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Abstract— Exploratory data analysis (EDA) is a well-

established statistical tradition that provides conceptual and 

computational tools for discovering patterns to foster 

hypothesis development and refinement. These tools and 

attitudes complement the use of significance and hypothesis 

tests used in confirmatory data analysis. Although EDA 

complements rather than replaces, use of without EDA is 

seldom warranted. Even when well-specified theories are 

held, EDA helps one interpret the results of and may reveal 

unexpected or misleading patterns in the data. This article 

introduces the central heuristics and computational tools of 

EDA and contrasts it with CDA and exploratory statistics in 

general. EDA techniques are illustrated using previously 

published psychological data. Changes in statistical training 

and practice are recommended to incorporate the tools.  
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I. INTRODUCTION 

The widespread availability of software for graphical data 

analysis and calls for increased use of exploratory data 

analysis (EDA) on epistemic grounds has increased the 

visibility of EDA. Nevertheless, few psychologists receive 

explicit training in the beliefs or procedures of this tradition. 

Huberty) remarked that statistical texts are likely to give 

cursory references to common EDA techniques such as stem-

and-leaf plots, box plots, or residual analysis and yet seldom 

integrate these techniques throughout a book. A survey of 

graduate training programs in psychology corroborates such 

an impression (Aiken, West, Sechrest, & Reno. In this 

investigation, of the responding departments reported 

teaching some aspect of EDA in introductory graduate 

courses. However, the percentage of institutions indicating 

that most or all students could apply a learned technique was 

as follows: detection and treatment of influential data, modem 

graphical display, data transformations, and alternatives to 

ordinary least squares (OLS) regression, Washington State 

University is a land-grant university with a student population 

of roughly on its main campus in Pullman. The Student 

Recreation Center (SRC)is among the most frequently visited 

campus facilities in the university. Entry to the SRC is 

monitored through the use of an official university ID card, 

the Cougar Card; users swipe the card upon entry. Data 

harvested from these card- swipe activities are rich and can 

be used to gain valuable insights into campus life and exercise 

behaviors. However, little attention has been paid in the past 

to this potential. One of the broader goals of this is work is to 

demonstrate how to harness this potential via careful analysis 

and to spur additional studies on campus-focused knowledge 

discovery. 

II. RELATIVE STUDY 

A. A note on the validity of cross-validation for evaluating 

time series prediction 

One of the most widely used standard procedures for model 

evaluation in classification and regression is K-fold cross-

validation (CV). However, when it comes to time series 

forecasting, because of the inherent serial correlation and 

potential non-stationary of the data, its application is not 

straightforward and often omitted by practitioners in favor of 

an out-of-sample (OOS) evaluation. In this paper, we show 

that in the case of a purely autoregressive model, the use of 

standard K-fold CV is possible as long as the models 

considered have uncorrelated errors. Such a setup occurs, for 

example, when the models nest a more appropriate model. 

This is very common when Machine Learning methods are 

used for prediction, where CV in particular is suitable to 

control for over fitting the data. We present theoretical 

insights supporting our arguments. Furthermore, we present 

a simulation study and a real-world example where we show 

empirically that K-fold CV performs favorably compared to 

both OOS evaluation and other time-series-specific 

techniques such as non-dependent cross-validation. 

B. Forecasting time series with complex seasonal patterns 

using exponential smoothing 

An innovations state space modeling framework is introduced 

for forecasting complex seasonal time series such as those 

with multiple seasonal periods, high frequency seasonality, 

non-integer seasonality and dual-calendar effects. The new 

framework incorporates Box Cox transformations, Fourier 

representations with time varying coefficients, and ARMA 

error correction. Likelihood evaluation and analytical 

expressions for point forecasts and interval predictions under 

the assumption of Gaussian errors are derived, leading to a 

simple, comprehensive approach to forecasting complex 

seasonal time series. A key feature of the framework is that it 

relies on a new method that greatly reduces the computational 

burden in the maximum likelihood estimation. The modeling 

framework is useful for a broad range of applications, its 

versatility being illustrated in three empirical studies. In 

addition, the proposed trigonometric formulation is presented 

as a means of decomposing complex seasonal time series, and 

it is shown that this decomposition leads to the identification 

and extraction of seasonal components which are otherwise 

not apparent in the time series plot itself. 

C. A note on the validity of cross-validation for evaluating 

time series prediction 

One of the most widely used standard procedures for model 

evaluation in classification and regression is K-fold cross-

validation (CV). However, when it comes to time series 
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forecasting, because of the inherent serial correlation and 

potential non-stationary of the data, its application is not 

straightforward and often omitted by practitioners in favor of 

an out-of-sample (OOS) evaluation. In this paper, we show 

that the particular setup in which time series forecasting is 

usually performed using Machine Learning methods renders 

the use of standard K-fold CV possible. We present 

theoretical insights supporting our arguments. Furthermore, 

we present a simulation study where we show empirically that 

K-fold CV performs favorably compared to both OOS 

evaluation and other time-series-specific techniques such as 

non-dependent cross-validation. 

III. PROPOSED ALGORITHM 

Exploratory Data Analysis (EDA) is a factual way to deal 

with investigates the qualities of a given dataset. Apparatuses, 

for example, plots, diagrams and outline measurements are 

utilized amid EDA to perceive what the information itself can 

let us know before we fit a formal model or test a theory. We 

embrace these methods to more readily comprehend 

understudy utilization designs at the SRC and conjecture 

conceivable causes. We begin with investigating the 

timestamp dataset to see whether there are patterns, 

regularity, exceptions, and so on, in understudy practice 

designs. At that point we inspected client profiles to find how 

utilization shifts with sex and class level. Utilizing 

information and understanding picked up from the EDA, we 

develop a period arrangement forecast issue and settle it by 

building models for foreseeing future visit volumes. 

Specifically, we fabricated and investigated three distinctive 

prescient models: a regular guileless model, an 

Autoregressive Integrated Moving Average (ARIMA) show, 

and a Random Forest (RF) demonstrate. There are a couple 

of difficulties in applying our dataset to an ARIMA display. 

In the first place, our dataset is long (in excess of 30,000 

hourly perceptions) and contains various regularity (e.g., 

week after week and yearly). While ARIMA models are 

perfect for short, single regular (most extreme occasional 

Frequency = 350, by and by come up short on memory if 

bigger than 200) time arrangement forecast, they are bad with 

fitting vast perceptions. One approach to handle this issue is 

by incorporating Fourier changes where the Fourier 

expressions can be utilized to display long haul regular 

elements. 

yt = a +∑[

k

k=0

ak sin (
2πkt

m
) + βkcos (

2πkt

m
)] + Nt 

Machine Learning Model: Random Forest : The 

Random Forest (RF) display is a generally utilized machine 

learning technique and has picked up consideration in taking 

care of time arrangement expectation issues as it can 

conceivably deliver higher forecast precision in respect to an 

ARIMA show. One trouble when fitting an arbitrary woods 

show in the SRC utilization information is the plan of suitable 

preparing highlights. In contrast to an occasional innocent 

model, which needs just a vector of time arrangement as info, 

arbitrary woodland demonstrate requirements to gain from a 

lot of highlights that can describe the arrangement watched. 

Since the first dataset needs such property (it contains just 

timestamps), we were left to build and test conceivably 

pertinent highlights from exploratory information 

examination and certifiable perceptions. The proposed 

dynamic recommender agent in we could potentially use the 

demographic information to personalize predictions and 

recommendations for each user.   

A. Algorithm: 

Fall and spring semesters have outliers: The quantity of visits 

drops drastically around the fourteenth seven day stretch of 

school for Fall semesters and has a substantial standard 

blunder of the mean, demonstrating that the quantity of visits 

shifts altogether crosswise over years amid this seven day 

stretch of school. We ascribe this marvel to the impact of one 

noteworthy occasion, Thanksgiving. Thanksgiving could 

happen on an alternate date each year, bringing about an 

expansive distinction in visit volumes around the relating 

seven day stretch of school for Fall semesters. A comparative 

drop happens at around the tenth seven day stretch of Spring 

semesters however does not demonstrate a wide standard 

mistake of the mean. This is on the grounds that the Spring 

break excursion happens amid that seven day stretch of 

school each year. 

The number of visits decreases along a semester: 

There exists a general pattern that individuals visit the SRC 

less oftentimes later in a semester, contrasted with the start. 

We fit a direct relapse model to the mean week after week 

number of visits information to demonstrate this pattern. 

Figure 3 demonstrates that the week by week mean number 

of visits diminishes in respect to the seven day stretch of a 

semester for all Fall, Spring, and Summer semesters. By and 

large, every seven day stretch of a Spring semester sees a 

larger number of visits than the long stretches of a Fall 

semester, while the SRC is the slightest swarmed amid 

Summer.  

All semesters have strong weekly seasonality: There 

are in every case more individuals visiting the SRC toward 

the start of seven days. The visit volume at that point 

continues diminishing along the week and achieves the base 

throughout the end of the week. A potential reason for this 

example could be that the SRC is open 3 hours longer (5 am 

to 8 am) amid weekdays than amid ends of the week. 

Notwithstanding, Figure 4 uncovers this isn't a real reason. 

The dashed line in the figure demonstrates the mean number 

of visits for every weekday subsequent to evacuating all 

passages between 5 am to 8 am and it tends to be seen that it 

is still a lot higher than that of ends of the week. 
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IV. RESULTS 

A. Home Page 

 

B. View Dataset 

 

C. Gender Page 

 

D. Classification Based on Gender 

 

E. Monthly Based Classification 

 

F. Monthly Details for SRC 

 



Analyzing Data for a College Physical Training Center to Future Data Analysis by Exploratory Data Analysis (EDA) 

 (IJSRD/Vol. 7/Issue 01/2019/313) 

 

 All rights reserved by www.ijsrd.com 1188 

G. Weekly Based Classification 

 

H. Days Details for SRC 

 

I. Semester Based Classification 

 

J. Semester Details for SRC 

 

K. Time Based Classification 

 

L. Time Details for SRC 
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M. Week Day Based Classification 

 

N. Weekday’s Details for SRC 

 

O. Class Levels 

 

P. Class Level Details for SRC 

 

V. CONCLUSION 

EDA is a well-established tradition in the statistical literature. 

The goal of EDA is to find patterns in the data that allow 

researchers to build rich mental models of the phenomenon 

being examined. Examining the Feingold and Lauver and 

Jones data, we found EDA useful when there is little explicit 

theoretical background to guide prediction and the first stages 

of model building is desired. Examining the Paap and 

Johansen data, we also saw that, even when a priori 

hypotheses exist, EDA can perform a valuable service by 

providing rich descriptions of the data that can inform the 

research whether their mental models are even close enough 

to the underlying data patterns to consider. In either case, 

tools for EDA provide a much wider range of information 

than the answers to a specific probabilistic question. 
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