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Learning Objectives
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After this session, participants should be able to:

1. Discuss core analytical concepts from data science.
2. Explain the data science life cycle.
3. Evaluate their data science strategy to inform the 

recruitment and retention of data scientists.
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What industry do you come from?

ⓘ Start presenting to display the poll results on this slide.
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What are you hoping to get out of this 
session?

ⓘ Start presenting to display the poll results on this slide.



Session’s Outline
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1. The Data Science Landscape

2. Formulating the Right Question

3. Knowing the Data Science Process

4. Building Effective Data Science Team
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#1: Know The Landscape
Decoding Technobabble
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artificial intelligence (AI).
According to John McCarthy, Stanford University 
Professor of Computer Science, it is “the science and 
engineering of making intelligent machines, 
especially intelligent computer programs. It is 
related to the similar task of using computers to 
understand human intelligence, but AI does not 
have to confine itself to methods that are 
biologically observable.”



11

machine learning (ML).
A discipline of AI focusing on computers (machines) 
using algorithms and data for pattern discovery and 
prediction without being explicitly programmed. 
Increasing available data and model training will 
improve the machine learning models’ accuracy —
like the “human” adage of “practice makes 
perfect”.
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neural network.
Also known as an artificial or simulated neural 
network is a popular artificial intelligence algorithm 
and the backbone of deep learning. Their name and 
structure are inspired by the human brain in that it 
mimics the way that biological neurons send 
signals (information) to one another.



14Hidden Layers (“Brain Nodes”)

Data Output
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deep learning (DL).
Deep learning refers to multilayered “deep” neural 
networks (i.e., three or more layers). DL algorithms 
perform tasks repeatedly to promote model 
refinement for improvement in accuracy. DL 
algorithms depend on vast amounts of data to drive 
“learning”.
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black box algorithm.
Algorithms that does not model the problem in a 
way which allows humans to directly state what 
happens for any given input. While these algorithms 
may be successful for prediction, they lack 
explainability (i.e., why the model made the specific 
prediction?).
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predictive modeling.
A branch of machine learning that makes 
predictions about future outcomes using historical 
data by using algorithms from data science, artificial 
intelligence, machine learning, statistics, and 
computational processes.
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big data.
Data that is too large and complex to fit on a single 
computer. Conventional strategies like traditional 
database storage and management approaches are 
computationally unproductive and ill-equipped.
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data science (DS).
A discipline that works with and analyzes large 
volumes of data to provide actionable intelligence 
for data-informed decision making. DS is a 
substantively and computationally interdisciplinary 
field solve problems. Data science integrates 
concepts and approaches from traditional statistics, 
business analytics, artificial intelligence, data 
architectures, storytelling and journalism, and 
others.
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#2: Know Your Question
Questions Drive The Algorithms
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What is an 
algorithm?
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algorithm.
Broadly: a step-by-step procedure for solving a 
problem or accomplishing an objective. Repeatable 
sets of instructions which people or machines can 
use to process data into insight.



Descriptive Questions
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1. Uses algorithms such as visual and statistical approaches 
(e.g., frequencies, central tendencies, and variability).

2. Use data to provide a quantitative summary of certain 
features or phenomenon. 

3. The limitation with descriptive analytics is that it is 
focuses only on historical events and cannot be used to 
draw inferences or predictions. 



28



Inferential Questions
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1. Uses algorithms to estimate conclusions (inferences) 
using a small sample of data in order to generalize to a 
larger population.

2. Useful for testing hypothesis about how your data will 
reflect larger data collections.

3. Examines the relationships between variables in a 
sampled dataset larger population. 
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Predictive Questions
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1. Uses algorithms, like statistical modeling, artificial 
intelligence, and machine learning, to generate 
educated forecasts about future actions based upon 
historical data.

2. Predictive questions often focus on forecasting 
numerical outcomes (e.g., future housing prices) and 
categories (e.g., will customer purchase a ticket 
[yes/no]?)
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Prescriptive Questions
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1. Uses algorithms to determine an optimal course of 
action (i.e., recommendation) to maximize an 
intended outcome.

2. Combines predictive, inferential, and descriptive 
methods with optimization, operational methods, and 
business logic to provide data-informed guidance on 
evaluating the rewards and consequences of specific 
decisions.
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Casual Questions
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1. Casual analysis, also known as explanatory analysis, 
uses algorithms to explore the cause-and-effect 
relationship between a well-defined treatment (e.g., 
event, phenomenon, or circumstances.

2. To achieve non-biased results, data scientists must be 
aware and control confounding variables which are 
often hidden (e.g., not collected or considered).
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Descriptive What happened?

Inferential Why could it have happened?

Predictive

Prescriptive

Causal

What will happen next?

How can we make it happen going forward?

What is the impact of what we made happen?
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Descriptive How many undergraduates have graduated with a Bachelor’s 
in Data Science or related field since 2010? 

Inferential Is their statistical evidence to conclude a relationship 
between class size and students’ retention of course content?

Predictive

Prescriptive

Causal

Does Georgia have enough graduates in teaching and nursing 
over the next five years to fulfill current and future 

openings?

What majors should our institution recommend to 
prospective students based on their aptitude and interest?

What is the impact on increased peer-to-peer tutoring on 
our institution’s four-year graduation rate?
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Descriptive Knowledge of basic statistical measures (e.g., mean, medians, 
modes, variance, and rolling averages) and data management

Inferential Knowledge of basic statistical procedures (e.g., linear regression), 
basic probability and mathematics, and data management

Predictive

Prescriptive

Causal

Machine learning and computer/data science techniques, advanced 
probability and mathematics, and linear algebra

Machine learning and computer/data science techniques, advanced 
probability and mathematics, and linear algebra

Knowledge of quasi-experimental methods and randomized 
controlled trial, advanced probability and mathematics, and graph 

theory
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Descriptive
1) Basic statistical and computational programming language 

knowledge and training. Alternatively, 2) spreadsheets, database 
management,  and business intelligence software

Inferential
1) Intermediate statistical and computational programming 

language knowledge and training. Alternatively, 2) spreadsheets 
and business intelligence software

Predictive

Prescriptive

Causal

Advanced statistical and computational programming language 
knowledge and training

Advanced statistical and computational programming language 
knowledge and training

Advanced statistical and computational programming language 
knowledge and training
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#3: Know Your Process
Data Science Life Cycles
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What is a 
Data Science 
Life Cycle?



Data Science Life Cycles
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1. General set of core technical and substantive steps vital for 
completing a data science project.

2. Often discussed as a linear process, but it should, however, 
be iterative. It is healthy and normal to move back and 
forth between steps.

3. Require a comprehensive set of statistical, programming, 
and illustrative skills, software, and methods.

4. Time and resources spent on specific steps will differ from 
project to project.
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O • S • E • M • N
Pronounced AWESOME
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Obtain 
Data

Scrub
Data

Explore 
Data

Model 
Data

Interpret 
Results

O S E M N
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Obtain 
Data

O Objectives
Extract data from relevant sources such as:

1. Relational and non-relational databases.
2. Single data tables (i.e., CSV and XLSX flat files).
3. Application programming interfaces (APIs).
4. The scraping of web pages.
5. Data gathered through surveys and experiments.

Skills Required
1. Database Management: PostgreSQL and Microsoft SQL Server.
2. Querying: Query Languages (e.g., SQL and GraphQL).
3. Data Retrieval: Scripting Languages (e.g., Java, Python, and R).
4. Distributed Storage: Hadoop and Spark.
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Scrub
Data

S Objectives
Examining your data by:

1. Identifying outliers and errors.
2. Examining missing values.
3. Understanding your data’s metadata.

Tidying up your data by:
1. Removing corrupted and duplicated records.
2. Accounting for anomalies and outliers.
3. Parsing categorical and string variables.
4. Replace (impute) missing records.
5. Accurately joining data sources through valid keys.

Skills Required
1. Programming: Scripting Languages (e.g., Python, R, and SAS).
2. Methods: Statistical imputation and advanced data management 

through programming and their statistical/computing packages.
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Explore 
Data

E Objectives
Understanding patterns with your data and your data’s value by:

1. Exploring data through statistics and visuals.
2. Testing and extracting relevant features (variables).
3. Performing feature (variable) engineering.
4. Consider dimensionality reduction of dataset.

Skills Required
1. Dynamic Visualization: PowerBI, Qlik Sense, and Tableau.
2. Static Visualization: Scripting Languages (e.g., Python, R, and 

SAS).
3. Methods: Descriptive statistics (i.e., correlation and central 

tendency) and inferential statistics (e.g., significance tests).
4. Approaches: Dimensionality reduction through methods like 

cluster analysis and principal components analysis.
5. Tools: Scripting Languages (e.g., Python, R, and SAS).
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Model 
Data

M Objectives
Translating data into insights by:

1. Identifying the applicable modeling strategy.
2. Identifying the appropriate algorithm(s).
3. Building a scalable and stable statistical model(s).
4. Tuning your statistical model(s).
5. Appropriately evaluating said statistical model(s) and repeat 

steps.

Skills Required
1. Methods: Conditional on organizational question
2. Requirements: Strong understanding of linear algebra, calculus, 

statistics, and probability.
3. Tools: Scripting Languages (e.g., Python, R, and SAS).
4. Bonus: Distributed, cloud, and GPU computing.
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Interpret 
Results

N Objectives
Communicating your findings by :

1. Knowing your audience.
2. Knowing your purpose.
3. Knowing the right medium.
4. Relating findings to actionable organizational decisions.
5. Monitoring and evaluating the impact of those decisions.

Skills Required
1. Dynamic Visualization: PowerBI, Qlik Sense, and Tableau.
2. Static Visualization: Scripting Languages (e.g., Python, R, and 

SAS).
3. Clean and concise business writing skills
4. Strong public speaking skills
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#4: Know Your Team
Data Scientists
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What exactly
is a Data 
Scientist?
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Data Science Archetypes
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According to Harris, Murphy, and Vaisman (2013) there are four main 
archtypes of data scientists:
 Data Businesspeople
 Data Developers
 Data Researchers
 Data Creatives

Harris, H., Murphy, S., & Vaisman, M. (2013). Analyzing the analyzers: An 
introspective survey of data scientists and their work. O'Reilly Media, Inc.

https://www.oreilly.com/content/analyzing-the-analyzers/
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data businesspeople.
Data scientists who focus on project management, 
leading and managing data scientists, assessing the 
scalability and sustainability of data science 
projects, and emphasizing a project’s return on 
investment.
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data developers.
Data scientists who focus primarily on the back-
end, technical requirements of the data science life 
cycle such as the data infrastructure, the extraction, 
transformation, and loading (ETL) process, 
scrubbing data, and feature engineering.
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data researchers.
Data scientists who have extensive and intensive 
academic training and experience in the physical 
(e.g., statistics and computer science) or social (e.g., 
econometrics) sciences heavy in mathematics and 
statistics. They are often designing or integrating 
cutting-edge and complex methods to model 
complex social and business processes.
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data creatives.
Data scientists that can tackle all aspects of the data 
science life cycle. They have a breadth of the needed 
technical and substantive skills, but not necessarily 
the expertise for deeper analysis. They work with a 
broad range of statistical and visual platforms and 
consider themselves as a “jack of all trades”, 
artists, or hackers.
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Aliases of Data Scientists
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Skills of Data Scientists
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Data Science
Skill Breakdown



63

Data Businesspeople

Data Creative

Data Researcher

Data Developer

Differences
Question:

Output:

What data architecture should the project utilize and what about the data’s 
integrity, quality, and frequency?

Back-end infrastructure, feature engineering, synthetic data, data ingestion 
pipelines, data architectures, descriptive dashboards

Question:

Output:

Given that I want to improve X, how can I build or improve my model?

Quantitative models (e.g., inferential, casual, predictive, prescriptive)

Question:

Output:

Given all the data and model findings, how can I improve profitability?

Data-informed recommendations and technical solutions

Question:

Output:

How can I deploy and scale our data science solutions?

Monitoring dashboards, line-of-business products and services, and 
client/customer (end-user) applications
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Explore 
Data

Interpret 
Results

Model 
Data

Scrub 
Data

Obtain 
Data

Data Developer

Data Researcher

Data Businesspeople

Data Creative
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Q & A
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Statistics are like bikinis. 
What they reveal is 
suggestive, but what they 
conceal is vital.

Aaron Levenstein



To Learn More…
1. Data Science
2. Data & Statistical Modeling
3. Static & Dynamic Visualizations
4. Predictive Analytics
5. Machine Learning
6. Casual Modeling

67



www.cviog.uga.edu

Connect With Us!



Since 1927, the Carl Vinson Institute of Government has been 
an integral part of the University of Georgia. A public service 

and outreach unit of the university, the Institute of Government 
is the largest and most comprehensive university based 

organization serving governments in the United States through 
research services, customized assistance, training and 

development, and the application of technology.
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