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Abstract: The focus of this paper is to address an educational research question – the correlation between a student’s practice 

duration and performance in problems. This intends to offer rule-of-thumb advice for students in formulating a particular study 

plan. Throughout the paper, we investigate such a topic by using data from roboTutor tablets, which provide granular, real-time 

insights into students' learning patterns. These tablets enable the collection of data on various study parameters such as study 

duration, accuracy, and time of day, offering a comprehensive view of the factors affecting academic performance. In addition 

to the basic analysis, we design a few naïve approaches, such as basic 2-dimensional scatter plot and aggregation, to capture any 

potential patterns in the data. By comparing the results from each of these approaches, we develop an educated inference about 

the correlation between study time and performance. The findings suggest that while the correlation exists under certain fixed 

effects, the relationship is not straightforward and is influenced by various external and internal factors such as time of day, 

subject type, and the individual characteristics of students. This research aims to provide valuable insights into the significance 

of a structured and scientifically informed study routine, emphasizing flexibility in planning. 
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1. Introduction 

Education systems worldwide have undergone significant 

transformations in recent decades, influenced by 

technological advancements and the integration of 

scientifically proven pedagogical strategies into classrooms. 

One key area of focus in modern educational research is the 

optimization of student performance through data-driven 

approaches. As part of this trend, the need for students to 

develop personalized study plans that maximize their 

academic performance has become paramount. This paper 

delves into the relationship between study duration and 

academic performance, addressing the question of how much 

time a student should devote to studying in order to achieve 

optimal results. By examining data collected from roboTutor 

tablets, which track students' study times and performance 

across various subjects, we aim to shed light on this crucial 

aspect of educational achievement [1]. 

The short-term goal of this research is to explore the 

existence of a correlation between study time and 

performance, using data-driven approaches to identify any 

patterns that may exist. The long-term objective is to 

investigate the more nuanced aspects of this correlation, 

considering factors such as study time during different parts 

of the day, the type of practice problems, and the individual 

characteristics of the students themselves. For instance, 

previous research has indicated that study duration is not the 

sole predictor of performance, and other factors such as the 

quality of study time, cognitive load, and motivation levels 

may play significant roles. Therefore, this study seeks to 

explore how such correlations might vary across different 

settings, providing a more comprehensive understanding of 

the interplay between study habits and academic success. 

To accomplish this, we first define student performance in 

terms of accuracy, calculated as the ratio of correct attempts 

to total attempts. We then clean the data to remove irrelevant 

or incomplete entries and apply various visualization 

techniques, such as scatter plots and aggregation methods, to 

analyze the relationship between study duration and 

performance. By aggregating the data based on individual 

students, we address the issue of non-independence between 

observations and uncover deeper insights into the dynamics 

of study time and academic outcomes. 

2. Approach 

The primary dataset for this study consists of various 

student performance metrics collected via roboTutor tablets. 

These tablets track numerous variables, including study time 

(referred to as activityDuration), student accuracy (defined as 

totalCorrectAttempts over total attempts), and the time of day 

(dateTime_logName). We define student performance as a 

measure of accuracy, calculated as the ratio of correct 

attempts to the total number of attempts made, with 

adjustments made to account for missed or incomplete 

answers. Specifically, the denominator in the accuracy 

calculation includes both totalCorrectAttempts and 

totalIncorrectAttempts, providing a more accurate measure of 

a student's engagement with the problems [2]. 

In order to ensure the integrity of our data, we perform 

several key cleaning procedures. First, we filter out any 

entries that contain null values or are otherwise irrelevant to 

the analysis. This includes eliminating interface log records, 

such as activity selection responses, that do not contribute to 

our primary analysis. Furthermore, we acknowledge that 

certain types of practice problems—particularly in subjects 

like literature and story-based exercises—do not lend 

themselves to the calculation of accuracy due to their nature 

(e.g., song-listening or storytelling tasks). As such, we limit 

our analysis to math-related problems, where accuracy can be 

objectively measured. 

Additionally, we transform certain variables to better suit 

our analytical needs. For example, the dateTime_logName 

column originally contained continuous datetime values, 

which are challenging to plot and analyze. Since the primary 
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interest in this study lies in the time of day, rather than the 

precise time during the day, we categorize this variable into 

three discrete categories: "morning," "afternoon," and 

"evening." This transformation simplifies the visualization of 

temporal patterns and allows us to capture the influence of 

study time during different parts of the day. 

Once the data has been cleaned and transformed, we begin 

the analysis with basic visualization techniques. We first 

generate a scatter plot to observe the relationship between 

study duration and accuracy. Although this approach provides 

a basic visual representation of the data, it does not account 

for the non-independence of data points, particularly when 

multiple observations come from the same student. To address 

this limitation, we introduce an aggregation approach, 

grouping the data by student ID to create a more accurate 

representation of the data. This allows us to compute averages 

for activityDuration and accuracy at the student level, while 

using the mode to determine the most frequent values for 

categorical variables such as activityName and 

dateTime_logName [3]. 

3. Evaluation and Result 

The first visualization approach, a scatter plot, shows a 

simple relationship between study duration (activityDuration) 

and accuracy. The x-axis represents the duration of study 

sessions, while the y-axis shows the corresponding accuracy. 

From the plot, we observe an upward trend, suggesting that 

longer study durations are associated with higher accuracy. 

While this visual cue aligns with the hypothesis that study 

time positively influences performance, the scatter plot alone 

does not provide a statistically rigorous analysis, as it does not 

account for the dependency between observations. 

To overcome this limitation, we apply an aggregation 

approach, grouping the data by student and aggregating the 

performance and study time metrics. Using category plots, we 

visualize the relationship between study time (categorized 

into ranges), accuracy, and other variables such as the time of 

day and activity type. In these plots, we observe a clear 

clustering of data points in the afternoon, with most of the 

higher accuracy values occurring during this time. This 

suggests that students may perform better when they study in 

the afternoon, although further analysis is needed to confirm 

this pattern. 

Interestingly, no significant relationship emerges between 

the activity type (activityName) and accuracy. This finding 

suggests that the type of practice problem—whether math-

related or another type—may not significantly impact student 

performance when controlling for study duration and time of 

day. Similarly, while the aggregation approach provides more 

reliable insights than the scatter plot, it also has limitations. 

The relatively small sample size (only 600 students) means 

that the data may not be sufficiently representative of broader 

trends, particularly when considering factors such as the 

variability in study habits across different student populations. 

4. Limitations and Future Works 

Despite the insights gained from this research, several 

important limitations must be addressed in future studies. 

First, the naïve scatter plot approach violates the assumption 

of independent observations, which compromises the validity 

of the findings. While this method is useful for exploratory 

analysis, it cannot be relied upon for definitive conclusions. 

Second, the aggregation approach, while an improvement, 

still has significant drawbacks. By grouping data at the 

student level, we limit the available data to only 600 

observations, which may be insufficient to capture more 

nuanced patterns. This limitation is especially relevant when 

examining the relationship between study time and 

performance at different times of day. In particular, the 

afternoon cluster may be due to a limited number of data 

points, rather than a true correlation. Furthermore, 

aggregating data points results in the loss of detailed 

information, such as variations in student performance across 

different study sessions [4]. 

Third, the modeling approach assumes that all students are 

fixed effects, meaning that their individual differences in 

proficiency or learning styles are not accounted for. This 

assumption is likely inaccurate, as students vary in their 

natural ability, motivation, and cognitive processing speed. A 

more sophisticated approach, such as a linear mixed-effects 

model, could account for these individual differences by 

assigning random effects to students, which would lead to 

more accurate conclusions. 

Future research should focus on addressing these 

limitations by utilizing more advanced statistical models that 

account for individual variability and random effects. For 

example, a linear mixed-effects model could be applied to 

examine how study time, activity type, and time of day 

interact to influence academic performance. Moreover, 

expanding the dataset to include a larger and more diverse 

sample of students would help to ensure that the results are 

generalizable to a wider population. 

5. Conclusion 

This paper offers valuable insights into the complex 

relationship between study time and academic performance, 

highlighting the potential for study duration to influence 

student outcomes under certain conditions. While the initial 

findings suggest a positive correlation between study time and 

accuracy, particularly in the afternoon, these results are not 

without limitations. The small sample size, reliance on 

aggregated data, and assumptions of fixed student effects may 

have compromised the accuracy of our findings. However, the 

exploration of these data provides important preliminary 

insights that can inform future educational strategies. 

The observed positive trend between afternoon study and 

improved performance, while promising, is speculative and 

warrants further investigation. Several factors could explain 

why students perform better in the afternoon, including the 

potential influence of circadian rhythms and the cognitive 

benefits of studying during peak alertness periods. Previous 

research has shown that cognitive performance is often 

enhanced during the mid-afternoon, making it plausible that 

study time in the afternoon may be more effective than other 

times of day. However, the clustering of data points in the 

afternoon may also be an artifact of limited data availability, 

and further research with a larger sample size is needed to 

substantiate this claim. 

Moreover, the study points to the importance of refining the 

methods used to analyze the relationship between study time 

and academic performance. The current aggregation approach, 

while offering some advantages in terms of reducing non-

independence between data points, overlooks important 

individual-level variations in student performance. These 

variations may be crucial in understanding how study habits 

influence academic outcomes. Future research should aim to 

incorporate more sophisticated models, such as linear mixed-
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effects models, that account for both fixed and random effects, 

allowing for a more accurate and nuanced understanding of 

the data. 

Furthermore, the limitations of this study highlight the 

importance of collecting richer and more diverse data. While 

the roboTutor tablet data provides valuable insights into study 

habits, it is limited in scope, as it only captures performance 

in a specific subject area—math—and relies on a relatively 

small sample size. Future studies could benefit from including 

a broader range of subjects and a larger, more diverse student 

population to enhance the generalizability of the findings. 

Additionally, the incorporation of longitudinal data could 

shed light on how study habits evolve over time and how 

consistent patterns of study duration and performance might 

develop. 

In conclusion, the findings of this study offer meaningful 

contributions to the ongoing discourse on study habits and 

academic performance. While the correlation between study 

time and performance appears to exist, it is clear that more 

sophisticated modeling and a deeper understanding of the 

underlying mechanisms are necessary to draw definitive 

conclusions. By exploring the intricacies of study time, 

performance, and individual learning contexts, this research 

paves the way for the development of more effective, 

evidence-based strategies for student success. Moving 

forward, educators and students alike can benefit from a more 

personalized approach to learning that takes into account the 

diverse factors influencing study habits, enabling them to 

optimize study routines and maximize academic achievement. 
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