTM consists of only one unit namely LSTM 

unit which involve four Feed Forward Neural 

Network (FFNN). Every NN contain both input as 

well as output layer. In every NN, the input as well 

as output layer is involved whereas input neurons 

get connected to all output neurons. Thus, the 

resulted LSTM unit consists of four fully connected 

layers. The general LSTM node structure working is 

available in figure 4. This structure of LSTM 

involves three different gate such as input gate (i), 

forgot gate (f) as well as output gate (o) 

correspondingly. Let consider memory cell (c) and 

new memory cell (g) correspondingly. Based on 

these operations, the LSTM model can assist in 

controlling the data flow between hidden nodes 

and the preceding hidden output for the suitable 

periods in generating the recent output.  Identify 

the memory cell and the new memory cell as c and 

g respectively. Using these procedures, it is 

possible to manage the data flow between hidden 

nodes and choose the prior hidden outputs at the 

right moments to produce the present result. 

Especially for the preceding hidden output ht and 

the present input Xt+1, the present hidden output 

ht+1 has been calculated through equation 1 – 6. 

𝑖𝑡+1 =  𝜎(𝑈[𝑖]. 𝑋𝑡+1 +  𝑊 [𝑖]. ℎ𝑡)                                                                                             

(1) 

𝑜𝑡+1 =  𝜎(𝑈[𝑜]. 𝑋𝑡+1 + 𝑊[𝑜]. ℎ𝑡)                                                                                           

(2) 

𝑓𝑡+1 =  𝜎(𝑈[𝑓]. 𝑋𝑡+1 + 𝑊[𝑓]. ℎ𝑡)                                                                                           

(3) 

𝑔𝑡+1 =  𝑡𝑎𝑛ℎ(𝑈[𝑔]. 𝑋𝑡+1 + 𝑊[𝑔]. ℎ𝑡)                                                                                    

(4) 

ℎ𝑡+1 =  𝑡𝑎𝑛ℎ(𝑐𝑡+1) ⊙ 𝑖𝑡+1                                                                                                    

(5) 

𝑐𝑡+1 =  𝑐𝑡 ⊙ 𝑓𝑡+1 + 𝑔𝑡+1 ⊙ 𝑖𝑡+1                                                                                           

(6) 

Where,  

⊙ = Hadamard product 

𝜎 = Logistic sigmoid function 

𝑈[𝛼] and 𝑊[𝛼] = weight matrix for current input 

and previous hidden output 

 
Figure 4: LSTM structure in RNN model 

 

There is certain research suggesting that the 

performance of LSTM technique is better than 

conventional RNNs in numerous real-world 

scenarios which have significantly greater 

parameters than a conventional RNN with a 

similar size. When the assignment data is not high-

dimensional, the outcome is more probable to 

make training harder also leading to over fitting. A 

few can create a different type of RNN by 

emerging certain gates in the hidden layer to 

overwhelm this limitation. 

3.4 Algorithm for embedded layer RNN model 

Step 1: Load the collect data of first year pandemic 

COVID-19 with LC patients. 

Step 2: Data preprocessing by missing imputation 

and label encoder for identifying the sentiments.   

Step 3: Length of the entire dataset words are 

calculated and kept maximum threshold assigned 

for total review length is 100.     

Step 4: Data get split into train and test dataset to 

build LSTM with various input activation function 

as Relu and Leaky Relu as well as Adam as an 

optimizer and subsequent layers for hidden and 

output layers. 

Step 5: The accuracy for validation metrics 

monitored by fitting the model to the ‘X_train’ and 

‘y_train’ data.  

 

Result And Discussion 

Python 3.9.0 is used to implement the DL model, 

and several libraries included keras, matplot and 

sklearn are used. The experimental setup is 

prepared in accordance with the features of the 
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dataset. The dataset get split into 70% train 

dataset as well as 30% test dataset in which 315 

cases are considered for train. The matrix of word 

embedding has been pretrained with respect to an 

entire text corpus in LSTM model. The activation 

function is significant in classifying the sequence 

pattern and the pattern is applied to both LSTM 

and GRU model which is evaluated by test cases 

using 135 cases and the accuracy for 100 epochs is 

illustrated in figure 5 and evaluated through 

confusion matrix class value. The last 19 epochs 

are illustrated with accuracy and loss for train and 

test.  

Figure 6 illustrated the accuracy of the LSTM 

model with leaky relu as activation function 

whereas the fluctuation in data is identified from 

0.0 epoch to 100 epoch with an accuracy score as 

0.568 to 0.981 for train dataset. In the case of test 

dataset, the accuracy have shifted from 0.568 to 

0.674 and end till 0.993 for epoch 0 to 100. Due to 

better understanding in the train dataset, the 

model with leaky relu show enhanced test 

accuracy.  

 

 

Figure 5: Sequential pattern with leaky relu activation function for LSTM model 
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Figure 6: Model accuracy for LSTM model 

 

 
Figure 7: LSTM model Confusion matrix 

Figure 7 illustrates the possibility amount for four 

different classes which shows that True positive 

(TP) represent the correctly predicted LC with 

COVID-19 and True negative (TN) represent 

correctly predicted No LC but COVID-19. The False 

Positive (FP) represent the actual LC with COVID-

19 as not a LC with COVID-19  and similarly False 

Negative (FN) represent the No LC but COVID-19 

but consider as LC with COVID-19 shown in table 2. 

 

Table 2: Confusion matric classes for LC  

prediction on covid-19 effect 

 

Classification 

Model 

Confusion Matrix for the fake 

news detection 

TP TN FP FN 

LSTM with 

Leaky Relu 
90 44 0 1 

LSTM with 

Relu 
91 42 2 0 

 

Table 3: Evaluation metrics for classification model 

Classifi

cation 

model 

Accu

racy 

(%) 

Prec

ision 

(%) 

Re

cal

l 

(%

) 

F1

-

Sc

or

e 

(%

) 

Sensi

tivity 

Speci

ficity 

LSTM 

with 

Leaky 

Relu 

99.2

6 

99.9

8 

98.

9 

99

.4

4 

0.989 0.999 

LSTM 

with 

Relu 

98.5

2 

97.8

5 

99.

98 

98

.9

1 

0.999 0.954 

 

Table 3 illustrates the evaluation metrics for LSTM 

based sequential pattern model with activation 

function with Leaky Relu model and with 

activation function with Relu model. The accuracy, 

precision shows the true positive rate with LSTM 

of sequential activation function as Leaky Relu and 

relu function model. The true positive rate and 

true negative rate can be determined through 

sensitivity and specificity values of evaluation 

metrics of diagnosis of LC patients during COVID-

19. 
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Figure 8: Accuracy for various RNN model 

 

Figure 8 has illustrates the accuracy of the 

proposed sequence based LSTM with leaky relu is 

99.26% has better efficiency in prediction fake 

news while compared to sequence based LSTM 

with relu method is 98.52%. This shows the 

sequential based LSTM with leaky relu model has 

better understanding of detecting LC during 

COVID-19 with high accuracy.  

 

Figure 9: Sensitivity and Specificity of fake news detection 

 

Figure 9 illustrates the sensitivity and specificity of 

proposed LSTM sequence based activation 

function leaky relu and relu models in which both 

model contribute better in one and other 

evaluation metrics. In the case of Specificity, the 

leaky relu function sequential based LSTM model 

has better score as 0.999 compared to LSTM with 

relu model is 0.954 respectively. Likewise, the 

sensitivity of LC during COVID-19 classification has 

high true negative rate with relu sequence based 

LSTM model with 0.999 which is high while  

 

 

compare to leaky relu function of LSTM model is 

0.989 correspondingly.  

 

Conclusion 

The most challenging area in healthcare data 

mining with COVID-19 because of availability of 

structured data and unstructured data. There are 

certain procedure to be followed in predicting 

COVID-19 diagnosis as per WHO norms. These kind 

of norm is also complex for the certain patients 

like cancer and cardiac disease patients in which 

LC is one of the complex cancer and recovered 
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COVID-19 through vaccination and medicine that 

are not available during that situation. Hence, it is 

essential for managing patients under quarantine 

at home or a facility. Moreover, it is critical in LC 

patients with COVID-19 on the infection severity 

basis for securing the complete medical system of 

the world. Thus, several models have been 

developed to predict the prognosis of patients 

with confirmed COVID-19 or the possibility of 

COVID-19 diagnosis of patients before 

confirmation. The DL method involved in detecting 

the LC with high precision and accuracy in which 

LSTM may support due to Long period memory. 

Based on the activation function with various 

sequence pattern in the LSTM model is recognized 

individually and generate with high accuracy result 

is considered to be best LSTM sequential model. 

The leaky relu sequential pattern in LSTM is 

considered to be best model in predicting LC 

patient even during COVID-19 exactly. The 

evaluation of the LSTMs model is done 

by accuracy as well as sensitivity and specificity 

score which has been examined for both activation 

functions sequential-based LSTM. This 

performance leads us to the conclusion that the 

proposed leaky relu sequential-based 

LSTM performs better than relu sequential-based 

LSTM with highly accurate in classifying LC during 

COVID-19.  
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