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Abstract 
This study aims to identify the factors that impact the dynamic pricing in the sharing 
economy. In this paper, we collect the data from Uber and Lyft applications via API 
technology. The dataset is separated into two datasets to analyze the relationship 
between dynamic pricing and the factor variables. We use the linear regression model 
and the logistic regression model to estimate the relationship between factors and 
dynamic pricing. The findings show that the distance has a positive relationship with the 
dynamic price. The weather, time in a day, and day in a week are related to the dynamic 
price. 
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1. Introduction 

Individuals have enabled to share many aspects of their lives with the developed information 
and communication technologies, including their households (e.g., Airbnb), their professional 
and personal services (e.g., Fiverr), their cars (e.g., Uber and Lyft), and their goods (e.g., eBay). 
People describe these sharing practices as the sharing economy [1]. Different kinds of sharing 
economy platforms gain competitive advantages in innovative ways via combine the 
organizational and market mechanisms [2]. With the growing popularity of “sharing” and the 
rise of the sharing economy, companies worldwide make it easier, faster and cheaper to get 
goods and services. Alongside this trend, the sharing economy has quickly become one of the 
most prominent subjects worldwide. 
One of the essential economic relations is the market demand-supply relation [3]. The supply 
is changing with the fluctuant demand. When the supply change cannot follow the change of 
demand, the price of the demand will change [1]. This is a common phenomenon worldwide.  
The necessary condition is its technology. All of them are dependent on technology to connect 
people from everywhere. With the high-speed network and high-speed calculated computer in 
the technology companies, the demand-supply relationship can be easy to show on these two 
users' sides. The price is dynamic, and demand-side users can decide if they choose the service 
or not with a price shown on the platform they used [4]. Therefore, the sharing economy will 
change the traditional industries in the future. When we focus on the sharing economy 
companies, the price relies on the market demand which means when customers can find a 
lower price, they might change their minds to another seller [5]. Also, when service providers 
have a reasonable reason to increase their price, they will do it. For instance, Airbnb home 
providers will increase their price when there is a competition or a holiday event, and they will 
decrease the price when fewer people arrive at their places. The phenomenon is called on-
demand pricing or dynamic pricing [6]. The price is depending on demand. 
Drawing from the existing sharing economic areas, we focus on the ride-sharing service Uber 
and Lyft, studying the factors linked with dynamic pricing. However, Uber and Lyft both use 
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opaque algorithms and set their prices internally. They also rarely provide detailed data to the 
public. Due to the increasing users of ride-sharing services and the low transparency to the 
public, it is crucial to find the factors that affect the platform's price [7]. In this paper, we discuss 
the factors affecting Uber and Lyft in the transportation area. This paper uses the data collected 
from Uber and Lyft in Boston for 11 days from 11/27/2018 to 12/3/2018 and 12/14/2018 to 
12/17/2018 via API technology. It is a real-time dataset, and the program sent the requests, 
and the prices shown on the two platforms were recorded.  
The rest of this paper is organized as follows. The literature reviews of the sharing economy, 
dynamic pricing, and Uber and Lyft will be introduced in section 2. Next, in section 3, we present 
the data collection and cleaning and build the regression models. In section 4, we analyze the 
data with the descriptive statistics and correlations using Stata software. Section 5 discusses 
empirical results and evaluates the relationship between dynamic pricing and independent 
variables on platform performance. In section 6, we present the conclusions and discussions, 
and the limitations and future extensions also are presented in this section. 

2. Literature reviews 

In this section, we first review studies about the sharing economy. We then review literature 
about dynamic pricing, especially those based on empirical data. At last, we review the research 
on Uber and Lyft. 

2.1. Sharing Economy 
The sharing economy is an economic model defined as a peer-to-peer (P2P) based activity of 
acquiring, providing, or sharing access to goods and services that are often facilitated by a 
community-based on-line platform [8]. The sharing economy has become a widespread 
economic phenomenon with the development of communication technology. When Botsman 
and Rogers published their book, called ‘What's Mine Is Yours: The Rise of Collaborative 
Consumption’, the word becomes one of the most popular words to describe the peer to peer 
sharing of services and goods [9]. 

2.2. Dynamic pricing 
Dynamic pricing is a pricing strategy in which businesses set flexible prices for products or 
services based on current market demands [10]. The Uber and Lyft platforms change the price 
depending on the real-time algorithm. The hidden algorithm is different from the taxis, and 
customers cannot know the price before using the applications [11]. The surging price would 
appear when the demand of customers is higher than the supply of drivers. The extra income 
from the surge price stimulates more drivers to arrive in that area, and then the supply problem 
may be solved. Compared with the taxi drivers, they cannot get the extra compensation, and 
therefore, they have a lower incentive to pick up in that area [12].  
Chen, Mislove, and Wilson [13] present a study on Amazon Marketplace using four months of 
data covering all merchants selling 1641 best-seller products. By using the dataset, they explore 
the characteristics of the sellers and the impact of the dynamic strategies on the Amazon 
Marketplaces. The results show that the algorithmic pricing in online marketplace is robust. 
Sellers who use algorithmic pricing receive more feedback and more revenue than non-
algorithmic pricing sellers. Using algorithmic pricing, sellers change prices many times 
automated and help sellers sell their products more successfully. 
Chen and Sheldon [14] present to investigate the behavior of Uber driver-partners when they 
meet the surge pricing. They find that Uber drivers are less likely to leave when they face the 
high earnings of surge pricing. Surge pricing increases the supply of rides via increasing 
earnings to incentivize drivers to provide services on the Uber platform. The results support 
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that dynamic pricing can contribute to the on-demand service markets and increase emerging 
markets' efficiency. 
Shao and Yin [15] state research on DiDi company to examine the impact of four institutional 
mechanisms and social influence on customers’ trust formulation using 307 valid 
questionnaires from DiDi customers. The empirical results suggest that the most significant 
aspects are feedback mechanism and surge pricing. Payment security, driver certification and 
social influence are the secondary aspects of building customers’ trust in the ride-sharing 
platform. 
Cheung, Simchi-Levi, and Wang [16] present a dynamic pricing model on the Groupon platform 
using historical data. They implement the pricing algorithm on the platform to test the model. 
The results show that the algorithm has a significant improvement in revenue and bookings. 
The dynamic pricing helps sellers improve their sales. 
Zhang et al. [17] evaluated the relation between the promotions and sales via dynamic pricing 
using the data randomly selected from Alibaba. The results show that the promotion has a 
significant relationship with the sales and the sales have increased two times in the short run. 
The promotions increase customer engagement, the daily number of products customers 
viewed, and their purchase incidence on the platform. 

2.3. Uber and Lyft 
Uber is an American multinational ride-hailing company offering peer-to-peer ride-sharing, 
ride service hailing, food delivery, and a micro-mobility system with electric bikes and scooters. 
Its platforms can be accessed via their websites and mobile apps [18].  
Lyft is a ridesharing company based in San Francisco, California, operating in 644 cities in the 
United States and Puerto Rico and nine cities in Canada. It develops, markets, and operates the 
Lyft mobile app, offering car rides, scooters, a bicycle-sharing system, and food delivery 
services. Lyft is the second-largest ridesharing company in the United States with a 28% market 
share after Uber, according to Second Measure[19].  
As a case, Uber and Lyft have been researched by many studies on their dynamic pricing 
systems. Cohen et al. [20] estimate consumer surplus using almost 50 million individual 
observations and $2.9 billion UberX services. The results show that $1.6 of consumer surplus is 
generated when the consumer spent $1. 
Hall and Krueger [21] study the labor market for Uber’s drivers using the survey and 
administrative data. For seeking a flexible time and high-level compensation, Uber company 
can offer drivers the opportunity. Different from other jobs, Uber drivers may not need to 
consider their age and education levels. They can also be full-time or part-time driver flexible. 
Even though it is challenging to compare Uber drivers and taxi drivers' hourly earnings, they 
have at least the same earning level.  
Jiang, Chen, Mislove, and Wilson [22] present research of ridesharing competition and 
accessibility on Uber, Lyft, and taxis with a 40-days dataset collected from the San Francisco 
and 27 days from New York City Uber and Lyft mobile applications. They compare the key 
market features, such as supply, demand, price, and wait time and build new statistic models. 
The results indicate that a part of the Lyft drivers is simultaneously driving for Uber.  
Rayle et al. [23] conducted a 380 completed intercept survey to find which group is using ride-
sharing cars and why they choose to use ride-sharing services. They compare with traditional 
taxis and public resources. The findings show that ride-sharing competes with the public way 
for some people, but it may be a compliment for many people. Sharing rides are popular in the 
younger group of people who are sensitive to the new technology, and the short waiting time 
and easy payment are the most critical factors for using ride-sharing.   
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Figure 1: Hot locations in Boston 

 
Table 1: Eleven hot locations in Boston 

Number Hot Locations 
1 Back Bay 
2 Beacon Hill 
3 Boston University 
4 Fenway 
5 Financial District 
6 Haymarket Square 
7 North End 
8 North Station 
9 Northeastern University 

10 South Station 
11 Theatre District 
12 West End 

 

3. Methodology 

3.1. Data Collection 
We collected data from Uber and Lyft using the API technology. The data are real-time data 
collected from 12 hot locations in Boston using API queries from 11/26/2018 to 12/18/2018 
(shown in Figure 1 and Table 1). It is like a simulator to send the queries to Uber and Lyft 
applications using the users’ latitude and longitude. The data includes a unique ID number for 
the transaction. When the price is shown on the applications, the system will record the real-
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time price. We query data at regular intervals every 5 minutes and saved it to the database. We 
also collect the corresponding weather conditions per hour these days. The total data are about 
680 thousand rows. Based on using the valid data, we delete some blank rows. In the end, we 
leave the 11 days dataset from 11/27/2018 to 12/3/2018 and 12/14/2018 to 12/18/2018. 
The types of cabs, price, date, weather, surge price are covered for Uber and Lyft at the given 
location in the dataset. The screenshot of Uber and Lyft are shown in Figure 2. 
 

 
Figure 2: Screenshots of a real-time price from Uber and Lyft 

 

3.2. Data Cleaning 
Next, we discuss how we prepared our Uber and Lyft datasets for analysis. It is necessary to do 
the preprocessing step because the different data are collected and the different information 
we would use in the following sections.  
We deleted the incomplete rows, and about 523 thousand rows were left. The data include 252 
thousand rows of Lyft and 316 thousand rows of Uber. Due to the lack of technology and rules 
of the collected data, the data are separated into two parts, Uber data and Lyft data. When we 
collected the data, only Lyft data include the surge price. Therefore, we would use real data to 
build a regression model. The dependent variable is the price, and the factor is distance because 
other factors are categorical variables, and they cannot be used in the linear regression model. 
Then, we use the logistic regression to analyze the Lyft dataset and determine the factors that 
can impact the dynamic price. In this paper, surge pricing is considered the dependent variable, 
and there are two categories: surge price (1) or no surge price (0). The weather has seven clear, 
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drizzle, foggy, light rain, mostly cloudy, overcast, partly cloudy, possible drizzle and rain. The 
week is a variable to identify if it is a weekend or holiday, and seven categories are shown from 
Monday to Sunday. Hour is an essential variable for seeking the factors impacted on the 
dynamic price, and 24 hours are indicated. The categories of categorical variables are shown in 
Table 2. 
 

Table 2: The categories of categorical variables 
No. Surge Price No. Week No. Weather 
0 No 1 Friday 1 Clear 
1 Yes 2 Monday 2 Drizzle 
  3 Saturday 3 Foggy 
  4 Sunday 4 Light Rain 
  5 Thursday 5 Mostly Cloudy 
  6 Tuesday 6 Overcast 
  7 Wednesday 7 Partly Cloudy 
    8 Possible Drizzle 
    9 Rain 

 

3.3. Method 
As mentioned above, the methods we used in this paper are linear regression and logistic 
regression. In this section, these two regression models are introduced. 
3.3.1. Linear Regression 
Linear regression is a linear statistical approach to modeling the relationship between a 
dependent variable and independent variables by fitting a linear equation to observed data. The 
unknown model parameters are estimated from the data using linear predictor functions [24].  
The linear regression model is shown below: 

Y = α + β*X + ε                                                                         (1) 
Where Y is a dependent variable; 
X is independent variable; 
α is constant term; 
β is regression coefficient; 
ε is the error term. 
3.3.2. Logistic Regression 
In statistics, logistic regression is a model that uses a logistic function to model a binary 
dependent variable. It estimates the dependent variable with two possible values, such as yes 
or no and labeled “1” and “0” and the independent variables can be a binary or a continuous 
variable. The coefficients are generally not computed by a closed-form expression [25].  
The logistic regression is shown as below: 

Logit (Y) = β0 + βi*Xi                                                                  (2) 
where Logit (Y) is the log odds of the dependent variable; 
β0 is a constant term; 
βi are the coefficients of independent variables Xi. 
In this paper, the logistic regression model is written as: 

Logit (surge price) = β0 + β1*Distance + β2*Weather + β3*Week + β4*Hour             (3) 
where Logit (surge price) is the log odds of the dependent variable; 
β0 is a constant term; 
β1-β4 are the coefficients of independent variables. 
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3.4. Hypotheses 
We examine the relationship between the dynamic price and its factors, such as distance, 
weather, weekday, and time in one day. The hypotheses for this paper are listed below: 
H1: The distance has a relationship with price. 
H2: Weather is related to a dynamic price.  
H3: Week is related to the dynamic price. 
H4: Time in one day has a relationship with dynamic price. 

4. Data Analysis 

4.1. Descriptive Statistics 
In this paper, two datasets are used to estimate the relationship between dynamic price and its 
factors. Dataset 1 combines the Uber data and Lyft data to build a linear regression model 
between price and distance. Dataset 2 is the Lyft data to build a logistic regression model 
between the surge price and distance and other categorical variables, such as weather, time, 
week. In this section, we introduce the descriptive statistics of the two data sets. 
4.1.1. Dataset 1 
Dataset 1 includes the Uber data and Lyft data, and the total dataset has 523 thousand rows. 
Based on this dataset, we use the STATA software to show descriptive statistics. The result is 
shown in Table 3. Based on the results in Table 3, the observations are 523563. The dependent 
variable prices with the mean value 16.55 and the maximum and minimum of 2.5 and 97.5, 
respectively. The independent variable, distance, has a mean value of 2.19 with the maximum 
and minimum of 7.86 and 0.39, respectively. The surge multiplier is from 1 to 3, and 1 is the 
regular price. The surge pricing has two categories, which are “yes” and “no” showing with “1” 
and “0” respectively. Weather and week are two categorical variables using 1 to 9 and 1 to 7, 
respectively. The destination and source are shown as 12 locations in the research. 
 

Table 3: Descriptive Statistics for Dataset 1 
Variables Obs. Mean Std. Dev. Min Max 

Hour 523,563 11.68 6.98 0 23 
Day 523,563 18.02 10.54 1 30 

Month 523,563 11.55 0.50 11 12 
Distance 523,563 2.19 1.13 0.39 7.86 

Surge multiplier 523,563 1.02 0.10 1 3 
Surge pricing 523,563 0.03 0.18 0 1 
Temperature 523,563 37.32 6.25 26.66 57.22 

Humidity 523,563 0.76 0.13 0.5 0.96 
Pressure 523,563 1008.85 13.45 988.09 1035.55 

Windspeed 523,563 6.16 2.91 1.03 12.55 
Visibility 523,563 8.40 2.68 0.72 10 

Ozone 523,563 309.42 26.22 269.4 376.8 
Prices 523,563 16.55 9.32 2.5 97.5 
Week 523,563 3.81 2.00 1 7 

Destination 523,563 6.50 3.45 1 12 
Source 523,563 6.50 3.45 1 12 

Cab_type 523,563 1.52 0.50 1 2 
Cab_names 523,563 6.53 3.49 1 12 

Weather 523,563 5.37 1.95 1 9 

 
4.1.2. Dataset 2 
Dataset 2 includes 252 thousand rows and only uses the Lyft data due to the categorical 
variables. When we use the categorical variables to build the regression model, we choose to 
use the logistic regression to analyze the relationship between the dynamic price and factors. 
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We do the same steps as dataset 1 to show the descriptive statistics, and the result is shown in 
Table 4. Based on the results in Table 4, the hour is a categorical variable, and the labels of this 
variable are from 0 to 23. Distance is from 0.39 to 6.33, and the mean value is 2.19 miles. The 
surge multiplier is from 1 to 3, which means when surge pricing is emergent, the price is how 
many times the price is regular. For example, if the regular price is $10 for the ride you searched 
and the surge multiplier is 2, the real-time price of the ride you searched is $20. The surge 
pricing is the dependent variable in our research. The two categories are “yes” and “no” 
showing with “1” and “0” respectively. Weather and week are two categorical variables using 1 
to 9 and 1 to 7, respectively. The destination and source are shown as 12 locations in the 
research. 

Table 4: Descriptive Statistics for Dataset 2 
Variables Obs. Mean Std. Dev. Min Max 

Hour 252,539 11.70 6.99 0 23 
Day 252,539 17.99 10.55 1 30 

Month 252,539 11.55 0.50 11 12 
Distance 252,539 2.19 1.08 0.39 6.33 

Surge multiplier 252,539 1.03 0.14 1 3 
Surge pricing 252,539 0.07 0.25 0 1 

Prices 252,539 17.35 10.02 2.5 97.5 
Weather 252,539 5.37 1.95 1 9 

Week 252,539 3.81 2.00 1 7 
Destination 252,539 6.49 3.45 1 12 

Source 252,539 6.50 3.45 1 12 

 

4.2. Correlation 
4.2.1. Correlation of Dataset 1 
For dataset 1, we use the Pearson correlation to test the relation between dependent and 
independent variables. The results are shown in Table 5: 
 

Table 5: Correlation between Prices and factors 
 1 2 3 4 5 6 7 8 

1. Prices 1        
2. Distance 0.3447 1       
3. Humidity -0.0009 -0.0031 1      

4. Temperature -0.0001 -0.003 0.0813 1     
5. Pressure 0.0005 0.0026 -0.0655 0.0053 1    

6. Windspeed 0.0017 0.003 -0.1251 -0.1736 -0.5921 1   
7. Visibility 0.0014 0.0039 -0.725 -0.2777 0.2311 -0.1056 1  

8. Ozone -0.0003 0.0001 -0.2749 -0.3174 -0.5995 0.5329 0.2268 1 

 
4.2.2. Correlation of Dataset 2 
We use the Pearson chi-square to test the relationship between surge price and independent 
variables based on the different categorical variables. The results show the P-values are smaller 
than 0.05, which means the relations between surge price and factors we researched. 

5. Empirical Results 

5.1. Impact of distance on price 
We use dataset 1 to build a linear regression model to find the relationship between price and 
distance, distance, temperature, humidity, pressure, wind speed, visibility, ozone. The results 
of the linear regression model are shown in Table 6. Based on Table 6, the number of 
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observations of these two models is 252539 and 271024 respective. The findings show that the 
p-values of distance are significant at the 0.001 level, and coefficients are 3.343 and 2.441 
respective in these two models, which means the distance has a significantly positive 
relationship with the prices. We also control the types of cabs. The results are all significant. 
The R-squares of the two different models are 0.8762 and 0.9198, respective. Z-test for different 
tests is also used in the analysis [26]. The relationships between prices and distance in different 
types of cabs are shown in Figure 3. 
 

Table 6: Linear regression of dataset 1 
 Lyft Uber 

Z (Difference tests) 
 DV (Prices) DV (Prices) 

IV    
distance 3.343*** 2.441*** -3.1459** 

 (516.03) (-617.23)  
temperature -0.0145 -0.00124 11.0386*** 

 (-1.87) (-0.24)  
humidity -0.0243 -0.077 -0.3634 

 (-0.28) (-1.34)  
pressure -0.00144 0.000278 16.3120*** 

 (-1.80) (-0.52)  
windspeed -0.00709 0.000101 -9.6110*** 

 (-1.16) (-0.02)  
visibility 0.00555 -0.00452 3.7941*** 

 (1.24) (-1.53)  
ozone -0.000674 0.000275 -2.4755* 

 (-1.62) (-0.99)  
Lux 0   

 (.)   
Lux_Black 5.306***   

 (218.28)   
Lux_Black_XL 14.55***   

 (598.38)   
Lyft -8.152***   

 (-335.46)   
Lyft_XL -2.456***   

 (-101.03)   
Shared -11.74***   

 (-483.08)   
Black  0  

  (.)  
Black_SUV  9.756***  

  -605.18  
UberPool  -11.77***  

  (-730.05)  
UberX  -10.76***  

  (-666.95)  
UberXL  -4.843***  

  (-300.25)  
WAV  -10.76***  

  (-667.66)  
Cons. 12.03*** 14.91***  

 (13.20) (24.65)  
N 252539 271024  

R-Squared 0.8762 0.9198  
t statistics in parentheses   

* p < 0.05, ** p < 0.01, *** p < 0.001  
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Figure 3: Graphs of prices and distance in different types of cabs 
 

5.2. Impact of different categorical variables on surge price 
We build the logistic regression to test whether the distance, weather, week, and time can 
impact the surge price. Table 7 contains logistic regression estimates of our logistic regression 
model of dataset 2. Dataset 2 includes a period from November 27 to December 3 and December 
14 to 17 in 2018. The dependent variable is a categorical variable used the surge price, and “1” 
and “0” indicate surge price and no surge price. Based on the results in Table 7, we first see the 
iteration log, indicating how quickly the model converged. The log-likelihood (-62715.623) can 
be used in comparisons of nested models. The number of observations is 252,539 in our dataset 
2, which means all data are used in the analysis. 
The likelihood ratio chi-square of 520.11with a p-value of 0.0000 shows that our model as a 
whole fit significantly better than an empty model. The results show us the coefficients, 
standard errors, z-statistic and p-values, and the coefficients' 95% confidence interval. The p-
value of distance is smaller than 0.05, which means this variable has significantly associated 
with surge pricing. The logistic regression coefficients give the change in the log odds of the 
outcome for a one-unit increase in the predictor variable. In Table 7, for every one-unit change 
in distance, the log odds of being surge pricing increases by 0.143. The indicator variables for 
the weather, week, and hour have a slightly different interpretation. For example, having a 
surge pricing with “drizzle” versus “clear” decreases the log odds of surge pricing by 0.0451. 
The p-values of light rain, overcast, and rain are smaller than 0.05, which means these weathers 
significantly impact the surge pricing. Due to the coefficients of these variables, the results show 
that having a surge pricing with “light rain”, “overcast,” and “rain”, versus with “clear”, decrease 
the log odds of surge pricing by 0.102, 0.1036, and 0.1459, respectively. The same conclusions 
can be made with the week. The results show that “Monday” and “Tuesday” has a significant 
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relationship, and having a surge pricing with “Monday” and “Tuesday”, versus with “Friday”, 
increase the log odds of surge pricing by 0.0837 and 0.1062, respectively. The “13” and “16” in 
the hour are significantly related to surge price. Having a surge pricing with “13” and “16” in 
hour, versus with “0”, increase the log odds of surge pricing by 0.172 and decrease the log odds 
of surge pricing by 0.191, respectively. 
 

Table 7: Logistic Regression 
 DV 
 (Surge Pricing) 

IV:  
distance 0.143*** 

 (20.26) 
Clear 0 

 (.) 
Drizzle -0.0451 

 (-0.48) 
Foggy 0.0748 

 (0.86) 
Light Rain -0.102* 

 (-2.42) 
Mostly Cloudy 0.0230 

 (0.68) 
Overcast -0.104** 

 (-3.28) 
Partly Cloudy -0.0620 

 (-1.79) 
Possible Drizzle -0.0528 

 (-0.89) 
Rain -0.146** 

 (-2.61) 
Friday 0 

 (.) 
Monday 0.0837** 

 (2.59) 
Saturday 0.0455 

 (1.48) 
Sunday 0.0513 

 (1.64) 
Thursday 0.0274 

 (0.76) 
Tuesday 0.106** 

 (2.96) 
Wednesday 0.0593 

 (1.84) 
0 0 
 (.) 

1 -0.0147 
 (-0.28) 

2 -0.00253 
 (-0.05) 

3 0.0321 
 (0.60) 

4 -0.0418 
 (-0.77) 

5 -0.0521 
 (-0.90) 

6 -0.0542 
 (-0.95) 

7 -0.109 
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 (-1.87) 
8 0.0121 
 (0.21) 

9 -0.0643 
 (-1.17) 

10 -0.0616 
 (-1.12) 

11 -0.0348 
 (-0.65) 

12 -0.000164 
 (-0.00) 

13 0.172*** 
 (3.35) 

14 0.0256 
 (0.48) 

15 -0.0625 
 (-1.17) 

16 -0.191*** 
 (-3.46) 

17 -0.0434 
 (-0.81) 

18 -0.00225 
 (-0.04) 

19 -0.0776 
 (-1.42) 

20 0.0562 
 (1.05) 

21 0.00963 
 (0.18) 

22 0.0875 
 (1.65) 

23 -0.0246 
 (-0.46) 

_cons -2.918*** 
 (-63.77) 

N 252539 
Log likelihood -62715.623 

t statistics in parentheses 

6. Conclusion 

With the growth of the sharing economy and dynamic pricing used in the offers, it is essential 
to seek the factors affecting the demand. This study is to investigate the factors affecting Uber 
and Lyft rides. We collect the real-time data from 12 hot locations in Boston using API queries 
from 11/27/2018 to 12/3/2018 and 12/14/2018 to 12/18/2018. Using the data from a 
sharing economy and dynamic pricing companies Uber and Lyft, two datasets have been 
collected and analyzed in this paper. Most of the existing research focuses on some factor, and 
rare research focuses on factors like our paper, such as distance, weather, week, and time in 
one day. To explore if these factors impact surge pricing, we use the linear regression model 
and logistic regression to depend on different datasets and different variables. The findings 
indicate that distance has a significant relationship with dynamic price. The weather, week, and 
hour in one day also have a relationship with surge pricing.  
Based on research, we make the following contributions: 
1. Uber and Lyft use opaque algorithms, so there are rare data shown to the public. The research 
on the real-time price is infrequent. To study the real-time data can contribute to identifying 
factors that impact dynamic price. 
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2. Our research will help businesses engage with the sharing economy and help share economy 
companies realize the factors that affect the price. To make the price more reasonable to attract 
more customers. 
3. We study the transportation area via the Uber and Lyft data. The model can be used in other 
areas that are the sharing of companies with a dynamic price. Different companies have 
different factors to be impacted. However, the method can contribute to the sharing economy 
companies. 
4. By evaluating the sensitivity of price concerning factors such as distance, weather, time, and 
week, our results shed light on the platform's pricing strategy, which serves as a prerequisite 
for analyzing the effectiveness of pricing strategies. The price is depended on the distance, 
weather, time, holiday.  
The limitations of this paper are listed below: 
1. The data are collected in 11 days, and only the real-time price is recorded. The real number 
of users, the transactions, waiting time, and duration time are not recorded. If these data can be 
found, the research would better explain the factors that impact the surge price. 
2. The paper only focuses on the pricing. However, it is a lack of connecting with human 
behavior or other subjects. The data is difficult to collect, and Uber and Lyft do not share their 
information with the public. 
In the future, we can combine this topic with the other subjects to analyze the impact of the 
surge price and sharing economy, for example, the traffic, if the increasing number of Uber and 
Lyft can impact on the traffic. And the loan, if the increasing number of Uber and Lyft has a 
relationship with the car loan due to more people go to be a ride-sharing driver. It would be 
more valuable if we use the data with other areas.  
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