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Abstract: In today's business world, it's more important than ever to understand how employees 
feel. This research explores open-source tools to analyze the sentiment of employee feedback. 
We developed a cost-effective Python script tailored to do sentiment analysis on text written by 
employees. For our methodology we used the TextBlob library to process textual data and 
evaluate the sentiment polarity. Initial tests confirm the script's effectiveness and precision. The 
findings of this research not only underscore the potential of free tools in sentiment analysis 
but also emphasize the importance of continuous feedback mechanisms in organizational 
settings. 
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INTRODUCTION 

In the evolving landscape of the corporate world, understanding employee 
sentiments has become a pivotal aspect of human resource management. Sentiment 
analysis, often referred to as opinion mining, is a computational study of people's 
opinions, sentiments, evaluations, attitudes, moods, and emotions (Liu, 2017). This 
technique has gained traction for its ability to minimize computational expenses while 
enhancing accuracy in data analysis (Kumar et al., 2021). In the realm of human 
resources, sentiment analysis can serve as a powerful tool to evaluate the mood and 
feelings of employees, thereby assisting organizations in making informed decisions.  

HR SENTIMENT ANALYSIS 
The importance of understanding and addressing employee sentiments cannot be 

overstated. The digital age has brought forth a multitude of tools and techniques to assess 
these sentiments, with sentiment analysis emerging as a frontrunner. Sentiment analysis, 
often interchangeably used with the term 'opinion mining', is a computational approach 
to deciphering people's opinions, sentiments, evaluations, attitudes, moods, and 
emotions from written text (Liu, 2017).  
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Historically, human resource departments relied heavily on traditional methods 
such as surveys, face-to-face interviews, and feedback forms to understand employee 
sentiments. While these methods provided valuable insights, they were often time-
consuming, prone to biases, and lacked real-time feedback. The advent of sentiment 
analysis has revolutionized this paradigm. By leveraging natural language processing 
and machine learning algorithms, sentiment analysis offers a more efficient, unbiased, 
and instantaneous way to understand employee sentiments (Rajan et al., 2021). 

The integration of sentiment analysis into HR systems has had profound 
implications for firm performance. Choi (2019) highlighted that HR systems 
significantly influence the performance of firms. More importantly, a positive 
perception of these HR systems by employees mediates the relationship between HR 
and performance. This underscores the importance of sentiment analysis as a tool to 
estimate and enhance this positive perception. 

Furthermore, the rise of social media and online platforms has provided HR 
departments with vast amounts of unstructured data, such as employee reviews, 
comments, and discussions. Sentiment analysis tools have become indispensable in 
mining these vast datasets to extract meaningful insights about employee sentiments, 
concerns, and suggestions (Sudhir & Deshakulkarni Suresh, 2021). 

Employing sentiment analysis in HR offers numerous paramount benefits, 
transcending traditional methods and ushering in a new era of efficient human resource 
management. For starters, traditional methods, like surveys or interviews, have been 
known to suffer from time lags. In contrast, sentiment analysis delivers real-time 
insights into employee sentiments. This immediacy enables HR professionals to 
promptly address any concerns, as highlighted by Rocca, Giacomini, & Zola (2020). 

Another compelling advantage of sentiment analysis is its capacity for objective 
analysis. Whereas human biases might infiltrate conventional sentiment assessment 
methods, sentiment analysis ensures that evaluations of employee feelings remain 
impartial. Such an approach guarantees insights that are both accurate and devoid of 
personal biases, a sentiment echoed by Rajan et al. (2021). 

Further, sentiment analysis steers HR departments towards data-driven decision-
making. Instead of relying on intuition, HR professionals can base their decisions on 
tangible data. As Sudhir & Deshakulkarni Suresh (2021) emphasize, this data-centric 
method aligns HR strategies and interventions closely with the genuine needs and 
sentiments of employees. 

Additionally, monitoring employee sentiments continuously leads to enhanced 
employee engagement. Organizations that heed to sentiment feedback create avenues 
for a more engaged workforce. While positive feedback affirms successful HR practices, 
negative feedback acts as a beacon, guiding HR towards areas needing improvement, a 
perspective shared by Choi (2019). 

From an economic standpoint, sentiment analysis tools, particularly automated 
ones, can be more wallet-friendly in the long haul than their traditional counterparts. As 
pointed out by Rajan et al. (2021), these tools trim computational expenses and can sift 
through vast data pools with minimal human intervention. 

Beyond these immediate benefits, sentiment analysis also holds strategic 
significance. As Liu (2017) suggests, the insights procured from such analysis can serve 
as cornerstones for HR's strategic planning. Recognizing the broad strokes of sentiment 
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trends equips HR with the foresight needed for crafting effective policies, curating 
training programs, and spearheading organizational change. 

In our study, we performed sentiment analysis on data sourced from the internet, 
particularly from indeed.com. This endeavor necessitated web content mining, which is 
fundamental to the process (Atanasova et al., 2010). Data mining, as described by Bâra 
& Lungu (2012), is the extraction of patterns, relationships, and insights from vast 
datasets, offering valuable insights for businesses. 

Sentiment analysis, at its core, leverages data mining techniques. Stancu et al. 
(2020) emphasized the importance of data extraction in improving decision support 
systems. By integrating sentiment analysis and data mining, companies can utilize 
textual data to enhance decision-making, thereby gaining a competitive edge. This 
approach is not limited to business analytics but extends to financial market research 
and decision-making. 

The advancements in technology, especially in the domains of machine learning 
and big data, have augmented the capabilities of predictive analysis (Stoica & Stoica 
2021). For instance, when sentiment analysis is fused with big data analytics, it has the 
potential to inform stock market predictions. Yet, it's important to note that the impact 
of sentiment analysis isn't uniformly effective across all industries. 

In the financial sector, sentiment analysis offers a more comprehensive 
understanding of market sentiment than traditional financial metrics alone, as 
highlighted by Cristescu et al. (2022). Beyond finance, Vancea et al. (2017) mentioned 
that political events can influence financial markets. Such events might also affect 
employee sentiment about their workplace and societal roles, as well as corporate 
reactions to these political shifts. 

Thus, sentiment analysis is not merely a tool; it's a transformative mechanism for 
HR professionals. It holds the key to decoding the pulse of an organization. By 
harnessing its multifaceted benefits, HR departments can sculpt a workplace that's not 
only harmonious and engaged but also brimming with productivity. 

 

USEFUL OPEN-SOURCE TOOLS FOR SENTIMENT ANALYSIS  
In data science, open-source tools help organizations understand and use their 

data (Provost, F., & Fawcett, T., 2013) and they can become pivotal in understanding 
employee sentiments. Python modules such as Pandas, NumPy, and scikit-learn, along 
with R and its packages, offer pliable data processing and visualization for HR sentiment 
analysis. The affordability of open-source technologies, in comparison to pricey 
proprietary software, allows HR professionals to employ advanced methods, algorithms, 
and models in their sentiment analysis tasks. Owing to the collaborative nature of the 
open-source community, these tools are routinely updated, enabling HR departments to 
stay updated with the latest advancements in sentiment analytics (Peng, R. D., & Matsui, 
E., 2016). By leveraging these open-source tools, HR professionals can derive 
meaningful insights into employee sentiments, aiding in informed decision-making and 
enhancing workplace culture. 

Free platforms like R, Python, and Weka have gained traction in HR sentiment 
analytics due to their accessibility and versatility (Wickham & Grolemund, 2017). 
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Various techniques exist for sentiment analysis in HR contexts. One method is 
utilizing TextBlob, esteemed for its simplicity, which operates on a lexicon-based 
sentiment foundation. An alternative method is the adoption of the BERT model, an 
avant-garde, context-sensitive tool, showing expertise in discerning complex textual 
dynamics (Devlin et al., 2018; Loria, n.d.; Sun et al., 2019).  

METHODOLOGY 
The primary data for this research was collected from indeed.com, where 150 

reviews were amassed. The reviews were specific to three companies: Lidl, Kaufland, 
and Carrefour in Romania. Once the reviews were collected, they were arranged in an 
Excel file with separate sheets for each company, ensuring a structured format for data 
processing. 

For sentiment analysis, the open-source library TextBlob was chosen due to its 
efficiency and ease of use in processing textual data (Loria, n.d.). TextBlob provides a 
simple API to return polarity and subjectivity of a text, which helps in understanding its 
sentiment value. 

Before the actual sentiment analysis could be performed, the Excel file containing 
the reviews was read into a Python environment using the pandas library.  

Upon completion of sentiment analysis for all reviews across the sheets, the 
modified data, now containing the original reviews alongside their respective sentiment 
polarity scores, was written back to a new Excel file named 
'reviews_with_sentiment_textblob.xlsx'. This ensured that the processed data was 
preserved for any future references or analyses. 

RESULTS 
The script starts by importing the necessary Python libraries as seen in Figure 1. 

Figure 1. Importing the necessary Python libraries 

Following the imports, the Excel file (reviews.xlsx) containing the reviews 
distributed across three sheets corresponding to the three companies is read into the 
environment via the script presented in figure 2. 

Figure 2. Reading the Excel file 

Figure 3 presents a dedicated function, analyze_sentiment, that was created to 
evaluate the sentiment polarity of the provided review text using TextBlob. 
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The polarity value, ranging between -1 and 1, denotes the sentiment's nature, with 
values closer to -1 being negative, values closer to 1 being positive, and values around 
0 being neutral. 

Figure 3. Functions to analyze the sentiment of the texts 

Also, as seen in figure 3, a function named analyze_reviews_for_sheet is 
developed to facilitate sentiment analysis for reviews on each sheet. 

For each sheet or company, the script computes the sentiment polarity for every 
review. After obtaining the polarities for all reviews in a sheet, the average polarity is 
calculated to give a consolidated sentiment score for the reviews of that specific 
company. 

As seen in figure 4, the script includes a visualization section where the average 
sentiment polarities of all three companies are plotted as a bar chart, offering a 
comparative view: 

Figure 4. Plotting the average sentiment polarity 

Once sentiment analysis was performed, the resulting polarities were integrated 
into the original dataset and into a new Excel file via the script presented in figure 5. 

This allowed for easy cross-referencing between the review text and its 
corresponding sentiment score. 

Figure 5. Writing the results in a new Excel file 

As can be seen in figure 6, the new Excel file contains a new „Polarity” column. 

Figure 6. The resulted excel file 
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The bar chart, rendered by the script and presented in figure 7, provided a visual 
comparative sentiment assessment across the three companies. 

Figure 7. Visualising the sentiments of the employee reviews for the three companies 

Thus, the script for sentiment analysis processed the evaluations effectively, and 
the results were systematically stored and displayed. Both the Excel file and the bar 
chart are tangible outcomes of this analysis, aiding in assessing and comparing employee 
sentiments for the three Romanian retail companies. 

CONCLUSION 
The significance of sentiment analysis in various domains has been increasingly 

recognized in recent years. This study's exploration of open-source tools for sentiment 
analysis, specifically focusing on employee feedback from three companies, aligns with 
the broader trend in the research community. Several studies have delved into the 
effectiveness, reliability, and application of sentiment analysis tools. 

For instance, Novielli et al. (2020) evaluated the performance of sentiment 
analysis tools in a software engineering context and found that lexicon-based tools often 
outperform supervised approaches in certain settings. This underscores the importance 
of choosing the right tool based on the specific context and data at hand. Another study 
by Rocca et al. (2020) highlighted the potential of sentiment analysis in supporting 
environmental reporting, emphasizing its cost-effectiveness and speed compared to 
traditional surveys Rocca et al., 2020. 

However, it's crucial to approach sentiment analysis with caution. Boukes et al. 
(2019) concluded that off-the-shelf sentiment analysis tools might be unreliable for 
specific languages and domains, emphasizing the need for manual validation. This 
resonates with the methodology of our study, where we tailored a Python script 
specifically for employee feedback. 

In the area of open-source software, sentiment analysis has been utilized 
frequently, with numerous tools utilizing support-vector machines. This further 
validates our decision to conduct our analysis using the open-source tool TextBlob. 

Finally, while sentiment analysis is a strong tool for interpreting emotions and 
views from textual data, the instrument and its application must be context-specific. Our 
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research contributes to this growing field by showcasing the potential of open-source 
tools in analyzing employee feedback, emphasizing the importance of continuous 
feedback mechanisms in organizational settings. Future research could focus on 
developing these tools for even more particular scenarios or investigating their 
interaction with other data analysis techniques. 
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