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Abstract: This study analyzes bike-sharing demand patterns and translates the analytical results into an interactive 

Streamlit dashboard for interpretable decision support. Using the Bike Sharing Dataset for 2011–2012 (17,379 hourly 

records), the workflow combines data-quality checking, temporal and environmental exploratory data analysis, 

aggregate usage indicators, variable-level Pearson correlation analysis, and dashboard implementation. The 

contribution of the study is not a new forecasting algorithm; rather, it is a reproducible and lightweight analytical 

pipeline that connects interpretable statistical evidence directly to an interactive interface for nontechnical exploration. 

Results show that rental activity peaks in the late afternoon and under clear weather conditions. Temperature (r = 

0.404772) and apparent temperature (r = 0.400929) have moderate positive associations with total rentals, whereas 

humidity (r = -0.322910) has a weak negative association and weather severity (r = -0.142430) has a very weak 

negative association. The dashboard passed all defined black-box functional test scenarios. These findings demonstrate 

how descriptive analytics and interactive visualization can be combined to support transparent exploration of bike-

sharing demand patterns while avoiding causal claims. 
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1. Introduction 

Current technological developments increasingly 

encourage data-based decision-making and the 

systematic transformation of operational data into 

actionable information [1]–[4]. In urban mobility, 

bike-sharing systems generate large volumes of 

temporal and environmental data that can reveal 

demand patterns, peak periods, and operating 

conditions. Python is widely used for this purpose 

because its scientific ecosystem supports 

reproducible data manipulation, statistical analysis, 

and visualization [5]. 

Previous bike-sharing studies have 

predominantly focused on prediction and forecasting. 

Charles et al. [6] analyzed Seoul bike-rental data 

using several classification approaches, while 

Python-based data processing has also been shown to 

support efficient large-scale analysis [7]. Data 

visualization is important for translating complex 

numerical results into forms that are easier to 

interpret [8]. Exploratory Data Analysis (EDA) can 

expose distributions, temporal patterns, and 

anomalies before more advanced modeling is 

performed. Although RFM analysis is commonly 

used for customer segmentation [9], conventional 

RFM requires customer-level transaction histories 

and monetary values; therefore, this study does not 

treat the Bike Sharing Dataset as a customer-level 

RFM dataset. Pearson correlation is instead used to 

quantify variable-level linear associations with rental 

demand [10], and Streamlit is used to connect these 

analytical results to an interactive interface [11]. 

Shi et al. identified temperature, humidity, and 

peak-hour periods as influential factors in short-term 

bike-sharing demand and applied a Long Short-Term 

Memory network to capture temporal dependencies 

[12]. These findings indicate that bike-sharing 

demand should be examined across hourly, daily, 

seasonal, calendar-related, and environmental 

dimensions rather than through a single variable. 

Ma et al. proposed a spatial-temporal graph 

attentional LSTM model that integrated historical 

trips, weather data, user information, and land-use 

characteristics to predict bike-sharing rental and 

return demand [13]. Subramanian et al. compared 

Random Forest, ARIMA, SARIMA, LSTM, and 

GRU models and emphasized the importance of 

exploratory analysis of patterns, seasonality, 

correlations, and outliers before predictive modeling 

[14]. Peláez-Rodríguez et al. compared machine-

learning and deep-learning multivariate time-series 

methods using historical demand, calendar variables, 

and environmental data [15]. More recently, Betkier 
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et al. employed graph neural networks and spatial 

aggregation to examine temporal, spatial, 

infrastructural, environmental, and weather-related 

factors in bike-sharing systems [16]. 

Besides demand forecasting, bike-sharing data 

analysis can support operational interpretation and 

communication. Grau-Escolano et al. examined 

electric- and mechanical-bike mobility patterns and 

showed that different bike types may exhibit distinct 

usage and maintenance characteristics [17]. Boufidis 

et al. developed a station-level demand prediction 

and visualization tool for bike-sharing operators, 

showing that analytical outputs become more 

operationally useful when users can explore demand 

patterns through visual interfaces [18]. 

The literature therefore reveals two 

complementary needs: accurate predictive modeling 

and interpretable analytical tools. Most cited studies 

prioritize forecasting performance or sophisticated 

spatial-temporal modeling, whereas comparatively 

less attention is given to lightweight applications that 

explicitly connect transparent descriptive/statistical 

analysis with an interactive dashboard for 

nontechnical exploration. This study addresses that 

practical-methodological gap. 

The main contribution of this work is a 

reproducible, interpretable analytical pipeline that 

links (1) data-quality verification and 

temporal/environmental EDA, (2) aggregate usage 

indicators that are appropriate to the available data 

granularity, (3) variable-by-variable Pearson 

correlation analysis without averaging coefficients, 

and (4) a Streamlit dashboard that exposes the same 

analytical outputs through filters, charts, and 

summary tables. Unlike forecasting-oriented studies 

[12]–[16], the proposed approach prioritizes 

transparency and direct traceability from numerical 

evidence to dashboard visualization. The dashboard 

is functionally validated using black-box testing; 

usability is not claimed because no valid end-user 

SUS dataset was collected in the present study. 

Accordingly, this research aims to (1) identify 

temporal and environmental patterns associated with 

bike-sharing demand, (2) quantify the strength and 

direction of relevant variable-level linear 

relationships with total rentals, and (3) implement the 

analytical results in a Streamlit-based interactive 

dashboard. The dashboard is therefore not a separate 

software output from the analysis; it is the 

presentation layer of the same analytical pipeline, 

enabling users to inspect the patterns and statistical 

evidence interactively. 

2. Method 

2.1 Dataset and Research Context 

This research was developed from Practical Work 

activities in the Bangkit Academy 2024 Certified 

Independent Study and Internship Program. The 

research uses the Bike Sharing Dataset from the 

learning module “Learn Data Analysis with Python.” 

The dataset records hourly bike-sharing activity 

during 2011–2012 and contains 17,379 observations 

[19]. The analytical unit is an hourly system-level 

observation rather than an individual customer 

transaction. This distinction is important because the 

dataset does not provide Customer ID, rental price, 

payment amount, or a complete user-level transaction 

history. 

a. Time Dimension: dteday (date), yr (year), 

mnth (month), hr (hour), season (season), 

holiday (holiday), weekday (day of the 

week), and workingday (working day). 

b. Environmental Conditions: weathersit 

(weather condition), temp (temperature), 

hum (humidity), and windspeed (wind 

speed). 

c. Main Indicator: cnt (total number of bike-

sharing rentals). 

During preprocessing, the dataset was checked 

for missing values and duplicate records. No missing 

values or duplicated rows were identified, so no 

observations were removed. The dteday field was 

converted to a datetime data type. Categorical/time 

codes were retained for descriptive grouping, while 

numerical variables were used for correlation 

analysis. Derived aggregate indicators were created 

only for period-level exploration. After 

transformation, the analytical dataset contained 

17,379 records and 19 variables. These steps were 

implemented programmatically so that the same 

transformations are applied consistently before 

visualization and dashboard deployment. 

The analysis was performed using Python 

version 3.10.11 in Google Colaboratory (v1.0.0). The 

interactive dashboard was developed using Streamlit 

version 1.51.0. Data manipulation and numerical 

computation were carried out using Pandas (v2.2.2) 

and NumPy (v2.0.2), while Matplotlib (v3.10.0) and 

Seaborn (v0.13.2) were used for data visualization. 
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Source code development was conducted using 

Visual Studio Code version 1.105.1. 

2.2 Research Stages 

The research was conducted through a sequential 

analytical-to-implementation workflow. Fig. 1 

summarizes the relationship among data collection, 

preprocessing, EDA, aggregate usage analysis, 

Pearson correlation, dashboard development, 

deployment, and functional validation. This sequence 

ensures that the dashboard displays outputs generated 

from the same processed dataset and analytical 

definitions used in the statistical analysis. 

 

Figure 1. Research workflow 

Based on Fig. 1, the research phases consist of 

the following interrelated steps: 

 

a. Data Collection:  

The Bike Sharing Dataset was obtained from 

the data-analysis learning resource and used 

as a system-level case study of hourly bike-

sharing demand. 

b. Data Preprocessing 

Missing values and duplicates were checked; 

dteday was converted to datetime; variable 

types were verified; and analytical attributes 

needed for temporal grouping were 

generated. No records were deleted because 

the quality checks identified no missing or 

duplicate rows. 

c. Exploratory Data Analysis (EDA) 

Descriptive statistics and graphical 

visualizations were used to inspect hourly, 

seasonal, weather-related, and calendar-

based demand patterns before correlation 

interpretation. 

d. Aggregate Usage Indicators 

Because the dataset does not contain 

customer identifiers or monetary transaction 

values, conventional customer-level RFM 

segmentation is not applicable. The earlier 

RFM-inspired outputs are therefore 

interpreted only as aggregate recency, 

frequency, and rental-volume indicators at 

period/season level, not as customer 

behavior or monetary value. 

e. Pearson Correlation Analysis 

Pearson's r was calculated separately 

between each numerical variable and cnt 

(total rentals). The analysis emphasizes 

meaningful associations such as temperature, 

apparent temperature, hour, humidity, and 

weather condition. Coefficients were not 

averaged because averaging can conceal 

differences in magnitude and direction. 

f. Dashboard Development and Deployment 

EDA charts, aggregate indicators, correlation 

results, and temporal filters were integrated 

into a Streamlit application and deployed 

online. The dashboard therefore functions as 

an interactive presentation layer for the 

analytical results. 

g. System Testing 

Black-box testing was used to verify 

functional correctness of dashboard access, 

filters, analysis selection, and visualization 

outputs. This test validates software behavior 

but does not measure perceived usability; 

usability evaluation using instruments such 

as the System Usability Scale (SUS) is 

reserved for future user-based validation. 

2.3 Performance Benchmarks and 
Validation  

The analytical and software outputs were 

evaluated using two complementary criteria: 

a. Statistical Validation: The strength and 

direction of linear association between each 

numerical explanatory variable and total bike 

rentals were evaluated using the Pearson 

correlation coefficient (r) [20]. The 

coefficient was calculated using Equation 

(1). Pearson correlation was interpreted as an 
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association measure only and not as evidence 

of causality. 

(1) 

 r =
𝑛 ∑ 𝑥𝑦−(∑ 𝑥)(∑ 𝑦)

√[𝑛 ∑ 𝑥2 − (∑ 𝑥)2][𝑛 ∑ 𝑦2  − (∑ 𝑦)2]
 

 

In Equation (1), r is the Pearson correlation 

coefficient, n is the number of paired 

observations, x_i is the value of the 

explanatory variable x for observation i, and 

y_i is the corresponding value of the 

response variable y. In this study, y is cnt 

(total hourly bike rentals), while x is 

evaluated separately for each numerical 

variable, including temp, atemp, hr, hum, 

weathersit, windspeed, yr, and other encoded 

calendar variables. The classification in 

Table 1 follows the correlation-strength 

intervals adapted from Sugiyono [22]. 

Table 1. Correlation Coefficient Criteria 

Correlation 

Coefficient (r) 
Interpretation 

0.00–0.199 Very Weak 

0.20–0.399 Weak 

0.40–0.599 Moderate 

0.60–0.799 Strong 

0.80–1.000 Very Strong 

 

b. Functional Validation: Black-box testing 

was conducted to verify whether interface 

controls and navigation features produced 

the expected outputs without examining the 

internal program structure [23], [24]. The 

percentage of successful scenarios was used 

only as a functional-correctness indicator. It 

should not be interpreted as evidence of 

usability, user satisfaction, or dashboard 

effectiveness from an end-user perspective. 

3. Results and Discussion 

3.1 Research Findings 

The results are presented in the same order as the 

analytical workflow so that each dashboard 

component can be traced to its underlying data-

processing and analytical step. 

3.1.1 Preprocessing Stage 

The Bike Sharing Dataset contains 17,379 hourly 

records. Pandas and NumPy were used to inspect data 

types, missing values, duplicates, and numerical 

consistency, while Matplotlib and Seaborn supported 

exploratory visualization. The preprocessing 

procedure confirmed that no missing values or 

duplicate rows were present. The dteday variable was 

converted to datetime, and the resulting cleaned 

dataset was then used consistently for EDA, 

correlation analysis, aggregate indicators, and 

dashboard presentation. 

Fig. 2 shows an excerpt of the cleaned dataset 

used in the subsequent analyses. Because no 

duplicate rows were identified, the .drop_duplicates() 

operation did not reduce the number of observations. 

The key transformation was the conversion and 

validation of date/time fields so that hourly, daily, 

monthly, seasonal, and yearly groupings could be 

generated reproducibly. 

 

 

Figure 2. Excerpt of the cleaned hourly bike-sharing 

dataset 

3.1.2 Visualization of Exploratory Data 

Analysis (EDA) Results 

EDA was used to identify interpretable demand 

patterns before statistical testing. Fig. 3 – Fig. 5 show 

the principal weather, hourly, and seasonal patterns. 

The visual results are discussed together with 

previous bike-sharing studies to distinguish 

descriptive agreement from causal explanation. 

a. Weather Condition Patterns 

Fig. 3 shows that average rentals are 

highest under clear weather and decline as 

weather conditions become less favorable. 

This direction is consistent with Shi et al. 

[12], who identified environmental variables 

such as temperature and humidity as relevant 

to short-term bike-sharing demand. The 

present result is descriptive and does not 

establish that weather alone causes the 
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observed change because temporal and 

behavioral factors may co-vary with weather 

conditions. 

 

 

Figure 3. Average rentals by weather condition 

b. Time Pattern 

Fig. 4 shows a pronounced hourly 

structure, with the highest rental intensity 

occurring in the late afternoon, 

approximately 4:00–6:00 PM in the 2011 

visualization. This supports the emphasis on 

peak-hour temporal dependencies reported 

by Shi et al. [12] and the importance of 

seasonality/pattern exploration highlighted 

by Subramanian et al. [14]. The weak 

positive correlation for hr (r = 0.394071) 

should therefore be interpreted carefully: a 

linear coefficient compresses a clearly 

nonlinear daily pattern into a single value. 

 

 

Figure 4. Bike-sharing demand by hour and day 

c. Seasonal Trend Patterns 

Fig. 5 indicates higher average rental 

activity during fall than in the other seasons. 

This reinforces the need to analyze bike-

sharing demand across multiple time scales, 

as also emphasized in forecasting studies that 

combine calendar and environmental 

information [13]–[16]. Seasonal differences 

should be viewed as contextual patterns 

rather than isolated effects because season, 

temperature, daylight, and user activity are 

interrelated. 

 

 

Figure 5. Average bike-sharing rentals by season 

3.1.3 Aggregate Recency, Frequency, and 

Rental-Volume Indicators 

The dataset is not suitable for conventional 

customer-level RFM segmentation because it 

contains no Customer ID and no rental price or 

payment amount. Therefore, the earlier RFM-

inspired analysis is reframed as aggregate operational 

indicators. “Recency” represents elapsed time since 

the latest observed rental activity within an aggregate 

grouping, “frequency” represents the number of 

rental observations/activities within the selected 

period, and the former “monetary” component is 

renamed “rental volume” because it represents counts 

rather than currency. These indicators describe 

system-level usage intensity and must not be 

interpreted as individual customer behavior. 

a. Average Aggregate Recency by Season 

Fig. 6 presents the aggregate recency 

indicator by season. Lower values indicate 

that observed rental activity occurred more 

recently within the chosen grouping. The 

result is used only as a period-level 

operational descriptor; it does not identify 

repeat customers because customer-level 

identifiers are unavailable. 
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Figure 6. Aggregate recency by season 

b. Relationship Between Aggregate Frequency 

and Total Rentals 

Fig. 7 presents the relationship 

between the number of aggregated rental 

observations and total rental volume by 

month. The positive tendency is expected 

because periods with more observed rental 

activity can accumulate higher total counts. 

Accordingly, this plot is treated as a 

descriptive operational summary rather than 

evidence that individual users made repeated 

transactions. 

 

 

Figure 7. Aggregate frequency and total rentals 

c. Distribution of Monthly Rental Volume 

Fig. 8 shows the distribution of 

monthly total rental counts. The figure 

identifies periods with higher system-level 

demand, especially around the middle of the 

year. Because the variable is a count of 

rentals rather than revenue or expenditure, 

the term “rental volume” is used instead of 

“Monetary.” 

 

Figure 8. Monthly rental-volume distribution 

3.1.4 Dashboard Development 

The cleaned dataset and analytical outputs were 

integrated into a Streamlit application in Visual 

Studio Code. The dashboard was designed as the 

presentation layer of the analytical workflow: filters 

modify the displayed subset, while EDA charts, 

aggregate usage indicators, and correlation 

summaries are generated from the same processed 

data definitions described in Section 2. 

Fig. 9 shows local execution and functional 

checking before deployment. This stage verified that 

the application launched correctly and that filters and 

visual outputs could be rendered without runtime 

errors. It is distinct from usability evaluation because 

no end-user satisfaction questionnaire was 

administered. 

 

 

Figure 9. Local dashboard execution and functional 

checking 

3.1.5 Deployment and Dashboard Display 

Results 

The dashboard was deployed to Streamlit Cloud 

so that the analytical results could be accessed 

interactively. Deployment enables users to explore 
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the same temporal, environmental, and statistical 

patterns described in this article through an online 

interface. 

Fig. 10 shows the English-language dashboard 

interface. The dashboard presents EDA 

visualizations, correlation information, aggregate 

usage indicators, and time-based filters in a single 

interface. Its value lies in making the analytical 

outputs directly explorable rather than replacing the 

underlying statistical analysis. Functional correctness 

was tested separately using black-box scenarios. 

 

 

Figure 10. English-language Streamlit dashboard 

interface 

3.1.6 Statistical and Functional Testing 

Results 

a. Pearson Correlation Test Results 

Pearson correlation was interpreted 

separately for each variable rather than through a 

single average coefficient. Temperature (temp, r = 

0.404772) and apparent temperature (atemp, r = 

0.400929) show moderate positive associations with 

total rentals. Hour (hr, r = 0.394071) shows a weak 

positive linear association, not a moderate one. 

Humidity (hum, r = -0.322910) shows a weak 

negative association, while weather condition 

severity (weathersit, r = -0.142430) shows a very 

weak negative association. The year variable (yr, r = 

0.250495) has a weak positive association, indicating 

that rental levels were generally higher in the later 

year of the dataset. Calendar variables such as 

workingday, weekday, and holiday have very weak 

linear correlations, although they may still contribute 

to nonlinear or interaction-based patterns. 

The variables registered and casual have very 

high/strong correlations with cnt because cnt is 

constructed from these component counts; they are 

therefore descriptive components of the outcome 

rather than independent explanatory predictors and 

should not be used to infer drivers of demand. 

Similarly, instant is an observation index and is not 

substantively interpreted as a demand factor. These 

distinctions are important because correlation 

strength alone does not establish explanatory 

importance. The temperature and humidity results are 

directionally consistent with prior work emphasizing 

environmental conditions [12], while the hourly 

pattern supports the temporal-dependency findings of 

forecasting studies [12]–[16]. The analysis does not 

average correlation coefficients, because doing so 

would obscure differences in sign and magnitude 

among variables. 

Table 2. Pearson Correlation Test Results 

Variable r Category Direction 

registered 0.972151 Very Strong Positive 

casual 0.694564 Strong Positive 

temp 0.404772 Moderate Positive 

atemp 0.400929 Moderate Positive 

hr 0.394071 Weak Positive 

instant 0.278379 Weak Positive 

yr 0.250495 Weak Positive 

season 0.178056 Very Weak Positive 

mnth 0.120638 Very Weak Positive 

windspeed 0.093234 Very Weak Positive 

workingday 0.030284 Very Weak Positive 

weekday 0.0269 Very Weak Positive 

holiday -0.03093 Very Weak Negative 

weathersit -0.14243 Very Weak Negative 

recency -0.27775 Weak Negative 

hum -0.32291 Weak Negative 

 

2. Black Box Testing Results 

Black-box testing verified whether each 

dashboard control produced the expected output 

according to the defined scenarios. The scenarios 

covered dashboard access, date-range filtering, 

analysis selection, weather/time/seasonal options, 

aggregate usage indicators, and visualization output. 

The test focused on observable input-output behavior 

rather than internal implementation. 

All defined black-box scenarios passed, 

yielding a 100% functional pass rate for the tested 

cases (Fig. 11). This result supports functional 

correctness only. It does not demonstrate perceived 

ease of use, learnability, satisfaction, or overall 

usability. A future study should recruit representative 

dashboard users and report a validated usability 
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instrument such as the System Usability Scale (SUS), 

including participant characteristics, score 

distribution, mean, and variability. 

 

 

Figure 11. Black-box testing results 

4. Conclusion 

This study contributes a lightweight and 

reproducible analytical pipeline that connects bike-

sharing EDA and variable-level Pearson correlation 

directly to an interactive Streamlit dashboard. The 

scientific contribution lies in the transparent 

integration and interpretation of complementary 

analytical outputs rather than in proposing a new 

forecasting algorithm. Empirically, rentals peak in 

the late afternoon and are highest under clear 

weather; temperature (r = 0.404772) and apparent 

temperature (r = 0.400929) show moderate positive 

associations with total rentals, while humidity (r = -

0.322910) shows a weak negative association. The hr 

coefficient (r = 0.394071) is weak and should be 

interpreted alongside the nonlinear hourly pattern 

visible in EDA. The dashboard passed all defined 

black-box functional scenarios, demonstrating that 

the analytical outputs can be delivered reliably 

through interactive filters and visualizations. 

Practically, this approach can support transparent 

exploration of demand patterns for teaching, 

preliminary operational analysis, and communication 

with nontechnical users. The study remains limited 

by its historical 2011–2012 dataset, the absence of 

customer-level identifiers and monetary transaction 

fields, and the lack of end-user usability data. Future 

work should add recent operational data, predictive 

models, explicit year/working-day subgroup 

comparisons, and SUS-based usability evaluation 

with representative users. 
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