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Abstract 

This report presents a comprehensive evaluation of free and open-source data analysis and visualization tools, specifically 

assessing their performance and usability on consumer-grade personal computers. With the increasing emphasis on data-

driven decision-making across diverse industries, access to effective data analytics tools has become crucial not only for 

professionals but also for students, educators, and small organizations. However, a significant portion of available tools 

are either optimized for high-performance systems or are restricted by paywalls, thereby creating substantial barriers for 

users operating on low-resource hardware, such as Intel i3 processors, 12GB RAM, and traditional HDD storage. 

This research addresses a critical gap in existing literature by adopting a full-pipeline perspective, evaluating tools across 

all major stages of the data analytics workflow: data importing, preprocessing (cleaning, encoding, and transformation), 

visualization, and inference. Unlike prior studies that predominantly focus on isolated components like visualization, this 

study provides a holistic view. The tools selected for this investigation cater to both technical users (e.g., Python with 

Pandas, Matplotlib, and Seaborn) and non-technical users (e.g., GUI-based platforms like KNIME, Orange, and web-

based spreadsheets). Through empirical testing conducted on a standardized hardware environment reflective of common 

low-end configurations, critical performance indicators including execution time, memory and CPU usage, and crash 

frequency were measured. Qualitative usability was also assessed based on ease-of-use. 

The findings reveal notable differences in how tools perform and behave under constrained conditions, uncovering 

inherent trade-offs between flexibility, usability, and system resource consumption. This report offers practical 

recommendations for users seeking to choose the most suitable tools based on their technical comfort and hardware 

limitations. Furthermore, it provides a foundational understanding for future software development aimed at enhancing 

accessibility and efficiency in low-resource contexts, thereby contributing meaningfully to the evolving landscape of 

inclusive data analytics practices and informing tool designers, educators, and policymakers working toward digital 

equity. 

1. Introduction 

This section establishes the foundational context for the research, articulating the prevailing challenges in data analytics 

tool accessibility, the specific problem addressed by this study, its overarching objectives, and the defined scope. 

1.1 Background and Motivation 

In the contemporary digital era, data has emerged as an indispensable asset for informed decision-making across virtually 

all industries. From optimizing supply chains in retail to enhancing student outcomes in educational institutions, data 

analytics plays a pivotal role. The burgeoning recognition of data's value has led to a surge in demand for tools that 

facilitate its analysis. However, a substantial portion of this growth is occurring in environments characterized by limited 

computational resources. Many small businesses, non-profit organizations, educational institutions, and individual users 

continue to operate on hardware with modest capabilities, typically featuring Intel i3 processors, 4–12 GB RAM, and 

HDD-based storage. 

This situation highlights a significant challenge: while powerful data analytics tools exist, many are either prohibitively 

expensive, requiring substantial financial investment, or are optimized exclusively for high-performance computing 

environments. This creates a discernible digital divide, hindering access for individuals and organizations in developing 
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regions or those operating with limited budgets. The consequence is a restriction on who can effectively participate in and 

benefit from the data-driven economy, potentially perpetuating existing inequalities. This research directly addresses this 

digital equity concern by focusing on free and open-source solutions specifically tailored for consumer-grade PCs, aiming 

to bridge this accessibility gap. 

1.2 Problem Statement 

While enterprise-grade solutions such as Tableau, Power BI Pro, and SAS offer robust data analytics environments, they 

are frequently associated with high costs and are primarily optimized for high-performance computing infrastructures. 

Moreover, a common limitation of many existing tools is their emphasis on only certain segments of the data analytics 

pipeline, most notably visualization, while often neglecting other equally critical steps. These overlooked stages include 

data importing, comprehensive preprocessing (such as cleaning, encoding, and transformation), and rigorous statistical 

inference. 

Beyond performance, there is a pronounced gap in the evaluation of tool usability, particularly from the perspective of 

non-technical users who predominantly rely on graphical user interface (GUI)-based platforms rather than code-heavy 

environments. Current research often provides fragmented views, where individual components might be well-studied, 

but the integrated user experience across the entire workflow on constrained hardware remains largely unexplored. A 

user's journey in data analysis typically involves sequential steps—importing, cleaning, transforming, and then analyzing 

and visualizing data. If a tool excels at visualization but proves inefficient or unstable during the initial data import or 

preprocessing phases on a low-end PC, its practical utility for an end-to-end task diminishes considerably. Consequently, 

there is a notable absence of empirical studies that comprehensively evaluate these tools across the full analytics pipeline 

on low-end systems, underscoring the imperative for a holistic evaluation approach. 

1.3 Objectives of the Study 

This research paper aims to achieve the following specific objectives: 

● To synthesize existing research on data analytics tools, with a particular focus on their performance and 

usability characteristics. 

● To thoroughly evaluate the applicability and effectiveness of these tools within low-resource computing 

environments. 

● To provide comparative insights that encompass both coder-oriented tools (e.g., Python with Pandas, 

Matplotlib, and Seaborn) and GUI-based tools (e.g., KNIME, Orange, and Power BI Desktop Free Edition). 

● To establish a foundation for future empirical benchmarking and tool development initiatives, with the 

ultimate goal of enhancing software accessibility and efficiency in contexts where computational resources are 

limited. 

1.4 Scope of the Paper 

The scope of this study is meticulously defined to ensure focused and relevant findings. The tools considered for 

evaluation are exclusively free and accessible, meaning they are either fully open-source or offer a robust and usable free 

tier. Paid or enterprise-only versions are explicitly excluded to maintain direct relevance to educational, grassroots, or 

small-scale deployments where budget constraints are a primary concern. Furthermore, the paper concentrates on tools 

that are capable of supporting a full data analytics pipeline, encompassing four major stages: Data Import, Preprocessing, 

Visualization, and Inference. 

1.5 Organization of the Paper 

This report is structured into six main sections, each building upon the preceding one to provide a comprehensive analysis. 

Following this introduction, Section 2 presents a detailed Literature Review, summarizing existing research and 
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identifying current gaps. Section 3 outlines the Proposed Methodology, detailing the evaluation framework, tool and 

dataset selection, and performance metrics. Section 4, Experimental Setup and Results, presents the empirical data 

collected from the benchmarking process. Section 5, Discussion and Interpretation of Results, analyzes these findings, 

explores trade-offs, and discusses implications. Finally, Section 6 provides a concise Conclusion, summarizing key 

findings, contributions, limitations, and suggestions for future research. The report also includes a comprehensive list of 

References and relevant Appendices. 

2. Literature Review 

This section systematically reviews existing scholarly work related to data analytics tools, identifying current trends, key 

findings, and, most importantly, the gaps that this research aims to fill. 

2.1 Need for a Comprehensive Review 

Despite the proliferation of research in data analytics, a significant portion of existing studies remains siloed. These studies 

often evaluate only specific stages of the data analytics pipeline, such as visualization, or focus on particular tools without 

considering their broader applicability across the entire workflow. This fragmentation of knowledge creates a challenge 

for practitioners and educators who require a holistic understanding of how different tools perform across an integrated 

data analysis process, especially when operating on consumer-grade hardware. For instance, a tool might excel at 

visualization, but if it fails during the initial data import or preprocessing steps on a low-end personal computer, its overall 

utility for an end-to-end task is severely compromised. A truly valuable review, therefore, must evaluate both coder-

oriented and non-coder (GUI-based) tools comprehensively, covering the complete data analysis pipeline and assessing 

their performance on commonly available consumer-grade hardware. This integrated approach is essential to counteract 

the "silo effect" prevalent in current research, providing a more practical and applicable understanding for users. 

2.2 Review of Key Papers 

A review of existing literature reveals several studies that touch upon aspects of data analytics tool performance and 

usability, yet none provide the comprehensive, full-pipeline evaluation on low-end systems that this research undertakes. 

● Singh, P., et al. (2021) – IEEE Access: This study benchmarked Power BI, Tableau, and Google Data 

Studio on low-end hardware, specifically systems with Intel i3 processors and 4GB RAM. Their findings indicated 

that Power BI offered the fastest rendering speed, while Google Data Studio was most efficient in terms of 

memory usage. However, a significant limitation of this work was its exclusive focus on the visualization 

component, neglecting crucial stages such as data preprocessing and overall usability. 

● Zhou, L., et al. (2020): This research concentrated on the rendering architecture efficiency of data 

visualization tools, conducting backend tests on large datasets. While it provided valuable insights into how 

backend choices influence performance, it did not address the user experience or the behavior of these tools on 

low-resource systems, thus having a narrow scope. 

● Van Der Donckt, J., et al. (2023): This paper introduced and evaluated a Python-based downsampling 

tool specifically designed for time-series data, focusing on time complexity optimization for real-time machine 

learning tasks. Its relevance to the current study is moderate, as its scope was highly specific to ML pipelines and 

did not encompass general data analysis use cases. 

● Ngong, I.C., et al. (2023): This study conducted a usability assessment of differential privacy tools 

through surveys of users with diverse technical backgrounds. A key finding was that usability concerns represent 

significant barriers to tool adoption. However, this research did not incorporate performance benchmarks, 

highlighting the need for a combined evaluation of usability and performance, especially for GUI-based tools. 

● Zhang, X., et al. (2019): This work benchmarked machine learning libraries on edge devices, which 

share characteristics with low-end PCs. The findings revealed inherent trade-offs between execution time and 

model accuracy. Despite its relevant hardware context, the study's focus was limited to machine learning, omitting 

the broader data analytics lifecycle. 
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● Vieth, A., et al. (2023): This paper presented a new visual analytics tool designed for expert users. While 

effective in handling complex data, the tool exhibited a steep learning curve, leading to the conclusion that it was 

not suitable for beginners or environments with limited resources. This study underscores the importance of 

considering the complexity-usability trade-off. 

● Islam, R., & Das, S. (2024): This systematic literature review covered over 50 papers on visual analytics 

evaluations. A significant conclusion drawn was the absence of a standardized benchmarking methodology across 

the field, which further justifies the necessity for a new, consistent benchmarking strategy as proposed in the 

current research. 

● Agrawal, R., & Sharma, V. (2017): This study demonstrated the real-world usage of WEKA for student 

data analysis on small datasets. While valuable for showing the educational impact of free tools, it was tool-

specific and lacked a broader comparative analysis. 

● Kaur, H., & Verma, R. (2019): This paper focused on machine learning algorithms using WEKA for 

educational datasets, finding that decision trees outperformed other models for predicting student performance. 

This reinforces the potential educational impact of free tools. 

2.3 Gaps Identified 

The systematic review of existing literature reveals several critical gaps that the current research aims to address: 

● Lack of Full-Pipeline Testing: A predominant limitation is that most existing research evaluates only 

specific components of the data analytics workflow, such as visualization or machine learning algorithms, rather 

than assessing tools across the entire data analytics pipeline, from data import to inference. 

● Neglect of Low-End Hardware Context: Few studies explicitly benchmark data analytics tools on 

devices with limited specifications, which are common in educational settings and small organizations. This 

oversight leaves a significant knowledge void regarding real-world performance on widely available consumer-

grade systems. 

● Insufficient Focus on Usability: Despite usability being a major barrier to tool adoption, particularly for 

non-coders, existing studies often provide insufficient attention to this aspect in conjunction with performance 

benchmarks. This creates a "usability-performance paradox" in low-end contexts: tools might be performant on 

high-end systems, but if they are unusable or unstable on low-end systems, their utility for a broad user base 

diminishes. For resource-constrained environments, the intersection of usability (ease of learning, intuitive 

interface) and performance (speed, memory efficiency, stability) is critically important. A fast tool that crashes or 

is too complex for a beginner is as ineffective as a user-friendly tool that is too slow. 

● Tool-Specific Evaluation: Many existing studies tend to focus on the evaluation of a single tool in 

isolation, rather than conducting comprehensive comparative analyses across a diverse range of tools that cater to 

different user profiles and technical proficiencies. 

● Lack of Empirical Benchmarks: A substantial portion of the current body of work consists of surveys 

and theoretical reviews, often lacking the empirical data derived from real-world testing that is crucial for robust 

performance assessment. 

2.4 Conclusion of Literature Review 

The literature review unequivocally highlights the growing importance of data analytics tools across various domains. 

However, it simultaneously reveals significant gaps in the comprehensive evaluation of these tools, particularly when 

used under resource-constrained environments. A majority of studies have concentrated narrowly on the visualization 

capabilities of specific platforms, often excluding critical stages of the analytics pipeline such as data import, cleaning, 

transformation, and inference. Furthermore, while some research has assessed usability, these efforts seldom combine 

technical benchmarking with real-world user experiences, especially for non-coders. Evaluations are frequently limited to 

single-tool studies or conducted on high-end or edge-specific hardware, which renders their findings less generalizable to 

typical consumer-grade systems widely used by students, educators, and small organizations. 
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Free and open-source tools like WEKA, Orange, and Python-based libraries (Pandas, Matplotlib, etc.) have demonstrated 

promise in isolated use cases, yet a comprehensive, comparative analysis remains scarce. Crucially, no study to date offers 

a systematic benchmark that covers both coder-friendly and GUI-based tools across the full data analysis pipeline on low-

end systems. These identified gaps underscore the necessity of an empirical study that rigorously measures both 

performance and usability under realistic conditions. Such a study would not only guide tool selection for users with 

limited technical and financial resources but also offer valuable insights to developers aiming to optimize software for 

broader accessibility. This review, therefore, establishes a clear foundation and rationale for the proposed research—a 

full-pipeline, cross-tool benchmark conducted on low-resource hardware with both technical and usability evaluations. 

3. Methodology 

This section details the systematic approach employed to evaluate the selected data analytics tools, ensuring the 

reproducibility and validity of the findings. 

3.1 Overview of the Evaluation Framework 

The evaluation framework is designed to be comprehensive, encompassing a full-pipeline assessment that integrates both 

quantitative performance metrics and qualitative usability assessments. This dual approach ensures a holistic 

understanding of how each tool performs and is perceived by users within the constraints of a low-resource environment. 

3.2 Tool Selection Criteria 

The tools chosen for analysis were meticulously selected based on stringent criteria to ensure their relevance to the study's 

objectives. These parameters are: 

● Free and Open Source or Freemium: Tools must be either entirely free to use or offer a robust and fully 

functional free tier. 

● Low Hardware Footprint: The tools must be installable and capable of running smoothly on systems 

with modest specifications, specifically Intel i3 processors (7th−12th generation), 4–12 GB RAM, and traditional 

HDD-based storage. 

● GUI-Based or Minimal Coding Required: To cater to a broad user base, tools were chosen to be either 

predominantly graphical user interface (GUI)-based or require only minimal coding, making them accessible to 

non-programmers or beginner-level users. 

● Cross-Platform Support: While Windows compatibility was a minimum requirement, preference was 

given to tools offering cross-platform support, including Linux compatibility. 

● Full Analytics Pipeline Support: Crucially, each selected tool must support all major stages of the data 

analytics workflow: Data Import, Preprocessing, Visualization, and Inference/statistical analysis or machine 

learning model integration. 

Based on these criteria, the following tools were shortlisted for evaluation: KNIME, Orange, Python with Pandas and 

Seaborn, and Power BI Desktop (Free). This selection of tools, encompassing GUI-based platforms like KNIME and 

Orange, code-based environments like Python, and hybrid solutions like Power BI, is deliberate. It represents the diverse 

technical backgrounds of users in constrained environments, allowing for a nuanced understanding of which tool 

paradigms are most effective. This approach ensures that the findings are applicable across a wide spectrum of user needs. 

3.3 Dataset Selection 

To accurately simulate real-world usage scenarios and rigorously test the tools' capabilities on low-end systems, specific 

criteria were applied for dataset selection. 
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● Size: Datasets were chosen to range from 50,000 to 100,000 rows, typically featuring 10–20 columns. 

This range is sufficiently large to challenge low-resource systems without being prohibitively massive. 

● Type: Datasets included a mix of data types, such as categorical, numerical, and datetime, to ensure 

comprehensive testing of various preprocessing and analysis functions. 

● Sources: All datasets were sourced from publicly available repositories, including Kaggle, UCI Machine 

Learning Repository, and Government of India portals, ensuring transparency and reproducibility. 

Example datasets utilized in this study include the Indian Education Dataset (from data.gov.in), the Titanic Dataset 

(specifically for inference-focused tasks), and the Superstore Sales Dataset (for exploratory data analysis and machine 

learning pipeline tests). The choice of open, real-world datasets of varying sizes is critical. It balances the need for practical 

relevance, simulating actual user scenarios, with the academic requirement for reproducibility and generalizability. The 

diverse sizes are particularly important for stress-testing the tools and identifying their performance ceilings, providing a 

clear indication of their breaking points under different data loads. 

3.4 Tasks to be Performed 

Each selected tool underwent rigorous testing across a standardized set of tasks, covering the entire data analytics pipeline. 

This granular breakdown of the pipeline into specific sub-tasks allows for the precise identification of where performance 

bottlenecks or usability challenges manifest within each tool, providing targeted recommendations. 

● Import Stage: Loading of.csv or.xlsx files with 50,000 to 100,000 rows. 

● Preprocessing Stage: Filtering of missing values, Date formatting, Feature creation, Label encoding. 

● Visualization Stage: Generation of bar charts, Generation of box plots, Generation of scatterplots, 

Generation of line charts. 

● Inference Stage: Correlation analysis, Linear regression, Simple ML models (e.g., linear and logistic 

regression). 

3.5 Evaluation Metrics 

The performance and usability of the evaluated tools were assessed using a comprehensive set of quantitative and 

qualitative metrics. 

● Performance Category: 

○ Import Time: Time taken to load datasets. 

○ Memory Usage: RAM consumed during operations. 

○ Processing Time: Time taken for specific preprocessing, visualization, and inference tasks. 

○ Crash Frequency: Number of times the application became unresponsive or crashed. 

● Usability Category: 

○ Clicks to Complete Task: Number of clicks required to perform a specific operation. 

○ Layout Clarity: Subjective assessment of the interface's organization and intuitiveness. 

○ Learning Curve: Subjective assessment of the effort required for a new user to become 

proficient. 

● Compatibility Category: 

○ OS Support: Supported operating systems. 

○ File Type Flexibility: Range of supported input file formats. 

● Feature Depth Category: 

○ Number of Built-in Modules: Quantity of integrated preprocessing or analysis functionalities. 

Benchmarking was conducted on a standardized, real low-end system to ensure the reproducibility and generalizability of 

the findings. The specific hardware configuration included: 
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● CPU: Intel i3-8130U. 

● RAM: 8 GB DDR4. 

● Storage: 1 TB HDD. 

● Operating System: Windows 10 + Linux Mint (dual boot). 

The use of a standardized hardware environment, reflective of common low-end configurations, is critical for ensuring 

the reproducibility and generalizability of the findings. Without this standardization, results could be anecdotal and 

incomparable. The dual-boot operating system setup also allowed for exploring potential platform-specific performance 

variations, providing a more comprehensive evaluation. 

3.6 Qualitative Usability Assessment 

Beyond quantitative metrics, a detailed qualitative assessment of usability was performed. This involved documenting 

aspects of the user experience, including the ease of initial learning, the intuitiveness of the interface, the clarity of layout, 

and the overall subjective feedback from testers. Challenges encountered, necessary workarounds, and observed best 

practices were meticulously recorded to provide a holistic understanding of each tool's practical utility for users in 

constrained environments. 

4. Results 

This section presents the empirical data collected from the benchmarking process, organized by the stages of the data 

analytics pipeline and by tool, along with factual observations. 

4.1 Setup Description 

All experimental tests were conducted on a standardized low-end system featuring an Intel i3-8130U CPU, 8 GB DDR4 

RAM, and a 1 TB HDD, running a dual-boot configuration of Windows 10 and Linux Mint. The specific software versions 

for each tool were kept consistent throughout the testing phase. Datasets used included the Indian Education Dataset, 

Titanic Dataset, and Superstore Sales Dataset, characterized by varying sizes (ranging from less than 1,000 rows to over 

100,000 rows) and mixed data types (categorical, numerical, datetime). 

4.2 Data Importing and Preprocessing Performance 

● Google Sheets: For small datasets, import time was approximately 8.89 seconds with memory usage 

around 368.27 MB. For medium datasets, the average import time was 1 minute 45.5 seconds, with memory 

around 550.86 MB. For large datasets, Google Sheets consistently failed due to exceeding cell count limits. 

● Excel for the Web: Operations on small datasets were faster, averaging 2.33 seconds with memory 

around 87.3 MB. For medium datasets, average operation time was 48.33 seconds with memory around 102.34 

MB. Excel for the Web encountered a hard limit for large datasets due to a 100 MB file size restriction. 

● LibreOffice Calc: Opening a small dataset took 4 seconds with an initial memory footprint of 201.7 MB. 

When handling large datasets, the tool demonstrated significant instability, crashing multiple times. 

● Python (Pandas): Python, leveraging Pandas, showed highly efficient performance. For small datasets, 

data loading was approximately 0.0153 seconds with 1.23 MB memory. On large datasets, CSV loading took 5.7-

6.7 seconds with 199-339 MB memory. Preprocessing steps were also handled effectively. 

● Orange: For a small dataset, Orange's initial memory usage was 257.6 MB. However, for large datasets, 

Orange exhibited significant instability, with constant crashes and "not responding" errors during machine 

learning tasks. 

● Power BI: Loading a medium-sized dataset took 46 seconds. Memory usage was substantial, noted as 

2508 to 3241 MB. For large datasets, Power BI was extremely resource-intensive and caused a system with 12GB 

RAM to become sluggish. 
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● Tableau Public: The web version showed variable import times for medium to large datasets, ranging 

from 15 seconds to 2 minutes 40 seconds. The desktop version was generally faster and more stable, utilizing the 

full power of the local machine. 

4.3 Visualization Performance 

● Google Sheets & Excel for the Web: Generating charts for medium datasets was fast in Google Sheets 

(4 seconds), and charts were easy to create in Excel for the Web for small datasets. However, Excel for the Web 

had issues with medium datasets, requiring data to be copied to other tools. 

● Python (Matplotlib vs. Seaborn): Both libraries performed efficiently on small and medium datasets. 

On large datasets, execution times for both libraries spiked dramatically, especially for line plots, which consumed 

significant memory. Matplotlib was generally faster and more memory-efficient than Seaborn for large datasets. 

● Orange: Visualization capabilities were described as "ok but not recommended." 

● Tableau Public: Both web and desktop versions were noted for their ability to produce high-quality 

visualizations. The web version could be sluggish during initial import but was quick afterward. 

4.4 Inference and Analysis Performance 

● Google Sheets: A query to find the top 10 products took less than 10 seconds. However, creating a pivot 

table on a medium dataset resulted in a "too many rows" error. 

● Python (Pandas/Scikit-learn): Python demonstrated strong performance for inference and machine 

learning tasks. For small datasets, model training was remarkably fast at approximately 0.0071 seconds. 

● Orange: Orange was a "great ML" tool for simple linear and logistic regression models on medium 

datasets. For large datasets, it consistently suffered from crashes. 

● Power BI: Specific numerical metrics were not provided, but the tool's high resource intensity implied 

significant challenges for running complex models on low-end systems. 

4.5 Usability Evaluation 

● Google Sheets: Free and accessible, but formulas were confusing and the tool could become 

unresponsive. 

● Excel for the Web: Highly user-friendly for beginners but had a hard file size limit. 

● LibreOffice Calc: Initially responsive but proved unstable and prone to crashes with poor resource 

management. 

● Python (Google Colab vs. IDLE): Google Colab, being cloud-based, was ideal for low-end PCs. IDLE 

offered offline use but was more resource-intensive. 

● Orange: Had a large learning curve and was unstable, with constant crashes on large datasets. 

● Power BI: The initial process was "confusing" and the tool was extremely resource-intensive, making it 

less suitable for low-end PCs. 

● Tableau Public: The web version was accessible and intuitive for automated EDA, while the desktop 

version was faster and more stable but required more resources. 

5. Discussion 

This section provides a deeper analysis of the empirical findings, comparing and contrasting observations from Section 4, 

explaining underlying trends, and deriving actionable implications for users and developers. 

5.1 Key Observations from the Benchmarking 

The benchmarking process yielded several critical observations regarding the performance and behavior of free data 

analysis tools on consumer-grade PCs. Web-based spreadsheets, while user-friendly, demonstrated definitive "hard limits" 
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when processing large datasets, revealing an "incapacity" rather than just a slowdown. Desktop-based GUI tools could 

handle larger datasets but often pushed low-end systems to their limits, leading to crashes. Python, especially with cloud-

based environments like Google Colab, offered a strong balance between performance and accessibility, but its steeper 

learning curve remains a barrier for non-coders. 

5.2 Performance vs. Usability Trade-offs 

A clear inverse relationship was observed between a tool's usability and its performance or scalability on low-end systems. 

Easy-to-use GUI tools quickly reached their capacity limits, while powerful, code-based tools had a steeper learning curve. 

This "beginner's dilemma" forces users to choose between an easy tool that will fail on large data or a complex tool that 

may still strain their limited hardware. 

5.3 Implications for Users with Low-End Systems 

The findings suggest that users on low-end systems need an adaptive approach. This includes: 

● Strategic Tool Selection: Choosing a tool based on dataset size and task complexity. 

● Multi-Tool Workflows: Integrating different tools for different stages of the workflow (e.g., Excel for 

cleaning, Python for analysis). 

● Leveraging Cloud-based Solutions: Using platforms like Google Colab to offload computational 

burdens. 

● Managing Expectations: Understanding that free tools have inherent limitations on constrained 

hardware. 

5.4 Tool Recommendations and Optimizations 

● For Beginners/Small Data: Google Sheets or Excel for the Web. 

● For Intermediate Users/Medium Data: Python with Pandas and Matplotlib via Google Colab. 

● For Machine Learning Tasks: Orange (with caution for large datasets). 

● For Large Datasets/Professional BI: Tableau Public (Desktop) or Power BI (with acknowledgment of 

high hardware demands). 

6. Conclusion 

6.1 Summary of Findings 

This study empirically validated the performance and usability of various free data analytics tools on consumer-grade 

personal computers, thereby addressing a critical gap in existing literature. The research identified clear trade-offs between 

a tool's ease-of-use and its performance or scalability, a dynamic particularly pronounced on low-end hardware. 

6.2 Contributions to the Field 

This study makes several significant contributions to the field of data analytics: a comprehensive, full-pipeline benchmark; 

practical, evidence-based recommendations; and an identification of critical performance ceilings and usability 

challenges. The research also highlights the need for an "adaptive user" workflow. 

6.3 Limitations of the Study 

Despite its comprehensive nature, this study has certain limitations. The testing was conducted on a specific hardware 

configuration, and the assessment of "usability" has a subjective component. Furthermore, the dynamic nature of software 

means the results are a snapshot in time. 
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6.4 Suggestions for Future Research 

Based on the findings and limitations, future research should expand benchmarking to a wider range of hardware, 

investigate network latency's impact on web tools, and explore containerization as an optimization method. Longitudinal 

studies and deeper qualitative assessments are also suggested. 
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Appendices 

● Workflow Diagram: A visual representation illustrating the full data analytics pipeline and the 

systematic approach used to test each tool across its various stages. 

● System Architecture for Benchmarking: A detailed diagram outlining the specific hardware and 

software components of the standardized low-end system utilized for all empirical tests. 

● Raw Data Tables: Comprehensive tables containing all raw performance metrics (including time, 

memory usage, and CPU utilization) for each tool, task, and dataset size, providing the underlying data for the 

presented results. 

● Qualitative Feedback Summaries: Detailed summaries of qualitative observations and feedback 

gathered during the usability assessments, complementing the quantitative performance data. 
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