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Abstract- This paper presents a sentiment retrieval based 

on natural language processing NLP-based Word2Vec 

method for health records in medical institutions of Iraq 

especially for Covid-19 patients. Sentiment retrieval of 

medical records has gained significant attention worldwide 

to understand the behaviors of both clinicians and patients. 

However, Sentiment retrieval of medical notes still not 

provides a clear picture of information retrieving from 

these summaries. Covid-19 Pandemic urges researchers in 

the field of medical records and AI modelling to establish 

a sentiment analysis based on discharge summary notes.  

The study is performed on 10000 medical notes from 

general hospitals with total of 8500 patients and a 15000 

medical notes from general clinics with total of 12000 

patients. The study is conducted in Iraq during May 2021 

to May 2022. The main intensity of measured sentiment is 

captured with positive or negative in the health records. 

The SentiWordNet platform is used to standardize a gold 

sentiment dataset and the performance is evaluated using 

Word2Vec method.  The Welch’s t-test is used to validate 

the significance of the obtained results. It has been found 

that the statistical significance between Covid-19 health 

records reaches to 94.6% with p-value of 0.054.    

 

Keywords: Covid-19, NLP, Sentiment Retrieval, 

SentiWordNet, Word2Vec. 

 

1. INTRODUCTION                                                                         

Generally, the using of health records known as 

discharge summary notes in coded data have established a 

widely investigation on the benefits toward 

pharmacovigilance to risk stratification [1]. This brings a 

great challenge in terms of decision-making and health 

institutions status due to the huge data that being coded. In 

addition, these health records such as discharge summary 

notes are not analyzed based on sentiments method. 

Basically, health records/notes are captured as 

unstructured data, which makes the analysis of the 

provided data easy to decision-making. However, as those 

records are captured as description notes, it is challenging 

to quantify it. Which reduces the overall efficiency of the 

data coded in the health systems. Another issue occurred 

based on the text reflections in medical records on the 

physicians or the patients, which triggers several 

researchers to study the effects of text reflections in health 

records on a specific medical subject. For instance, the 

word “positive” in medical report is usually referred to an 

infected disease, and word “negative” is referred to non-

infected disease. Therefore, quantization methods and 

algorithms are proposed for the validation of the text 

reflections and feeling impact on medical text documents 

and refers it as sentiment [2]. These methods have enabled 

a significant investigation on the efficiency of the health 

care records such as health care contentment [3], tobacco 

impact on health [4], several approaches on cancer 

treatments [5], and wellness of health on social media [6, 

7]. 

Recently, the Covid-19 pandemic has increased the 

amount of medical records exceptionally as the 

information obtained from medical institution is developed 

in several domains and applications. In order to understand 

the Covid-19 patients before and after treatment, medical 

process or opinions have a major area of interest. The data 

collected from the Covid-19 patients records in different 

clinics and hospitals have been widely used to help 

physicians in giving an accurate opinion about the patient 

attitude after fully treatment and recovery. Many 

researchers have implemented several Covid-19 records in 

order to anticipate recovered patients and retrieve their 

discharge Covid-19 records [8]. However, due to the huge 

data size and quantity challenges, the path toward data 

mining is proposed. Data mining techniques have helped 

in modelling several algorithms, techniques, and methods 

for handling big size data. In addition, data mining 

methods have the benefit of providing the suitable tools for 

increasing insightful learning [8, 9]. Moreover, using data 

mining method such as sentiment analysis in study the 

Covid-19 patient behavior has a key role in providing an 

efficient review for clinicians and physicians [9]. In that 

matter, the information from Covid-19 records can be 

analyzed by using sentiment retrieval method. 
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Such a method could help the physician’s reviews and 

opinions to be accurately specified patients’ behavior and 

utilized the sentiment analysis of Covid-19 records. Figure 

1 shows the process of analyzing Covid-19 health notes on 

obtained dataset [9]. 

 

 
 

Figure 1. Health records analysis process [9] 

 

Hence, this paper highlighted that using sentiment 

retrieval analysis on Covid-19 health record that obtained 

from physicians in Iraqi’s medical hospitals and clinics can 

be measured as a data mining notes. This helps to better 

understanding of both physicians and patient’s behaviors 

toward Covid-19 medical records. Specifically, the 

opportunity of these Covid-19 records to have a predictive 

validity and utilized the Covid-19 records as data coded 

sources. Therefore, this paper offers a sentiment retrieval 

analysis by applying opinion mining algorithm for 

quantifying the Covid-19 health records. The main 

contributions of this work are summarized as follows: 

• A gold sentiment dataset is established for Covid-19 

health records based on NLP-based SentiWordNet for 

Iraq’s health database. 

• Applying Word2Vec tool in sentiment analysis 

(unsupervised) of a set of medical Health records focusing 

on Covid-19 recovery cases. 

• Evaluation the performance of Word2Vec in identifying 

sentiment similarity of the discharge summary notes. 

 

2. RELATED WORKS  

Typically, health records are sentiment analyzed by 

lexical and dictionary resources. This analysis includes 

MPQA, WordNetAffect, and SentiWordNet [10-12]. As 

these algorithms and tools are functioning in a reliable way 

of identify sentiment in highly reviewed text. However, for 

the Covid-19 health record and to the author knowledge, 

these methods are still not yet implemented to date [13].  

In addition, the sentiment annotation and high cost of 

data mining of health/Covid-19 records are the major 

challenges facing sentiment retrieval analysis. In the other 

hand, using supervised learning algorithms in health 

records have caused an impracticable and incorrect data 

setting due to the wrongly accessing of training labelled 

data. Conversely, in sentiment analysis of health records, 

the unsupervised learning algorithm is the most suitable 

candidate for retrieval of health/Covid-19 records [14-17].  

The authors in [18] presents a Sentiment analysis of 

medical tweets based on supervised learning method. The 

authors used sentiment specific word embedding (SSWE) 

is a part request of embedded word representation in 

outclassed models of neural network including Word2Vec. 

This approach tried to categorize the sentiment to 

differentiate between words and its opposite sentiment in 

the same arise of meaning. However, this method 

performed a poorly accuracy around 10 % for the 

measured lexicons [18]. As Covid-19 strokes the world in 

very fast time and cases, the urgent to apply sentiment 

analysis and using artificial intelligent to achieve better 

outcomes is urgently needed. The number of the cases 

reaches to nearly 77.7 million patients till this June 2022 

[19]. Deep learning and AI methods aim to help to give 

better understanding and standardization for the battle of 

Covid-19. Hence, various researchers proposed using 

artificial intelligent algorithms to be implemented in 

sentiment retrial from data collecting through treatment to 

recovery stages [20-25]. Hence, this paper investigates two 

approaches; the first approach is to study the Covid-19 

health records with low sentiment terms than other. The 

second one is to analysis sentiment retrieval by applying 

unsupervised learning algorithm on Covid-19 datasets. 
 

3. PROPOSED METHODOLOGY  

Figure 2 shows the research methodology which 
includes two specific phases [26]. The first phase is 
collecting data and the second phase is the sentiment 
analysis based on data mining for Covid-19 health records. 

The research proposed methodology is shown in Figure 3 
which presents the flow chart of data collection, 
classifications, and applying unsupervised learning 
algorithm on health record text. It starts with data 
collection of Covid-19 health records. Following the 
utilization of Covid-19 health records in text and views. 

This stage is important for analyzing the results 
effectively. Then, the data mining algorithm is applied in 
the classification level with neutral entity denotes as (0), 
positive entity denotes as (1), and negative entity denotes 
as (-1). Finally, the unsupervised learning algorithm based 
on Word2Vec is applied for data analysis and modelling in 

such way it performed as opinion data mining. 
Data is collected in the period of May 2021 to May 

2022 using provided and electronically Covid-19 health 
notes from local server. In order to get access to the 
information stacked at the institution server, the i2b2 
software for server access is used to gain access of health 

records data in the major medical institutions in Iraq [26, 
27]. The present research only discusses the Covid-19 
health records based on recovery cases and limited to the 
patients in Iraq. 
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Figure 2. Data collection process from discharge summary notes [26] 

      

 
 

Figure 3. The proposed flow chart of the methodology 

 

4. DATA COLLECTION AND PRE-PROCESSING 

Two dissimilar cohorts are pulled out from the local 

server of specific patients to analyze the features of their 

Covid-19 health notes. The patients that have been 

admitted to psychiatric with fifty beds from May 2021 to 

May 2022 were assigned to the first cohort. The second 

cohort covers the patients that admitted in the hospital with 

same period of time. Patients above 19 years old are only 

considered in this research. The fascination outcomes with 

first cohort are caused by clinical readmission, and 

following the checking time index of Covid-19 records for 

determining admissions subsequent. In another hand, the 

second cohort time readmission is examined with the same 

period of all caused mortality. The number of data 

collection consists of 25000 Covid-19 health records that 

have been written by physicians and clinicians.  

An annotation is defined for each set which identifies 

each Covid-19 health record with specific number of 

accompany diseases. Therefore, each annotations of 

existence record are classified into four main classes: 

Absent, Current, Uncertain, and Unknown. Using these 

classes, the Covid-19 health records are divided into sub-

class that associates with particular disease. Following, the 

separation of each class is applied by determination of each 

sub-class to the main class Current. This means the Covid-

19 health records is classed to specific sub-class when its 

main class of the disease is linked. The Covid-19 health 

records that linked to each sub-class disease is listed in 

Table 1. As we can be noticed from Table 1, several 

diseases such as Covid-19 with GERD, Covid-19 with 

Hypertriglyceridemia, and Covid-19 with Gout have few 

discharge notes with that disease being linked. This will 

perform an incorrect computational and statistical 

sentiment analysis associated with them. Therefore, the 

data set with best matching linked to specific five diseases 

are selected for this study which are: Covid-19 with 

Hypertension, Covid-19 with Diabetes, Covid-19 with 

Heart failure, Covid-19 with Gallstones, and Covid-19 

with Depression. 

 
Table 1. Distribution of disease classifications 

 

Annotated Disease Covid-19 Health Notes 

Covid-19 with Hypertension 6500 

Covid-19 with Diabetes 4500 

Covid-19 with Heart failure 4130 

Covid-19 with Gallstones 4000 

Covid-19 with Depression 3125 

Covid-19 with GERD 985 

Covid-19 with Hypertriglyceridemia 915 

Covid-19 with Gout 845 

 

 4.1. Processing Tool of Natural Language  

Several methodologies are developed to characterize 

elements of written text in a high throughput manner [26, 

27]. Generally, there are two conceptually different 

procedures exist: the first one is based on machine learning 

where a model of word or maybe phrase usage is applied 

to documents of sentimentality well understood. Then, it 

will apply to the whole document. The second method is 

based on using a curated lexicon of sentimentality and 

subjectivity to mark words in the whole document. 

However, for the first method, it is found that there is no 

gold standard for medical data notes in sentiment form. 

Therefore, the second method is preferred to be used in this 

study.  Particularly, Lemmatization SentiWordNet method 

is used, a wide-open source implementation of opinion 

mining method. This method works on matching phrases 

and words to build-in lexicon with 3000 polarity words 

such as positive +1 and negative -1, intensity modifier 0.5 

to 2x, and reverse polarity (negation) [26].  
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This method has demonstrated accuracy of 85% 

compared to a gold standard [26]. To the author 

knowledge, this method has been applied for movie 

reviews [26], yet no works stated or examined its 

performance on medical notes. Python panda’s library is 

an open source data processing tool which is used in 

extraction of retrained information of the implemented 

method. By using this library, the Health records are 

extracted to its corresponding dataset. The process starts 

with cross reference data frames with identification (ID) of 

discharge summary notes. Then the ID links with its 

annotation’s frames. After linking all the IDs, the sub-

categories are organized based on their descending 

frequency. The retrained data is performed using Python 

with the assistance of the Natural Language processing 

toolkit (NLPTK). 

This procedure starts with removing all the special 

characters and formatting text from all the discharge notes. 

Then, the English stop words are also removed from 

summaries by NLPTK tool. The remains Health records 

are standardized for retrained process before choosing 

whether lemmatization or stemming to be selected for 

further analysis of data. The next step is to determine 

which process is chosen for testing the results of sentiment; 

stemming or lemmatization. SentiWordNet method is 

performed to test the data of sentiment analysis by using 

Porter Stemming Algorithm [27] then lemmatization 

independently. The results then compared with the original 

obtained data. Table 2 reports the comparison results 

between the original data with stemming and 

lemmatization results. The results showed a best term 

matching with original data by using lemmatization with 

an average of 38.44% compared to the stemming terms 

matching of 27.14%. Therefore, this work will choose the 

lemmatization for analysis of the dataset. 

 
Table 2. The percentage of matching of lemmatization and stemming on 

original data  
 

Diseases 
Original 

Data 
Lemmatization Stemming 

Covid-19 with Hypertension 0.4574 0.43500 0.3540 

Covid-19 with Diabetes 0.4120 0.4005 0.2844 

Covid-19 with Heart failure 0.4245 0.4120 0.3100 

Covid-19 with Gallstones 0.3469 0.3200 0.2100 

Covid-19 with Depression 0.3602 0.3547 0.2005 

Average percentage 0.4001 0.3844 0.2714 

 

4.2. Analysis of Method 

Two characteristics are chosen as a primary measure 

for sentiment analysis; which are objective ‘0’ and 

subjective ‘1’. Then it associated with product of two 

scales of positive ‘+1’ or negative ‘-1’. Therefore, for each 

discharge note two scores result in consistent range of 0-1 

as positively subjective and negatively subjective 

respectively. Hence, for a discharge note scored 1 means 

entirely positively subjective, a note scored -1 is entirely 

negatively subjective and if note scored 0 it means an 

entirely neutral. All the notes with these two positive and 

negative scores are separately analyzed to permit the 

chance that several notes may have very high amounts of 

each. Relations between the variables of negative or 

positive sentiment subjectivity and clinical 

sociodemographic characteristics are analyzed using 

utilizing effects models. That is clearly observed for the 

account for attendance of several grouped opinions (i.e., 

several hospitalizations) for each patient. SentiWordNet is 

a sentiment method based on lexical resource as part from 

opinion mining formed in [27-29].  

It is built on WordNet, another lexical resource and 

database for English language. It classified words with 

their corresponding sets of synonyms. SentiWordNet is a 

top level of WordNet which works by allocating each 

sentiment scores; Positive, Negative, and Objective scores. 

The subjective serving of the word is made up by the 

positive and negative scores, while objective score can be 

obtained by minus the summation of positive and negative 

score with number one. To analysis the overall sentiment 

scores of each sub-category, SentiWordNet is 

implemented to determine each summary linked to the 

sub-category. Then, the determination of sentiment ratios 

in terms of positive and negative scores for each sub-

category is carried out. Word2Vec method is used for 

constructing the summaries data. In Word2Vec method, 

the similarities between each sub-category will be 

calculated against other sub-categories. Referring to Table 

2, each of the five sub-categories are evaluated by 

SentiWordNet. Then, the positive, negative, and objective 

scores are calculated and the results are listed in Table 3. 

 
Table 3. The results of sentiment scores of Covid-19 health notes 

 

Diseases Positive Negative Objective Overall 

Covid-19 with 

Hypertension 
0.0521 0.0698 0.8781 0.0178 

Covid-19 with 

Diabetes 
0.0507 0.0717 0.8773 0.0208 

Covid-19 with 

Heart Failure 
0.0506 0.0719 0.8775 0.0213 

Covid-19 with 

Gallstones 
0.0507 0.0720 0.8785 0.0225 

Covid-19 with 

Depression 
0.0484 0.0736 0.8787 0.0245 

 

Figure 4 illustrates the performance of positive and 

negative percentage scores of each sub-category in 

sentiment analysis. It can be observed from mentioned 

graph that there are particular sub-categories have a higher 

negative score than positive ones. This might be revealing 

of a negative partiality in relative to the other sub-

categories. In dissimilarity, the reverse behavior can also 

be perceived. This might be revealing of a positive 

partiality in relative to the other sub-categories. In 

addition, the maximum negative overall score happens 

when the alteration between the negative and the positive 

scores is high. Correspondingly, the maximum positive 

overall score arises when that alteration is small. 

Therefore, it can be realized that the overall relation 

sentiment score of each sub-categories can be found by the 

difference between the positive and negative sentiments. 

The overall score sentiment of each sub-category is 

found by computing the differences between the positive 

and negative sentiments for each sub-category as 

presented in Figure 5. As can be seen from this graph, the 

Covid-19 with Gallstones and Covid-19 with heart failure 

sub-category have the maximum negative overall score, 
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with the sub-category Covid-19 with gallstones having the 

second maximum negative score, and the sub-category 

Covid-19 with heart failure having the third maximum 

negative. In dissimilarity, the Covid-19 with hypertension 

sub-category has the maximum positive overall score. 
 

 
 

Figure 4. SentiWordNet percentages scores of Table 3 

 

 
 

Figure 5. The difference of the negative and positive scores each 

discharge summary sub-category notes 

 

5. RESULTS AND DISCUSSIONS  

       Word2Vec is collection of unsupervised narrow two-

layers neural network models realized in [23]. Word 
inserting are the numeric demonstration of words in the 
form of vectors. Word2Vec provides word inserting based 
on the relative semantics of words in a text. Words with 
similar semantic contexts are mathematically assembled 
together in a vector planetary, which conserves the 

semantic connection between words. Word2Vec can then 
use these words inserting to provide estimations on a 
word’s meaning. Additionally, each sub-category will 
associate with single ID as listed in Table 4. Table 5 shows 
the results terms between each sub-category similarity. It 
can be clearly noticed that all the terms similarity of the 

scores are quite similar to each other with maximum values 
of 0.99. That means the terms similarity in each sub-
category with respect to all others is very high. The highest 
term similarity with dataset is sub-category 1 (Covid-19 
with Hypertension) and sub-category 3 (Covid-19 with 
Diabetes) with similarity term of 0.9997. The lowest term 

similarity with dataset is sub-category 4 (Covid-19 with 
Gallstones) and sub-category 5 (Covid-19 with 
Depression) with similarity term of 0.9722. For more 
clarification, the highest term similarity is highlighted in 
blue color and the lowest term similarity is highlighted in 
red color. 

Table 4. ID of the datasets 
 

Data name ID 

Covid-19 with Hypertension 1 

Covid-19 with Diabetes 2 

Covid-19 with Heart failure 3 

Covid-19 with Gallstones 4 

Covid-19 with Depression 5 

 
Table 5. Similarity between subsets by using Word2Vec method 

  

IDs 1 2 3 4 5 

1 0.9997 0.9899 0.9955 0.9966 0.9840 

2 0.9877 0.9788 0.9655 0.9750 0.9700 

3 0.9920 0.9850 0.9740 0.9744 0.9788 

4 0.9980 0.9890 0.9870 0.9770 0.9780 

5 0.9822 0.9722 0.9863 0.9772 0.9821 

 

Then, to validate the Word2Vec sentiment scores 

results, a statistical analysis is performed in order to 

calculate whether the results are statistically significant or 

not. Welch’s t-test on the SentiWordNet sentiment scores 

is implemented with two independent samples between 

each pair of sub-categories. Generally, Welch’s t-test is 

performed as a deviation of the Student’s t-test. Welch’s t-

test has better performance when it uses in comparing an 

unequal sample sizes and variances. This is a good 

approach to use Welch’s t-test since all the five sub-

categories are not equal in sample size. Hence, the Welch’s 

t-test has been performed for each pair of sub-categories 

with positive, negative, and overall sentiment scores. 

The Welch’s t-test performance is measured with its p-

value. Each value of tested p-value is represented the 

finding probability of the experimental results if the 

hypothesis (Null) is True. It means that the p-value 

represents the null hypothesis being rejected in the 

smallest level of significance. The SciPy statistics module 

is used in the Welch’s t-test function. Table 6 lists the 

results of the positive sentiment Welch’s t-test with its p-

value. The minimum value for each test is highlighted in 

Red Color. Sub-category 2 (Covid-19 with Diabetes) and 

Sub-category 5 (Covid-19 with Depression) have the 

minimal p-value of 0.282. This means that p-value is high, 

which indicates that 28.2% of the time the hypothesis 

(null) is accepted or 71.8% is statistically significant. 

Table 7 lists the results of the negative sentiment Welch’s 

t-test with its p-value. The minimum value for each test is 

highlighted in Red Color. Sub-category 2 (Covid-19 with 

Diabetes) and Sub-category 3 (Covid-19 with Heart 

failure) have the minimal p-value of 0.180. This means that 

p-value is high, which indicates that 18% of the time the 

hypothesis (null) is accepted or 82% is statistically 

significant. 

 
Table 6. The results of the positive sentiment Welch’s t-test with its  

p-value 
 

ID 1 2 3 4 5 

1 0.954 0.458 0.685 0.996 0.491 

2 0.657 0.765 0.965 0.475 0.282 

3 0.758 0.358 0.774 0.574 0.778 

4 0.942 0.924 0.887 0.777 0.378 

5 0.741 0.282 0.686 0.877 0.7821 
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Table 7. The results of the negative sentiment Welch’s t-test with its  

p-value 
 

ID 1 2 3 4 5 

1 0.965 0.458 0.685 0.458 0.996 

2 0.774 0.765 0.180 0.765 0.475 

3 0.887 0.180 0.574 0.358 0.774 

4 0.887 0.924 0.777 0.924 0.887 

5 0.686 0.947 0.877 0.741 0.686 

 

Table 8 lists the results of the overall sentiment 

Welch’s t-test with its p-value. The minimum value for 

each test is highlighted in Red Color. Sub-category 4 

(Covid-19 with Gallstones) and Sub-category 5 (Covid-19 

with Depression) have the minimal p-value of 0.054. This 

means that p-value is quite high, which indicates that 5.4 

% of the time the hypothesis (null) is accepted or 94.6% is 

statistically significant. From these above results, it can be 

concluded that the sentiment analysis using Word2Vec is 

significantly efficient with accuracy more than 90%.  

 
Table 8. The results of the overall sentiment Welch’s t-test with its  

p-value 
 

ID 1 2 3 4 5 

1 0.565 0.158 0.685 0.258 0.796 

2 0.274 0.365 0.470 0.365 0.275 

3 0.487 0.270 0.174 0.758 0.974 

4 0.857 0.824 0.377 0.824 0.054 

5 0.636 0.647 0.677 0.054 0.386 

 

A comparison is done with other similar works in terms 

of p-value and accuracy. Figure 6a shows a good result for 

this proposed method compared to others with high p-

value of 0.054. This is lead to significant high accuracy of 

more than 90% compared to other method used as shown 

in Figure 6b. Hence, using Word2Vec method in retrieving 

medical records is a good approach for analyzing and 

making opinion based on health electronic record. Table 9 

shows the comparison of this work with other related 

researches in the same classifications. 

 

6. CONCLUSIONS 

In this paper, the Covid-19 health records sentiment 

retrieval analysis based on unsupervised learning NLP 

Word2Vec method is presented. The study is performed 

over 25000 Health records collected from medical 

institutions located in Iraq during May 2021 to May 2022. 

Word2Vec NLP method is a suitable tool to distinguish 

sentiment scores such as positive and negative dataset 

terms. Five different sub-classes associated with specific 

diseases are analyzed statistically using SentiWordNet 

base on Word2Vec model for Covid-19 health records. 

Welch’s t-test is performed to evaluate the statistical 

significance of the sentiment scores results. The sentiment 

scores results showed that the Covid-19 with Hypertension 

sub-category has the highest positive sentiment score and 

Covid-19 with Gallstones sub-category is the lowest 

negative sentiment score. The p-value obtained from 

Welch’s t-test showed a highest value of 0.054, which 

indicates that our sub-category is statistically significant 

by 94.6%. 

Table 9. Compression of this work with related state of art approaches 
 

Study Methods Approaches 
Sample 

size 
P-value Accuracy 

[26] Hybrid 
Opinion, 

AFINN 

MIMIC 

database 

0.033, 

0.412 
62%, 68% 

[27] 
semi-

supervised 

Random 

Fields (CRF) 
500 0.1 60% 

[28] Unsupervised CNN (SVM) 5000 0.37 58% 

[29] Unsupervised Word2Vec 35000 0.46 75% 

[30] 
semi-

supervised 

ML 

algorithms 
3500 0.080 69% 

This work Unsupervised Word2Vec 25000 0.054 93% 

 

 
 

 
 

Figure 6. Comparison in terms of obtained results with other related 

works. (a) P-value, (b) Accuracy of the method 
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