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Abstract 

This study aims to explore patterns in student technology use and technical ability through an 

integrated analysis of both pre- and post-survey data. The pre-survey evaluated familiarity with 

web platforms and technical systems such as social media, UI familiarity, and other web sources, 

with responses scored to compute "technical skill" levels based on weighted question categories. 

This was further explored through Linear Regression Analysis for tech-related questions. The 

post-survey(After) assessed engagement with a tagging system introduced during an experiment, 

by employing Correlation and k-means clustering Analysis to uncover performance patterns. 

Insights from these analyses revealed how specific questions can influence instances such as 

overall technical scores and how students grouped into distinct clusters based on their 

engagement. Analysis performed through Excel and Tableau highlighted connections between 

technical ability and system usability, offering actionable strategies for improving system design 

and tailoring educational tools to diverse skill levels. 
 

I. Data Analysis: Exploring Student Technology Use Through Means of Data Mining 

and Linear Regression: Pre Survey 

A. Introduction 

In this analysis, responses from a technology-focused survey were looked at and analyzed 

in order to reach findings regarding the technological skills of those who took the survey. 

In specific, this analysis takes a look at the “Pre Survey”, which mainly consists of 

questions and responses that relate to the user’s previous experience on the Internet of 
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Things and various web applications/social media platforms. Each question is in a short-

response format that tries to capture the user’s current level of technical knowledge and 

skill. Afterward, through methods of data mining and regression in Microsoft Excel, we 

are able to see, not only the technical skills of the users in the process but what specific 

questions benefitted more towards the scores of the users.  

B. Data Preparation 

With the dataset from this survey containing 35 mainly short-answer questions and 

answers, the data was largely raw, meaning there had to be some organization and 

structure in place to continue the analysis. For every question, each response was read 

through and scored on a scale from 1 to 5, with 1 being the lowest and 5 being the highest 

as it felt appropriate with each question asking the user about their familiarity with a 

certain system. After scores were given, the sum of scores for each user was calculated 

and, for this analysis, the top 10 and bottom 10 users in terms of the sum of their scores 

were chosen.  

For this analysis, to find out the technical skill of the top and bottom 10 scores, questions 

labeled “knowing” or “advanced” by the determination of our team were used. In 

specific, these were questions 1, 4, 7, 10, 11, 12, 13, 27, 28, 29, and 30. Using these 

questions, we were able to find out the sum of “technologically advanced” points that 

users got compared to their overall sum of points. This is reflected in the image below: 

 

 

 

 

Figure I. Top and bottom 10 Pre Survey takers showing their points gained from technologically advanced 

questions, total points, and percentage of total points that are from technologically advanced questions, Ordered by the 

least to greatest total points. 

 

C. Data Mining 
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From the results seen in Figure I, we can see that, even though some point totals are 

higher than others, someone with a lower point total can have more “technologically 

advanced” points. An example can be the user with the most amount of points overall, 

cfloy005, having fewer “technologically advanced” points than the runner-up, rmurt002 

with 29 and 37 “technologically advanced” points respectively. Also, with “knowing” 

and “advanced” being two different levels of technical knowledge or intensity, we made a 

formula to calculate technical knowledge on this survey based on the two types of 

questions: 

𝑇𝑇𝑇ℎ𝑇𝑇𝑇𝑇𝑇 𝑇𝑇𝑇𝑇𝑇 

=  𝑇𝑇𝑇 𝑇𝑇 "𝑇𝑇𝑇𝑇𝑇𝑇𝑇" 𝑇𝑇𝑇𝑇𝑇𝑇 +  (2 

∗  𝑇𝑇𝑇 𝑇𝑇 "𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇" 𝑇𝑇𝑇𝑇𝑇𝑇)  

Using this formula, we were able to find and sort the technical skills of users based on 

responses from the survey. The list of technical scores from highest to lowest is as 

follows:

 

Figure II. “Technical Skill” of users based on formula from greatest to least. 

From the cells in Figure II, we’re able to see that even though user cfloy005 had the most 

amount of points overall, their score on “technical skill” pales in comparison to the user 

rmurt002, who was second in overall points but with the most amount of “technical skill” 

points. Suddenly, because of the change made in counting the points, the bottom 10 

scores seem a lot closer to the top 10 scores. In terms of the bigger picture, we’re able to 

see a more contextualized score that puts more weight on the questions that require more 

skill for a higher score.  

D. Regression Analysis 
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Through the use of the “technical skill” scores, we’re able to conduct a regression 

analysis on the scores for both the “knowing” and “advanced” questions in order to find 

the impact of every question on someone’s technical score. Using the number of points 

each user got from each “knowing” and “advanced” question, we were able to conduct 

the following regression analyses in Excel: 

 

Figure III. Regression Analysis for dependent value (“technical skill” score) and 

independent values (scores for questions 1, 4, 7, 10, 13; “knowing” questions) 
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Figure IV. Regression Analysis for dependent value (“technical skill” score) and 

independent values (scores for questions 8, 11, 12, 27, 28, 29, 30; “advanced” questions) 

With the information above from Figure III and Figure IV, we’re able to analyze and 

contextualize a few things: Coefficients and R Square.  

1.) Coefficients 

In the regression analyses done, the coefficients mean, on average, how much the 

“technical skill” score (Y value) is going to increase with every singular point 

increase to the points from the individual questions (X value). That means that, on 

average, questions 12, 13, 29, and 30 have essentially zero effect on the “technical 

skill” score of the users. That being said, for “knowing” questions, question 4 

seems to have the most positive impact, and question 10 has the most, and only, 

negative impact. Question 4 had a coefficient of about 4.7 points and question 10 

had a coefficient of about -8.7 points. This means that for every point a user goes 

up in question 4, on average, their “technical skill” points as a whole is likely to 

go up by about 4.7 points. On the other hand, for question 10, every point you 

gain for that question averages about 8.7 points loss, on average, to someone’s 

“technical skill” score. This implies that those who got overall low “technical 
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skill” scores scored highly on question 10, whereas those who got high “technical 

skill” scores didn’t. For the “advanced” questions, question 11 has the most 

positive impact, with “technical skill” scores going up by about 7.1 for every 

point gained on question 11. Within the “advanced” questions, there are no 

questions that have a negative impact on an increase in points for that respective 

question. 

2.) R-Square 

For the “knowing” and “advanced” regression analyses, they received R-squared 

values of about 0.79 and 0.95 respectively. This means that the “knowing” 

questions are very closely tied to the independent variable, which is the “technical 

skill” score. The approximate 0.79 R-squared value means that about 79% of all 

variation that goes on with the “technical skill” score can be explained by the 

regression model. That being said, with a value of 0.95, the “advanced” questions 

can almost be said to fit the model perfectly as they would explain about 95% of 

the variation in the regression model. With both values being so high (since R-

squared ranges from 0 to 1), we can conclude that learnings from this analysis can 

be applied to the rest of the users with sufficient accuracy.  

 

 

 

 

 

E. Key Findings 

Throughout the data mining and regression analysis sections of this analysis, a 

few findings were able to be made: 

1.) Having the highest overall score doesn’t mean having the most technical 

prowess. When only considering the number of points people gained from 

“knowing” and “advanced” questions, the gap between the top 10 and 

bottom 10 overall scores closes, showing the potential difference on the 

entire dataset if scores are to be weighted the entire way through. 

2.) Despite questions being labeled and weighted based on “knowing” and 

“advanced”, the regression analysis still shows the impact of certain 

technical skills in this context. For example, in the regression analyses that 

were done, the skills from being familiar with online multimedia 

repositories (knowing question) have more value in this dataset than 

having skills with any virtual reality sites (advanced question). Also, there 
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are values that are very much NOT valued like being familiar with social 

bookmarking sites as they seemed to negatively impact “technical skill” 

point totals more than positively. That being said, however, it’s interesting 

to note that being a lot more experienced with social bookmarking sites is 

more valued than simply being familiar. Figure IV’s regression analysis 

shows that being far more experienced than familiar with social 

bookmarking sites is very valuable, projecting about a 7-point increase to 

a user’s “technical skill” total for every point gained. Even though they 

were labeled as “knowing” or “advanced”, it’s good to note that some 

skills weren’t very valued in the regression analysis. Of these skills, being 

familiar with blogs or forums (knowing) and being familiar with online 

games (advanced) had no effect on the “technical skill” scores of users. 

 

II. Data Analysis Exploring Student Technology Use through Correlation and 

Clustering 

Post(After) Survey 

This analysis investigates patterns in student responses to a technology-focused survey, aiming 

to uncover connections between their technical ability and their perceptions of system usability. 

The dataset, titled “After Survey,” comprises responses to twelve multiple-choice questions rated 

on a scale (1–5), along with a short-answer question. Each question evaluates aspects of a 

tagging system that was introduced during an experiment. According to Mingle and Adams 

(2015), students often engage with social media in ways that may enhance communication but 

may also detract from their academic focus. This observation aligns with the results of our study, 

where varying degrees of technical ability and engagement were evident among students as they 

interacted with the tagging system. Tóth et al. (2021) also look into this by exploring how 

"digital technology can help modernize the education process and make it more effective, 

assuming that digital technology is used to motivate students to learn or to make learning more 

time efficient." This perspective aligns with the findings of this analysis, where the integration of 

technology-focused questions and data-driven clustering methods revealed insights into student 

engagement and technical skills development. By employing correlation analysis and clustering 

techniques, we seek to highlight relationships between specific questions and overall 

performance while identifying distinct student groups based on their responses. The clustering 

results, particularly the high-scoring students that we found also align with Mingle and Adams' 

(2015) findings that focused use of technology can promote better academic engagement, 
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provided distractions are minimized. The analysis was conducted using Excel for data 

preparation and Tableau for advanced visualization. 

Data Preparation 

The dataset initially contained raw responses to twelve questions, usernames, and an overall 

score calculating the sum of responses to Questions 1 through 12. However, to continue further 

analysis additional fields had to be generated. This includes fields like assigned clusters, 

distances to centroids, and the sum of squared errors (SSE) which were all generated using 

Excel. These fields were essential for implementing the clustering analysis process and 

evaluating its performance and effectiveness. 

Original dataset columns 

 
 

Correlation Analysis 

To begin, since the overall score was calculated by summing the values for each respondent’s 

answers we can go on next to correlation analysis. This was performed to identify which survey 

questions had the strongest relationship with the overall score. Using Excel’s CORREL function, 

a correlation matrix was created to measure linear relationships between the questions and the 

overall score. This helped reveal that Question 9 (“How easy was it to understand the assignment 

directions?”) and Question 12 (“In general, rate the user-friendliness of the system”) had the  

 

highest correlation coefficients with the overall score, at 0.746 and 0.744. With these findings,  

these two questions were selected as the primary variables for clustering and further exploration. 
Correlation Matrix 
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Clustering Analysis 

In order to better segment students into meaningful groups, the k-means clustering algorithm was 

implemented in Excel. This algorithm aims to partition data into k-clusters, where each data 

point belongs to the cluster relating with the nearest centroid. The process involved many 

different steps before completion and visualization: 

1. Initialization: Centroids for three clusters were initialized with initial centroids for three 

clusters (Cluster 1, Cluster 2, and Cluster 3) which were three users who scored 

differently overall within the survey as well as corresponding to the selected questions 

(Questions 9 and 12). 

 

2. Distance Calculation: Using the Euclidean distance formula, the distance of each 

student’s responses to each centroid was computed:  

d=√ (𝑇2 − 𝑇1)2 + (𝑇2 − 𝑇1)2
  

Where: x2 and �2 are the coordinates of the data point (Question 9 and 12 scores. 

�1 and �1 are the coordinates of the centroid. 

Excel’s SQRT and SUMXMY2 functions were used to automate these calculations. 

Excel Formula: =SQRT(SUMXMY2()) =SQRT((Answer9 - CentroidX)^2 + 

(Answer12 - CentroidY)^2)  

A table was generated to store these distances for each user across all centroids, enabling 

the assignment of each user to their nearest cluster. 
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Users chosen 

 

3. Cluster Assignment  

Each user was assigned to a cluster corresponding to the smallest distance calculated. The 

clusters were labeled as Cluster 1, Cluster 2, and Cluster 3. Once assigned, new centroids 

were calculated based on the mean values of the Question 9 and Question 12 scores 

within each cluster.  

4. Iteration and Stabilization  

The process of reassigning clusters and recalculating centroids was repeated until the 

clusters stabilized. Stability was defined as the point when the users no longer switched 

between clusters in repeated subsequent iterations. This is how I knew that the values 

were stabilized. 

5. SSE Evaluation  

To validate the clustering results, the Sum of Squared Errors (SSE) was also computed 

overall and for each cluster. This measure helps with quantifying the compactness of 

clusters. For example, lower SSE values usually indicate better defined clusters. After 

multiple iterations, the SSE stabilized at a value that reflected the optimal clustering 

solution. 

 
SSE generated data 

SSE and Scatterplot Insights  

Following the SSE evaluation, a scatter plot was created to further visualize the results. 

This plot used a created calculated measure “Jitter Ans9” and "Jitter Ans12” on the axes 

to minimize overlapping points, ensuring every user was visible. It is important to note 

however the random influxations from these Clusters are not imperative to their scores 

but rather only used for visibility of all users since there was much overlapping. The 

clusters were distinguished by colors, and usernames were added as a tooltip for detailed 

analysis. This plot provided clarity on the relationship between the responses to 

Questions 9 and 12, particularly in identifying distinct groupings. The separation between 

clusters in the scatter plot aligned with the SSE results, indicating that the clustering 

process effectively captured variations in user responses. 
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Created calculated field 

 

Scatter Plot for cluster response of student scores for Q9 and Q12 

 
Additional Visualization: Distance to Centroids Scatterplot 

This scatterplot uses the calculated distances to centroids to visualize the relationship 

between each user’s proximity to the cluster centroids. The axes represent the distances to 

Centroid 1 and Centroid 2, and the colors correspond to the assigned clusters (Cluster 1, 

Cluster 2, and Cluster 3). By plotting these distances, the visualization helps evaluate the 

relative compactness and spread of each cluster, revealing how closely users align with 

their assigned clusters. 

1. Cluster 1 (Red): Points in Cluster 1 are distinctly separated from the other clusters. 

These users show minimal overlap with other clusters, suggesting that their responses are 

highly distinct and closely aligned to Centroid 1. This separation likely reflects unique 

response patterns, such as low technical ability or minimal familiarity with the system. 
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2. Cluster 2 (Green): While Cluster 2 has a strong concentration of points near Centroid 2, 

it also demonstrates some spread toward Centroid 3. This indicates variability within this 

cluster, as some users’ responses align closely with Centroid 2, while others are more 

distributed. This spread suggests that Cluster 2 represents users with a mix of 

intermediate or moderate technical skills and system perceptions. 

3. Cluster 3 (Purple): Points in Cluster 3 are primarily clustered near Centroid 3, but there 

is a moderate spread across the central region of the plot. This suggests a moderate 

degree of compactness for Cluster 3, with responses that are relatively consistent 

compared to Cluster 2. Users in this cluster might represent those who fall in the middle 

range of technical ability and system usability. 

4. Overlapping Points: The overlap between Clusters 2 and 3, as seen in areas where green 

and purple points are close together, indicates some shared response patterns. This 

overlap might reflect users with borderline characteristics that place them between 

moderate and intermediate technical skills or system usability. 

 
Distance to Centroids Scatterplot 
 

Insights and Connection to the Main Objective 

This visualization complements the previous scatterplot by illustrating how users’ responses 

align with the centroids of their respective clusters. 

 

Key findings: 
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● The clear separation of Cluster 1, showing that this group represents a distinct subset of 

users. 

● The variability within Cluster 2, reflecting a diverse set of responses and technical 

abilities. 

● The moderate compactness of Cluster 3, which suggests consistent response patterns but 

some overlap with Cluster 2. 

Restate Main Discoveries 

This analysis provided valuable insights into how students’ survey responses, technical skills, 

and perceptions of the tagging system are interconnected. By leveraging correlation analysis and 

k-means clustering, distinct patterns and relationships were identified, shedding light on the 

diversity of student interactions with the system. The correlation analysis revealed that Questions 

9 and 12 had the strongest relationships with the overall score, suggesting that these questions 

play a pivotal role in assessing students' familiarity and satisfaction with the system.  

These findings served as the foundation for clustering, as they represented key indicators of 

technical ability and system usability. 

 
Newly formatted dataset 

 

Implications 

This analysis highlights the diversity of technical abilities among students, providing actionable 

insights for improving the tagging system and supporting students. For instance: 

● Cluster 1: Students may benefit from targeted tutorials and system enhancements to 

address their challenges. 
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● Cluster 2: Insights from this group can inform best practices for system design and 

usability, leveraging their advanced technical skills. 

● Cluster 3: This group may require a combination of support and system enhancements to 

bridge the gap between moderate and high technical abilities. 

Key Takeaways 

The final clustering results, combined with visualizations from Excel and Tableau, demonstrate 

how data analysis can help uncover meaningful patterns in student performance and technical 

ability. By using the inclusion of users with varied scores in cluster initialization, this allowed for 

a better comprehensive representation of the “After Survey” dataset for data analysis. The 

clustering results, particularly the high-scoring students in Cluster 2, align with Mingle and 

Adams' (2015) findings that focused use of technology can promote better academic 

engagement, provided distractions are minimized. This highlights the potential for targeted 

system designs to foster student engagement and improve outcomes. Future analyses could 

explore additional questions or incorporate qualitative feedback to build on these findings. This 

approach provides a strong foundation for developing tailored strategies to enhance both system 

design and the student experience. 

 

Conclusion 

This study set out to determine patterns in student technology use focusing on their technical 

skills and engagement with systems, as evaluated through our pre- and post-survey analyses. The 

initial analysis of the Pre Survey helped demonstrate the significance of questions in which we 

categorized as "knowing" or "advanced," (corresponding to technical relevancy) revealing how 

specific question types contribute to users' technical skill via their scores. Through data mining 

techniques, such as weighted scoring, we found that higher overall scores did not always equate 

to greater technical proficiency, providing an understanding of student capabilities. In the Post-

Survey(After), clustering methods such as k-means and visualization tools like Excel and 

Tableau were used to uncover distinct groupings of students. These clusters helped illuminate 

relationships between specific survey responses and overall performance, suggesting that 

students with varying scores demonstrated distinct technical behaviors and engagement patterns. 

The insights gathered from this clustering analysis, particularly focused on the use of questions 9 

and 12, suggest that certain aspects of technology use may correlate strongly with technical skill 

development.This study also raised new questions. Could external factors, such as prior access to 

technology or educational background, further contextualize the clusters? If the dataset provided 

more categorical data on the users we can explore how these student’s traits could affect their 

responses and scores. Ultimately, this project shows the value of data driven methods for 
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analyzing student technology use. By identifying specific questions and patterns that align with 

technical skills, the findings provide a foundation for tailoring educational interventions, 

enhancing system usability, and supporting student learning especially in technology focused 

environments. 
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