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      Chapter 1. Getting Started with AI in the Enterprise: Your Data

      A Note for Early Release Readers

With Early Release ebooks, you get books in their earliest form—the authors’ raw and unedited content as they write—so you can take advantage of these technologies long before the official release of these titles.


This will be the 1st chapter of the final book. Please note that the GitHub repo will be made active later on.


If you have comments about how we might improve the content and/or examples in this book, or if you notice missing material within this chapter, please reach out to the editor at arufino@oreilly.com.




      Power BI is Microsoft’s flagship business analytics service which provides interactive visualizations and business intelligence capabilities. Power BI is a business-focused technology with an easy-to-use interface which means it can be easy to underestimate its power. In this chapter, let’s explore the essential ingredient of Power BI: getting your data ready.

      What problems are specific to the self-service data preparation domain? As anyone who has tried to merge data together in Excel, cleaning data is a frustrating and lengthy process. It is exacerbated by errors in the formula, human error, or perhaps only having access to a sample dataset. Moreover, that assumes that the business analysts have straightforward access to the data in the first place. Business teams may have to go and get their data across business silos, which adds delay to an already frustrating process. Sometimes, they may even bend existing business processes or push boundaries to get the data they need. This frustration gets in the way of having creativity in the process of analyzing data. Many organizations have a hidden industry of Excel spreadsheets that form ‘Little Data’ that run the business. Often, IT cannot get any visibility of these data ‘puddles’ so they cannot manage them or form their ‘guardianship’ role of the data. 

      According to David Allen’s Get Things Done methodology, there is clear strategic value in having a clear space to work to be creative. When people are creative, they need to be free and clear of distractions and unfinished business. When we deal with data, people can be insightful and have room to ‘play’ to obtain insights but to do so, they will need to be free to focus their resources properly. However, if they need to spend much time cleaning up a data mess, this can interfere with the creative process, impacting the insights that people expect from their Big Data. Instead of a data lake, they may have a series of dirty data’ puddles’ which are murky and not conducive to business insights.

      To find a way forward, Power BI offers dataflows, which is a process that runs in the cloud independently from any Power BI reports, and it can feed data into different reports. In this chapter, dataflows will be explored as a way of resolving the data preparation issues mentioned previously.

      
        Workflows in Power BI using AI

        A dataflow is a collection of tables created and managed in workspaces in the Power BI service. A table is a set of columns used to store data, much like a table within a database. 

        It is possible to add and edit tables in the dataflow. The workflow permits the management and schedule of data refreshes. Data refreshes are set up directly from the workspace.

        
          How are dataflows created?

          To create a dataflow, select the URL https://www.powerbi.com to launch the Power BI service in a browser.

          The next step is to create a workspace from the nav pane on the left, as shown in the following image (Figure 1-1). 

          
            [image:   Create a Workspace]
            Figure 1-1. Create a Workspace

          

          The workflow stores the dataflow. It’s straightforward to create dataflows, and here are a few ways to build one.

          In the workspace, there is a dropdown list to create New resources, such as paginated reports or dashboards. There is an option to create a new Dataflow which is shown below.

          
            
            

          

          Then, the user is presented with the following options:

          
            
            

          

          In this example, let’s choose the first option, Define new tables and then select the option Add new tables:

          
            
            

          

          Next, the Power Bi Developer has a choice of many different options for data ingestion. Here is an example of the range of data sources for Power BI Dataflows:

          
            
            

          

          In this example, let’s ingest a CSV file that contains World Bank life expectancy data. To do this, select the option Text/CSV. 

          In the text box called File path or URL, enter the following filepath:

          https://raw.githubusercontent.com/datarelish/OReillyPowerBIBook/main/Chapter%201/API_SP.DYN.LE00.IN_DS2_en_csv_v2_2917114.csv 

          The next page will present options for selecting and accessing the file, as illustrated below:

          
            
            

          

          The dataflow will now display the data, as illustrated in the following image. To proceed, let’s choose the Transform Data button, which is located at the bottom right-hand side of the Preview file data screen.

          
            
            

          

          The next step is to select the Transform data button. There are a few activities that we need to do:

          Remove the first rows of data

          Let’s remove the first rows of data. Select the Reduce Rows button, and then the next option that says Remove Rows. 

          Then, select the option Remove Top Rows. Here is an illustration below:

          
            
            

          

          Insert the number 3 into the text box, and click OK. An illustration is shown below:

          
            
            

          

          The next step is to set the first row of data as the headers. In the Home tab, select the Transform button and then select the option Use first rows as headers. Here is an example of the Power Query Online tab:

          
            
            

          

          Once the headers have been promoted, the next step is to remove unnecessary columns. Right-click on the column called Indicator Name and select the option Remove columns. Then, right-click on the column called Indicator Code and select the option Remove columns. An example illustration is given below. 

          
            
            

          

          In the next step, we will shape the data so it is in a long, narrow table format with many rows and few columns. This is in contrast to a wide table, which has many columns and fewer rows. Power BI will work better with this format since the one metric, Average Life Expectancy, is contained in one column rather than being spread out over numerous columns.

          To unpivot the columns, let’s select all the columns from 1960 onwards. In the Transform tab, select the Unpivot columns and then select the Unpivot columns option from the drop-down list. Here is an example of the layout in the Power Query Online tab:

          
            
            

          

          Let’s make the columns easier to understand by renaming them. Rename the Attribute column to Year. Rename the Value column to Average Life Expectancy.

          The Year column will need to be amended so that it has a Whole Number datatype. To do this, select the column and then open the Transform tab. Look for the option Data Type and select the option Whole Number from the drop-down list. Here is an illustration to display the option:

          
            
            

          

          Once these steps are complete, the Power BI Dataflow will appear as follows. Click on the Save button. We will use this dataflow in a later exercise.

          
            Create a dataflow by importing a dataflow

            Users can create dataflows using the import/export option. This method is smooth since it lets the user import a dataflow from a file. 

            This process is helpful if the user wants to save a dataflow copy offline rather than online. It is also instrumental if the user needs to move a dataflow from one workspace to another.

            The user selects the dataflow and then selects the More menu item (the ellipsis) to expand the options to export a dataflow. In the next step, the user selects the option called ‘export .json’. 

            This action begins the download of the dataflow in CDM format.

            To import a dataflow, the user picks the import box and uploads the file. Then, Power BI creates the dataflow. The dataflow forms the basis of additional transformations, or it can remain as it is.

          

          
            Creating dataflows by defining new tables

            The user can define a new table to create a dataflow by using the Define new tables option. This option is straightforward and requires the user to connect to a new data source.

            When the user selects a data source, there is a prompt to provide details such as the connection settings and the account details to connect to the data source. Here is an example in the following illustration (Figure 1-2).

            
              [image: Define new tables]
              Figure 1-2. Define new tables

            

          

          
            Creating dataflows with linked tables

            The linked tables option provides the ability to have a read-only reference to an existing table defined in another dataflow. The linked table approach is helpful if there is a requirement to reuse a table across multiple dataflows. There are plenty of use cases for such reuse in analytics, such as a date table or a static lookup table. Data warehouses often have custom date tables that match the business need, such a varying custom date tables. Static lookup tables can include examples such as country names and associated ISO codes which do not change much over time.

            In these situations, the developer creates the table once, and it is then accessible to other dataflows as a reference. If the network is an issue, it is also helpful to use linked tables to act as a cache to prevent unnecessary refreshes. In turn, this reduces the pressure on the original data source. It is possible to use the option to Link tables from other dataflows option to promote reuse and testing.

            
              
              

            

          

          
            Creating dataflows with computed tables

            It is possible to take the linked tables option a further step. The developer can set up a dataflow using a computed table while referencing a linked table. The output is a new table that constitutes part of the dataflow.

            It is feasible to convert a linked table into a computed table; the developer can either create a new query from a merge operation, create a reference table, or reproduce it.

            The new transformation query will not execute using the newly imported data. Instead, the transformation uses the data that already resides in the dataflow storage. Transformations on the new table use the data in Power BI dataflow storage to support computation at the storage level.

          

          
            Creating Dataflows using a CDM Folder

            Business teams can make the most of the Common Data Model (CDM format) with dataflows that access tables created by another application in the CDM format. 

            To do this, the developer will need to provide the complete path to the CDM format file stored in Azure Data Lake Store (ADLS) Gen 2 and set up the correct permissions. The URL must be a direct file path to the JSON file and use the ADLS Gen 2 endpoint; note that blob.core is not supported. 

            The Path is an HTTP format link, which will look similar to this example here. The path is automatically generated when the developer configures the workspace dataflow storage and it ends with the file “model.json”.

            
              
              

            

            In addition, the ADLS Gen 2 account must have the appropriate permissions set up for Power BI to access the file. If the developer cannot access the ADLS Gen 2 account, they cannot create the dataflow.

            Most developers are now using the new workspace experience. If not, this is an opportunity to move to the new workspace experience since creating dataflows from CDM folders is only available in the new workspace experience.

          

        

        
          Things to note before creating the workflows

          Dataflows are not available in the my-workspace workspace in the Power BI service.

          A user can only create dataflows in a Premium workspace, users with a Pro license, and a Premium Per User (PPU) license. Computed tables are available in Premium. 

          Once connected, the user decides which data to use for the table. When the user picks data and a source, Power BI reconnects to the data source to retain the refreshed data in the dataflow. The setup process also sets the required frequency for the data refresh. 

          The Dataflow Editor transforms data into the required format for use in the dataflow, as per the example given in this chapter.

        

        
          Streaming dataflows and automatic aggregations

          Power BI Premium now features streaming dataflows and automatic aggregation. These features will speed up report creation, report consumption and support projects with large datasets. For instance, streaming dataflows will enable report creators to incorporate real-time data to be more user-friendly and faster. As a result, developers will create reports quicklyand streaming dataflows will support the fast delivery of data for users. 

          As the amount of data grows from new places every day, companies will need help to make it actionable. These features will be critical to use data more efficiently to inform sound business decisions.

        

      

      
        Getting your Data Ready First

        Power BI Desktop uses dataflows to provide data to create datasets, reports, dashboards, and apps based on the data obtained from Power BI dataflows. Artificial Intelligence (AI) needs data; without data, there is no AI.

        The ultimate goal is to derive insights into business activities, and the next step is to get the data ready for Power BI dataflows.

        
          Getting data ready for Dataflows

          Data preparation is generally the most complicated, costly, and time-consuming task in analytics projects. Data sets may include shredded, missing, and incomplete data. Further, the data structures may be confusing and poorly documented. Power BI Dataflows help organizations curb all these challenges. It supports organizations to ingest, transform, clean, and integrate large volumes of data. Further, Power BI dataflows can structure data into a standardized form to illuminate it for reporting purposes.

          Dataflows help simplify and set up a self-service Power BI Extract, Transform, and Load (ETL) Pipeline. A dataflow follows the same pattern as a simple ETL pipeline that can connect to source data, transform the data by applying business rules, and prepare the data to be available to visualize. Power BI then connects to a data warehouse in Business Intelligence environments and visualizes the data from here on.

        

        
          Where should the data be cleaned and prepared?

          In many technical architectures, there are several options because there is a range of data sources available in businesses; everything from Excel spreadsheets, Big Data systems, and proprietary solutions such as Google Analytics. Consequently, there are a myriad of different data processing pipelines to process data from different sources. It is worth looking at some of these options before diving into the question of ‘why’ dataflows are essential for cleaning data for Power BI. 

          
            Option 1: Clean the data and aggregate it as it sits in the source system. 

            The tool used for this option would depend on the source system that stores the data. For example, if the technical architecture rests on a Microsoft SQL Server, the solution could extract the data using stored procedures or views. This option means that the overall architecture would move fewer data from the source system to Power BI. This option is helpful if the business does not need the low-level details, and there is a preference to anonymize the data by aggregating it. The disadvantages are that the raw source data is not available to Power BI, so the business needs to go back to the source system to get it again. The risk is that the data may not even still exist in the source system if it undergoes archiving or purging, so it is best if Power BI can import the data. Another issue is that data cleansing can strain the source system when doing the cleaning, which could affect the business teams using the operational system by slowing it down. Further, the source system may not have fast performance due to business operations, and this would impact business users who expect fast reports. Power BI is an excellent option to circumvent these issues because it relieves the pressure on underlying source systems, pushing the workload to the cloud while rising to support the business users who need their Power BI reports. 

          

          
            Option 2: Clean data from source to a secondary store 

            Business users don’t understand why search engines such as Google or Bing can produce millions of results in seconds but IT departments are out of kilter and far behind in producing data. Some businesses forget IT completely and go off and purchase their own datasets for their own analyses. This can lead to frustration within the business, who can find the technical aspects to be very confusing. Data warehousing experts create Extract, Transform and Load (ETL) packages that handle data transformation tasks that run on a schedule to prevent one-off data loads. 

            It is possible to affect the performance of operational systems directly by repeatedly accessing them. The data could be pushed into a secondary source so that the original system is not affected by additional demand from the business users. 

            However, ETL activity involves coordinating many different pieces of logic that need to interact in sequence. Many internal, operational systems are simply not designed to work at the speed of the business,and they are not designed to work together. The reality is that people spend time exporting data to CSV or Excel, and mashing it together. This means that businesses are running on operational data sources that can differ in terms of structure, content and freshness from the known data sources.

            Microsoft is shifting focus towards services and devices rather than local, desktop-based, on premise applications. Over time, this means that the organisation may have to face the facts of the Excel proliferation throughout the organisation. Organisations need help with new data challenges, which include a variety of data sources including social media data and big data. For some organisations, this will mean a shift in moving from a call centre to a contact centre methodology, for example, which is a huge process shift that will be reflected in the resulting data. If these processes are not updated, business users will resort to mashing data in Excel simply because there seems to be no clear way for users to put data together in a more robust manner. This does not always work well; for example, Excel tables that are overly decorated, or HTML tables can be interpreted as a structural markup rather than the actual markup, which can be confusing for downstream front-end systems. 

            People need to be isolated from the need to write SQL as far as possible, since they do not always have the skill sets to make changes correctly. Microsoft products achieve this goal, including SSIS, Azure Data Factory, or Azure DataBricks. These tools allow complicated orchestration logic to guarantee that Extract, Transform, and Load (ETL) packages run in sequence at the right time. ETL development requires a technical development mindset to build routines that will import data correctly. 

            There needs to be a recognition that data preparation is probably the most important aspect of strategic analytics, business intelligence, and, in fact, anything to do with data. Everyone has dirty data and self-service is a necessity. If your organisation doesn’t have it, they are not looking hard enough. Businesses need to recognise that self-service data transformation will always occur. Work with it. See where it comes from. There is a need for self-service data transform to answer business questions, and businesses need to realise that it is a fact of operating to satisfy customer needs. Fortunately, there are mechanisms in place in Power BI that can help.

          

        

      

      
        Real Time data ingestion vs batch processing

        Building such an enterprise-grade data integration pipeline is time-consuming and needs many design considerations and guidelines. Often, businesses move so fast that it becomes difficult for the IT team to keep up with the pace of the fast-moving requirements. Microsoft has developed dataflows, a fully managed data preparation tool for Power BI, to overcome this challenge. There are two options; using Dataflows to import data using real-time or batch data processing, or using Streaming Datasets for real-time data.

        
          Real time Datasets in Power BI

          Real-time often means different things to different organizations. For example, some overnight data warehouse loads update once a day but are considered ‘real-time’.

          From the Power BI perspective, real-time streaming does mean real-time, often at less than a second rate. Power BI lets you stream data and update dashboards in real-time, and any Power BI visual or dashboard created in Power BI can represent and update real-time data and visuals. 

          What is the genesis of real-time data? The streaming data devices and sources can be manufacturing sensors, social media sources, or many other time-sensitive data collectors or transmitters. Thus, many different scenarios involve real-time data, and Power BI offers various real-time data ingestion opportunities.

          
            Real-Time Dataset Types

            In Power BI, there are three types of real-time datasets to support display on real-time dashboards. 

            
              	
                Push dataset

              

              	
                Streaming dataset

              

              	
                PubNub streaming dataset

              

            

            This section will review how these datasets differ, and then we will discuss how real-time data gets into these datasets.

            
              Ingesting Data into Power BI

              The Push Dataset and the Streaming dataset methods receive data as a Push model, where the data is pushed into Power BI. Power BI creates an underlying database that forms the basis of the visualizations in the Power BI report and dashboards with the Push method. In contrast, the Streaming method does not store the data for more than an hour. 

              The Push method allows the report developer to build reports using the data stored in the database, such as filtering, Power BI visuals, and Power BI reporting features. On the other hand, the Streaming method does not permit standard reporting features in Power BI; instead, it uses a custom streaming source that displays real-time data with very low latency.

            

            
              Setting up Streaming Datasets

              The Power BI Service offers the functionality to set up Streaming Datasets. To do this, select the plus icon ( + ) in the upper right corner of the Power BI service. When you click on the + icon, you see three options visible in the image below.

              From this point, there are two options: one is to create a streaming tile, and the other option is to create a dataset from the streaming data source. 

              
                Creating a Streaming Dataset with the Power BI Rest API

                When you select API from the New streaming dataset window, the Power BI developer has several options to enable Power BI to connect to and use the endpoint:

              

              
                Create a Streaming Dataset with PubNub

                Power BI developers can use low-latency PubNub data streams in Power BI. First, the developer needs to supply the dataset name, sub-key, Channel, and PAMkey token, as illustrated below.

                Azure Stream Analytics offers a way of aggregating PubNub data before it goes to Power BI. Before Power BI ingests the data, Azure Stream Analytics can aggregate the raw PubNub stream so that Power BI can optimally present the data.

              

            

          

          
            Batch Processing Data using Power BI

            Power BI Dataflows is perfect for workloads where there is a need for business-oriented self-service data movement. Business users use dataflows to quickly connect to data sources and prepare the data for reporting and visualization. Power BI Dataflows is similar to Excel, which means there is already a familiarity in developing the appropriate skills. 

            Even though Power BI Dataflows is business-friendly, dataflows work with massive amounts of transactional and observational data stored in the Azure Data Lake Storage (Gen 2). In addition, Power BI dataflows work with Big Data datastores and the Little Data that runs the business. Therefore, for cloud-first or cloud-friendly organizations, Power BI dataflows can access Azure data services. 

            For Microsoft customers, Power BI integrates neatly with the rest of the Power BI system. For example, Power BI dataflows support the Common Data Model (CDM) – a set of legal business entities such as Account, Product, Lead, and Opportunity. Dataflows enable easy mapping between any data in any shape and into CDM legal entities. 

            Power BI Dataflows also has a rich set of capabilities that are useful for a variety of scenarios. Firstly, Power BI Dataflows can connect to data sources and ingest data tables. It can merge and join tables together, as well as unioning tables. Further, Power BI Dataflows can also pivot data together, which is a widespread data practice. The Dataflows enrich the data by creating new computed columns in the tables, and they can simplify the data by filtering the tables so that users can get what they need in a frictionless manner. 

            Another great advantage is that dataflows can automatically run on a schedule, so developers can set it and forget it! The ‘last mile problem’ of analytics is that businesses do not always understand how to realize value from an analytics project. Automation is a crucial way to gain value from these projects, helping businesses with the ‘last mile’ problem of putting their solutions into production environments.

            Power BI Dataflows can also interact with Artificial Intelligence by training and applying AI models on the tables. Therefore, it is possible to use AI in Power BI Dataflows. 

            Let’s now understand some more in-depth concepts that revolve around the Power BI Dataflows. 

          

        

        
          Importing Batch Data with Power Query in Dataflows

          Power Query helps create Power BI dataflows, and it is accessible from Power BI, Excel, and the Power Query online experience. It is a user-friendly tool for data transformation that allows business analysts and data analysts to read data from an extensive range of data sources. 

          The Power Query user interface offers dozens of ways to compute and transform the data directly using the Power Query ribbon and dialogs. Power Query is easy to use, and it can transform the data in compelling and extensible ways. It supports more than 80 built-in data sources and a custom connector SDK with a rich ecosystem. 

          Everything in the Power Query UI gets automatically translated to code in a language called M. Although users do not need to write code, it is a great way to learn about the code and the transformation activities behind the scenes. The M language is not covered in the current book and is a topic in its own right.

        

        
          The Dataflow Calculation Engine

          Dataflows have a calculation engine, which helps put all the columns together to make things easy. 

          At some point, Excel users bump into an issue where there is a circular dependency involved in a formula. The Dataflow Calculation Engine helps to align the issues by checking out dependencies before implementation. Then, behind the scenes, it creates links that check the dependencies. 

          For many enterprises, it is necessary to produce multiple dataflows due to the availability of many data sources but no ‘single version’ of the truth. These multiple dataflows are created and managed in a single Power BI workspace, so it is easy to administer. Also, to ensure high-quality data integrity, part of the process involves examining the dependencies between the workflows for consistency.

        

        
          Dataflow Options

          There are a few different ways organizations can use Power BI dataflows. Let’s explore some options.

          
            Option 1: Fully Managed by Power BI

            Power BI handles everything in the cloud in this first option, from data ingestion to data structuring and refresh to final data visualization. The data journey starts using the web-based Power Query Online tool for structuring the data. 

            Here, Power BI fully manages the data. An Azure Data Lake stores the data using Azure infrastructure, although it is transparent to the organization. In option 1, the organization cannot manage the data as it is a complete cloud service.

          

          
            Option 2: Bring your own Data Lake

            Option 2 is identical to Option 1, but it has one significant difference: the organization associates its own Azure data lake account to Power BI and manages it using tools such as Power Query Online and Power BI. Option 2 is helpful for organizations that would like to access their data outside of Power BI.

          

          
            Option 3: External Dataflows 

            In Option 3, a solution such as Azure Data Factory bears the responsibility for managing the data. In Option 3, Power BI consumes the data, but it does not manage it. 

          

          
            Power BI Dataflows in Power BI Desktop

            Regardless of the selected option, the business users will extract the data using the Get Data option in Power BI Desktop or the Power BI online version.

            The Get Data option is straightforward to use. There is no need for the Power BI developer to know where the data is stored since the developer can select the relevant data tables. It is also possible to join tables that refresh at different schedules, making it easy.

          

        

        
          DirectQuery in Power BI

          It is possible to connect to different data sources when using Power BI Desktop or the Power BI service, and make those data connections in different ways. The Power BI developer connects directly to data in the original source repository using a method known as DirectQuery. 

        

      

      
        Summary

        There are a range of options in Power BI Dataflows to provide a happy medium for the organization to manage Power BI using the degree of ‘cloudiness’ that it prefers. Ultimately, businesses are trying to find a balance between ‘silver platter’ reports and ‘self-service’, and Power BI dataflows offer both methods of reporting while avoiding ‘Excel hell’ of data puddles which are unmonitored, unmanageable and unruly pieces of data debt.

      

    


      Chapter 2. A Great Foundation: AI and Data Modelling

      
            A Note for Early Release Readers

With Early Release ebooks, you get books in their earliest form—the authors’ raw and unedited content as they write—so you can take advantage of these technologies long before the official release of these titles.


This will be the 2nd chapter of the final book. Please note that the GitHub repo will be made active later on.


If you have comments about how we might improve the content and/or examples in this book, or if you notice missing material within this chapter, please reach out to the editor at arufino@oreilly.com.




      In Power BI, the objective overall is to produce dashboards and models to support business-oriented self-service. Unfortunately, the data sources are often not documented from the analysts’ perspective, so it is difficult to understand where to find necessary fields to meet the requirement. However, business users are creative. They can create a lot of workarounds, resulting in ‘shadow’ IT and ‘shadow’ data sources such as Excel workbooks that are not under the guardianship of the IT department. Often, there is limited documentation. Sometimes, the business can supply a data dictionary or a database schema on request, but it is unclear what the tables and fields mean. Frequently, data sources contain many tables, so it is hard for the report writers to navigate and find the information they need. 

      Further, database relationships, such as table joins, are not always apparent. Database tables and views can be challenging to relate to one another and subsequently to navigate. Often, the tables are difficult to understand because they can be broad with many columns. For business users, this is usually a productivity issue because the team cannot do the analytics they would like. Instead, the team can build and rebuild data sets in Excel or Google Sheets to get the data they need to use. Due to time pressures and a lack of confidence in data sources, the team cannot take time to question the requirements so they can produce what they think is required, only to have to redo parts of it due to a lack of understanding. For example, when someone asks them for the reports, the report writers don’t have time to dig into what the request means, so the business users waste time delivering reports incorrectly since there is no well-rounded data model in place.

      In this chapter, we’ll explore what a data model is, and provide some practical takeaways to help you to get started with your own data model. We will also look at some terms to help clear up confusion so that you can get started with your own data model.

      
        What is a Data Model?

        Before we get started, let’s take a look at key terminology. A central concept is the Fact Table, which contains the lowest level of numerical facts known as measures. Facts are the result of a business process, such as a sale. For reporting, analytics, and data science, facts can be aggregated to provide a summary that is used to help facilitate data-driven decisions. Popular examples of facts include invoices, transactions, sales, or refunds.

        The Dimension table contains information to help the users to slice and dice the data. These tables contain descriptive attributes that define how a fact should be aggregated. or be sliced and diced. For example, we may want to see the data by month, by location, or by customer. If we have a report called ‘Sales by Region’, then the words that come before the ‘by’ are the facts, and the words that come after the ‘by’ are known as the dimensions. In other words, the ‘by’ will be the dimensional attributes that we will use to describe the facts.

  
      
        Why Is Data Modeling Important? 

        In the age of Big Data and AI, data modeling is often overlooked as part of the data lifecycle. However, it is a crucial part of delivering business requirements in a user-friendly fashion, and it can contribute to a variety of data efforts because it supports Business Intelligence, Data Science, and AI. Data modeling is the method of designing a data model to deliver business-focused data requirements for reporting, data science, and AI projects. As part of the data modeling process, the designer formalizes data structures and entity types but it is more than simply documentation for documentation’s sake. Instead, the designer takes it further by revisioning them so that the business teams understand them. The data modeling process could be said to involve a data translation component. Here, the designer translates the data from atomic data points to business-oriented models that help to serve up robust, accurate AI, data science, and business intelligence results. The output is a data model that provides a visual guide in designing and deploying databases with high-quality data sources as part of a more extensive Business Intelligence and AI data estate.

        Data modeling has been used for decades to help organizations distinguish and characterize their data, setting standards and rules to be applied and then used by information systems. However, if your data sources do not go through any data modeling process, how can the organization be genuinely confident that their results are correct and trustworthy? Data modeling supports these efforts because it is a cost-effective and productive means to maintain and oversee massive data sources and align them to serve the business functions with data they can recognize in a business-friendly way.

        Designers can automatically generate data models and database designs to boost efficiency and decrease failures to support other people in the process, such as business analysts, to become more productive.

        Business leaders often find it hard to trust the results from AI systems, which can even prevent these systems from ever going into production. Therefore, understanding the benefits of data modeling is more important than ever since the process can help the organization trust their data and make their data work. Although data modeling isn’t new, it is becoming an increasingly important practice because of the large volume of data organizations are processing and storing. 

        A good analogy is that of a carpenter creating a piece of furniture. The carpenter designs furniture with the end-user in mind and considers the correct functionality in the right places. The carpenter also has to consider the user’s comfort; if the furniture isn’t comfortable, the end-user will not use it. If the carpenter is creating several pieces of furniture, then the carpenter will need to consider the importance of each part and how they relate to one another. 

        Data modeling also has to take the same approach; each component may interrelate with other elements creating a multidimensional web of touchpoints that impact one another. If this structure is not well-considered, the parts can negatively impact each other. At the scale of some data estates, this oversight can be catastrophic. On the other hand, humans are very visual, and the visual representation provided by a data model gives organizations the trust to design their proposed systems and take them to a production environment based on a suitable data modeling foundation.

        Data modeling is a critical component of metadata management, data governance, and business intelligence from a business standpoint. It provides a cohesive view of conceptual, logical, and physical data models to help business and IT stakeholders comprehend the data foundation, data interrelationships, and meaning. 

        Quite simply, you can’t manage what you can’t see. To paraphrase the legendary management guru Peter Drucker: What can’t be measured, can’t be managed. However, when you read the actual text, it is clear that Drucker’s sentiment was more subtle than people often think at first glance. Drucker says that if we care about it, then we measure it. It is impossible to assume that the business is measuring essential metrics. Data modeling allows businesses to practice the pause on their data. The company business teams can mindfully consider what they want to measure. Ultimately, the business should not focus on measurements that fail to add value to the organization. What gets measured gets managed — even when it’s pointless to measure and manage it, and even if it harms the organization’s purpose. The prevailing attitude seems to be: measure; then you’ll get meaning. Instead, we need to consider measured measurement, considering what we want to measure and why. The data modeling process can help the organization define and understand what is important to them. 

        In a good Data Model, the model can assume that column types are homogeneous. As an aside, this contrasts with Excel, where any given cell in a spreadsheet can contain different data types.

      

      
        Why are data models important in Power BI?

        In the age of Big Data, some data practitioners think that data modeling is not needed — more often because we are ingesting data “as-is” as part of Big Data thinking & approach. It is tempting to think there is no need for data modeling and view it as overthinking. Why not just dive into the technology and get started?

        The adage “Fail to Plan, Plan to Fail” is pertinent to many technology scenarios, and it is particularly relevant where business and technology meet. Data modeling is critical for a data project to be successful, especially where the data sources are big data. However, you still need to organize and make sense of the data. What makes sense from the technology perspective does not make sense from a business standpoint and vice versa. For example, a technical team member may be comfortable with 1s and 0s in a column of data, but this does not look good on a report. On the other hand, business people may prefer ‘Yes’ or ‘No’ because it is immediately meaningful, and it also looks good on filters and slicers on a Power BI report.

        Crucially, business teams or IT teams should not forget the data translation piece. If the data and subsequent analysis are essential, there is a need to share and communicate it to others. Data modeling supports data translation by helping to facilitate and formalize the data translation process. 

        Data modeling is a timeless skill because it does not rely on a specific technology. In an age when technology moves very fast, it is appealing to learn a skill that does not go out of date while impacting Business Intelligence and Artificial Intelligence projects alike. In addition, data modeling can change and adapt to meet new business requirements. Data is a ‘living’ part of the business. As data changes and moves to new, fluid, and dynamic business environments and interpretations, data modeling can move with the changes in business requirements. Data translation helps business users to adapt and keep abreast of changes in the data, facilitating them to understand the business environment better and more quickly. 

        You can design the data model without any dependency on any technology application. Essentially, data modeling decouples the data from the technology. It is also helpful since it does not simply apply to only one application and, consequently, allows the data model to be reusable for other applications. In terms of technology, spreadsheets or proprietary data modeling software can create and record visual depictions of data models; no organization is excluded from the process because the data modeling software is too expensive or requires technical skills out of reach.

      

      
        Why do we need a data model for AI?

        A good data model improves the comprehension of the data at a granular level. Since the data model helps comprehension, it improves the performance of dependent processes and systems, such as AI.

        A good data model also increases resilience to change, and it should be expected that the data will change over time. This benefit is particularly important for Artificial Intelligence because businesses need to be able to trust the results of the AI process. If the AI algorithms are producing incorrect results due to data drift, then the data model can be flexible enough to capture the update.

        Reflecting on data modeling includes conversations and helps the business to make crucial decisions about the data. One important issue concerns how current the information needs to be, and the anticipated frequency of data changes. It is crucial to make decisions about latency early on since this will drive decisions you may not have anticipated, such as the choice of licensing required for Power BI. In turn, data modeling can help to clarify issues such as the method of data access which may not have taken place at earlier parts of the project. Data modeling helps to facilitate conversations about system availability, such as the amount of system downtime permitted to conduct updates. Data modeling conversations can also reveal details about actual and predicted data volumes for storage. Often, these conversations can help to understand the skills in the organization currently and any other required skill sets that the organization may need to implement the solution. These conversations can identify what the organization can do on its own and where it may need to bring in external help. These factors can help to determine the availability of budget for training and external support. 

        To summarise, data modeling can help to facilitate conversations about user requirements since requests will pop into their heads when you go through the data modeling process with them. Often, these unguarded requests can be gold and they may even save you trouble in the longer term, so listen out carefully!
    

        
          Advice for setting up a data model for AI 

          How can we approach data modeling from the business perspective? Dimensional modeling is optimized for analytics, but often, databases are optimized for supporting an application rather than a business reporting need. Transactional databases toil to track change over time, which can produce delays in data retrieval. These databases do not handle all the data accumulated well from the analytics because the database is designed to store data rapidly rather than retrieve and aggregate data rapidly. Transactional databases can write the same record numerous times whenever there is a change event, and this adds in additional rows of data that make the data hard to traverse quickly. Also, the database structure may be confusing from the perspective of creating table joins because the columns may be named confusingly, rather than being set up in a business-oriented manner. These databases are designed to support transactions but they are not designed to answer analytical questions, hence the need for a separate data warehousing or reporting database. 

          
            Business Intelligence Competency Centre

            An organization could devise a Business Intelligence Competency Centre (BICC) to unify the Business Intelligence approaches within the organization. Translated into practical terms, a BICC is a ‘virtual team’ that is responsible for setting Business Intelligence standards, processes, and central program management that is key to delivery and achievement. Technology choice is only one part of the business intelligence expression within an organization. It also involves enterprise requirements, data, and priorities in the organization from both internal and external sources.

            Which factors enable an organization to lay the groundwork for an effective BI Competency Center, what are the main components of a successful BICC, andhow can you think about maximizing the likelihood of success in an investment in a BICC initiative?

            With respect to the longer-term data strategy, the BICC can bring together issues to facilitate collaboration and co-operation horizontally between teams by:

            
              	
                Multiple development groups based in different business groups need to contribute independently to this single framework.

              

              	
                Decisions on how to present data for reporting such as using data from an application source system, operational data stores, data warehouses, or external data sources.

              

              	
                Architecture decisions to ensure appropriate reporting architecture and a technical framework

              

              	
                Providing a set of best practices and standardization for delivery and report consumption across all teams

              

              	
                Potential conflicts between groups on business definitions and rules

              

            

          

          
            Earning Trust through Transactions of data

            The organization can start small by demonstrating transactions and insights to show that it can be done. This is achieved by combining datasets together to tell a story at individual levels. People who use Excel are often tasked with combining data sources together to make tables of data for further analysis. Joining data together can be complex because the joins are not always obvious . The benefit of adding new datasets will expand access from restrictive data models to more flexible data sources that provide insights. The flexible data sources can be further improved by providing data more frequently than the overnight data provided by batch jobs. 

          

          
            Agile Data Warehousing – the BEAM framework

            A methodology such as Business Event Analysis & Modelling (BEAM) could be used to introduce a user-oriented, business focus to the data warehousing solution (Corr, L. and Stagnitto, J., 2011). For redesigning data stores, BEAM can be considered in order to show provable, repeatable, small successes which build up over time. In BEAM modeling, user stories are constructed from examples, in a format known as the 7Ws (who, what, when, where, how many, why, and how). Following this structure, the resulting data model follows the user stories closely which helps facilitate user adoption while helping developers to understand the business process better from end to end. The agile manifesto is normally applied to software, but it can also be applied to data warehouse design. 

            The method is considered agile as long as it adheres to the four principles of the Agile Manifesto, which values:

            
              	
                Individuals and interactions over processes and tools

              

              	
                Working software over comprehensive documentation

              

              	
                Customer collaboration over contract negotiation

              

              	
                Responding to change over following a plan

              

            

            In an agile project, the team composition is usually cross-functional and self-organizing, working around barriers of corporate hierarchy or the corporate roles of team members.The team members normally take responsibility for tasks that deliver the functionality that iteration requires.

            The objective of agile is to provide customer satisfaction by rapid, continuous delivery of useful data products. Through the iterative cycle, working data assets are delivered frequently, in weeks rather than months, and this is the principal measure of progress. Late changes in requirements are welcomedbecause the objective is user success, and this allows for flexibility in delivering results. The methodology requires close cooperation between business teams and developers. 

            Agile produces continuous attention to technical excellence and good design, thereby building a lot of trust between developers and the end-users, who feel that they have been ‘heard’. 

            For the Analytics Centre of Excellence, the simplicityand fluidity of self-organizing teamspermit regular adaptation to changing circumstances, which allows the team to deliver urgent priorities and requirements. 

            Agile relates to the data warehouse by facilitating the situation where the end-users and developers drill down into understanding the data in an enterprise context. As the process proceeds, more new rules will be identifiedbased on the results from analyzing data. In turn, this will lead to new requirements that vary from minor changes to significant changes. As the understanding deepens, the end-users get quick delivery when they are still refining their needs.

            During the development of a data warehouse, any number of small independent projects can be executed to load the data warehouse from different sources. The overall structure is loose, handling multiple interdependent data warehouse projects under one business intelligence program.

            It is a big challenge to understand the dependencies during the development cycle, mainly where there are dependencies among different systems at differentlevels. However, this should help to circumvent the current situation, where the team is developing datasets and data assets on an ad-hoc basis without considering a proper data model design. 

          

        
    

        
          Data Modelling Disciplines to support AI

          There is a range of different patterns to use for arranging data into models. In this section, we will cover a few common methodologies for working with data and making it ‘business friendly’. 

          
            Data Vault

            Dimensional modeling is a perfect fit for doing analytics. It is straightforward for business users to operate and understand. It supports performance using large sets of data and it works well with Power BI. Dimensional modeling’s resilience to change or “graceful extensibility” is one advantage of this particular approach. As concerns grow over topics such as data governance, the dimensional modeling technique can be supported by using a Data Vault. Let’s look at the ways in which the Data Vault methodology seeks to address some of the limitations of the traditional modeling techniques.

            The Data Vault technique models several objects such as:

            
              	
                Hubs that integrate data from different source systems. Hubs reliably list key business identifiers, including the business key, so you can uniquely and reliably identify a given entity over time. A valid business key has real business meaning and it provides a sense of continuity from one source system to another. At the lowest ‘grain’ level, the data is consistent across source systems so it is easier to track. 

              

              	
                Links which are tables that instantiate all the relationships between business entities.

              

              	
                Satellites that are tables that store descriptive attributes related to either a Hub or a Link.

              

            

            The Data Vault methodology helps integrate data from various source systems into a data model that changes at different rates in the source tables. The Data Vault is first and foremost about the business; the business rules are both derived from the raw data and stored separately from the raw data, producing a separation of responsibility. The result is that it makes it easier to manage business rule changes over time and reduces overall system complexity. Otherwise, tracking changes through snapshot dates demands complex queries that grow in complexity when obtaining a result at a “single point in time” view of the data, e.g., the previous week. Additionally, there is a risk that the source table may change the structure, such as the addition of new columns.

            The Data Vault model helps integrate data from various source systems into a data model that changes at different rates in the source tables. Otherwise, tracking changes through snapshot dates demands complex queries that grow in complexity when obtaining a result at a “single point in time” view of the data, e.g., the previous week. Additionally, there is a risk that the source table may change the structure, such as the addition of new columns.

            The Data Vault methodology also addresses a standard limitation related to the dimensional model approach. It discusses the limitations of having a “fixed” model. Dimensional modeling’s resilience to change is one of the main advantages of the methods because it can handle changing data relationships without affecting existing business intelligence applications such as Power BI. For example, adding facts consistent with the grain of an existing fact table can be added by creating new columns. Moreover, developers can add new dimensions to a current fact table by creating new foreign key columns, presuming they don’t alter the lowest level of the fact table, which is also known as the grain.

            It is helpful to explain this scenario with an example. Let’s take the case of a Customer dimension, which is a table with ten attributes. There is a fact table linked to the Customer dimension, and four other dimensions all come from a single source system. As the business changes over time, the business needs to integrate a second source system to have a richer unified data source for reporting. Now, the Customer dimension table has 20 attributes. In the dimensional approach, the developer would need to refactor the dimension by revising the data load process to ingest the new attributes. In addition, if each source system contains the same attribute, the developer must decide which attribute is correct. This situation may be acceptable if you have to add only one feature. However, the development becomes more complex if there are many changes, such as requirements change over time or an increase in the number of attributes from source systems. 

            The Data Vault methodology is a business-aligned resilient model which eliminates this refactoring activity. In addition, the methodology gives you the ability to integrate new sources more quickly than traditional models. The insight of this approach is the use of business keys that maintain their meaning across systems, which means that there is a common set of attributes for aligning the systems horizontally. 

            It also requires creating more tables than business users might expect to see in a dimensional model. From the reporting and analytics perspective, arranging the data into several data marts that use a star schema is recommended, so the business users experience a dimensional model format. With a star schema, the metrics are located in a table called a Fact table that is related to dimension tables. 

            Data Vault is a very useful methodology where users have multiple source systems and relationships that change frequently. It works well because it makes adding attributes straightforward. If there is a change to only one source system, then the change doesn’t have to appear for all of the other source systems. Similarly, limiting the number of places where changes are made is possible because attributes are stored separately from structural data in satellites. Further, it is easier to account for new and changing relationships by closing one link and creating another link. The developer doesn’t have to amend the historical data to account for a new relationship or update an existing schema. The Data Vault simplifies this situation where the developer only needs to account for the changes going forward.

            Data Vault also helps users to be able to track and audit data easily. It enables auditing as part of the methodology because the methodology stipulates that it is necessary to record load times and record sources, and this recording happens for every row. Data Vault also tracks a history of all changes because the satellites include the load time as part of the primary key. Furthermore, when an attribute is updated, the methodology stipulates that the database system creates a new record to reflect the change. This auditing enables the organization to quickly provide auditability for data governance purposes. Consequently, it means that the organization stores all of the historical changes that the organization can access data from any point in time.

            Data Vault supports faster data loading because the methodology enables many of the tables to be loaded simultaneously in parallel. The model decreases dependencies between tables during the load process, thereby simplifying the data ingestion process. Data Vault methodology leverages inserts only, thereby loading more quickly than merging data, for example.

            Furthermore, a data vault model should never directly feed into your reporting tool. Due to the necessity of the three types of tables, it would require your reporting tool to marry together all related tables to report on one subject area. These joins would adversely impact report performance, which is unacceptable for business users. It increases the likelihood of error because reporting tools are fantastic at data visualization rather than heavy number-crunching data manipulation. Instead, the Data Vault model would act as a data source to serve data into a dimensional model. Power BI could pick up the data from the data source with a dimensional model structure. If you plan to implement a data model using Data Vault for Power Bi, then it is recommended that you create a dimensional model. The Data Vault will give you the necessary auditing, flexibility, and adaptability required for AI systems now and in the future, and dimensional modeling in Power BI will deliver a performant data structure that works well to make the most of Power BI. 

            Data modeling decisions are often nuanced, and mistakes can become more impactful over time.

          

        

        
          Data Modelling Versus AI Models

          For many businesses, Artificial Intelligence (AI) is a sophisticated way of solving complex problems using enormous data sets with high accuracy and reduced costs. An AI model is a tool or algorithm, which is based on a certain data set through which it can arrive at a decision – all without the need for human interference in the decision-making process. It’s a pattern that fits onto the data. The AI model utilizes a data set and searches through it for patterns. The objective is that the AI model arrives at a decision or makes a prediction based on the data. It is important to understand the different terminology because the same terms can be used interchangeably to mean the same thing.

          AI models are hugely important in a range of applications. For example, AI models are very good at pattern matching. There are examples of AI models in production in healthcarethat are used to help diagnose brain tumors by taking images of magnetic resonance imaging. AI models are also very popular in trading markets where they are used to predict stock prices and other investment opportunities or to detect trends for marketing purposes. More recently, AI models can be used to support the implementation of infection prevention and control strategies in the fight against COVID-19.

          The ‘last mile’ of AI is to produce an automated model that makes decisions based on the data, and without the need for human interference in the decision-making process. In some ways, the ‘last mile’ of AI is actually the ‘first-mile’ problem; once the AI model is in production, it needs to be continually honed to ensure that it is meeting the needs of the model while making appropriate decisions. 

          So far in this chapter, we have focused on data models. We can also represent data in Power BI, so let’s explore this topic next.

          
            Data modeling in Power BI

            The data model is built in the Power BI Desktop. The data is ingested using Power Query, and Power BI builds a model of the data which is accessible from the Model view in the Power BI Desktop. Then, the tables are joined together using relationships to enhance the model. It is possible to see the data in the Power BI workbook using the Data tab. It is also possible to see the Report tab, which rests on the data and the data model. 

            Figure 2-1 illustrates the data flow, with the data ingestion going from left to right:

            
              [image:   Power BI Desktop File]
              Figure 2-1. Power BI Desktop File

            

            Central to the Power BI model is the Fact Table, which contains measures. This is based on the Kimball methodology. It is the result of a business process and the facts can be aggregated to provide a summary. Examples of facts include financial transactions, refunds, or costs. 

            As discussed at the start of the chapter, a Dimension table contains information to help the users to slice and dice the data. For example, the dimension tables include descriptive attributes, such as a Customer, that define how business users would like to see the data. For instance, we may want to see the data by the customer so we have a better understanding of how much the customer spends with our organization. If we have a report called ‘Sales by Customer’, then the ‘Sales’ are the measured amounts and they come from the Fact table. The words that come after the ‘by’ are known as the dimensions, and in this case, this is the Customer. 

            In Power BI, the Fact table can be found in the Model view:

            
              
              

            

            The Dimension tables complement the Fact table:

            
              
              

            

            The fact and dimension tables need to be associated with each other, and this is where modeling relationships come in. Let’s explore relationships in more detail.

            
              Modeling Relationships in the data model

              At the most basic level, a relationship is a connection between two tables using columns from each table. The Data Model brings facts and dimensions together, helping to provide a richer reporting and analytics experience for the business user.

              In data models, relationships can be challenging to understand, so let’s look at how we can interpret relationships in terms of a technology that we all know and love - Microsoft Excel.

              Let’s consider the well-known Excel formula called VLOOKUP, a function that brings two tables together. In Excel, we use VLOOKUP when finding things in a table or a range by row. For example, a VLOOKUP would tell us a product name based on product ID.

              In its simplest form, the VLOOKUP function says:

              =VLOOKUP(What we want to look up, where we want to look for it, the column number in the range containing the value to return, whether we want an Approximate or Exact match – indicated as 1/TRUE, or 0/FALSE).

              Let’s say that we want to look up a product name based on the product ID in a table that has product transactions in it. There will be one table of products and another table of transactions with the product id, and we want to return the name. The transactions will be the ‘many’ table because it has multiple instances of products; we assume that each product could be sold once or more than once. The product table will be the ‘one’ because each product will appear just once in the table; things would be very confusing if a product ID was associated with more than one product, so we will assume that each product is listed once. Using a VLOOKUP, we can see which side is the many (*) and which is the one (1). 

              The cardinality is defined as the direction of the relationship, and it specifies how the tables are similar through their related columns. In Power BI, each model relationship needs a cardinality type. There are four cardinality type options representing the data characteristics of the “from” and “to” related columns. For example, the “one” side means the column contains unique values, and the “many” side means the column can contain duplicate values. 

              Relationships are set up between columns of different tables. There are three different types of relationships between tables, and they are listed here:

              
                	1 to 1

                	
                  In a ‘1 to 1’ relationship, each row in one table is connected to another row in another table. This is the most basic type of relationship.

                

                	1 to Many 

                	
                  In the ‘1 to Many’ relationship types, one table has the ‘1’ column and the other table has the ‘many’ column. For example, let’s take the relationship between a Product dimension table and a Sales Transaction table, connected by a ProductID column. In the Product table, each Product has one ID for each product. In the Sales table, it is possible to envisage that each product has been sold at least once, or on multiple occasions. Therefore, the relationship between Product and Sales is ‘1 to Many’ via the ProductID column in both tables. 

                

                	Many to Many

                	
                  Using Power BI composite models, it is possible to establish relationships with many-many cardinality between tables. This approach removes unique values in tables, as we saw in the ‘1 to Many’ relationship types. The ‘Many to Many’ relationship type indicates that neither table contains unique values. When the Power BI developer uses the ‘Many to Many’ setting, neither table contains unique values. 

                

              

              There are different types of relationships since data can be arranged in diverse ways. They form the basis of getting the data right for AI, business intelligence, and data science.

            

          

          
            What do Relationships Mean for AI?

            Relationships in a data model are key for Artificial Intelligence. If the connection is not set up properly, then there is a risk that data will be omitted from the analysis because the relationship type is not configured properly. Also, if the data is not set up properly, then this may end up in a Cartesian product. The cartesian product is really a cross-join that returns all the rows in all the tables listed in a query. In other words, each row in the first table is paired with all the rows in the second table. This happens when there is no relationship defined between the two tables.

            The Cartesian product between two tables, Table 1 and Table 2, consists of all the possible combinations of Table 1 rows and Table 2 rows. The number of rows will be equal to the number of rows of Table 1 multiplied by the number of rows of Table 2. In this scenario, the data volumes balloon, resulting in incorrect datasets.

            For Artificial Intelligence, there is a crucial need for the underlying datasets to be correct. If data is missing, or if there are duplicate or extraneous data, then these issues will result in a faulty dataset.

            The adage ‘garbage in, garbage out’ is just as true for Artificial Intelligence as it is for Data Warehousing. Both disciplines require correct data and depend on all other variables to be correct before reasonable conclusions can be drawn from them. In Artificial Intelligence, it can be difficult for people to trust the results due to misconceptions about what Artificial Intelligence is - and including incorrect data into the mix will only breed further mistrust and confusion. To summarise, relationships between tables are one area where an insufficient underlying dataset may throw artificial Intelligence reasoning into disarray. Therefore, it is essential to ensure these dependencies before thinking about AI. 

            Power BI relationships support filtering, so they have to be set up correctly because relationships impact what the users see at the front end. When the users select filter options, the filtering action will propagate filters on the columns of tables to other model tables, filtering data from the users’ view. The filters will propagate correctly as long as the relationships are correct. Ultimately, this means that the data in one table will display the visibility of the data of another table since the user’s selection will traverse the relationships between different tables. It is possible to disable relationships between tables. It is also possible to use DAX to change model calculations to prefer one relationship between table columns over another relationship. 

            When the Power BI developer creates the relationship as one-to-many, the Desktop will check that one side of the relationship is the “One” and the other is the “Many”. Note that, if a data refresh operation tries to load duplicate values into a “one” side column, the entire data refresh will fail because it will not be clear which row is the correct one. For example, if the ‘one’ table contained multiple duplicate rows of the same product, it would not be clear which row should be considered the one version of the truth. In this example, Power BI will not be able to load the data correctly so the load will fail. 

            Power BI defaults to a uni-directional relationship. It is based on the expectation that the relationship allows filters to get passed from the Dimension attribute table to the Fact table. A bi-directional means that the filter is passed in both directions. In other words, the filter is passed from the dimension table to the fact table, and it is also possible for the fact table to filter the dimension table. The bi-directional relationship allows you to pass filters in both directions. So, if you select an option in a slicer in Power BI, a related table will be filtered by your selection. Furthermore, if you select a specific row in a table, then the associated slicer would also be filtered.

            
              Optimising data storage and data retrieval

              In Power BI, the data is stored in a columnar format where the data is structured so that it stores each column separately. You can perceive Power Bi storage as the situation where it stores each column individually as if it is a separate file. This storage mechanism means it is faster to retrieve multiple rows from a single column, but it is slower to retrieve multiple columns from a single row. 

              This may seem like a disadvantage, but columnar databases are well suited for business intelligence and analytics. In contrast, a row-based data store is structured so that each row is stored separately. In the case of the row-based scenario, retrieving multiple columns from a single row is fast but retrieving multiple rows from a single column is slower. 

              A good data model optimizes Power BI because it offers better performance. From the user perspective, it is better to have quicker reports that return data faster. People do not like to wait for their data! Power BI will perform better when it is not handling a lot of text. So, numeric columns will perform better. To cope with text, Power BI uses a technique called dictionary encoding to further increase performance, whereby Power BI creates an integer value to represent a text string. Computers find it faster to match numbers than text, so this storage mechanism supports quicker data retrieval. So, for example, when Power BI is creating a model behind the scenes, it will create a dictionary of the distinct values within one column. In the example below, Power BI identifies the distinct values within the Department column, and creates a dictionary by assigning indexes to those values. Finally, the stored index values serve as pointers to “real” values:

              
                
                  	Index
                  	Department
                

                
                  	0
                  	Sales
                

                
                  	1
                  	Marketing
                

                
                  	2
                  	Operations
                

                
                  	3
                  	Finance
                

              

              
              When Power BI displays the data, it replaces the actual values with index values from the dictionary. Dictionary encoding is powerful when there are few unique values in a column, as in the Department example here. However, it does not work well for ID fields, for example. 

              Once the data is compressed, Power BI then works to automatically detect relationships in the data. Note, however, that this may not always be correct; say, for example, two columns have the same name and data type, but they do not refer to the same business concept. Therefore, it is important to test assumptions so it is recommended that you double-check the relationships, preferably creating a data dictionary to record the metadata and the context of the data itself. 

            

            
              Tips for Improving Performance in the Data Model

              A better Power BI report model will result in faster performance - and happier users! Here are some tips to help you to improve the Power BI model in terms of performance.

              
                	Sort columns before bringing them into a Power BI data model. 

                	
                  Essentially, this activity will give Power BI less to do, and sorting data can be computationally expensive for many technologies. 

                

                	Only bring data that you need. 

                	
                  For example, the DateTime data type is usually not required unless you are specifically using the Time component. For example, if you are storing someone’s birthday, then there is no need to include the time of birth as well. If you really need Time, try splitting Date & Time into two columns because it will reduce the number of unique values, thereby increasing the opportunity for compression. 

                

                	Be mindful of bi-directional and many-to-many relationships

                	
                  Avoid bi-directional and many-to-many relationships against columns that have a lot of unique values, i.e. high cardinality columns. These relationships navigate more pathways and check more data points. As a result of navigating the additional search space, bi-directional relationships against high-cardinality columns will adversely impact report performance.

                

                	Use your own custom date table

                	
                  It is recommended that you create your own custom date table rather than use the auto-generated date table in Power BI. The auto-generated date table creates a date table for each date column, increasing the model size. It is possible to use a single custom date table to reduce the model size, connecting it with the fact table. As recommended previously, split the date and time to improve data compression.

                

                	Reduce data load on each page

                	
                  Reduce the amount of data loaded on page load by using bookmarks, drill-through pages, and tooltips. This will increase the report by reducing the amount of data loaded on page load. 

                

                	Reduce the number of visuals on the page

                	
                  You can also improve performance by reducing the number of visuals on the page. Your colleagues will find it easier to understand the dashboards if the screen is not too cluttered. Sometimes, users ask for many charts all on the same page. In this case, you can encourage them to use drill-downs and navigation features such as bookmarks to understand the data better. 

                

                	Avoid Iterator Functions e.g. SUMX, RANKX

                	
                  Iterator functions will go through the data in an RBAR fashion - otherwise known as ‘row by agonizing row’. As you might have guessed, this will impact performance. , which is not ideal for a columnar data store like DAX. There are two ways to identify iterator functions. The aggregation functions generally end in an X: SUMX, MAXX, CONCATENATEX, etc. Additionally, many iterators take in a table as the first parameter and then an expression as the second parameter. Iterators with simple logic are generally fine, and sometimes are secretly converted to more efficient forms.

                

                	Optimize the data source

                	
                  Power BI is going to be impacted by the performance of any source system. It is good to move the pressure away from the source system by importing the data into Power BI, however. Say, for example, Power BI is accessing data from a SQL Server database. If the SQL Server database is not performing well, then Power BI will take longer to ingest the data. Therefore, sometimes the best approach is not to optimize Power BI; sometimes you need to ask the data source owners to support you by optimizing the Power BI source. 

                

              

            

            
              Why don’t we just have one huge table?

              Business users sometimes request that a single table holds all information in one place, rather than splitting the data out into dimensions and facts. What is wrong with this approach? 

              Although this approach can appear initially attractive, the wide table approach is highly inefficient because the model has duplicate copies of data. This issue results in slow performance because the system needs to traverse more data in order to get the result. The size of a flat table can expand quickly as the data model becomes increasingly complicated. It can also be slow to load data into tables that are wide and deep, which can result in an adverse performance impact on the technical system. Also, the table will not be flexible enough to be responsive to change; instead of changing just one part of the system, any changes impact the whole system. 

              If the system does not perform well, then this will negatively affect user adoption. Business users hate reports that are slow. Ultimately, if they do not like the system, then they will not use it - even if they find it easier to navigate. 

              In contrast, you can meet business needs, such as adding or refactoring attributes in your model easily if you use dimensional modeling. In addition, dimensions are very cheap to manage computationally, so it is possible to add many attributes to meet the business needs. Data Vault augments support the process by offering proper auditing and data governance as part of an overall architecture. It is better to use a dimensional structure with Power BI, such as a star schema model, to help improve performance. These advantages can help smooth the production of an enterprise solution that gives AI as part of an overall data strategy.

              To pull off these concepts together, let’s go through an example of using Power BI to create a simple data model that reduces redundancy while structuring the data in a way that is useful for Power BI. 

            

          

          
            Power BI Flat File Structure vs Dimensional Model Structure

            Let’s take a look at Power BI with a flat-file structure vs a very small star schema. Using the World Data Bank example data from the previous chapter, we could see that the data is all contained in one table. What happens when we try to break the wide table into smaller chunks?

            Let’s reimport the data from the World Data Bank as detailed in the previous chapter: 

            
              	
                Download the file as an Excel format

              

              	
                Open Power BI Desktop and select the Get Data button. Navigate to the Excel file of World Data Bank data.

              

            

            In the Power BI Navigator window, select the tab called Metadata - Countries. Here is an example of the Navigator with the tab selected:

            
              
              

            

            Then, select the Transform Data button right-hand side of the Navigator. The Power BI Desktop will appear as follows:

            
              
              

            

            On the Home Tab, select the option called Use First Row as Headers and the first row of data will be promoted to become the Header of each column. On the right side of Power Query, you will see the Query Settings:

            
              
              

            

            The Region column contains null data. In our scenario, we would like to replace the null Region data with the data in the TableName column. To do this, navigate to the Add Column tab and select the button Conditional Column to create a new column called Full Region Name. For reference, this image shows an example of the screen in Power Query:

            
              
              

            

            Now, we can populate the Add Conditional Column screen as shown next: 

            
              	
                In the New Column Name field, type Full Region Name

              

              	
                In the IF clause dropdown, select the Region column name. 

              

              	
                In the Operator clause dropdown, select the option equals

              

              	
                Next to the Value textbox, ensure that the Text option is selected. As you can see from the image, it has ABC123 on the label box. 

              

              	
                Type null in the Value field

              

              	
                In the Output dropdown, select the option Select a column and then choose the column name TableName.

              

            

            In the next step, we want to instruct Power Bi to use the Region Name by default. In other words, if it finds a null in the Region box, it will return the TableName. If it does not find a null, then the default position is to return the content of the Region column. 

            To create this part of the rule, we move on to the Else clause. In the Else dropdown, select the option Select a column and then choose the column name Region. 

            Once the steps are completed, click the OK button:

            
              
              

            

            To test the Conditional Rule, you can select the Region header and drag it to the right-hand side so that it is next to the TableName column. The new calculated column called Full Region Name will display the results. You can see that some of the Regions are displayed as null in the Region column, but the Full Region Name contains the Region name if it is present in the Region column. The new column displays the data in the TableName field if the original data is simply null:

            
              
              

            

            Now, let’s remove the original Region column. Don’t panic! The column Full Region Name will still continue to store the original Region name. To remove the column, right-click on it and select the Remove option:

            
              
              

            

            Now, let’s rename the column TableName to something more meaningful. Since this column contains a mix of country and region information, we will call it Country / Region so that it is clear to the Power BI user. To rename the column, right-click on the column called TableName and select the Rename option. Here is how the screen will look:

            
              
              

            

            When you click the Rename option, the Header will change at the top of the screen. Type in Country / Region and then select the Enter button. The column will now appear as shown here:

            
              
              

            

            We can also repeat this exercise for the IncomeGroup column. If you examine the IncomeGroup column, you will see that some of the rows are set to null; these are the same summary groupings that were handled in the last part of the exercise. In this example, we will set up a new column called Income Group - note the space in the name! It will be easier for Power BI users to read. The new Income Group column will display the IncomeGroup information if it is present, or display the Full Region Name if it is not present in the data. 

            To do this, navigate to the Add Column tab item and click on the button Conditional Column. To proceed, enter the details to create a new column that will display the original Income Group data if it is present, or the Full Region Name if the data is missing from the Income Group column:

            
              
              

            

            Once the new Conditional Column is created, it will appear in the Power Query client as follows. In this example, the columns have been moved so that it is easier to compare. You can see that the null rows in the IncomeGroup column have the Full Region Name inserted into the Income Group column:

            
              
              

            

            As before, we can remove the old IncomeGroup column by right-clicking on the column and selecting the Remove option. 

            To tidy up the table and make it more streamlined, we can remove the SpecialNotes column in the same way. In Power BI, the large data table now appears as follows in Power Query:

            
              
              

            

            Now, we can add an index to this table. This will help us to do a lookup at a later point, and it will also help the Power BI Desktop file to stay as compressed as possible since we will be working with integers rather than lots of repeated text. To add an index to the table, go to the Add Column tab:

            
              
              

            

            The new Index column will appear at the right-hand side of the Power Query interface, so you can drag it from its location to the left-hand side of the interface:

            
              
              

            

            Then, we can commit the changes to the Power BI desktop file by clicking on the Close and Apply button on the Home tab, and then selecting Close and Apply:

            
              
              

            

            Once you have completed this option, you will be taken to the Power BI Desktop to save the file.

            You can now check on the file size by right-clicking on the file in Windows Explorer and selecting the properties option. In the General tab, about halfway down, the file size can be seen:

            
              
              

            

            Now, we can add in the rest of the Life Expectancy data again. This time, we will simply load in the data and replace the Country information with the corresponding Index number. For example, we will simply replace the Country Name and the Country Code columns with the Index column in the previous load. This will save some file space because it will prevent the need to store repeating information, thereby saving space. There is less data for Power BI to traverse when it is searching, sorting, and filtering, for example, thereby optimizing the performance of Power BI. Users want their results - fast - so we need to take advantage of Power BI’s inbuilt performance mechanisms to return results quickly to users.

            To reuse the same source again, go to the Home tab and select the Recent Sources option. You may well find that the Excel file is already there, so you can select the file and then click OK to re-import it again:

            
              
              

            

            Let’s remove the top unnecessary rows by navigating to the Home tab and using the Remove Rows option to select the top 2 rows.

            We can then make the data clearer by using the correct column headers. To do this, in the Home tab, select the option Use First Row as Headers. 

            As in the earlier examples, remove the unnecessary columns Indicator Name and Indicator Code by right-clicking on these columns and selecting the Remove option.

            As demonstrated previously, rename the Attribute column to Year by right-clicking on the column and selecting the Rename option. 

            Rename the Value column to Average Life Expectancy by right-clicking on the column and selecting the Rename option. 

             We can then merge the Data query and the Countries query together using the Merge option in Power Query. This will change the new Data query so that it produces a table that uses the Index key to match the Countries information with the life expectancy data. We can then remove any surplus data to produce a streamlined data model that will support Power BI. Let’s get started by using the Merge Queries button in the Home tab in the Power Query Editor:

            
              Click on the Merge Queries button and the Merge editor will appear:

              
              

            

            The purpose here is to match the Data table with the Countries table using the Country Code. Power BI will automatically try to work out relationships in the data by itself, using the column name. In this case, this automatic feature works well. However, you may find that it does not work for you, so let’s walk through how we would accomplish merging the Data table with the Countries table using the Merge editor.

            Selecting on the Data table, select the Country Code column. In the Countries query result, select the Country Code column. In our example, we will use a Full Outer which will return all rows from both tables. Click the OK button and this will create additional steps to merge the queries together. The steps are visible in the Query Settings on the right-hand side of the Power Query editor:

            
              
              

            

            The Merge activity results in the Countries data appearing in a table format. In the interface, it is denoted by a yellow Table link in each cell. In the next step, we will choose which column we would like to include in the Data table. In this example, we will use the Index column so that we have one simple column to connect the two tables, rather than have duplicate data in both tables. 

            To include the Index column, select the icon at the right-hand side of the Countries column. The list of columns appears, and we want to select the Index column and then click the OK button:

            
              
              

            

            You will be able to see that the Applied Steps panel displays the steps that have just been created. 

            Let’s go back into Power Query editor and tidy up the data model. One recommended practice is to keep the Index columns at the left-hand side of each table so they can be found easily and consistently throughout the data model. To move the Index columns to the left-hand side of the table, you can right-click on the column and select the Move option and then select the To Beginning option: 

            
              
              

            

            We can then unpivot the Average Life Expectancy data in the Data query by selecting the columns that relate to years from 1960 onwards and then selecting the Unpivot columns option:

            
              
              

            

            Now we can rename the Attribute column so that it becomes the Year column.

            The Value column can then be renamed to become the Average Life Expectancy column. 

            The Power Query editor for the Data query is shown here:

            
              
              

            

            Once the relationship is in place, we can now remove the Country Name and Country Code columns by selecting them, and then right-clicking on the columns to choose the Remove Columns option:

            
              
              

            

            We can see that there are only three columns of data now. Power BI can use the relationship between the tables as a lookup to retrieve the Country Code or Country Name information as required:

            
              
              

            

            
              And here:
            

            
              
              

            

            To commit the change to Power BI, choose the Close and Apply button.

            We can then check that the data model relationships are set up properly. To do this, navigate to the Model canvas in Power BI. It can be reached by clicking the Model button on the left-hand side of the Power BI Desktop, and it is the third button in the vertical pane at the very left-most side of the screen:

            
              
              

            

            In the Model pane, we can double-check the relationship between Data and the Countries tables so that it uses the index rather than the country code for matching up rows. Power BI, like many computer-based solutions and technologies, will match data more quickly if it is joined by numbers rather than text. To make the change, click on the Manage Relationships button on the Home tab to view the relationships. You will see that the Index columns are related to one another:

            
              
              

            

            Now that the data is in place, we can create visualizations using the data in the streamlined data model. When the Power BI developer clicks on a field in the Data table, Power BI can use the relationship as a lookup in order to retrieve the correct data. 

            The Year column will need to be changed from Text to an Integer so that the Year data is correctly sorted. To do this, go to the Data tab on the left-hand side of the Power BI Desktop. Select the Year column and go to the Column Tools tab:

            
              
              

            

            In the Data Type dropdown options, select the option Whole Number. 

            A warning dialog box appears, but you can click OK to proceed. We do want to change the data type:

            
              
              

            

            When we click OK, the data type and the format will be updated to reflect the change:

            
              
              

            

            In the Fields pane on the right hand side of Power BI Desktop, the Year column will now have a sigma sign next to it, indicating that it is now a number:

            
              Now, the hard work is over. Let’s get to the fun part - creating the report! 

              Navigate to the Report tab in the Power BI Desktop. Go to the Visualizations pane and select the Line Chart option:

              
              

            

            The Visualization pane should be set up as follows:

            
              	
                Put Year in the Axis slot

              

              	
                Put Income Group in the Legend slot

              

              	
                Put Average Life Expectancy in the Values slot

              

            

            By default, Power BI will ‘sum’ all of the averages. For our purposes, we need the average of the averages, rather than the sum. To change the Average Life Expectancy to show an average for each country, choose the dropdown option on the Values and select the Average button:

            
              
              

            

            Next, we will filter the Income Groups so that the data only shows High Income, Low Income and Medium Income data. To do this, click on the line chart first and then drag the Income Group field to the Filters on this visual section of the Filters pane:

            
              
              

            

            To add some polish, let’s add in a title. To do this, click on the Line Chart in the Power BI canvas and navigate to the Visualizations pane. Select the Format visual option, Next, go to the General tab where you will find the Title pane. In the Text field, enter the text ‘Average Life Expectancy by Year and Income Group’. To make the title font larger, select 28 from the Font size area:

            
              
              

            

            The final Power BI Desktop report appears in the canvas:

            
              
              

            

            What did we learn from this demonstration?

            We learned that Power BI can ingest data in various formats, and we determined the importance of a data model in providing a good foundation for further data analysis and data visualization. 

            In Power BI, like most technologies, it takes some work to get the data model right. This effort involves a skill that is not always required in working with other technologies; data visualization and data modeling require empathy. 

            Empathy in business intelligence, AI, and Data Science is about humanizing data. It brings business insights to life, helping you to serve the users, and ultimately, your customer better. It is more than simply data or pieces of information. Empathy is about putting oneself in someone else’s shoes to search for useful insights and business-friendly processes that make it easier for other people to confidently make their business decisions.

            The data model is created with the user in mind, regardless of the methodology that you choose. It makes the data easier to understand, purposeful, and relatable, making it easier to adapt in an agile, dynamic, and fluid business environment. A good data model serves as a catalyst for helping your business to become truly data-driven and helps your organization to ensure that the data works for them and their customers.

            
              Summary

              In this chapter we took a journey through data modeling and its impact on AI as well as on Power BI. We learned of ways to gather requirements using BEAM requirements capture. We also looked at the Analytics Centre of Competence as a way of working through the ‘people’ issues of becoming insights-inspired as well as data-driven to improve business decisions. 

              Data modeling is a timeless skill that will lift up your data expertise in a technology-agnostic way. We have worked through a simple example that demonstrates a small data model with the result of enriching a small dataset with streamlined, easy-to-understand data. 
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Chapter 3. Blueprint for AI in the Enterprise



A Note for Early Release Readers


With Early Release ebooks, you get books in their earliest form—the authors’ raw and unedited content as they write—so you can take advantage of these technologies long before the official release of these titles.


This will be the 3rd chapter of the final book. Please note that the GitHub repo will be made active later on.


If you have comments about how we might improve the content and/or examples in this book, or if you notice missing material within this chapter, please reach out to the editor at arufino@oreilly.com.




Stephen Hawking commented once that each equation in ‘A Brief History of Time’ (1988) would ‘halve the sales', because it would make the book much more difficult to understand. The opposite could be said about the aim of a data strategy.



What Is a Data Strategy?


One way of thinking about a data strategy is to consider what it gives the organization. At a high level, it provides a strategy to determine how the business will obtain value from its data. There are several ways a business can think about value, so there is no clear answer for the business.


The business mission and vision statements should tell you about the organization’s priorities. The vision statement tells you the why of the business and its future plans; why does it exist? The mission statement tells you how the business will achieve its vision and is focused on the current state of the business.


The data strategy will help set a roadmap to help the organization to make their data work, from source to result, to help the business decision-makers reach optimal decisions. The data strategy should fit with the business vision and mission statement. It will need to be revised if it does not fit the business strategy. It may be tempting to copy and paste a data strategy from one organization to another. However, a data strategy is not a ‘one size fits all’ solution.


The business can start with an area of focus that fits in with the business vision and mission statements. Often, this initiative can start with an area of specific interest to the business. For example, the business could be interested in cost reduction, meeting an unexpected challenge, or increasing customer satisfaction.


Once the data strategy is in place, the business can consider an optimal Business Intelligence (BI) solution to deliver the data strategy. The business intelligence and artificial intelligence technology solution blend strategy and technology and should serve the overall business vision. The technology should fit with the mission, helping the business to reach its goals. There may be different technologies as the data progresses, from data ingestion to visualization. The technology can support the overall business vision by providing information and analytics to support decision-making, to help the business control and predict the future so they can plan for it.


Often, it is tempting to jam as many charts on a dashboard as possible. The current author was asked to put 200 different components onto a single dashboard; quite a singular feat if it could be delivered sensibly! However, the emphasis should be on helping the decision-makers get insights from the data without much work. The purpose has to be clear and in line with the business strategy, or the customer will get confused. We want to reduce unnecessary items and clutter interfering with the chart consumers’ ability to understand the data. We want to reduce the cognitive load on the chart consumer by making the chart easier and simpler to understand.


The purpose of a BI solution is to make everything as straightforward as possible for the information consumer; if the users don’t like it, then they won’t use the solution, and ultimately, the lack of user adoption will fail. It is crucial to put user-friendliness as a key success criterion of any project that involves data, regardless of whether it is Artificial Intelligence or Business Intelligence. The business-driven perspective provides centralized guardrails and policies in place to serve up data to the end user. The ‘success criteria’ is whether the business will adopt our design solution. Users need to be front and center of the solution.


How can we try to make data more user-friendly? Enter AI. There is a range of AI and ML capabilities available in Power BI. There are plenty of useful Power BI integrations with AI capabilities for end-users and data scientists. In this chapter, we will look at some key Power BI features that use Artificial Intelligence, such as the Key Influencers feature and the Decomposition Tree, to demonstrate how people can discover new insights and inform their decision-making with easy-to-use artificial intelligence visuals. As a result, we can now bring AI into traditional BI use cases, powering up our abilities to make our data work for everyone in the organization.


New AI features are continually added, so Power BI is constantly evolving. This chapter aims to provide a comprehensive overview of AI and ML capabilities available across the Power BI platform. This chapter assumes no previous experience with AI so that we will focus primarily on features developed with the analyst and end-user in mind. Now that AI is included as part of Power BI, it is clear that it is much more than simply a data visualization tool. Power BI is a mature, modern enterprise business intelligence platform built for everyone in the enterprise who touches data, from the inexperienced end-user to the seasoned data scientist. To get started, let’s focus on an overview of the specific areas of the platform where AI resides.





Artificial Intelligence in Power BI Data Visualization


Visualisations should honor and enhance the data. The objective is to make the data easy to understand, and AI can help to take this a step further by reducing cognitive load while helping the data to ‘pop’ for the user in a meaningful way. After all, if the visualization bores people, you are showing the wrong data. Developing an Artificial Intelligence solution includes data exploration and visualization before feature selection and building models. It is crucial to understand the data before working with it.


Visualisations should encourage exploration by providing rich visual feedback. In Power BI, we can use visuals to easily interpret and analyze our data. AI features already exist in Power BI default visuals, such as bar and column charts. AI can also help to deliver practical, meaningful data visualization by highlighting the data and adding supporting elements such as helpful explainers to provide context.


Data is more than a by-product of an activity or process. Data can be used as part of a process of continuous transformation to improve, inspire, and implement positive data-driven advancement and research. The purpose is to create centralized expertise disseminated throughout the organization to produce decentralized expertise in data.


Understanding analytics will mean evolving an understanding of data, analytics, and digital transformation. Data validates the digital future, and organizations associate their data with having value. Being data-driven is not enough; the value of data is determined by how it can be used to create new sources of value. Artificial intelligence is part of the process of deriving value from the data. In this section, we will discuss some examples of how Power BI and AI can work together. It’s an exciting area, and there will be further developments as time goes on.



The Power BI Decomposition Tree


The Decomposition Tree is a fantastic AI visualization that is very interactive and intuitive and aimed at the ad-hoc exploratory analysis of your data. The Decomposition Tree can be used to perform root-cause analysis, which is optimized by the AI functionality to help enhance your understanding of the dataset.


The end-user does not need to do any coding to use the Decomposition Tree visual. All the user needs to do is drag and drop their dimensions to the interface. If the user wants to drill into one of the dimensions, the user can choose to display the High value option or the Low Value option. When the user selects one of these options, this instruction directs the visual to perform an AI split. This is a heuristic that will identify the next field to drill into. Power BI will display the highest or lowest value depending on the user selection.


Here is an example of the Decomposition Tree (Figure 3-1). It uses the workbook from the previous chapter and is based on the World Data Bank life expectancy data. It shows the maximum Average Life Expectancy broken down by the Year and then further broken down by Income Group.


[image: Add a legend here]
Figure 3-1. Decomposition tree




To recreate the Decomposition Tree, you can take a copy of the Chapter 2 Power BI workbook and set up the canvas using the following properties in the Visualization panel (Figure 3-2).


[image: Add a legend here.]
Figure 3-2. Visualization panel




For reference, the fields used to generate the Decomposition Tree are set out below in the Fields pane (Figure 3-3).


[image: Add a legend here.]
Figure 3-3. Fields panel




It is very straightforward to create a Decomposition Tree in Power BI, and it’s a very powerful visualization option in Power BI to understand the data better. It uses AI under the bonnet in order to help analyze the data in a way that is easy to understand for the user.





Power BI Key Influencer Visuals


Key Influencers is a popular AI visualization in Power BI which is very useful when you want to understand the drivers behind a condition or metric. Let’s take a look at a simple example using the World Data Bank and the workbook from the previous chapter (Figure 3-4).


[image: Add a legend here]
Figure 3-4. Key Influencers




To recreate this Key Influencer, you can take a copy of the Chapter 2 Power BI workbook and set up the Key Influencer in the Power BI canvas using the properties in the Visualization panel (Figure 3-5).


[image: Include a legend.]
Figure 3-5. Completed Visualization panel




For reference, the fields used to generate the Key Influencer visualization are configured as below in the Fields pane (Figure 3-6).


[image: Legend to be filled out here.]
Figure 3-6. Completed Fields panel




In this example, it is clear to see that the Income Group is a driver of the Average Life Expectancy. It is laid out very simply, and it is easy to underestimate the power that it can give you to help you to understand the data. As in the case of the Decomposition Tree, it also uses AI to help break down the dimensions to help explain the data. The simplicity of the visualization means that the user finds it very intuitive to understand.





Q&A Visual


In the 2002 film Minority Report, the actor, Tom Cruise, interacts with data on a glass screen by simply swishing his fingers around in the air to get to the data that he wants to see. While it is not as easy to interact with our data as imaginatively as that yet, the Q&A functionality allows us to create a visual in Power BI reports that responds to natural language requests for data via the Power BI service. This is an enhancement for business users who will be able to use your report as a basis to ask their own questions. Furthermore, the business user can turn the Q&A result into a standard Power BI visual by clicking on the icon in the upper right-hand corner. Here is an example of the Q&A visual in Power BI using the World Data Bank dataset (Figure 3-7).


[image: Add a legend here.]
Figure 3-7. Q&A panel




The Q&A has offered some nice suggestions to help us start with our analysis. For example, if we select the option maximum average life expectancy then we receive the following result (Figure 3-8):


[image: Add a legend here.]
Figure 3-8. Q&A result




Even better, we can even use this feature to create a visual for us. By clicking the option at the top right-hand side of the Power BI canvas, we can add it to the canvas to create a visual. The resulting visual is the same as if we had created a card by ourselves (Figure 3-9).


[image: Legend to be added.]
Figure 3-9. Turning the Q&A result into a standard visual




The Power BI service also includes the Q&A Tooling interface that allows you to review questions asked by the users so that it becomes more user-friendly and customized to the business environment. This feature will help you to add synonyms and translations to help the Q&A functionality to become more accurate.







Insights Using AI


Have you ever seen a really busy pie chart where your eyes have to bounce back and forth between the legend and the actual pie chart so you can understand the data? We have all seen an extremely cluttered graph or chart at some point, and it can be very difficult for people to understand it without careful consideration. This issue is known as cognitive load, and it means that it takes significant effort for the viewer to understand the chart or graph. It is possible to use AI and good data visualization techniques in order to make the data more digestible for the users, leveraging the abilities of the human visual perception system in addition to alleviating cognitive effort to understand the chart.


In Business Intelligence, we aim to reduce the cognitive load as much as possible. If we can make the data easy to understand, then it helps user adoption and reduces the likelihood of people making errors in their calculations. In the case of Power BI, it is recommended to get Power BI to do the heavy lifting of the analytics work. This helps the report viewers because they don’t have to go through the process of working out the numbers for themselves, adding cognitive load to the process of understanding the data.



Using AI to Reduce Cognitive Load


The Increase/Decrease feature is one way that we can reduce cognitive load. Power BI developers can create visualizations to help users to understand the reasons why differences in Power BI numbers can appear. Power BI can also identify and explain the increase or decrease between two data points, helping to reduce cognitive load for the people consuming the Power BI dashboards and reports. Let’s say, for example, you notice a large increase in sales after the pandemic years. Rather than performing an analysis manually to explain the increase in sales, say, in Excel using Excel formulae, Power BI can perform that analysis for you!


Often, we need to do something more advanced when we want to analyze data more deeply. For instance, you may need to analyze datasets where the data distribution is different from the original analysis conducted on the data, for example, in the scenario of data drift. You may have the objective of identifying sub-populations in datasets that have changed over time, or you may be interested to understand better where the data distribution would be the same or different for different dimensions. To resolve situations like this one, you can use the Insights feature in Power BI to help you to look at the data more deeply. Using Power BI Desktop, the report developer can investigate where distribution is different in the dataset. The user achieves this analysis by right-clicking on a data point, selecting the Analyze option, and then selecting the Find option. Power BI will then show where this distribution is different, and results are displayed in a window to help you to understand the data more deeply (Figure 3-10).


[image: Figure legend goes here.]
Figure 3-10. Key Influencers Panel




Now that we have seen the power of the Artificial Intelligence features in Power BI, let’s take a look at AI implementations that we can use in our Power BI reports and visualizations.







Automated Machine Learning (AutoML) in Power BI


Warning

Please note that the features discussed here are only available in specific editions of Power BI. Power BI is leveraging Azure services, such as Azure Machine Learning and Azure Cognitive Services, to use the AI workload enabled within your capacity. The Power BI subscription cost includes the use of these items. Since Microsoft licensing is a whole subject unto itself, it is recommended that the reader double-check the Microsoft website for accurate and up-to-date licensing details in their geographical location.




Power BI invokes AutoML to create, train and call machine learning models. You can consider this facility a low-code/no-code technology, meaning you don’t have to worry about being an experienced data scientist to use it. Instead, you are more concerned with the resulting model and using it to make valuable predictions while also being aware of validating the models’ accuracy.


AutoML supports Binary Prediction, General Classification, and Regression models, and you can use these model types in Power BI (Figure 3-11). However, it can sometimes be hard for people to get started with their data. This option allows a data analyst to prototype functionality in Power BI in preparation for further, more advanced work by a data scientist.


[image: You create ML models within a Power BI dataflow. The model is fully developed within Power BI.]
Figure 3-11. You create ML models within a Power BI dataflow. The model is fully developed within Power BI.





Cognitive Services


We can enrich our dataset with prebuilt-AI functions from Cognitive Services within Power Query (Figure 3-12). The currently available functions are straightforward and can provide relevant insights. Now, we can access these functions in Power Query within Power BI Desktop. But, again, you’ll need an account with access to a Power BI Premium capacity to use this option.


[image: The  AI Transforms  section in the Power Query ribbon within Power BI Desktop. ]
Figure 3-12. The “AI Transforms” section in the Power Query ribbon within Power BI Desktop.




A great use case for these functions is to perform text analytics. You’ll have a lot of fun with this technology later in the book in Chapter 5. In the meantime, some examples include leveraging functions that enable sentiment scoring and key phrase extraction on text data, such as product reviews and comments, and social media commentary.





Data Modeling


We covered Data Modeling in the previous chapter. A flexible, scalable data model allows users to create dashboards and reports. It also offers the foundation for using the data with Artificial Intelligence. Here are some practical features that use a solid data model foundation.



Q&A


The Q&A functionality is short for ‘question and answer.’ It allows users to ask natural language questions in Power BI, which will then use the data model to produce results in reports and dashboards.





Quick Insights


Quick Insights is a very straightforward AI feature to leverage in Power BI. It involves clicking on your dataset and selecting the “Get quick insights” option in Power BI Desktop. Behind the scenes, Power BI will run various algorithms to identify trends in your data using the data model to help this process. Once Power BI has completed the Quick Insights process, you can click on the “View Insights” option. Some of the results may be very interesting! If so, you can decide if you want to keep any resulting visuals by pinning them to a dashboard.


Evaluation metrics are crucial to understanding how your classification model performs when applied to a test dataset.









Real-World Problem-Solving with Data


Artificial Intelligence helps businesses to automate tasks. To do this, Artificial Intelligence turns data into models. The algorithm what turns data into models. You can view a model as a recipe to support the automation process. The data serves as examples to help the algorithm work out the recipe.


There are a variety of models that we can use with Power BI. Businesses want to serve customers better through better insights and predictions using their data. Artificial Intelligence has become a valuable tool in helping companies make their data work for their business, but many businesses need to learn how to get started. One way to make a start is to obtain insights from these models through data visualization. Then, your reports, dashboards, and other analytics can help disseminate these insights to the business users who need them the most. You’ll be pleased to know that Power BI now makes it straightforward to incorporate the insights from models hosted on Azure Machine Learning, also known as AzureML. In addition, it involves point-and-click gestures in an authentic low-code / no-code manner. When invoking the Azure ML model, Power BI will automatically batch the access requests for a set of rows so that the AzureML model does not perform poorly due to processing large amounts of data all at once. This functionality will help to achieve better performance. At the time of writing, this AzureML functionality is currently only supported for Power BI dataflows and Power Query online in the Power BI service.


Access to the Azure ML model is provided via the Azure portal. As long as the Power BI user has the appropriate access, Power Query locates all the Azure ML models and reveals them as dynamic Power Query functions. Then, using the Power Query editor ribbon or the M function, the Power BI user can use those functions if they are any other in-built functions.


Table 3-1 discusses the main model types using the Power BI terminology.



	Table 3-1.  
	
		
				Model
				Objective
		

	
	
		
				Binary Prediction
				In Power BI, binary prediction is a supervised learning algorithm that categorizes new observations into one of two classes.
		

		
				Classification
				Classification categorizes the data depending on its similarities.
		

		
				Regression
				Regression predicts a numeric value.
		

	




Binary Prediction


Although Power BI calls these Binary Prediction models, they are known as binary classification models by statisticians and data scientists. We will use Binary Prediction throughout the book to keep with the Power BI interface. Furthermore, since data science is multi-disciplinary, it can be known by various names, such as logistic regression or binary classification.


Binary classification, at its simplest, is about sorting things into exactly two pots. However, if you need to sort instances into more than two pots, this is known as multiclass classification - which is a bit of a mouthful! The models are used to organize a dataset into two distinct groups. The models predict possibilities that can have a binary outcome.



What is binary classification?


Binary classification is as simple as saying, ‘this item belongs to this group or that group.’ Defined more formally, classification is a supervised learning algorithm that categorizes new observations into one of two classes; hence, binary. We use this algorithm to identify which class something belongs to; we use a range of metrics to help us articulate the results clearly. For binary classification, standard metrics include accuracy, precision, recall, and f-score. Together, these metrics form a picture of how the classification model performs. Note that it is important not to examine a single metric in isolation from the others. This tactic is often the case when the data is imbalanced.


It may be challenging to understand some of the terminologies when looking to understand the efficiency of your Azure ML binary classification model. However, it can sometimes be challenging to understand the results we get. In this section, we will look at some of the terminology used to help you understand your classification results. This will help you when you are evaluating your AzureML model.



Confusion matrix


The confusion matrix helps understand how well the model predicts classes. The confusion matrix provides a tabular summary of the actual and predicted class labels. The potential results are as follows:



		
	True positive: the number of times a model predicts true when it is actually true

	

		
	True negative: the number of times a model predicts false when it is actually false

	

		
	False negative: the number of times a model predicts false when it is actually true

	

		
	False positive: the number of times a model predicts true when it is actually false

	




This is a simple explanation of classification. It becomes harder to understand correctly when many classes are involved.





Accuracy


The overall classification accuracy is a crucial metric for helping to understand how well the classification model performs. Accuracy is defined as the fraction of instances that are classified correctly.





Per-class Precision, Recall, and F-1


The precision, recall, and the F-1 score metrics are instrumental in helping to understand accuracy.


Using accuracy on its own could be deceiving. Looking at the metrics together is essential, especially when the class labels are not distributed uniformly. For example, if the situation exists where many of the instances belong to one class, then the algorithm could predict the dominant class most of the time. Here, it could acquire high overall accuracy for the dominant class but may not achieve high accuracy for classes that appear less often.


Precision is the fraction of correct predictions for a specific class. In contrast, recall is the fraction of class instances that were forecasted accurately. These metrics, taken together, form the F-1 score, which is the harmonic mean (or a weighted average) of precision and recall. The weighted average takes class imbalance into account by finding a weighted average.


In cases where there is an unbalanced dataset, it could reach very low precision or recall for other, less prevalent classes.


The metrics are judged by how they notice an apparent trade-off between the precision and recall metrics. For example, when a classifier attempts to predict one class, it will achieve a high recall where most of the instances of the class will be identified. However, the classifier may mispredict examples of other classes, resulting in a lower precision. Therefore, the F-score is also provided with precision and recall to help provide the context.





Macro-averaged Metrics


Macro average is concerned with aggregations or totals and gives equal weight to each class. The per-class metrics can be averaged over all the classes, resulting in macro-averaged precision, recall, and F-1. This calculation would involve taking the mean of precision, mean of recall, and mean of F1 over all the classes.





One versus All


Combining minority classes may be appropriate for some multi-class problems. Suppose you are in a situation where instances are not uniformly distributed over the classes. In that case, looking at the classifier’s performance for one class at a time is helpful before averaging the metrics. For example, let’s take the point where you have a positive class, and the combination of all the other classes constitutes a negative class. In a way, consider this problem to be three separate binary classification tasks. In this example, you could compute the one-vs-all confusion matrix for each class as a first step. Then, consider conducting the macro averaged metrics phase. Together, this will provide helpful information regarding the classifier’s performance.





Average Accuracy


The average accuracy is the fraction of correctly classified instances in the sum of one-versus-all matrices. This metric is similar to the calculation of the overall accuracy.





Micro-averaged Metrics


If you have classes with many instances, then the micro-averaged metrics can be beneficial. Micro average is concerned with studying individual classes and assigning equal weight to each sample. For example, if we have the same number of instances for each class, both macro and micro will provide the same score.


The micro-averaged precision, recall, and F-1 can also be computed from the matrix above. Now, because the sum of the one-vs-all matrices is a symmetric matrix, the micro-averaged precision, recall, and F-1 will be the same.





Evaluation of Highly Imbalanced Datasets


Sometimes, your standard evaluation metrics suggest a model performs inadequately, possibly because data is not representative of all classes. Nonetheless, the predictions can add considerable value to your business. For example, if a model demonstrates a bias towards the majority class, the performance comparable to the less frequently occurring class labels is ostensibly unacceptable. So how can you move forward? One suggestion is that you compare them to those of baseline classifiers, revealing that they are better than random chance predictions.





Majority class metrics


Here, we calculate precision for all classes individually and then average them. Down-sampling involves randomly removing observations from the majority class to prevent its signal from dominating the classifier model. When a class dominates a dataset, the classifier will predict the majority class for all instances in the test set. In addition, the classifier will predict labels correctly in most cases, demonstrating high overall accuracy.


If high accuracy is your sole objective, then a naive majority-class model may perform better than a learned model.





Random-guess Metrics


What if the classifier can’t learn anything? We could say that this is random - basically, a lucky guess! Another baseline classifier predicts labels randomly, and no learning takes place. It helps evaluate models to understand if the results were better than chance.


If you were to make a random guess and predict any possible labels, the expected overall accuracy and recall for all classes would be the same as the probability of picking a specific class. The expected precision would be the same as the probability that a selected label is correct.









Classification


Binary classification refers to predicting one of two classes. On the other hand, multi-class classification involves predicting one of more than two classes. In the Power BI interface, multi-class classification is termed classification. Again, in line with the Power BI terminology, we will use classification to mean multi-class classification.


Being open-minded about what the data tells you is essential in a data-driven organization. Even if it makes you uncomfortable, it is worth discovering any expected surprises before you investigate further. In business, we spend a lot of time classifying every day and don’t think about it. As knowledge workers, we might classify our customers based on their characteristics. For example, if the customer characteristics show that they use Facebook but not Twitter and are within a particular age group, what customer group do they belong to? Classification is a great way to get started in understanding our data. You never know what might pop out of a classification investigation!


Classification categorizes the data depending on its similarities. In other words, if examples are similar to one another, then they are grouped. The foremost goal of classification is to correctly predict the target class for each example in the data. Classification is used when the data is categorical. The classification technique categorizes the data, depending on its similarities, and identifies the class. In the case of classification, the accuracy relies on encountering the class label accurately. The model used to classify the unknown value is known as a classifier. Let’s look at how a classification might work from a conceptual angle (Figure 3-13).


[image: Add a legend here]
Figure 3-13. Conceptual diagram of a classification model




A classification model could find patterns in the data so that the item is organized as belonging to the set on the pale background on the left-hand side, or it could belong on the right.


Multi-class classification is an excellent way of understanding your data better. How well can you evaluate your AzureML model, however? First, it’s good to know that AzureML prepares the data for you, making the output easier to understand. AutoML runs the input data through stratified sampling for classification models. The data preparation approach means that AzureML will balance the classes to ensure that all row counts are equal for all classes.


As in the case of the Binary Prediction model, the output of an AzureML Classification model is a probability score. The score identifies the likelihood that a row will achieve the criteria for a given class.


Since binary classification and classification come from the same family of algorithms, for our purposes, the metrics used to measure the efficiency of the models are the same in Power BI. As a summary, here are the Classification metrics for use with the Classification models in Power BI. The following metrics are useful when evaluating binary classification models.



		
	Accuracy measures the goodness of a classification model as the proportion of true results to total cases.

	

		
	Precision is the proportion of true results, given over all positive results.

	

		
	Recall is the correctly retrieved instances expressed as a fraction of all the instances.

	

		
	F1 score is calculated as the weighted average of precision and recall. It is expressed as a probability between 0 and 1. The perfect F1 score value is 1.

	

		
	The ‘area under curve’ (AUC) measures the area under the curve plotted with true positives on the y-axis and false positives on the x-axis. This metric is helpful because it provides a single number, allowing you to compare models of different types easily.

	







Regression


What are businesses hoping to achieve with regression? Regression is an excellent place to start if you are trying to solve a business question that helps predict probabilities or scoring.


The primary purpose is to create a model we can use on future data. The output is a set of scores. In addition, it produces an equation that defines the relationship between the thing we are trying to predict and the variables that might go towards predicting this number. In other words, the relationship between several predictor variables and the response variable.


Regression is about creating a model using data that gets as close to the data as possible. It contrasts with classification, which focuses on separating data into classes. Prediction focuses on finding a pattern through the data points; classification weaves its way between them.


As an example, estimate the probability that a given customer earns above or below fifty thousand dollars. Let’s say the customer made $40K a year, and the predicted value was $42K per year;the difference between the model’s expected value and the actual true value. The residuals are the difference between the actual values of the variable you’re predicting and predicted values from your regression, which would be expressed as y - ŷ.


Figure 3-14 illustrates a conceptual example of how a line of best fit might look:


[image: Add a legend here]
Figure 3-14. Conceptual line of best fit




People frequently utilize classifiers instead of risk prediction models in AI and data science. Unfortunately, this means that people can mislabel prediction as a classification method. Depending on the previous data, we need to predict the missing data for a new observation.


In AzureML, the output of a Regression model is the predicted value. This output contrasts the Binary Prediction and Classification models described earlier, which produce a probability score as an output. So, for example, if you were predicting someone’s yearly salary in dollars, the predicted output would be a predicted yearly salary amount in dollars.


In an ideal world, the residuals will look like a normal distribution when the data is plotted on a chart in Power BI. So, a good model will hit the bullseye sometimes, but we can expect it to miss occasionally. If it doesn’t hit the bullseye, then we can hope it is missing the mark in all areas equally.


In statistics and data science, we call this the Coefficient of Determination, sometimes known as R squared. This figure represents how well the model fits the data. In other words, it tells us the proportion of the variation explained by the model. If it is a perfect fit, then the coefficient of determination is 1. Error is the proportion of the variation that the model does not explain. You can see the error as the difference between the predicted value and the actual value. The error is calculated by capturing the total magnitude of the error across all instances. We use squared as the difference between the predicted and true value, as the value could be negative.


Another helpful measure is the Root Mean Square Deviation, also known as the Root Mean Square Error. If we take the square root of the Mean Square Error, then we get the Root Mean Square Error, which perfectly matches the scale of the Y-axis. Therefore, it will measure the average error rate on a scale that perfectly measures our prediction assessment.


To summarise, the error metrics measure a regression model’s predictive performance by comparing its predictions’ mean deviation from the true values. If the model is more accurate in making predictions, then it will return lower error values. If the model fits the data faultlessly, it will produce an overall error metric of 0.


There are additional metrics that might be useful in helping to understand the output of the regression metrics. The relative absolute error (RAE) is the relative absolute difference between predicted and true values; it is relative because the mean difference is divided by the arithmetic mean.


The relative squared error (RSE) divides the total squared error of the actual values. It normalizes the total squared error of the predicted values to give us the result.


The coefficient of determination is sometimes known as R2. It is helpful because it represents the predictive power of the model. It represents the resulting value between 0 and 1. If the model explains nothing, then it returns zero. If it is a perfect fit, then it returns 1. However, as with anything to do with data, it is rarely that straightforward! We must look at the context since low values can be entirely what we expect. If we get high values, it may mean something is wrong with the data somewhere.







Practical Demonstration of Binary Prediction to Predict Income Levels


Now that we’ve discussed the models available in Power BI, let’s explore how we can use the technology ourselves. This demo will give you a practical example of using Binary Prediction to predict the income levels of adults. Let’s take a walkthrough of a practical, end-to-end example of how we can build a binary prediction model to predict the income levels of adults. We will go through the process of training, testing, and evaluating the model on the Adult dataset.


AutoML supports the creation of Binary Prediction, Classification, and Regression Models. Power BI dataflows incorporate these models to make predictions for new data. These trained models use known observations labeled for training; hence, they are examples of supervised machine-learning techniques. During training, the input dataset has known outcomes since these are marked with the results. Once the model is trained, it can be used in Power BI.


In this demonstration, we will train a Binary Prediction model on the Adult dataset. The algorithm will predict whether an individual’s income is greater or less than $50,000 based on their characteristics such as education levels. In this example, we will use AzureML to demonstrate how you can perform basic data processing operations. We will divide the dataset into training and test sets as a first step. Then, we will train the model based on the training data. Once that process is completed, we will score the test dataset, and evaluate the predictions that the model has made.



Gathering the Data


In order to proceed, you will need to download data as follows:



		
	Download the CSV file containing the adult UCI data.

	

		
	You will need to do this for test and also for training data.

	

		
	For test data, the link is here: https://archive.ics.uci.edu/ml/machine-learning-databases/adult/adult.test.

	

		
	For training data, the link is here: https://archive.ics.uci.edu/ml/machine-learning-databases/adult/adult.data.

	







Create a Workspace



		
	In the Power BI service, select Workspaces > Create workspace.

	

		
	Give the workspace a unique name. In Power BI, the workspace has to have a unique name. If the name isn’t available, change it to come up with a name that’s unique.

	







Create a Dataflow


To create a dataflow, launch the Power BI service in a browser.


Select a workspace from the nav pane on the left, as shown in the following screen.


Dataflows aren’t available in my-workspace in the Power BI service, so you will need to create a Workspace in Power BI. To create a Workspace, follow the steps below (Figure 3-15). You can move to the next steps if you already have a Workspace (Figure 3-16).


[image: Add a legend here]
Figure 3-15. Start creating your dataflow




[image: Add a legend here]
Figure 3-16. Connect to a data source




Then click on the Next button at the bottom right-hand side. You can then preview the data (Figure 3-17).


[image: Add a legend here]
Figure 3-17. Preview file data




Let’s make the data more comprehensible by transforming the data. To do this, click on the Transform data button at the bottom right hand corner of the Power Query window. This will lead you to the following window (Figure 3-18).


[image: Add a legend here]
Figure 3-18. Transform data window




Let’s rename the columns so that they make more sense to read.


On Column1, right click on the column and select the option Rename. The screen will appear as shown in Figure 3-19.


[image: add a legend here]
Figure 3-19. Rename column




Rename the columns in order as follows:



		
	age

	

		
	workclass

	

		
	fnlwgt

	

		
	education

	

		
	education-num

	

		
	marital-status

	

		
	occupation

	

		
	relationship

	

		
	sex

	

		
	capital-gain

	

		
	capital-loss

	

		
	hours-per-week.

	

		
	Native-country

	

		
	salary

	




Next, remove the fnlwgt column since we do not need it. To do this, right-click on the column and select the option Remove columns (Figure 3-20).


[image: Add a legend here]
Figure 3-20. Remove columns




Then, select the Next option and you will be asked to Save your dataflow (Figure 3-21):


[image: Add a legend here]
Figure 3-21. Save your dataflow




Once the dataflow is saved, you will be able to see a few options at the right-hand side of the screen (Figure 3-22).


[image: add a legend here]
Figure 3-22. Select a column to predict




You will then go to the Choose a Model option (Figure 3-23).


[image: Add a legend here]
Figure 3-23. Choose a model




Choose the items as follows (Figure 3-24).


[image: Add a legend]
Figure 3-24. Choose a target outcome for the model




Since this is a demo, we are starting small so we will only look at the Age variable (Figure 3-25).


[image: Add a legend]
Figure 3-25. Select the data that the model should study




Finally, select the Name and Train option (Figure 3-26).


[image: Add a legend]
Figure 3-26. Select the Name and Train option




You can then click the Save and Train button to start the training process. The training process will begin by sampling and normalizing your training dataset. Then, it will divide the dataset into two new entities. In the example below, they are called Age and Salary Relationship Training and Age and Salary Relationship Testing.


Figure 3-27 shows an example of how your screen might look now.


[image: Add a legend]
Figure 3-27. Example screen




When you take a look at the model in the dataflow, you can see the status on the right-hand side of the screen (Figure 3-28).


[image: Add a legend]
Figure 3-28. Training status




Now that the model is trained, let’s look at the results in more detail. Fortunately, Power BI offers a number of reports that will help you to understand the performance of the model.







Model Evaluation Reports in Power BI



Prediction Report


You can find the Prediction Report in your Workspace. Here is an example of how that might look in your environment (Figure 3-29).


[image: Add a legend]
Figure 3-29. Workspace example




When we click on the report, we get the following visualisation (Figure 3-30):


[image: Model Performance Report]
Figure 3-30. Model Performance Report




The Model Performance Report provides you with helpful information. Earlier, we mentioned the Area Under Curve (AUC) metric, which you can see in the report here at 87%. On the left-hand side, we see an example of a Confusion Matrix. Precision and Recall are also set out. There is also a slider that shows the Probability Threshold, and you will see that the precision and recall values will change accordingly.





Accuracy Report


The Accuracy Report shows two charts; the cumulative Gains Chart and the ROC Curve (Figure 3-31).


[image: Add a legend]
Figure 3-31. Accuracy Report







Training Report


The Training Report is quite lengthy, so please scroll down to the bottom. This report provides you with detailed information regarding the training process. Here, we can see the number of rows used for training.


The final model used in this training is also identified as the Pre-fitted Soft Voting Classifier. In this model, each classifier provides a probability value that a specific data point belongs to a particular target class (Figure 3-32).


[image: Add a legend]
Figure 3-32. Training details




The features are laid out in a table, along with the column type (Figure 3-33).


[image: Add a legend]
Figure 3-33. Data featurization




Power BI can create ensemble machine-learning models. These models try to create more suitable predictive performance by converging the predictions from various models.


If an ensemble machine learning model was used, it is displayed in the Training Details report. In this example, the ensemble model is shown in a donut chart (Figure 3-34).


[image: Add a legend]
Figure 3-34. Ensemble machine learning models









Summary


We have covered a lot in this chapter. You’ll be pleased to know that you’ve learned the difficult part. Congratulations! We have looked at ways that we can use AI in Power BI. We have also spent some time looking at how we can evaluate the models. These terms will become very useful as we look at models throughout the remainder of the book.


You will see from the model that an AUC value of 87% would be considered excellent, but, as always, it would be prudent to continue testing the model. In the adult dataset, a separate test file is provided. As a next step, you could test the model with the test file that was mentioned in the instructions.






      Chapter 4. Power BI with Text Analytics

      
      
A Note for Early Release Readers


With Early Release ebooks, you get books in their earliest form—the authors’ raw and unedited content as they write—so you can take advantage of these technologies long before the official release of these titles.


This will be the 5th chapter of the final book. Please note that the GitHub repo will be made active later on.


If you have comments about how we might improve the content and/or examples in this book, or if you notice missing material within this chapter, please reach out to the editor at arufino@oreilly.com.



      
      Organizations in all sectors and industries are encountering ever-increasing amounts of information in digital formats. Data is now commonly described as large in its volume (measured in observations, dimensions, objects, events, or storage size), variety (data types, degree of structure, or file formats), and velocity (speed of data creation, storage, or analysis). The new scale, diversity, and speed of data provides unique challenges as well as opportunities for organizations to extract meaning beyond just a spreadsheet of numbers. In this chapter, we explore how to use Power BI with one such data type: text. 

      
        Text as Data

        Natural language (or language as it’s commonly spoken) is possibly the oldest form of information sharing between people. After spoken communication came writing as a way to store information for later retrieval. In fact, the earliest known writing developed in ancient Sumeria in 3400 B.C.E as a way to track business records and contracts of agricultural production. Text is now such a ubiquitous form of data that we have natural language processing (NLP), which is the subfield of computer science dedicated to the study of how computers can process and analyze spoken and written language.

        In order to extract information from text, we need to overcome the challenge of working with messy, semi-structured, and highly dimensional data. Humans have the flexibility to say whatever we want, like this very sentence, which is both the power and the struggle of natural language. This is called the “curse of dimensionality” in machine learning where data has many possible combinations of values, but in practice, observations cluster around more similar values. For example, consider a tweet that is thirty words long and written from the one thousand most common words in the English language. That one tweet has more permutations than there are atoms in the observable universe, and that’s assuming no punctuation or spelling mistakes! However, we are more likely to come across “thank you” than a randomly selected combination of words. 

        Thankfully, Power BI has different solutions for overcoming the problem of high-dimensionality inherent in text data. Each approach utilizes artificial intelligence to extract usable data from text at scale. The methods are part of Microsoft’s Cognitive Services (https://learn.microsoft.com/en-us/power-bi/transform-model/desktop-ai-insights) which was discussed in Chapter 4. Here we delve deeper into the three Cognitive Services built directly into Power BI that relate to text analytics specifically: Language Detection, Key Phrase Extraction, and Sentiment Analysis.

        These three tools are included within Power Query, meaning they can be used to transform data before it is ingested. Only then can the output data be used to build out a new report. We will discuss the abilities and limitations of each Cognitive Service in turn, including step-by-step examples at the end of each section.

        Note

          The text analytics Cognitive Services are available in Power BI Service and Power BI Desktop; however, they both require Power BI Premium. See Chapter/Section X for details on benefits and costs as well as how to sign up for a free trial.

        

      

      
        Limitations of Text Analytics

        We’ll discuss limitations for each Cognitive Service in their respective section, but for now here are some general notes to all three that need mentioning:

        
          	
            AI insights built into a query can slow down incremental refresh causing perforation issues.

          

          	
            There is currently no support for Direct Query.

          

        

        The best way to explore the capabilities and limitations of Text Analytics is testing it out with real-world data. We will try out Language Detection, Key Phrase Extraction, and Sentiment Analysis, but first, we need to get the data used throughout the chapter.

      

      
        Demo Part 1: Ingest AirBnB Data

        In this section we ingest a custom dataset of over three hundred online reviews from an AirBnB listing in northern Italy (Figure 4-1). The one-bedroom apartment is located in a lakeside resort town in the province of Trentino and receives many international visitors. We will use this multilingual text data to explore the AI insights within Power BI Desktop.

        
          [image: This AirBnB listing receives many international travelers and has an average star rating of 4.95 5]
          Figure 4-1. This AirBnB listing receives many international travelers and has an average star rating of 4.95/5

        

        Open a new report in Power BI Desktop and click through the popup window. Check that you are signed into your Microsoft account. If not, then you will see the Sign in option near the top-right corner (Figure 4-2). Click this and follow the prompts to connect your school or work account with Premium access. Refer back to Chapter/Section X for details about Power BI Premium and how to claim a free trial.

        
          [image: Signing into your Microsoft account in Power BI Desktop]
          Figure 4-2. Signing into your Microsoft account in Power BI Desktop

        

        Now it is time to ingest our sample data. In the Home ribbon, select Get data then Web as the source of the data (Figure 4-3).

        Note

          You can also ingest the data as a dataflow using an organizational account. Refer to Chapter 1 instructions and a use case.

        

        
          [image: Adding data from a URL]
          Figure 4-3. Adding data from a URL

        

        Warning

          If you selected the Get data icon instead of the Get data text, you will instead see a different pop-up window. If this happens, type “web” in the Search bar, select Web, then click Connect before proceeding to the next step.

        

        In the new popup window, copy the link (https://raw.githubusercontent.com/tomweinandy/AIinPowerBI/main/TrentinoReviews.csv) and paste it in the box under URL. This is a CSV of the AirBnB reviews hosted on the book’s GitHub repository. Click OK (Figure 4-4). 

        
          [image: Pasting a URL of raw data from GitHub]
          Figure 4-4. Pasting a URL of raw data from GitHub

        

        We now see a preview of the data that shows the review date, the first name of the reviewer, and the review of the AirBnB. Before loading the data into the Power BI report, we want to augment the data using Text Analytics. To do this, select Transform Data (Figure 4-5).

        
          [image: Preview of data before transformation]
          Figure 4-5. Preview of data before transformation

        

        This opens up Power Query Editor to complete our data transformations (Figure 4-6). Note this is a separate window, so if you get lost, be sure to check whether it is obscured by the Power BI report window.

        
          [image: The Power Query Editor window]
          Figure 4-6. The Power Query Editor window

        

        Now is a good time to save the report using the save icon in the upper-left corner or by selecting File then Save. If prompted, select Apply to apply changes to the data that occurred from the ingest (Figure 4-7).

        
          [image: Apply changes]
          Figure 4-7. Apply changes

        

        At this time we are ready for Text Analytics transformations. Although you can technically skip ahead to any of the demos, we recommend continuing in the order presented to receive the full, intended experience.

        
          Language Detection

          The first of the AI insights is language detection which predicts the language a given text is written in. Language detection broadly has many use cases within a business, such as, routing emails to the appropriate customer service agent, responding to social media posts in the same language, sorting product reviews, or moderating forum posts.

          In Power BI, language detection is most useful for tagging text and using that for filtering and highlighting. This can be done on the back end to only ensure a report only contains text from the language spoken by the audience or by building a report where the user has the option to select which language text is displayed.

          
            How It Works

            Language Detection takes text data as an input and predicts which language that text most likely is. It outputs both the name of the language as well as the ISO code. The ISO column can be deleted if you want to minimize memory; however, we recommend keeping the column as it can be used as an input to speed up the performance for keyphrase extraction and sentiment analysis. More on that later.

            
              Table 4-1. Sample input and output for Language Detection
              
                	Sample input
                	Sample output
                	Sample output
              

              
                	Esta bicicleta es simplemente impresionante. Nunca había tenido uno así.
                	Spanish
                	es
              

            

            Note

              ISO is the short name of the International Organization for Standardization which has made over 24,000 lists of standards, most commonly in the areas of technology, management, and manufacturing. The ISO code here allows you to easily join this dataset with others using the same code while avoiding the messiness associated with inconsistent country names.

            

          

          
            Performance and limitations

            Language detection currently supports 115 languages, but you can go to Microsoft’s website to find the most up-to-date list (https://learn.microsoft.com/en-us/azure/cognitive-services/language-service/language-detection/language-support). It is worth noting that language detection will only predict the single most probable language. An incorrect label is more common when the input text is ambiguous in some way. 

            Although there are no strict rules for when language detection works the best, you will find better performance of the model under when input text:

            
              	
                Is longer

              

              	
                Does not rely on emojis or emoticons

              

              	
                Is a single language

              

              	
                Is not full of cognates (e.g., “horrible communication” is English but “communication horrible” is French)

              

            

            When an input text contains a mix of languages, then the algorithm will return the language that has the highest representation within the input text. This also increases the likelihood of a misattribution.

            The strongest recommendation is to provide input text that is long enough where identification is easy. We have found language detection within Power BI to be rather accurate. If you notice systematic issues with language detection on your own data, make sure that your original data is properly encoded in the text’s native script. This is especially true if it is based on a non-latin alphabet, like the romanized Pinyin Chinese and Franco-Arabic, neither of which are currently supported.

            Language detection will return <unknown> when it does not have enough information to make a sufficiently confident decision.

          

          
            Demo Part 2: Language Detection

            The Part 1 Demo ended with ingesting the AirBnB data into a report but not yet performing any transformations. In this section, we will use Language Detection within Text Analytics to predict which language each review was written in. This can be useful for a business analyzing the AirBnB listing data to understand the background of different customers, identify patterns in reviews by groups of customers, or simply to filter out foreign language reviews in the Power BI report.

            If the Power Query Editor window is not already open, then click the Transform data icon in the home ribbon (Figure 4-8).

            
              [image: Transform data icon]
              Figure 4-8. Transform data icon

            

            On the Home ribbon, select Text Analytics under the AI Insights group (Figure 4-9).

            
              [image: Text Analytics icon]
              Figure 4-9. Text Analytics icon

            

            A new window will appear and confirm your access level, which may take as long as a minute. Sign in here if prompted. Your license will be included by default and those with premium capacity will be able to proceed. You may either remain with the default (and do nothing) or select which capacity you want to use (Figure 4-10).

            
              [image: Checking your level of premium capacity in Power BI]
              Figure 4-10. Checking your level of premium capacity in Power BI

            

            Select Detect language from the left pane. Now we have to identify the column of data we wish to run through the algorithm. We can type the column name in the text box on the right pane, but it is easier to instead click the ABC icon and then select Column Name (Figure 4-11).

            
              [image: Enabling a dropdown of column names in Language Detection]
              Figure 4-11. Enabling a dropdown of column names in Language Detection

            

            Next click the dropdown arrow and select Reviews since that is the column of text whose language we want to predict. Click OK to run the data through the language detection algorithm and produce results (Figure 4-12). This may finish in as little as a minute; however, larger amounts of data can take much longer. It is worth noting the amount of time it takes for your use case because this will impact future data refresh durations.

            
              [image: Specifying the text column whose language you want to detect]
              Figure 4-12. Specifying the text column whose language you want to detect

            

            You may now see a warning appear that must be agreed to before proceeding. This appears because Text Analytics works by sending data to a machine learning algorithm hosted on the cloud before returning results back to the Power BI report. Some organizations have data which is not permitted to leave the organization’s premise, and in that instance, they should not use Text Analytics. Read more about Power’s BI’s privacy levels through Microsoft’s official documentation (https://learn.microsoft.com/en-us/power-bi/enterprise/desktop-privacy-levels). You can safely ignore the privacy level for this demo because the AirBnB review data is not sensitive; however, be sure to use the appropriate privacy level for other reports (Figure 4-13). 

            
              [image: Warning appears the first time you use Text Analytics on a new dataset]
              Figure 4-13. Warning appears the first time you use Text Analytics on a new dataset

            

            The transformed data is now visible on the Power Query Editor window as columns added on to the end of the table (Figure 4-14). (You may need to scroll to the right to see them.) The column Detect language.Detected Language Name contains the full name of the review’s language and the column Detect language.Detected Language ISO Code contains the associated ISO code of that language. The ISO code seems redundant now, but we can use it for other Text Analytics augmentations.

            Also note how this transformation was recorded as one of the Applied Steps. This shows each data manipulation performed and is useful for replicating or editing processes as well as diagnosing problems. If you make a mistake, just delete the step!

            
              [image: The new columns with an applied step added]
              Figure 4-14. The new columns with an applied step added

            

            As a final step, let’s change those new column names to something less clunky. Right-click the column header and select Rename. Now replace the header with “Language” (Figure 4-15).

            
              [image: Renaming a column in Power Query Editor]
              Figure 4-15. Renaming a column in Power Query Editor

            

            Repeat this action with the last column calling it “ISO”. You should now see the shortened header names with Renamed Columns recorded as an applied step (Figure 4-16).

            
              [image: The newly renamed columns with associated applied step ]
              Figure 4-16. The newly renamed columns with associated applied step 

            

            Save your work and Apply changes if prompted. We will proceed to the next demo on Key Phrase Extraction. If you do not want to perform other transformations, then you may select Close and Apply in the upper left corner which will return you to the report window.

            Explore the results on your own by considering the following questions:

            
              	
                How does Language Detection perform for short reviews?

              

              	
                Care to guess why the German ISO code is not “ge” and why Spanish is not “sp”?

              

              	
                Who wrote a review in Polish? In Finnish?

              

              	
                What is the language of origin for the name “Alessandro”?

              

              	
                Which language was the most common in 2014? In 2022?

              

            

            If you were not following along on your own in Power BI, you can still explore the augmented data from the transformed CSV on our GitHub (https://raw.githubusercontent.com/tomweinandy/AIinPowerBI/main/TrentinoReviewsTransformed.csv). To download, select simply right-click the text and save as a CSV.

          

        

        
          Key Phrase Extraction

          As data becomes cheaper and easier to generate and store, some businesses now find themselves having too much data instead of not enough. It’s not that data itself is the problem; instead, those companies are not producing enough meaningful insights from the data to justify its storage cost. This is common in raw text data, especially when there is more than can be practically read by a single person. Key phrase extraction is one such way to identify the most relevant parts of text by generating a list of which phrases are predicted to be the most significant. 

          Businesses can use key phrase extraction for a wide array of use cases, such as, identifying the topic of an inquiry for routing to the correct customer representative, finding related terms to improve SEO, locating pain points from consumer reviews to help new product development, flagging inappropriate content on a platform, scanning resumes for relevant skills, or extracting key themes in online reviews.

          Another common approach to reduce the size of text in natural language processing is to remove stop words. In NLP, stop words are the most commonly used words that are either filler within natural language or only make small modifications to the main ideas. In English, these can be “if”, “and”, “um” and “but”. There is no accepted list of what is or is not a stop word, but we recommend the multi-language lists put together by Ranks NL (http://www.ranks.nl/stopwords). For example, the sentence “It was the best of times, it was the worst of times…” would be reduced to “best times worst times”. The output may not capture the same meaning of the original, but it provides a useful gist of the original with only a third of the words.

          
            How It Works

            Key phrase extraction uses a related approach to stop word exclusion but with an even greater reduction and with more sophisticated methods based on AI. Note that it extracts key phrases and not just keywords. For example, Table 5.2 shows the output can include a single word or a phrase of words, like “great bike”.

            The algorithm takes unstructured text as an input with the option of including the ISO language code as a second input. The first column output is a list of all key phrases found within the input text. The second column includes the individual key phrases found within the list.

            As seen in the example in Table 5.2, using key phrase extraction with a single input text will produce new columns when there is more than one key phrase. In other words, this transformation will vertically explode the number of rows according to the length of the key phrases list. Although there is no way to disable this type of transformation, you are able to follow the steps in the demo to keep the original number of rows by deleting the individual key phrase column and then removing duplicates from the dataset.

            
              Table 4-2. a
              
                	Sample input
                	Sample input (optional)
              

              
                	Completed 60 mils on this bike, great bike. Gear shifting is smooth and good pace.
                	en
              

            

            
              Table 4-3. b
              
                	Sample output
                	Sample output
              

              
                	great bike, Gear shifting, good pace, mils
                	great bike
              

              
                	great bike, Gear shifting, good pace, mils
                	Gear shifting
              

              
                	great bike, Gear shifting, good pace, mils
                	good pace
              

              
                	great bike, Gear shifting, good pace, mils
                	mils
              

            

          

          
            Performance and Limitations

            Key phrase extraction works best with larger chunks of text as there is likely to be more relevant phrases.

            You can also specify the ISO language code to speed up performance. Currently, Microsoft supports 94 languages for key phrase extraction (https://learn.microsoft.com/en-us/azure/cognitive-services/language-service/key-phrase-extraction/language-support).

            And just like the other text analytics Cognitive Services, the reliability of the output depends on the quality of the input text. The example in Table 5.2 shows how the misspelling “mils” (instead of “miles”) was identified as a key phrase with no spelling correction. 

          

          
            Demo Part 3: Key Phrase Extraction

            Key phrase extraction can be useful in the AirBnB example to find which topics are most frequently discussed about the listing and if any of those are pain points that can be resolved.

            This continues from Part 2 after the language of each review has already been identified. Since the text language is an optional input, you are also welcome to jump here after completing the data ingestion from Part 1. 

            If the Power Query Editor window is not already open, select Transform Data in the Home ribbon.

            Once in the Power Query Editor window, click Text Analytics in the Home ribbon (Figure 4-17).

            
              [image: The Text Analytics icon]
              Figure 4-17. The Text Analytics icon

            

            Select Extract key phrases in the left pane of the pop-up window. Then click the ABC icon and select Column Name (Figure 4-18). 

            
              [image: Enabling a dropdown of column names in Key Phrase Extraction]
              Figure 4-18. Enabling a dropdown of column names in Key Phrase Extraction

            

            Now click the dropdown arrow and select the Reviews column. This identifies the input text that will have the key phrases extracted from (Figure 4-19).

            
              [image: Specifying the text column with key phrases you want to extract]
              Figure 4-19. Specifying the text column with key phrases you want to extract

            

            We can also include the language ISO code as an input. This will speed up the results by not requiring the algorithm to also detect the language of the text. It also allows the analyst to fix any mislabeled languages and force the algorithm to use a given ISO code instead of repeating a mistake.

            Change the ABC icon to Column Name and select ISO from the dropdown (Figure 4-20). 

            
              [image: Specifying the text column with the detected language ISO code]
              Figure 4-20. Specifying the text column with the detected language ISO code

            

            Click OK when done.

            After key phrase extraction is complete, you will notice there are now multiple rows for the same review. This is because a single review likely contains multiple key phrases. The transformation is designed to explode this data vertically, generating a unique row for each key phrase. For example, notice how the one review from Fabian now has ten rows (Figure 4-21).

            
              [image: A new row is created for each key phrase extracted from the source text column]
              Figure 4-21. A new row is created for each key phrase extracted from the source text column

            

            Personally, we tend to not find these additional rows worth the larger storage size and longer compute times. You can return to the original number of rows by first right-clicking the Extract key phrases.KeyPhrase column and selecting Remove (Figure 4-22).

            
              [image: Removing the column of individual key phrases]
              Figure 4-22. Removing the column of individual key phrases

            

            Second, right-click the Extract key phrases column and select Remove Duplicates (Figure 4-23). This will drop now-duplicate rows and return us to the original review-level dataset.

            
              [image: Deduplicating the dataset according to the column of key phrase lists]
              Figure 4-23. Deduplicating the dataset according to the column of key phrase lists

            

            We can rename the column by right-clicking the Extract key phrases header, selecting Rename, and replacing the column name with “Key phrases”.

            Now the key phrases for each review are stored as a list. At the end of the chapter, you will see that Power BI can effectively parse a column of lists and use the individual items in insightful ways.

            Before we move on, let’s look at how the algorithm fared. Below is one review from a guest named Lucy with the identified key phrases underlined. Note how “beautiful clean apartment” was identified in the first but then “apartment” alone was ignored from the third sentence. But it is also not perfect, as shown by extracting “issues” in the second sentence when “no issues” would have better captured the meaning of the reviewer.

            Beautiful clean apartment with amazing mountain views. Check in was easy and we had a great stay with no issues. Everything you need is in the apartment. Perfect location for Riva, we will be back! recommend to everyone visiting Riva.

            Save your work and Apply changes if prompted. We will proceed to the next demo on Sentiment Analysis. If you do not want to perform other transformations, then you may select Close and Apply in the upper left corner which will return you to the report window.

            Explore the results on your own by considering the following questions:

            
              	
                Are all nouns extracted?

              

              	
                When are adjectives included in a key phrase and when are they not?

              

              	
                Can you find examples of key phrases that should not have been extracted?

              

              	
                Do you notice any pattern to these “mistakes”?

              

              	
                Are there any languages that worked with Language Detection but not with Key Phrase Extraction?

              

            

            If you were not following along on your own in Power BI, you can still explore the augmented data from the transformed CSV on our GitHub (https://raw.githubusercontent.com/tomweinandy/AIinPowerBI/main/TrentinoReviewsTransformed.csv). To download, select simply right-click the text and save as a CSV.

          

        

        
          Sentiment analysis

          Sentiment analysis is the process of assigning a sentiment score to text based on how positive or negative it is. This is a common method in machine learning as a way to distill a chunk of text into a single number or category. One early example comes from Alfred Cowles who in 1933 published a paper using sentiment analysis in finance. He reviewed 28 years of articles by the editor of the Wall Street Journal and labeled each as “bullish” (positive), “doubtful”, or “bearish” (negative). From there, Cowler evaluated an investment strategy based on trading stocks according to the sentiment of articles that mention them.1 

          Sentiment analysis today takes a similar approach but with greater scale and ease. Businesses use these techniques to measure trends in social media sentiment, shape public relations strategy, evaluate how well chatbots interact with customers, and filter product reviews between brand ambassadors and disgruntled customers. Even though many online reviews now include star rating systems, researchers found that using sentiment analysis from online reviews in combination with star ratings makes better predictions of product sales than just using star ratings alone.2

          
            How It Works

            Sentiment analysis within Power BI uses a pre-trained machine learning algorithm to predict whether a chunk of code is positive or negative. In this way it is a classification model; however, it also produces a numeric value of its confidence in the prediction. This numeric value can be interpreted as the degree of positive sentiment text is predicted to be, with 1 being completely positive sentiment and 0 being completely negative sentiment.

            The model itself includes two parts. First, a chunk of text is categorized as to whether it is objective or subjective. Objective text is automatically scored as 0.5, and does not proceed, while subjective text progresses a scoring level. The second part then passes to text to a sentiment scorer that leverages a variety of text analytics methods, such as, word associations, word placement, part-of-speech-analysis, and text processing.

            Like key phrase extraction, the input includes both a code chuck as well as the optional ISO country code. The result is then a single column with a sentiment score corresponding to each text chuck, as shown in Table 5.3.

            
              Table 4-4. Sample input and output for Sentiment Analysis
              
                	Sample input
                	Sample input (optional)
                	Sample output
              

              
                	My wife and I both purchased this bike and so far, less than a month, we have been very happy with these bikes.
                	en
                	0.813
              

            

            The final output score can be further modified to the user’s liking. Some people find a scale from 0-100% or binning the scores as negative, neutral, or positive to be more intuitive for a report user. You may also wish to transform the sentiment score to a -1 to 1 scale where negative and positive numbers correspond to negative and positive sentiment. This can be done by using a transformation of [Sentiment score]*2 - 1.

          

          
            Recommendations and Limitations

            Unlike language detection and key phrase extraction, sentiment analysis works best with only a modest amount of text. Anything longer than two sentences is more likely to switch between different types of emotion and yield imprecise measures. It is rather common in business scenarios to have text with mixed emotions, such as user reviews that discuss both good and bad aspects of a product. Be aware that a score close to 0.5 can represent either neutral text or text that includes a balance of positive and negative elements.

            In NLP, text sentiment can be measured in categories (positive vs negative) or on a numeric scale (with -1 to 1 being the most popular), but there is no optimal or one universally accepted measure. Indeed, even as intelligent humans we often misinterpret what other people say and mean. In our experience, we find that measures of sentiment for text are useful at a very high-level for identifying patterns. At the same time we recommend taking any sentiment score of a specific text with a grain of salt. Like any of these Cognitive Services, we suggest they be used for reporting and visualizing data but not for determining an important outcome for any specific individual.

            Microsoft currently supports 94 languages for sentiment analysis (https://learn.microsoft.com/en-us/azure/cognitive-services/language-service/sentiment-opinion-mining/language-support). The algorithm also appears to incorporate emojis in its sentiment predictions, but it is unclear how well they were represented in the model training data. For this reason we suggest not depending too much on scoring text with many emojis or emoticons.

          

          
            Demo Part 4: Sentiment Analysis

            Analyzing our AirBnB reviews with sentiment analysis can allow us to observe trends over time, by group, or by topic. It quickly creates a meaningful metric from hundreds of online reviews.

            This continues from Part 3 and is also after the language of each review has already been identified from Part 2. Since the text language is an optional input, you are also welcome to jump here after completing the data ingestion from Part 1.

            If the Power Query Editor window is not already open, select Transform Data in the Home ribbon to open it.

            Once in the Power Query Editor window, click Text Analytics in the Home ribbon (Figure 4-24).

            
              [image: The Text Analytics icon]
              Figure 4-24. The Text Analytics icon

            

            Select Score sentiment in the left panel. Then click the ABC icon and select Column Name (Figure 4-25).

            
              [image: Enabling a dropdown of column names in Sentiment Analysis]
              Figure 4-25. Enabling a dropdown of column names in Sentiment Analysis

            

            Now click the dropdown arrow and select Reviews (Figure 4-26). This is the text column of reviews that we want to predict as positive, neutral, or negative.

            [image: Specifying the text column whose sentiment you want to analyze] Figure 4-26. Specifying the text column whose sentiment you want to analyze


            Repeat this step by filling in Language ISO code with the ISO column (Figure 4-27).

            
              [image: Specifying the text column with the detected language ISO code]
              Figure 4-27. Specifying the text column with the detected language ISO code

            

            Click OK.

            Now we have a column added onto the end with a score from 0 (negative) to 1 (positive) corresponding to the predicted sentiment of each review.

            The output came out as a mixed format of integers and text. We need to cast this as a decimal before proceeding to the next step. Click the ABC 123 icon and select Decimal Number (Figure 4-28).

            
              [image: Converting the column from mixed data types to decimal number]
              Figure 4-28. Converting the column from mixed data types to decimal number

            

            It may be useful to quantify review sentiment as a single number, but that is not intuitive to the average person. To make a Power BI report that is more user-friendly, let’s also categorize each review as positive, neutral, or negative. 

            Click the Add Column to open up a new ribbon and select Conditional Column (Figure 4-29).

            
              [image: The Conditional Column icon]
              Figure 4-29. The Conditional Column icon

            

            There is no best way to determine which numeric scores belong in which sentiment category, but we highly recommend considering the use case when making a decision. The sentiment scores in this dataset skew high because the reviews are overwhelmingly positive, so we will make the threshold higher for binning. Specifically, we will define reviews under 0.6 as negative, equal to or between 0.6 and 0.8 as neutral, and greater than 0.8 as positive.

            Complete the Add Conditional Column popup as shown in Figure 4-30. Under New column name add “Sentiment”. Then fill out the first condition as “If Score sentiment is less than 0.6 Then Negative”. Click Add Clause and fill the second condition as “Else If Score Sentiment is greater than 0.8 Then Positive”. Finally, under Else write Neutral to complete the logic. Click OK.

            
              [image: Adding a new column denoting sentiment as  Positive    Neutral   or  Negative ]
              Figure 4-30. Adding a new column denoting sentiment as “Positive”, “Neutral”, or “Negative”

            

            Now we have two columns of sentiment: one defined numerically and the other categorically (Figure 4-31).

            
              [image: The resulting conditional column of binned sentiment]
              Figure 4-31. The resulting conditional column of binned sentiment

            

            We have finished augmenting our data and are ready to return to the report window. Click the Home tab and then the Close & Apply icon (Figure 4-32).

            
              [image: The Close   Apply icon]
              Figure 4-32. The Close & Apply icon

            

            It may take a minute for the data to finish loading. Return to Power BI Desktop and Save the report. If prompted, Apply changes. 

            You may still see a yellow bar on the window that remains even after you apply changes. Click Discard changes to see what has changed. In this case, it is the privacy levels, which we can disregard because the data will not need to be sent through AI Insights again. Click Discard (Figure 4-33).

            
              [image: Discarding changes if prompted]
              Figure 4-33. Discarding changes if prompted

            

            To ensure the data has been correctly loaded, open the right-most Fields pane and expand the TrentinoReviews table. Check for the following Text Analytics variables: Key phrases, Language, Score sentiment, and Sentiment (Figure 4-34).

            
              [image: The newly created variables will appear in the Fields pane]
              Figure 4-34. The newly created variables will appear in the Fields pane

            

            Now all of the augmented data is in place to build out a new, stunning report. Continue to Part 5 for file links and a completed version of a report using the augmented data.

            Explore the results on your own by considering the following questions:

            
              	
                Do you notice any patterns about the reviews that are perfectly positive (i.e., scored as 1)?

              

              	
                What review scored the lowest? Which words do you think contributed to the negative score?

              

              	
                Based on the sentiment score of reviews, is this a good listing?

              

              	
                Has the listing gotten better or worse over time?

              

              	
                Are any languages more associated with negative scores? What could be possible explanations for such a difference?

              

            

            If you were not following along on your own in Power BI, you can still explore the augmented data from the transformed CSV on our GitHub (https://raw.githubusercontent.com/tomweinandy/AIinPowerBI/main/TrentinoReviewsTransformed.csv). To download, select simply right-click the text and save as a CSV.

          

        

        
          Conclusion

          Text is a common and potentially rich form of data for business decision making. The Text Analytics algorithms showcased in this chapter provide easy-to-use means of augmenting datasets within Power BI. The newly transformed data then can help build compelling reports with the assistant of Language Detection, Key Phrase Extraction, and Sentiment Analysis.

          In the next chapter, we will explore another tool within AI Insights: Computer Vision for adding tags to images.

          
            Demo Part 5: Exploring a Report with Text Analytics

            We use the transformed data from Parts 1-4 to create a report with the AI Insights (Figure 4-35). We skip the step-by-step process of building out the report and showcase the final result with text analytics. You can download your own copy from Github (https://github.com/tomweinandy/AIinPowerBI/blob/main/TextAnalyticsComplete.pbix).

            
              [image: Sample report with AirBnB reviews data augmented using Text Analytics]
              Figure 4-35. Sample report with AirBnB reviews data augmented using Text Analytics

            

            Explore the results on your own by considering the following questions:

            
              	
                What is the host’s name? What is the host’s name in Russian?

              

              	
                What English words are most associated with a negative review?

              

              	
                What year had the highest number of reviews from different languages?

              

              	
                Of the top three languages, which reviews had the greatest change in sentiment over time?

              

              	
                What town is this listing in? Do English speakers view the town favorably?

              

            

            You can also download a blank Power BI file with the transformed data via Github (https://github.com/tomweinandy/AIinPowerBI/blob/main/TextAnalyticsTransformed.pbix) to build the report out yourself.

            We recommend considering the Word Cloud visual to represent the key phrases. This is not a standard visual and must be accessed through the AppSource. To do so, click the ellipses under the Visualizations pane and select Get more visuals (Figure 4-36).

            
              [image: Finding a visual from Microsoft AppSource]
              Figure 4-36. Finding a visual from Microsoft AppSource

            

            Use the search bar to find “Word Cloud” by Microsoft and select it (Figure 4-37). It should now be visible in your Visualizations pane.

            
              [image: The newly added Word Cloud visual]
              Figure 4-37. The newly added Word Cloud visual

            

          

        

      

    1 Alfred Cowles 3rd. “Can Stock Market Forecasters Forecast?” Econometrica 1, no. 3 (1933): 309–24. https://doi.org/10.2307/1907042.

2 Li, Xiaolin, Chaojiang Wu, and Feng Mai. “The effect of online reviews on product sales: A joint sentiment-topic analysis.” Information & Management 56, no. 2 (2019): 172-184.
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