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Digital ride-hailing platforms operate in dynamic environments characterized 
by fluctuating demand and variable user behavior. Business analytics plays a 
key role in supporting data-driven decision-making and operational planning 
in such systems. This study examines the application of descriptive and 
predictive analytics to analyze ride demand and ride completion behavior on 
a digital transportation platform. The empirical analysis is based on a dataset 
containing ride-level and user-related information. Descriptive analytics is 
used to preprocess the data, generate summary statistics, and identify 
temporal demand patterns. Predictive analytics is applied to forecast short-
term ride demand using time-series methods and to model ride completion as 
a binary outcome using logistic regression. The results indicate that ride 
demand exhibits recurring temporal patterns suitable for short-horizon 
forecasting, with exponential smoothing achieving improved accuracy 
compared to a naïve approach. In addition, waiting time is identified as a key 
factor influencing ride completion probability. The findings demonstrate that 
business analytics can support proactive demand management, improved 
resource allocation, and enhanced understanding of user behavior in ride-
hailing services. 
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1. Introduction 
 

Digital ride-hailing platforms have become widely adopted and highly competitive, requiring 
continuous adaptation to rapidly changing demand conditions. External factors such as weather 
variability, seasonal patterns, and unexpected events contribute to frequent demand fluctuations, 
increasing operational uncertainty. In this context, service quality, fleet allocation, and user 
satisfaction depend directly on the platform’s ability to balance supply and demand in real time [1-
3].  

To support these operational requirements, ride-hailing platforms increasingly rely on data-
driven business analytics. Evidence-based decision-making enables firms to forecast demand, 
anticipate user behavior, reduce uncertainty, and optimize the allocation of operational resources. 
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In environments characterized by continuous variability, analytical models provide a structured 
approach for designing pricing strategies, repositioning drivers, and maintaining a balance between 
profitability and user experience [4-7]. 

Recent research emphasizes the importance of applying both descriptive and predictive analytics 
in digital service platforms. Descriptive analytics enables the cleaning, structuring, and 
summarization of historical data, allowing organizations to identify temporal patterns and 
performance deviations [6, 8-9]. Predictive analytics extends this capability by estimating future 
outcomes, such as demand intensity and service completion probability, thereby supporting 
proactive operational planning rather than reactive decision-making. 

Despite the growing adoption of analytics-driven solutions, several challenges remain. Inaccurate 
data preprocessing limited temporal coverage, and inappropriate model selection may lead to 
unreliable forecasts and misinformed managerial decisions. In ride-hailing systems, such limitations 
can result in increased waiting times, higher cancellation rates, and inefficient resource utilization, 
ultimately affecting both business performance and user satisfaction [10-12]. 

The present study addresses this gap by applying a combined descriptive and predictive analytics 
framework to evaluate business performance and user behavior in a digital ride-hailing platform. The 
empirical analysis is conducted on a dataset containing detailed information on Uber rides performed 
in 2024, including timestamps, location attributes, behavioral indicators, and ride outcomes. 
Descriptive analytics is used to identify temporal demand patterns and key performance indicators, 
while predictive analytics is applied to forecast short-term demand and model ride completion as a 
binary outcome [4, 7-8]. 

The objective of this research is to identify critical performance drivers, assess the effectiveness 
of forecasting techniques, and examine behavioral factors influencing ride completion. Specifically, 
the study seeks to answer the following research questions: (i) which temporal patterns characterize 
ride demand and support performance evaluation, (ii) which predictive model provides the most 
accurate demand forecasts, and (iii) how analytical results can be translated into actionable 
managerial recommendations. To address these questions, three hypotheses are formulated: H1, 
Uber ride data exhibit sufficient consistency to support analytical modeling; H2, exponential 
smoothing and naïve forecasting provide accurate short-term demand predictions [5, 11, 13-14]; and 
H3, logistic regression effectively predicts ride completion probability based on operational and 
behavioral drivers [15-17]. 

The remainder of the paper is organized as follows. Section 2 introduces the business analytics 
framework and reviews demand management mechanisms in ride-hailing platforms. Section 3 
presents empirical results, including descriptive and predictive analytics. Section 4 concludes the 
paper with managerial implications and directions for future research. 
 
2. Business Analytics Framework 

 
Business analytics represents a systematic approach to transforming raw data into actionable 

insights that support evidence-based decision-making. It integrates statistical analysis, quantitative 
modeling, optimization techniques, and information technologies to improve organizational 
performance and managerial effectiveness. By enabling organizations to analyze historical data and 
anticipate future outcomes, business analytics reduces uncertainty and supports proactive strategic 
planning [4-7]. 

The concept of business analytics has evolved from traditional business intelligence, which 
primarily focused on reporting and descriptive summaries of past performance. Unlike business 
intelligence, business analytics emphasizes analytical modeling and optimization, enabling 
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organizations to move beyond retrospective analysis toward prediction and decision support. As a 
result, analytics-driven organizations gain competitive advantage through faster response times, 
improved resource allocation, and more accurate performance evaluation [5, 18-19]. 

Business analytics is commonly classified into four complementary categories (descriptive, 
diagnostic, predictive, and prescriptive analytics.), as illustrated in Figure 1. Descriptive analytics 
focuses on summarizing historical data and answering the question of what has occurred. Diagnostic 
analytics extends this analysis by examining why certain outcomes occurred, often through 
correlation and variance analysis. Predictive analytics aims to estimate future outcomes using 
statistical models and machine learning techniques, while prescriptive analytics provides 
recommendations for optimal actions based on forecasting and simulation models. 

 

 
Fig. 1. Types of business analytics (adapted from [5]) 

 
In digital ride-hailing platforms, descriptive and predictive analytics play a particularly important 

role. Descriptive analytics enables platforms to identify demand patterns, peak periods, and 
performance deviations, while predictive analytics supports short-term demand forecasting and 
behavioral modeling. Together, these approaches form the analytical foundation for operational 
decision-making in environments characterized by high variability and real-time constraints. 
 
2.1 Descriptive Analytics in Digital Ride-Hailing Platforms 

 
Descriptive analytics constitutes the initial stage of analytical inquiry and provides a structured 

overview of historical data. Its primary purpose is to clean, organize, summarize, and visualize data 
in a form suitable for further analysis. Through descriptive analytics, organizations gain insight into 
past system behavior, identify regularities, and detect anomalies that may influence performance [9, 
19]. 

In the context of ride-hailing platforms, descriptive analytics is used to examine ride volumes, 
temporal demand patterns, cancellation rates, and user behavior indicators. Typical analytical tasks 
include data preprocessing, aggregation across time intervals, and computation of summary statistics 
such as averages, dispersion measures, and frequency distributions. Visualization techniques further 
enhance interpretability by enabling rapid identification of trends, seasonal effects, and irregular 
demand fluctuations. 
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A well-executed descriptive analysis establishes the foundation for subsequent predictive 
modeling. By ensuring data consistency and revealing key performance indicators, descriptive 
analytics reduce the risk of biased or unreliable forecasts and supports meaningful interpretation of 
analytical results [4, 6]. 

 
2.2 Predictive Analytics and Demand Forecasting 

 
Predictive analytics focuses on estimating future system behavior based on historical 

observations. In ride-hailing platforms, predictive models are primarily applied to forecast short-term 
demand and to estimate the probability of service completion. These forecasts are essential for driver 
allocation, capacity planning, and service quality management. 

Time-series forecasting methods are commonly used to model demand dynamics, as ride 
requests exhibit temporal dependence, trend behavior, and recurring seasonal patterns. Various 
forecasting approaches may be applied, ranging from simple benchmark models to more advanced 
smoothing techniques. Because no single forecasting method performs optimally under all 
conditions, comparative evaluation of multiple models is a standard analytical practice [11, 13-14, 
20]. 

In addition to demand forecasting, predictive analytics is applied to classification problems such 
as modeling ride completion outcomes. By estimating completion probabilities, platforms can 
quantify cancellation risk and identify operational conditions associated with service failure. These 
insights support proactive intervention strategies and improve overall system efficiency [15, 17]. 
 
2.3 Evaluation of Predictive Models 

 
The effectiveness of predictive analytics depends on the accuracy and reliability of the employed 

models. Model evaluation is therefore a critical component of the analytical process. Forecasting 
accuracy is typically assessed by comparing predicted values with observed outcomes using 
standardized error measures [21]. 

Commonly used evaluation metrics include mean squared error (MSE), mean absolute 
percentage error (MAPE), and relative performance measures that compare advanced models with 
benchmark approaches. Lower error values indicate better predictive performance and improved 
responsiveness to temporal variation. 

By systematically evaluating forecasting and classification models, organizations can select 
methods that best balance accuracy, interpretability, and operational feasibility. This ensures that 
analytical outputs can be effectively translated into managerial decisions and operational 
improvements [6, 8, 22]. 

 
3. Results  

 
This section presents the empirical results obtained through the application of descriptive and 

predictive analytics to the Uber ride dataset for 2024. The results are organized into two main parts. 
First, descriptive analytics results are reported to examine data quality, demand patterns, service 
characteristics, and user behavior. Second, predictive analytics results are presented, focusing on 
demand forecasting performance and ride completion modeling. 
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3.1 Results of Descriptive Analytics 
 

Descriptive analytics is applied to explore historical ride data, assess data quality, identify 
operational patterns, and evaluate service performance indicators. The analysis covers data 
completeness, distributional properties, temporal demand patterns, vehicle utilization, payment 
behavior, and cancellation dynamics. 
 
3.1.1 The effect of data completeness and booking status logic 
 

Before conducting further analysis, the internal consistency and completeness of the dataset 
were examined. The dataset contains 300 ride observations recorded during 2024, including both 
completed and non-completed bookings. 

Null values were analyzed in relation to booking status. It was confirmed that null entries occur 
only in logically valid cases, such as rides with status No Driver Found or cancelled rides, where 
variables such as ride duration, distance, fare value, ratings, or payment method are not applicable. 
No invalid or inconsistent missing values were detected among completed rides. An example of 
logically valid null values associated with non-completed bookings is illustrated in Figure 2. 

 

 
Fig. 2. An example of logically valid null values associated with non-completed bookings 

These findings confirm that the dataset is internally consistent and suitable for subsequent 
descriptive and predictive analysis. 

3.1.2 The effect of outliers on continuous ride metrics 
 
Outlier detection was conducted for key continuous variables: waiting time for driver arrival 

(VTAT), ride duration (CTAT), booking value, and ride distance. Tukey’s criterion with parameter 𝑘 =
1.5 was applied. Table 1 reports quartiles and Tukey bound for the analyzed continuous variables. 
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Table 1 
Quartiles and Tukey bounds for continuous variables 
  VTAT CTAT Booking Value Ride Distance 

Q1 5.4 20.65 204 13.24 
Q2 8.2 28.1 401 24.4 
Q3 11.1 36.3 680.5 36.945 
IQR 5.7 15.65 476.5 23.705 
Q1-IQR*K -3.15 -2.825 -510.75 -22.3175 
Q3+IQR*K 19.65 59.775 1395.25 72.5025 

Outliers were detected only for the Booking Value variable, indicating the presence of a small 
number of high-fare rides. Given that only five observations exceeded the Tukey bounds out of 300 
total rides, and that these values may reflect legitimate premium or long-distance trips, all outliers 
were retained for further analysis. 

Figure 3 and Figure 4 display box-and-whisker plots for VTAT and Booking Value. 
 

 
Fig. 3. Box-and-whisker plots for VTAT 

 
 

 
Fig. 4. Box-and-whisker plots for Booking Value 
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3.1.3 The effect of vehicle type on service utilization and waiting time 
 
Vehicle type plays a central role in ride-hailing service configuration and operational planning. To 

evaluate vehicle utilization, the number of bookings by vehicle category was analyzed. Table 2 shows 
the distribution of bookings by vehicle type. 

 

Table 2  
Number of bookings by vehicle type 

Row Labels Count of Booking ID 

Auto 78 
Bike 38 
eBike 26 
Go Mini 59 
Go Sedan 59 
Premier Sedan 32 
Uber XL 8 
Grand Total 300 

 

Table 2 shows the distribution of vehicle usage. The most frequently used vehicle categories are 
Auto, Go Mini, and Go Sedan, indicating strong demand for standard, low-cost ride options. 

Average waiting time was then evaluated across vehicle types. 
 

Table 3 
Average driver arrival time (VTAT) by vehicle type 

Row Labels Average of VTAT 

Auto 8.448298693 
Bike 8.500042829 
eBike 8.478422179 
Go Mini 8.468101184 
Go Sedan 8.401596442 
Premier Sedan 8.438749926 
Uber XL 8.575761974 
Grand Total 8.456351971 

 

Table 3 illustrates that average waiting time is relatively uniform across vehicle categories, with 
values close to 8.5 minutes. Slightly longer waiting times were observed for Uber XL, reflecting limited 
vehicle availability. 

 

3.1.4 The effect of time on ride demand patterns 
 

Monthly demand patterns were examined to identify temporal fluctuations in ride requests. 
Table 4 summarizes monthly ride demand during 2024. 

 

Table 4 
Monthly ride demand during 2024 
Row Labels Count of Booking ID Row Labels Count of Booking ID 

Jan 13 Jul 30 
Feb 25 Avg 25 
Mar 26 Sep 29 
Apr 24 Okt 17 
Maj 32 Nov 18 
Jun 37 Dec 24 

Grand Total 300   
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Fig. 5. Monthly distribution of ride requests 

 

Figure 5 presents the monthly distribution of ride requests. Demand peaks are observed during 
late spring and summer months (May–July), while lower demand occurs during colder months, 
particularly January, October, and November. 

These findings suggest the presence of seasonal effects driven by weather conditions, tourism, 
and holiday-related mobility patterns. 

 

3.1.5 The effect of payment methods on transaction behavior 
 

Payment preferences were analyzed for completed rides to evaluate digital adoption and 
transaction behavior. Table 5 presents the distribution of payment methods for completed rides. 

 

Table 5 
Distribution of payment methods 
Row Labels Count of Booking ID 

Cash 47 
Credit Card 12 
Debit Card 16 
Uber Wallet 29 
UPI 107 

Grand Total 211 
 

Table 5 illustrates that UPI is the dominant payment method, followed by cash and Uber Wallet. 
Card-based payments remain comparatively limited, highlighting potential opportunities for 
partnerships and digital incentive programs. 

 

3.1.6 The effect of booking status and cancellation reasons on service performance 
 

Booking outcomes were examined to assess overall service reliability. Table 6 reports on the 
distribution of booking statuses. 

 

Table 6 
Distribution of booking statuses 
Row Labels Count of Booking ID 

Cancelled by Customer 20 
Cancelled by Driver 49 
Completed 189 
Incomplete 22 
No Driver Found 20 

Grand Total 300 
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Figure 6 shows that 63% of rides were successfully completed, while cancellations by drivers and 
customers account for a non-negligible share. 

 
Fig. 6. Status of Reserved Rides 

 
3.2 Results of Predictive Analytics 
 

Predictive analytics was applied to forecast future ride demand and estimate the probability of 
successful ride completion. 

 
3.2.1 The effect of forecasting method on demand prediction accuracy 
 

Several forecasting models were applied to monthly ride demand data, including Forecast.ETS, 
naïve forecasting, average method, Holt’s method, and ARIMA. Model performance was evaluated 
on training and test sets using RMSE, MAPE, and Theil’s U statistics. 

Based on the applied forecasting methods, ride demand for the first upcoming quarter of 2025 is 
expected to remain relatively stable. All approaches considered indicate the absence of pronounced 
short-term fluctuations, suggesting a steady demand level over the forecast horizon. In particular, 
the average forecasting method projects a constant demand of approximately 25 rides per month 
across the three-month period, providing a representative estimate of the expected demand level. 
The demand forecast obtained using the average method is illustrated in Figure 7.  

 

 
Fig. 7. Average method 
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Table 7 reports forecast error metrics and Theil’s U statistics for the evaluated models. Results 
indicate that the average method achieved the lowest forecast error on the test set, outperforming 
more complex models under a short historical time horizon. ARIMA demonstrated strong in-sample 
performance but exhibited reduced generalization on test data, suggesting sensitivity to limited 
temporal coverage. Holt’s method showed the weakest performance, likely due to the absence of 
sufficient seasonal information. Overall, the findings confirm that simpler benchmark models can 
provide more stable demand forecasts when data availability is limited. 

 
Table 7  
Forecasting error metrics and Theil’s U statistics 

Method Dataset  Theil’s U 

RMSE MAPE 

Naïve Training 6.40 19.48 - 
Тest 9.83 50.84 1.00 

Holt Training 12.45 48.00 - 
Тest 17.38 90.17 1.768 

ARIMA Training 2.97 7.39 - 
Тest 10.90 54.01 1.108 

Average Training 6.25 21.9 - 
Тest 7.75 39.29 0.789 

 
3.2.2 The effect of operational and behavioral drivers on ride completion 
 

Ride completion was modeled as a binary outcome using logistic regression. The dataset was split 
into training (80%) and test (20%) sets. 

Model performance was evaluated using accuracy, precision, recall, and F1-score. Table 8 
presents classification performance metrics for the logistic regression model. 

 

Table 8 
Classification performance metrics 

 
 
 
 

These results indicate strong classification performance, particularly in identifying completed 
rides. The model demonstrates high recall, suggesting effective detection of successful trips, while 
maintaining balanced precision. 
 
4. Conclusions 
 

This study applied a combined descriptive and predictive analytics framework to analyze business 
performance and user behavior on a digital ride-hailing platform using Uber ride data from 2024. The 
primary objective of the research was to identify demand patterns, evaluate service performance, 
assess forecasting accuracy, and examine factors influencing ride completion. 

The descriptive analytics results revealed clear temporal demand patterns, with higher ride 
volumes during late spring and summer months and lower demand during colder periods. Vehicle 
utilization analysis showed a strong preference for standard and low-cost vehicle types, while waiting 
times remained relatively stable across categories. Cancellation analysis indicated that a substantial 
share of unsuccessful rides is driven by driver-side constraints and communication-related issues, 

Accuracy Precision Recall F1 

0.829 0.850 0.971 0.907 
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highlighting areas for operational improvement. Payment method analysis confirmed a strong shift 
toward digital transactions, particularly UPI-based payments. 

Predictive analytics results demonstrated that, under conditions of limited historical data, simpler 
forecasting approaches such as the average and naïve methods can outperform more complex 
models. While ARIMA and Holt’s methods captured certain dynamics of the time series, their 
predictive accuracy was constrained by the short observation window. These findings emphasize the 
importance of aligning model complexity with data availability. Furthermore, logistic regression 
proved effective in predicting ride completion probability, achieving high recall and balanced overall 
performance, making it suitable for identifying successful rides and potential operational risks. 

Overall, the findings confirm that business analytics can provide actionable insights for demand 
planning, service optimization, and evidence-based decision-making in ride-hailing platforms. 
However, the study is limited using a single-year dataset, which restricts the ability to fully capture 
long-term seasonal effects. Future research should incorporate multi-year data, additional 
contextual variables such as weather and real-time traffic conditions, and advanced machine learning 
models to further improve forecasting accuracy and operational recommendations. 
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