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Abstract 

Machine learning utilizes algorithms to run predictive models that learn from a large 

dataset in an iterative manner. Predictive models are used in many business applications 

to gain competitive advantages and understand customers better. This paper concentrates 

on analyzing New York taxi trips and fares and presenting the methodology we used to 

address the problem and results reached by building through Azure Machine learning 

studio. Our practical approach starts with an exploratory analysis of NYC taxi data via 

Microsoft Power BI. Then more extensive analysis was conducted through Apache Hive 

data warehouse. Hive was built on top of Hadoop enabling data synopsis, query, and 

analysis. We implemented Hive queries to create tables in Microsoft Azure blob storage 

and store the data in external tables. Finally, we conducted our experiment by creating, 

training and testing the module. The finding and insights pertain to the main variables of 

our experiment: pick up time, drop off time and tip amount that could be integrated into 

an application and enhance business by picking the location with the highest tip for 

example. 
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1. Introduction 

The explosion of big data and predictive analytic solutions enable businesses to exploit 

patterns and identify opportunities more than ever. With predictive analytic, analyzing 

any available data is possible whether it was interactional data, attitudinal data, 

descriptive data or behavior data [1]. This was not possible few years ago without a help 

of data scientist and statistician that takes months. Now it becomes easier via solutions 

available on the cloud like Azure Machine Learning Studio. Not only prediction helps 

companies to acquire new customers but also retaining existing customers. 

In our approach, we used a descriptive dataset: New York Taxi dataset that includes 

trip records from all trips finished in yellow and green taxis in 2013 (19G). This dataset 

includes pick-up and drop-off dates/times, pick-up and drop-off locations, trip distances, 

itemized fares, rate types, payment types and passenger counts. The dataset was collected 

and provided to the NYC Taxi and Limousine Commission (TLC) by technology 

providers authorized under the Taxicab &Livery Passenger Enhancement Programs 

(TPEP/LPEP) [2]. We used Hive and Azure Machine Learning, which is an easy and 

efficient way to analyze large datasets. First, we upload our datasets to HDInsight Hadoop 

cluster. Then, we use Hive to create database and tables. Finally, we used Reader module 

from Azure Machine Learning to proceed to model building and model deployment. 

The rest of the paper is designed as follows: Section 2 covers Related work. Review of 

HDInsight, MapReduce, Hive and Azure Machine Learning Studio presented in Section 

3. Ingesting data is explained in Section 4 followed by how data imported into Azure 

Machine Learning Studio in Section 5. Finally, we concluded in Section 6. 

2. Similar Work  
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A lot of documentation and developers’ forums assisted us to understand what data 

visualization tools and predictive method have been used recently. For example, Todd 

Schneider’s used New York taxi data to make geographical maps with the help of 

PostgreSQL and Post GIS [3]. This experiment gave us a solid foundation how the data 

used for analysis by showing every taxi pickup and drop off in New York City from 2009 

until 2015. This helped in conducting our study via Microsoft Azure. Jain, See and 

Shandilya have an online paper where they used initially scatter plot and 2-d histogram to 

aid the in representing the data via a heat map [4]. Because we used a completely different 

technology, more insight results from visualizing the data appear in our study. We used 

Microsoft Power BI to analyze, and visualize the New York taxi dataset for the first three 

months. Figure 1 shows the maximum amount of tips and passengers per location. As 

observed in Van Wyck Expy, the maximum tip paid was 17.70$ which is the highest and 

passengers numbers were the least comparing to the other location. Van Wyck Expy, 

Jamaica, NY 11430 is the address of John F. Kennedy International Airport (JFK) which 

explain why it has the highest tip amount. 

 

 

Figure 1. Maximum Tip Amount and Passengers Numbers with Respect to 
the Locations 

 

3. Review of HDInsight, MapReduce, Hive and Azure Machine 

Learning Studio 
 

3.1 HDInsight and Blob Storage 

Hadoop is a distributed file system, this means storing large distributed chunks of data 

to different nodes. HDInsight is Hadoop on the azure cloud, a big data solution that 

basically deploying Hadoop on clusters with a monitoring mechanism aims to maintain 

availability, efficiency and ease of usage.  

HDInsight consists of a head node and one or more data node with a replication storage 

capability that decrease the risk of losing the data. While Hadoop clusters are relying on 

traditional HDFS for storage, HDInsight and Blob storage maximize the HDFS efficiency 

by using HDFS as temporary storage for storing intermediate processed output and 

temporary job's task. The data and results are actually stored in the Blob Storage that 

attached to the HDInsight cluster. 

Blob Storage is a storage deployed when HDInsight cluster created, allowing to drive 

the data to be stored in blobs and maximize the use of other Hadoop workflow. Using 

Blob Storage in Azure allows flexible scaling each storage efficiently. Hence, data stored 

on Blob Storage will not be discarded or lost even if the cluster is deleted. AzCopy is a 

Microsoft file copy utility that used to upload and transfer data to and from the Blob 

Storage via command line. After downloading the executable file and changing the path 

to the AzCopy directory, it will allow to upload and download files by specifying the 
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source and destination in the command. If the specified folder/container in the destination 

didn’t exist it will simply create one. 

Beside Azure Blob storage, HDInsight contains dashboard in Azure portal. It provides 

console where developers can execute Hive queries, opening remote desktop connections 

and execute MapReduce jobs. Also, displays an overview of the cluster performance, 

usage and information in an illustrated graph. The console allows monitoring the running 

applications in a real time frame alarming for any abnormal activity. Thus, HDInsight is 

the optimal solution when it comes to data cleaning, normalizing and generating reports 

using advanced analytic tools and machine learning technologies [5]. 

 

3.2. MapReduce 

In order to process data stored in HDFS, MapReduce is a programming model for 

splitting data into independent chunks that processed in parallel over a cluster of 

computers. MapReduce relies on two concepts: Mapper and Reducer. In Mapper, the 

desired information is extracted from the dataset, then the values are organized and 

mapped to unique keys. On the Reducer part, all the outputs of the mapper are sent to the 

reducer for processing each information to a specific key.  

 

3.3. Hive 

Hive is built as data warehouse solution above the Hadoop system with an aim to run 

and execute queries [5]. This framework is available as interactive HDInsight console or 

as Command Line in the Remote desktop RD to execute MapReduce jobs across the 

cluster through Hive SQL statements. While Hive is SQL-like queries that allow 

analyzing data easily, CLI at the head node in RD that saves execution time and possibly 

makes a difference for some businesses and applications. 

 

3.4 Business Power BI 

A platform of business analytic tools for visualizing, querying and building an 

informative report that brings more insights to the data being analyzed in a compelling 

way at any platform: tablet, phones, and computers. Enabling connecting, exploring, 

monitoring, sharing and synchronizing all the data that matter to the business across 

different data source. The service is available in the cloud or on premise maximizing 

analytic capability for massive scale and even streamed data. 

Power BI can be integrated with SQL server database, analysis technology, and 

different applications. Power BI map is provided via an integration with Bing. Using 

specific Latitude and Longitude in decimal format to get to the right location. However, 

current it has a certain limitation when it comes to the precise coordination of longitude 

and latitude as Bing will view data on the state level, not the city level. A better 

geocoding approach can overcome this limitation by using Query Editor in Power BI 

Desktop [6]. 

 

3.5. Azure Machine Learning Studio 

It is a Predictive analysis solution built based on the idea of running, editing, saving, 

experiment. It can be published as web services to be part of a web application. It requires 

some data science knowledge like statistic and programming. Until the trained model 

reaches the level of satisfaction and considers an effective model, an iterative process is 

used by modifying various functions and picking the suitable algorithms. In short, Azure 

Machine Learning Studio is all the understanding of Machine learning capability 

transforms as services to be consumed and developed. Replacing all thousand lines of 

code to be able to focus on the training model and to perform the necessary changing to 

reach the desired model [7]. 
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4. Microsoft Azure Ingest data 
 

4.1. Load Data Into Storage Environments for Analytics 

After creating the HDInsight cluster and specifying the storage and nodes need for the 

experiment. We download New York City Taxi Dataset in a local device in order to 

upload it to the Blob Storage of the HDInsight [8]. The main goal from uploading the data 

to storage was to get the advantage of the data locality in Hadoop system. The data will be 

available even if we had to scale down the cluster later without the risk losing the data. To 

upload the New York City Taxi Dataset to the blob, the following command is applied in 

the AzCopy command-line [9]:  

AzCopy/Source:<local_directory>/Dest:https://<account 

name>.blob.core.windows.net<container_name> /DestKey:<account_key> /S  

The source is the local directory where the dataset exists. The destination is the account 

associated with the blob storage. A destination key is required for accessing and 

downloading the data which is specified in the Blob storage setting. Note that /S is used to 

upload all the files including the sub files in the folder, means copy the whole directory 

structure.   

 
4.2 Explore and Pre-Process Data through Business Power BI 

Once the cluster is running and the dataset is uploaded were ready to the next step 

of analysis and query. However, Pre-processing and cleaning data first are important 

tasks that typically must be conducted before dataset can be used effectively for 

analysis in general and machine learning task specifically. Raw data is often noisy 

and unreliable, and may have missing values. So as a start we use PowerBI for 

exploring and analyzing data. This tool gives us more insight about drop-off and 

pickup locations as well as maximum tip amount per locations. Thus, it helps later 

in choosing the best algorithms that suit our NYC taxi data. One of the exploration 

we did with the dataset, we plot the total amount and the maximum number of 

passengers per location. As the figure above shows the maximum total amount paid. 

In this case, the above location got the maximum amount $134.90. As the Figure 2 

below shows the maximum passengers and the total amount per locations. The total 

amount includes the fare and the tip for each trip. One thing to notice is 163 1st 

Avenue, New York, NY is only 2.7 miles away from Times square. Also, it is a 

business area that is full of hotels, dining restaurants and transit service available 

with an average waiting time of five minutes. Thus, it explains the high amount of 

fare comparing to the few number of passengers. Figure 3 is presenting the 

maximum total amount paid per location from during the day and compared with the 

evening shift. Obviously the trips during the day more than the night trips, but still 

some location where the number of the trips is equal whether it was night shift or 

not. 
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Figure 2. Maximum Passenger and Maximum Total Amount per Locations 

 
Figure 3. Maximum Total Amount per Locations Noon to Midnight 

 

4.3 Explore and Pre-Process Data through Azure Hdinsight and Hive Queries  

If the dataset you plan to analyze is too big, it is usually a good idea to down-sample 

the data to a smaller but representative to have more manageable size. This facilitates data 

understanding, exploration, and feature engineering. Its role in the Predictive Analytics 

Process is to enable fast prototyping of the data processing functions and machine 

learning models. 

SELECT medallion, COUNT(*) as med_count 

FROM nyctaxidb.fare 

WHERE month<=3 

GROUP BY medallion 

HAVING med_count > 100 

ORDER BY med_count desc 

The code is illustrated in detail as follows: 
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1. Select medallion from the taxi fare table and count their occurrence. 

2. Keep the condition as month should be greater than 3. 

3. Group by the medallion and should have medallion count greater than 100. 

The output should have medallion count from high to low. 

 

5. Import Data into Azure Machine Learning Studio with the Reader 

Module 

Figure 4 illustrates the workflow for conducting experiments in Azure Machine 

Learning Studio which consists of dragging-and-dropping components onto the canvas. 

Add the Reader module to the experiment, select the Data source, and then provide the 

parameters needed to access the data [10]. As the figure exemplifies on the left side under 

the Data Input and output section, we selected the reader module to ingest the data to the 

experiment and save it via writer module. What reader do is simply pointing to the Blob 

Storage that contains our data. Credential level and file format must be specified in the 

configuration of the reader. If any of the properties was wrong the reader will fail to start 

until all the required properties correctly specified. Then we convert the data for 

processing the missing values.  

 

 

Figure 4. Creating the Experiment Reader Module 

 

5.1 Explore Data in the Predictive Analytics Process 

 

SET sampleRate=<sample rate, 0-1>; 

SELECT 

    field1, field2, …, fieldN 

FROM 

    ( 

    SELECT 

        field1, field2, …, fieldN, rand() as samplekey 

    FROM <hive tsable name> 

    ) 

where samplekey<='${hiveconf:sampleRate} 

 

 
5.2 Create, Deploy & Consume Model 
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Azure Machine Learning enables to build, test, and deploy predictive analytics 

solutions [10]. Training module gives different output for classification and regression 

After refining the data, we split the data into modules to score the algorithm. We used 

Two-Class Logistic Regression to predict if the driver will get tipped or not. This 

algorithm used to predict one of the two states: tipped or not. For this algorithm, we need 

to exclude the other labeled fields like tip_class, tip_amount, and total_amount in the 

project module. Once the model has been trained with the existing data, it is ready for use 

to score new data. This model shows that AUC is 0.984 this indicates the classification 

model is fitted since AUC is fairly close to 1. 

 

6. Conclusion 

Azure Azure Machine Learning is a cloud-based predictive and analytics solution that 

can build models to be consumed as part of any web services. In our approach, we used 

Two-Class Logistic Regression algorithm to predict whether the driver will get tipped or 

not. 

From the above experimental results, we can see: 

 This model shows clients are more willing to tip. 

 A Certain location tends to be more tipped than others i.e. Van Wyck Expressway 

New York, NY 11430 which is John F. Kennedy International Airport (JFK). 

 People tend to be more likely to tip during the day compared to the night shifts.  

 This model could take a further step to be used for web services so it helps taxi 

drivers to choose the best closest location where tip amount rate is the highest. 
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