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Preface

Seventh-grade algebra was the �rst time I received a C in a class. From that
point on, I began telling myself a story: I hated math. I wasn’t good at it. I
could manage without it because I was going to be a scientist, not a
mathematician. Problem solved, right? As you might expect, I couldn’t
escape algebra quite that easily. I had to face my fears in college when I took
my �rst statistics class. I spent a few weeks with that same seventh-grade
feeling in the pit of my stomach before I �nally decided to reach out for
some tutoring.

We had talked about the normal curve for two weeks when suddenly the
light bulb went on. ings started making sense. From that moment,
statistics became different. It wasn’t math. We weren’t talking about
computing the height of anonymous buildings. I was learning that I could
use statistics to address problems that were much more meaningful to me—
increasing student learning, selecting high performers, learning what makes
a better team, and so on. Even more unexpectedly, my appreciation for
statistics made me like algebra.

I spent much of the �rst part of my career using analytics to help
organizations make better hiring and promotion decisions, as well as
predicting and reducing turnover. In more recent years, I’ve used analytics
to help leaders evaluate and reform a wide range of programs, including
selection, compensation, recruitment, training and development,
performance management, and rewards and recognition. In my current role,
I apply analytics to better understand how to create lasting behavior change
and evaluate the impact of large-scale coaching programs. rough those
experiences, I have seen �rsthand the impact that analytics can have on both
the credibility of the HR function and business outcomes.

Although I have long loved analytics and the value they can bring, I
didn’t see writing a book about them in my future. During my time as



SHRM’s vice president of research, I was asked to develop a seminar on HR
analytics. I had the opportunity to present that seminar to a handful of
audiences across the country. I arrived early to set up and introduce myself
to attendees as they entered the room, and I oen asked why they were
there. Over and over again, I heard responses with a similar theme—“I know
this is important, but I’m not sure where to start.”

Many HR professionals get into the �eld in unexpected ways, but a
common draw is our love of people and desire to make their experience
better at work. Our �eld has evolved a great deal and continues to evolve.
Expectations in large organizations have changed. e availability of data
and the expectation that it will be used to ground decision-making is no
longer limited to other business functions. Classes on human-capital
analytics and research methods are now core parts of degree programs in
human resources.

is book was written for those of us living in the transition. Whether
you are an HR leader or an HR generalist needing to navigate analytics
rather than specialize in them, or early in your career and trying to decide if
an analytics specialization is the right path, this book was written for you.
is isn’t a textbook or an analytics handbook. It won’t teach you big data
techniques or discriminant analysis. What it will do is help you get started
and give you some options where to go next.

Developing comfort and �uency with analytics can empower you not
just to create new knowledge about what’s going on within your
organizational walls, but also to be better equipped to bring in knowledge
from the outside. If nothing else, HR professionals need to become savvy
consumers of analytics to distinguish between fads and robust �ndings
when making decisions.

When we started writing this book, we began by developing an outline
that covered everything we thought was important, with statistical principles
and theory, and highly detailed and technical information. We ended up
with a very comprehensive, very boring book outline. We weren’t excited
about writing it, and we certainly couldn’t imagine that you would be excited
about reading it. So, we scrapped the whole thing and started over.

Where we ended up was an approach that attempts to put analytics in
context. We introduce you to Jen, an HR director confronted with a



common problem that bubbled up from the business: turnover of critical
talent. You get to follow Jen’s story from problem diagnosis to the proposed
solution, with breaks in the story for teaching content and space for your
own re�ection. We also provide a set of appendices designed to help you
apply the content to your own story within your organizational context.

HR professionals are a diverse bunch, so we built features into this book
to give you options to tailor the content to meet your individual needs. We
provide opportunities to dive deeper into the topics that interest you
through callouts to curated resources throughout. Each chapter has a section
called “From the SHRM Research Lab” that integrates a little bit of
behavioral science and research. We include a few sections on how things
might look different in small organizations. In the end, we hope our use of
variety, story, and application come together to provide an approachable
resource for a topic that can seem less than warm.

—Shonna Waters
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1

Define the Business Challenge

Chapter Snapshot

Questions we will answer:

What are HR analytics?

Why are they important?

Why should I read this book and what can I expect?



Meet Jen. She’s the HR director of a 1,200-person company. What started as
rumblings of an issue has become a full-blown problem. A few vocal managers
have been complaining that her company is struggling with turnover. She
doesn’t know how serious the issue is. She does know that the HR department
can’t be perceived as unresponsive.

HR has a tough job. It has to serve employees; protect the business; keep up
with ever-changing laws and regulations at local, state, and federal levels;
and �gure out how to do more with less, faster. ese demands leave HR
professionals with big questions: How can we make better decisions about
where to invest our limited resources? How can we deliver solutions that
make employees happy? How can we convince the C-suite to invest in
people initiatives? How can we make sure HR helps the organization achieve
business outcomes?

HR analytics can help with all of these things and more. It’s not a silver
bullet, but it is a powerful tool for elevating the credibility of the HR
function.

I know—I’ve described only the tip of the iceberg of what makes your
job hard. Now I’m saying you need to learn something that might be new. It
may also be intimidating. You might have even gone into HR to avoid
having to take extra math classes. But hang in there. I’m going to make this
as painless as possible.

In this book, I’ll use an example of a common, real-life business
challenge to teach you basic concepts. is example will help you
understand how to

identify where analytics can help,

differentiate types of metrics and analytics,

use different types of metrics and analytics, and

maximize their impact.

is book provides an approachable introduction to HR analytics. I
won’t get into the technical details of building databases or cleaning and
analyzing data. Instead, I’ll give you enough information to know what to



request from an analyst and what to do with those results. But don’t worry—
if you want to dig deeper, I’ll direct you to other resources to get you started.

roughout this book, you’ll notice some icons that keep popping up.
ese indicate opportunities to get into something extra. Anytime you see
“Take a Deeper Dive,” I have curated outside resources, giving you the
option to go more in-depth. As an HR professional, you know that “telling
ain’t training.” To that end, I’ve built in re�ection questions and activities
throughout to make sure you’re absorbing everything. Wherever you see
“Re�ection,” it’ll be your turn to assess the situation and share your
thoughts. ere’s also a whole workbook in the appendices to help you apply
the content back at the office. Lastly, each chapter ends with insights from
the SHRM Research Lab. Consider this optional information if you’d really
like to dive into a certain topic.

ere you’ll see research �ndings from the behavioral sciences to explain
why things happen. Now that you know how to use this book, let’s dig in!

Reflection

Let’s return to Jen’s situation. Her plate is full. How might she go about
deciding how big of a priority the managers’ complaints are?

 

 

 

 

 

Jen knows these managers are usually pretty quick to complain. However, she
wants to be responsive. She decides to take a look at some metrics. She asks an
analyst to pull the last year’s turnover numbers. ey indicate turnover
increased about a percentage point over the last four quarters. Jen doesn’t see a



problem, so she writes a polite email to the managers and moves onto the next
item on her list.

e next day Jen is called into an emergency meeting. She walks into the
room and sees her boss sitting there along with Mark, the director of the
managers who complained to her yesterday. No one looks happy. She senses
that she’s in the hot seat.

Mark asks Jen to explain what happened. Suddenly she’s getting peppered
with questions. How is it possible that turnover isn’t a problem? All of Mark’s
direct reports claim to be losing their best people. What is the company’s
turnover rate? Is that high or low? What if only the best performers are
leaving?

Ultimately, Mark says he doesn’t care what the numbers say. ey can’t
meet their objectives without the necessary talent and that is her problem to
fix.

Aer the meeting, Jen’s boss sticks around to talk to her. She starts by
asking Jen to reflect.

Reflection

What went wrong in Jen’s situation? How might this all have been
avoided?

 

 

 

 

 

In the past, HR professionals typically relied on their understanding of
HR processes and the organization to make decisions and serve their



stakeholders. Hard data were limited. Any data that were captured were
done so manually or were housed in different systems that didn’t talk to each
other.

Luckily, the world is changing. anks to advancing technology, data
and information are everywhere, which means they’re easily and quickly
accessible. Most organizations have human resource information systems
(HRISs) to record basic transactions, such as hiring date, compensation,
promotions, and performance ratings. Increasingly, organizations are also
collecting information about the learning and development of their
employees. is includes pro�ciency levels of various skills and aptitudes, as
well as training and development engagements and outcomes, such as end-
of-training scores.

Despite having access to more data and analytic power than ever before,
many HR organizations still aren’t relying on those to make signi�cant
decisions. Finance, customer service, marketing, and sales functions all use
data extensively. Your stakeholders are using data and analytics more and
more. eir expectations and recognition of the importance of talent-related
data are increasing too. Not only are your managers and directors concerned
about something they see as a big business problem, they may also be
expecting you to approach it the same way they approach issues in their
department. For HR leaders to have broader organizational impact, they too
need to shi from a focus on HR processes to the impact of talent on the
broader business strategy and outcomes.

Jen took the first logical step in looking into her company’s turnover rate, but
what did she miss by stopping there?

To start, organizations act more like complex ecosystems than as single
organisms. Looking at only the top level or company-wide turnover rate, Jen
may miss what’s happening in a specific skill area or part of the company. She
also may not have enough information to understand who is leaving and what
impact those departures have on the business. If the bulk of the work is being
accomplished by a handful of star employees, the impact may be a lot higher
than the numbers alone reveal. e managers may be sensing something that



hasn’t yet started showing up in the metrics HR routinely analyzes. Jen may
need to collect more information to fully understand the situation.

Maybe Jen has just fallen into old habits. She had a transactional
interaction with the managers. ey complained. Jen did research. She sent
them the outcome. Today’s HR professionals have to move from transacting to
consulting. e managers are the ones closest to the people and business issues.
Jen can partner with them; she’ll bring her knowledge and skills together with
theirs to understand the situation and co-create a solution.

ere’s a lot of talk about big data, algorithms, and automation.
However, the value of data is limited by your ability to extract information
and insights from them. Organizations are using technology to collect more
and more data. ey need people capable of interpreting the data and
extracting valuable information from them. Equally important, they must
help turn that information into insights that can be used to make better
decisions and provide a competitive advantage.

Analytics provides a way to demonstrate the linkage between people and
business outcomes. HR analytics (also called people analytics or talent
analytics) use measurement and analysis techniques to understand, improve,

and optimize the people side of business.1 Data are the raw numbers you
track. When an employee who reports to one of the managers in Jen’s
scenario leaves, it creates data. Metrics focus on counting, tracking, and
presenting past data. Analytics uses statistics to help you see patterns in the
data. Figure 1.1 shows how these three pieces lead to HR solutions.



Figure 1.1. Analytics process

Jen was looking at the complaint through a metrics lens. How many
people have le, and has that number increased over time? Shiing her lens
to analytics—focusing on who is leaving, what is their impact on the
business, and why are they leaving—can give Jen a lot more information.

Take a Deeper Dive

For more on differentiating between data and metrics, see “Know the
Difference between Your Data and Your Metrics” by Jeff Bladt and Bob

Filbin.2

Survey evidence shows that HR’s credibility increases as it starts using

data to inform its decisions.3 is means that not only can analytics help you



diagnose and solve problems, it also can make you look good, make the HR
function look good, and positively impact the bottom line.

Jen and her boss talk through what went wrong. is officially becomes Jen’s
top priority until she comes to a resolution that the managers are on board
with.

In the next chapter, I’ll help you understand what you’ll need to use
analytics. I’ll also help you �gure out what you already have.

How Might is Look Different in Small Organizations?

e example we’re working through uses a large organization as the
backdrop. However, things might look different in small organizations. For
starters, you have fewer employees. Even one person leaving could
signi�cantly impact your turnover rate. is means you may need to rely
even more heavily on qualitative information (things like interviews with
stakeholders or employee exit interviews) and external information (market
conditions such as unemployment rate, external benchmarks, etc.). Later,
we’ll revisit how Jen’s situation might unfold in a small organization.

From the SHRM Research Lab

People aren’t as good at making decisions as they think.4 We like to
think of ourselves as rational actors, but our informational-processing
limitations, emotions, and biases get in our way. e world is complex
and humans have developed ways to help simplify it. So-called
cognitive biases are ways our brains help us take shortcuts to deal with
four primary problems: information overload, lack of meaning, the

need to act fast, and knowing what needs to be remembered for later.5

ese shortcuts come at a cost. ere are also four primary
problems that these solutions create: we don’t see everything, we create



illusions, our quick decisions can be seriously �awed, and our
memories can reinforce those errors. Despite all the evidence that our

judgments are faulty, leaders typically rely on their guts.6

Take a Deeper Dive

For more detail on cognitive biases, see Figure 1.2.

We can do better. ere are ways to mitigate the limitations in our
decision-making, including relying more heavily on the systematic
collection, analysis, and combination of data. Professional judgment
that incorporates hard data or is based on statistical models is more

accurate than judgment based on individual experience.7 Information
based on scienti�c research is more accurate than the opinions of

experts.8 is means that if you start using analytics, not only can you
improve your decisions, you can also help your leaders make better
decisions. is is a win-win situation.

If we can make better decisions, why do so many leaders still rely
on gut instincts? Unfortunately, people tend to trust their own
judgment more than data and algorithms, even when they know it is

less accurate.9 We call this “algorithm aversion.”10 Although it can

make prediction worse,11 people are more willing to trust algorithms if
they can insert their own judgment by tweaking the outcome.



Figure 1.2. Cognitive bias codex

Key Takeaways

HR analytics apply measurement and statistical techniques to
identify and understand patterns in data. is information helps
optimize the people side of the business.

HR analytics can improve the credibility of the HR function by
showing the linkage between people and business outcomes.

Technological advancements have made data—about people,
processes, business outcomes, customer engagement, and more—



available. Other �elds are using these data to build a competitive
advantage, and they are expecting you to do it too.

Pratt & Whitney Creates a Workforce-Planning Vision

e People Analytics (PA) team at Pratt & Whitney was early into the
development of an analytics function when they realized that
sophisticated data models weren’t going to win over their stakeholders.
When tasked with creating a workforce-planning portfolio that applied
across the organization, the PA team readied themselves to take on a
long-tailed and ever-evolving data project. At the onset of the project,
they found that each stakeholder group described the workforce-
planning process differently. is made proving the value of the new
function an uphill battle.

e PA team began with the critical step of understanding the
anticipated project outcomes by holding informal meetings to collect
input from each stakeholder group. Using clear and concise language,
they de�ned an overarching value proposition that �t the needs of all
stakeholders: workforce planning provides Pratt & Whitney with the
ability to place the right people with the right skills in the right roles at
the right time through agile planning tools and methods. Pratt &
Whitney took the additional step of literally visualizing the more
popular inputs and outputs of its models to show all stakeholders that
their variables would be considered (see Figure 1.3). is visual
allowed all customers, whether mathematical gurus or relative
newcomers to data, to clearly understand and reference the workforce-
planning vision.

Even with the stakeholders on board and the anticipated outcomes
de�ned, the PA team encountered challenges. ey concluded that no
single model could answer every stakeholder’s workforce-planning
questions. ey quickly discovered that it was the ability to deliver
quick wins from many imperfect analytic models that allowed for
healthy dialogue and helped guide the workforce-planning scope in a
way that always pointed back to the value proposition. e solution
was to adopt an agile approach to workforce planning: the components



of each model would vary based on the stakeholder group and the
speci�c workforce-planning questions that the group was trying to
answer (Table 1.1).

Despite the ever-changing nature of stakeholder needs and
countless additions to the workforce-planning portfolio, it was not long
before the PA team offered insights to the business that began to drive
meaningful decisions that in turn became points of maturation in the
workforce-planning portfolio.

rough this iterative process, Pratt & Whitney continuously
improves upon its interconnected workforce-planning toolkit through
connections between HR strategy and the larger business plan. By
ensuring a collective understanding of the initiative’s output at the
onset of the process, the PA team ensured that analytic projects gained
buy-in and became an integrated part in a proactive HR decision-
making process.

Figure 1.3. Workforce-planning vision

Table 1.1. Example models

Model Description Model

Components

Dialogue Assessing Model Components

Internal Labor Market
(ILM) Mapping

Potential +
Performance +
Attrition

Does the company have an attrition issue for high
potentials or performers?

What does a healthy talent pool look like?

What might we do to incentivize high potentials or
performers to stay with us for longer?

Predictive Attrition
and Survival Analysis

Demographics +
Retention

Do we have a healthy amount of retention?



Do we have any retirement bubbles on the horizon?

Is there an opportunity to improve on diversity
representation?

Capacity Planning
Collaborations

Competencies +
Location

Could a skills shortage in a plant lead to
production delays?

Where are the best regions to recruit particular
skill sets?
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Understand the Analytics Domain

Chapter Snapshot

Questions we will answer:

How do I respond to any pressure I’m feeling to resolve the people
problem my business leaders are complaining about?

How can I build a stronger partnership with business leaders?

What skills do I need to have to develop my expertise in HR
analytics?



Aer some creative calendar clearing, Jen sits down to wrestle with her new top
priority. e managers are acting like there is a talent emergency. She doesn’t
see evidence of a turnover problem—at least based on company-wide metrics.
Regardless, it’s clear that this issue isn’t going away, so it’s time to dig in.

Jen decides to schedule a meeting with the managers who first raised the
turnover concerns. But first she wants to make sure she’s done her homework.
She needs to turn this relationship around fast. She already has the
organization-wide turnover numbers and percentages over the last year broken
down by quarter (see Table 2.1). Turnover did go up, but by just over a
percentage point. It’s no big deal, right?

Table 2.1. Turnover metrics from the last year

So, is a 1.24 percent increase in turnover a big deal? Maybe, but maybe not:
it’s all relative. With an organization-wide turnover rate of 6 percent, an
increase of close to a percentage point may be nothing to sneeze at. An
additional �een people walked out the door as a result of that
approximately 1 percent increase. To get a better sense of what might be
going on, Jen may need more information to better assess what she’s seeing.

What’s going on here? e managers are sensing a problem. As the HR
director, Jen is trying to be objective and evidence based. She wants to use
data to help guide her decision-making. e problem is that numbers don’t
oen tell the whole story and they’re only as good as their interpretation.
at’s why analytics has become so important in organizations.



Reflection

What questions might you ask to help determine whether turnover is a
problem? Is a 1 percent increase large or small? What kind of data and
metrics do you use in your organization?

 

 

 

 

 

 

 

 

 

 

Answering some of the following questions would provide additional
context to help evaluate the organizational data Jen has on hand:

Is the increase she’s seeing within the normal �uctuations in turnover
from the organization?

Are there seasonal or shock effects (e.g., events such as bonuses, raises,
or promotions) that would explain this year’s pattern?

What’s typical right now for companies like Jen’s in the market?

Is there anything happening outside the company that might impact
turnover now or in the future?

Is the departmental turnover for these managers higher than the
company’s average?



Notice that these questions require looking both within and outside the
organization to evaluate the forces that could be impacting the labor pool.
Sometimes they can even interact. For example, it’s common to see a spike
in turnover aer a promotion cycle. Some people will leave because they’re
upset and feel passed over for a promotion, while others might leave because
they’re now more competitive for other jobs aer receiving a promotion.
However, people may be less likely to leave if unemployment is high. at’s
why developing a strong understanding of the internal and external markets
can be really helpful in ensuring that you’re the talent expert in your
organization.

Take a Deeper Dive

Read “Learn How to Handle the Unexpected Events that Trigger

Turnover” by Shonna Waters.1 Also consider Griffeth, Hom, and
Gaertner’s “A Meta-analysis of Antecedents and Correlates of

Employee Turnover”2 and Holtom et al.’s “How Today’s Shocks Predict

Tomorrow’s Leaving.”3

Let’s return to the story.

Jen did some additional reflecting and data gathering to figure out whether a
percentage point increase in turnover is something to pay attention to. Her
company is in the manufacturing sector, but there are many different types of
work and workers required to build the product and get it to market. e
managers she’s dealing with are in the research and development (R&D)
organization. Jen isn’t exactly sure what they do over there, but she decided to
take a look at the turnover numbers in their area. She learns that their
turnover average over the last year is 22 percent. What’s more, it looks like it
has been getting higher each quarter—not a great trend.

Knowing that their turnover rate is 33 percent more than the company sees
on average, Jen realized she may have made a mistake in writing the managers



off too quickly. She sends an email and asks to schedule a face-to-face meeting.
Jen explains that she wants to work together to better understand the issue. e
managers accept the invitation. Jen is le with one week to prepare. at
sensation in the pit of her stomach just keeps getting worse.

Jen decides to script out some questions for the meeting. She wants to get a
better sense for what might be going on in their organization. She also doesn’t
have room to look like she hasn’t done her homework!

Reflection

How would you prepare for this meeting? What questions would you
want to ask? What would your agenda look like?

 

 

 

 

 

 

 

 

 

 

When meeting with your stakeholders, it’s important to think about your
desired outcomes for the meeting. In this case, it will be important to
develop a relationship with them, understand more about the context of
their concerns, and develop some credibility as a business partner. You’ll



also want to understand the impact of this issue on their business, which can
help you both assess the priority of the issue and build a business case for
action.

You may be noticing that although this book is about analytics, we’re
spending a lot of time not talking about numbers. e reality is that
statistics, data, and other numbers make up a small portion of what’s
important in effective analytics. To be a good analyst, there are three
domains that you need to have a good grasp of.

People. Understanding people means understanding HR and the
members of your organization so that you’re asking good questions.
Understanding fundamentals of psychology, like how to motivate employees
and teams, comes in handy here. In HR, we need to understand why people
work, what they want from their careers, and why they leave organizations.
Understanding people also means knowing how to in�uence and persuade.
In�uence and persuasion are necessary to secure buy-in and communicate
results in a way that resonates with your various stakeholders.

Business. Analytics will have limited impact if they aren’t tied to
challenges of importance to business leaders. Analysts need to have a
thorough understanding of the business process and where the organization

generates its competitive advantage.4 It’s critical to understand the issues
business leaders care about and where the business is in greatest need of
help.

Data. Understanding data is really about two types of expertise: data
expertise and analytics expertise. Data expertise involves working directly
with data—data extraction, cleaning, transformation, and management.
Analytics expertise involves data analysis, data visualization, and validation.

Although data �uency and statistics, particularly more advanced
statistics, are newer skills for many HR professionals, in this book you’ll see
that much of what is needed are things you’re already good at—consulting,
business acumen, and a deep understanding of the people and people
processes in your organization. In Appendix A you can �nd a more in-depth
description of how HR analytics �t into the SHRM competency model.



Jen walks into the meeting and the two managers are there, but they aren’t
alone. Mark, the director of R&D, is there too, and so is another manager Jen
doesn’t recognize. ey are all sitting on one side of the table, so she sits down
across from them. She almost expects someone to pull out a rotten tomato and
take aim.

Jen isn’t afraid to admit when she’s wrong—she acknowledges that she’d
been too quick to close the issue. She shares that she learned that turnover in
their organization is twice as high as the company-wide average. Jen continues,
“I recognize that you’re in the best position to know what might be causing this.
You can help me understand the impact on the business.” She asks them to help
educate her.

Jen gets through her introduction, pauses, and looks around the room.
eir faces look a little bit soer than when she walked in, so Jen decides it’s
safe to ask a question. “So tell me more about your concerns.”

e four of them glance at each other before the director, Elise, responds.

“We’ve got an important job to do in our area. It’s a competitive market out
there and it’s our job to not only solve any problems with the product’s current
functionality, but also to figure out what the next version should look like. Not
just the next iteration, but what it needs to look like five years out so that our
competitors don’t get ahead of us. It can be a high-pressure job. We’re kind of
asking people to predict—and then create—the future.”

One of the managers jumps in. “It can be a lot of pressure, but that’s what
we all came here to do. Lately though, some of our best people have been
leaving. It really isn’t just how many are leaving—it’s who is leaving.”

Another manager adds, “Last week Lin resigned. She was only one person
but she was probably responsible for half of the innovations that have come out
of our group in the last eighteen months. I don’t know how we’re going to
replace her.”

Jen decides to jump in. “Do you have a sense of why she le?”

“She said she had a better opportunity. But who knows? Obviously
something motivated her to seek out a better opportunity in the first place.”

Jen doesn’t conduct the exit interviews, so she doesn’t know why Lin or the
others le. She asks, “What about the others who le? Have they shared why
they were leaving?”



“It’s been pretty vague, but we think they’re being wooed away by
companies that can pay more. ese skills are marketable and there’s not much
we can do other than start paying them more.”

Aer chatting for a while, Jen leaves a bit unsatisfied. It’s clear what they
think the solution is—more pay. She knows that the company generally takes a
lead approach to its compensation strategy for these roles because it is such a
competitive market. It’s unclear what evidence they’re basing that on. It’s also
unclear whether pay is the only explanation.

Reflection

What are the most important pieces of information you garnered from
this meeting? What did you learn about their context and impact?

 

 

 

 

 

Let’s review what Jen learned from the meeting. It’s clear that the
managers have a hypothesis: people are leaving because of pay; if the
company pays more, turnover will decrease. What evidence does Jen have to
support that hypothesis? Are there any competing hypotheses that she could
test? is is where data and analytics can really help. In the past, HR had to
manage by hunch. Today we have more data at our disposal to bring more
science and evidence into our decision-making.

Jen also learned a few things about the context of the department:

It may be a stressful environment, but the managers believe that’s part
of the draw of the department, not a reason to leave.



e mission of the department requires innovation.

e managers believe that a few high performers, including a recent
departure, are responsible for the bulk of the organization’s
performance.

It sounds like there’s currently more speculation than data backing up
their current hypothesis.

In the next couple of chapters, we will assess the data the organization
currently has available to test the managers’ hypothesis and to address the
broader question of why people are leaving. We will also review where the
holes are and how we might pursue �lling in the gaps. Finally, we’ll talk
about how to go back to the stakeholders with some assessments about what
the issues might be and where to go next.

From the SHRM Research Lab

As I mentioned in Chapter 1, people can be resistant to relying on data
or algorithms to make decisions. Analytic evidence can be perceived as
a threat, given its potential to develop conclusions contradictory to
one’s personal judgment. Developing analytic skills in HR
professionals is critical to building the foundation for a broader
evidence-based approach.

An evidence-based approach means using established methods to

identify what works, in what way, and for whom.5 A 2012 survey of
950 American HR practitioners found large discrepancies between
what practitioners think is effective and what current research shows

to be effective.6

e Center for Evidence-Based Management (CEBMa) describes

the four sources of evidence that should be taken into account:7

Scientific literature: �ndings from empirical studies published in
academic journals

Organizational context: data, facts, and �gures gathered from the
organization



Practitioner experience and expertise: professional experience and
judgment of practitioners

Stakeholders: values and concerns of people affected by the
decisions

Analytic skills are required to appraise and incorporate evidence
from all of these sources. See a visualization of this in Figure 2.1.

Figure 2.1. Sources of evidence for decision-making

Key Takeaways

Consideration of the data at your disposal—both from within and
outside of your organization—is essential to answering HR
questions.

HR analytics goes beyond number crunching. Knowledge of people,
business, and data are all essential components of an effective HR
analyst.



Questioning your stakeholders to better understand their
hypotheses and the context of the given problem will provide you
with some of the information necessary to frame your thinking
about the issue.

Management Concepts Identifies the Need for On-the-Job

Support for Training

Management Concepts is a third-party training company founded in
1973. In 2014, Management Concepts began the process of automating
its collection of end-of-course evaluations and ninety-day follow-up
evaluations using Metrics at Matter. As of 2016, however,
Management Concepts was still using these data only for tactical
purposes: reviewing student satisfaction with facilities, customer
service, and instructors aer each course delivery to improve
operations and the student experience. Management Concepts wanted
to learn more about the impact the training was having. To get more
from the data, they took an aggregate-level look at forty thousand end-
of-course evaluations and follow-up evaluations to determine if the
training affected business impact and learning effectiveness, and
whether training evaluations predicted improvements in performance
at ninety days post-training.

rough these analyses, Management Concepts was able to identify
a major area that was weak: on-the-job support for training.

Evaluation items related to this area included the following:

My supervisor and I set expectations for this learning prior to
attending this training.

Aer training, my supervisor and I will discuss how I will use the
learning on my job.

I will be provided adequate resources (time, money, equipment) to
successfully apply this training on my job.

Average scores for these items were up to one full point lower than
ratings of other items. As a third-party provider, Management



Concepts could not directly in�uence the on-the-job support
participants experienced. ey knew, however, that on-the-job support
was a critical factor in the effectiveness of the training they were
providing. ey decided to share the data with the organizations that
sent a large number of participants to training. e data were used to
get the organizations to think more about how to prepare for training
and make the training stick to ensure the companies maximized their
return on investment (ROI).

Management Concepts created summaries of the results of the
training evaluations for clients. ese one-page reports highlighted the
degree to which participants felt that the training improved their
performance at ninety days post-training, and their general experience
in training. ey highlighted the results for on-the-job support for
clients as a “missed opportunity” and recommended speci�c steps for
them to take to prepare their employees for training as well as improve
on-the-job application. is analytics application demonstrates how
Management Concepts used data that were already being collected in a
new way to create actionable recommendations for their clients.
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Establish an Effective Team

Chapter Snapshot

Questions we will answer:

How do I build an effective team to tackle the problem I’m facing?

How do I mobilize my team to execute the work that’s needed?

What are the things my team must agree on to move forward with
an analytics project?



Aer meeting with the R&D managers, Jen has a little more context on what
the organization does. She learned that innovation is critical. She also learned
that the managers feel like a few high performers drive a lot of that innovation.
ose high performers include some of the people who have le. Overall, most
of what they have to go on for what’s driving turnover is speculative. Jen goes
back to her office and decides she wants to get a few more brains on this; she
wants to talk through it with some colleagues. She needs to figure out if pay is
the real issue here. Is there evidence to support that claim? Jen asks her
managers across the relevant functions to come to the table. She brings in the
HR business partner (HRBP) who serves the R&D organization, the talent
acquisition manager, the compensation and benefits manager, and the
organizational effectiveness specialist.

Many organizations are siloed, even within HR. Oen, HR is specialized in
areas like recruiting, compensation, employee relations, and so forth.
Analytics, especially more advanced analytics, requires a systems
perspective. In other words, data must be aligned across the HR function to
address broader business challenges. is means problem-solving and
analysis can’t happen in a vacuum. It’s important to connect with others who
have valuable insights to add.

inking about Jen’s situation, why did she choose the people she did?
What skills and perspectives do they bring to the table? Well, let’s think
about it:

e R&D HRBP has insight into the norms and processes of the team
that’s experiencing the problem.

e talent acquisition manager knows the job market and the
company’s applicants; he also might know why candidates decline
offers.

e compensation and benefits manager has compensation data and
has the background to know how to adjust the compensation strategy



should she need to. She should also be in the loop because she oversees
what the managers want to address.

e organizational effectiveness specialist has unique insight into
how employees feel about the organization and their jobs.

Take a Deeper Dive

ere are a lot of things to consider when building your team. Learn
more about how to form a high-performing team by reading
“Developing and Sustaining High-Performance Work Teams,” an
online toolkit by the Society for Human Resource Management

(SHRM).1

Aer bringing the team up to speed on the situation, Jen asks for their
thoughts. e compensation and benefits manager clearly feels on the
defensive. She starts explaining the compensation philosophy and where these
positions fall relative to the market. e talent acquisition manager starts
explaining his recruiting strategy, assuring Jen that the next candidates will be
just as strong as the employees they’ve lost. Jen calls for a time-out. No one
should feel defensive. is is an opportunity to help the organization take a
deep dive and solve a problem. It’s like they’re trying to solve a mystery, but
first they need more clues. How can they learn more about what might be
going on?

e team seems nervous. Jen senses that they might be lacking confidence.
She shares with them that data isn’t her favorite part of the job, but in reality
they work with data all the time. ey talk to managers and employees every
day. What they learn in those conversations is data too—it’s just qualitative.
ey also keep track of all sorts of metrics throughout the organization.
Everything from how many employees they have and where, to how many
promotions they can offer this year. ey all know the people. Partnering with
the R&D organization is going to help them understand the business even
better than they already do.



Reflection

How might the team members be feeling? What might be causing their
reactions and resistance to Jen’s pitch?

 

 

 

 

 

It’s likely Jen’s team is feeling threatened. For some, like the
compensation manager, this project may challenge their own work. Could
the team’s �ndings hurt her reputation? For others, the idea of collecting
data, analyzing it, and testing hypotheses might seem too daunting. Any
chance you can empathize?

When you build a team with others, be clear from the beginning that
solving a problem isn’t a threat to anyone. Putting existing practices under
the microscope doesn’t have to mean that someone’s done a bad job. It’s
always worthwhile to see where and how you can do better. Furthermore,
engaging in this kind of work could actually make your team look better.
You’re being proactive. Framing your project this way can elicit buy-in. Let
your colleagues know what’s in it for them. Also, to preempt hard feelings or
resistance, it’s good practice to involve the individuals who oversee areas
relevant to your analyses (like Jen did with the compensation manager). If
you start with the right approach, you should be able to ease any defensive
feelings.

But what about the intimidation factor? When we hear the term “data”
we tend to think about quantitative data—numbers. is is the kind of
information that yields metrics such as turnover percentages, absenteeism



rates, engagement ratings, and time to hire. Like Jen told her team, we all
work with qualitative data every day. Each time we interact with someone to
get information, we’re collecting it. Qualitative data are human observations.
It’s information that can’t be easily measured but is valuable nonetheless.
Qualitative data may come to us in many forms, such as exit interview
responses, reasons for declining a job offer, or performance goals.

Reflection

What are some examples of quantitative data that you use regularly at
work? What about qualitative data? Which do you use more regularly?

 

 

 

 

 

 

 

 

 

 

Jen is able to get her team on board by easing them into data. It helps that
some of her team members, like the compensation manager, are used to
working with numbers. To really start getting their hands dirty, they need to
make sure they’re all on the same page with the data and metrics they
currently use. Jen assigns each person to a stakeholder from her previous
meeting. She tasks them with figuring out how that person’s department defines



each metric they use. When looking at turnover, are they all using the same
figures? If they don’t have agreement here, it’s going to be tough to report
findings to all of the stakeholders.

Reflection

Do the stakeholders in your organization agree on the de�nitions of
basic metrics? Poll a few members of your organization. Ask them to
de�ne each of the following metrics. How do their answers match up?
(As an added bonus, you’re currently collecting qualitative data!)

Head count

Hires

Turnover

Promotion

Diversity

 

 

 

 

 

 

 

 

 

 



How did your coworkers do? If you found any disagreement, you’ve
noticed that even the building blocks of HR analytics aren’t so cut-and-
dried. Here are just some of the factors that might have complicated your
data collection:

Head count: Who counts as an employee?

Hires: When does the hire actually occur? Is it the offer date, or the
acceptance date? Who counts as an applicant versus a candidate?

Turnover: What is the denominator we use? Is it the beginning head
count or the average head count?

Promotion: What is the denominator we use? Is it the average head
count, all employees, or the employees eligible for promotion?

Diversity: How do you report race and ethnicity?

Being explicit in how you de�ne each of your metrics will set you up for
an easier analytic path. In the next chapter we’ll begin taking stock of the
data we have so we can start getting some answers.

From the SHRM Research Lab

When building a team to carry out a new endeavor, as with Jen’s
situation above, it’s essential to foster a climate of psychological safety
among the team. Psychological safety describes the extent to which
members �nd the team interpersonally nonthreatening. Conditions
are perceived as unsafe when roles and tasks are ambiguous,

unpredictable, or threatening.2 When team members feel
psychologically safe, they are more likely to share knowledge and raise

suggestions for improvements.3

To best mobilize your team on a new analytics project, particularly
if HR analytics is a new endeavor for anyone on the team, take some
steps to build psychological safety. Establish trust by expressing

concern for others’ welfare.4 Demonstrate humility. Acknowledge your



own fallibility, show tolerance of failure, and solicit feedback to lay the

groundwork for psychological safety.5

Key Takeaways

HR analytics can’t be siloed. ink about the people who can bring
some needed insights or skills and seek their partnership.

No matter your current role, you’re surrounded by data every day.
inking through the ways you regularly interact with data will help
you gain the con�dence you need.

Data and metrics won’t lead to actionable recommendations unless
everyone is on the same page. Make sure everyone shares a common
de�nition of each piece of the puzzle.

Veterinary Holistic Care Reduces Wait Times with Analytics

Veterinary Holistic Care (VHC) is a privately owned, non-twenty-four-
hour veterinary clinic providing medical services by appointment only.
Despite offering appointment slots longer than the industry average,
the clinic was consistently running behind schedule, resulting in clients
being seen by the doctor later than their scheduled appointment time.
is was contradictory to the vision of the practice, which was focused
on providing quality, personalized care, because the doctors and staff
oen felt rushed and harried when they were running late. It also
resulted in increased payroll costs, as staff were frequently held late to
complete the �nal appointments and closing duties.

To establish the scope of the problem, VHC �rst tracked the
number of appointments that were seen late in each day—“late” here
de�ned as more than �ve minutes past the scheduled appointment
time. ey tracked this information over the course of a three-month
period, and established an average baseline of on-time appointments of
roughly 48 percent. VHC then asked for staff feedback on any potential



efficiency roadblocks they were encountering. e practice manager
also spent several days on the �oor observing the work�ow. e
feedback and observations indicated that having additional support
staff would be bene�cial to the overall efficiency of the clinic. Finally,
VHC compared the number of scheduled hours with the number of
hours worked during the previously tracked quarter. Actual hours
worked exceeded the number of scheduled hours by roughly 17
percent. VHC concluded that their current doctor to staff ratio of 1:3
was insufficient for the needs of the clinic.

VHC determined that adding one full-time employee to the staff
would result in more on-time appointments, as well as a reduction in
the number of hours employees were working beyond their scheduled
hours. e savings in staff overtime was enough to signi�cantly offset
the cost of the new hire. Aer the training period for the new hire was
completed, they tracked the number of appointments that were being
seen late over the course of a new three-month period, as well as the
number of hours worked beyond employees’ regularly scheduled
hours. On-time appointments jumped dramatically from 48 percent to
roughly 86 percent—a 38 percentage point increase. Additionally, there
were only three instances where staff were held more than �een
minutes past the end of their shi. With the new 1:4 doctor-to-staff
ratio, VHC was able to see an average of 1.4 additional appointments
per day.
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Form Your Hypothesis
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What is a hypothesis?

What kind of data will I work with when testing a hypothesis?

Where can I �nd the data I need to test my hypothesis?



Now that Jen’s team is on board, they just need to dive deeper into the data.
ey start by talking about what they each already know well.

e HRBP mentions that they routinely send out exit surveys and that
employees have the option to do an exit interview. She points out that they also
have performance ratings. e organizational effectiveness specialist mentions
the engagement survey. It’s only administered annually, but there may be
something the team can learn from it. e talent acquisition manager
mentions that his team enters some data into the system during the recruiting
and hiring process. For example, they use rationale codes to keep track of why
candidates turn down a job offer. Salary is one of the rationales included in the
codes.

Reflection

Aside from what Jen’s teammates have mentioned so far, what else
might they look into? Where might they uncover more data to get to
the bottom of R&D’s turnover issue?

 

 

 

 

 

Before worrying too much about the data, start with a hypothesis. A
hypothesis is a prediction about variables of interest. Variables are simply
anything that can be measured or counted. In HR, we usually work with
variables like employee engagement, turnover, salary, and job satisfaction.
Starting any analytics project with a hypothesis will help you determine the
kind of data you need. A simple way of structuring a hypothesis is as an if /
then statement. e R&D managers have a hypothesis about turnover in



their department: low pay is explaining the turnover problem. Put another
way, they hypothesize that if R&D employees are paid more, then they will
be less likely to leave the organization.

It’s important to look at multiple hypotheses. If your initial hypothesis
isn’t supported, you’ll have little direction for moving forward. If Jen only
considers the managers’ hypothesis, what happens if she �nds out pay
doesn’t explain the turnover problem? She can’t propose alternative
solutions without investigating alternative hypotheses.

ink about the other sources of data Jen’s team mentioned. Look at
your responses to the re�ection above. You’ve got the components of
alternative hypotheses there. Some possible alternative hypotheses are that
employees are leaving because

they aren’t engaged in their work,

they don’t have good relationships with their coworkers, or

they don’t get along with their supervisors.

inking through viable alternative hypotheses will help you get a sense of
where to �nd data in your organization.

When trying to uncover data, don’t be afraid to get creative. Sure,
looking at turnover percentages and exit interview responses are viable
options. But think outside of the box to get a fuller sense of the situation.
Sometimes the things you’d least expect actually have a big impact on the
bottom line. For example, a large �nancial �rm did some digging into the
drivers of high performance. ey found that GPAs, quality of references,
and attendance at a top universities didn’t matter. ings like lack of
misspellings in résumés and related sales experience did matter in predicting

top performance.1

Start by brainstorming. ink about the information that may be
available. Is there a way it might be relevant? What sources are available to
you? Do you use an applicant tracking system (ATS)? What information
does it collect? Is there customer-driven data somewhere? What kind of
content is available via performance reviews? What information do you have
about the context (department, supervisor, direct reports, etc.)? Be as
inclusive as you can.



Jen’s team is off to a great start! Jen gives assignments to each of them to dig
around and see what they have. She also asks the compensation and benefits
manager to put something together to show their salary ranges relative to the
market. She poses a question to the group: “How can we learn more? What
would be more compelling to R&D managers?”

e compensation and benefits manager offers a suggestion. If the team
can give her a list of everyone who’s le the organization in the last few years,
she can look up their pay history. She can see not just where they were in the
salary range, but also what other kinds of rewards they’d gotten during their
tenure.

Let’s think about the data Jen’s team is pooling. ey’ve got a number of
metrics at their disposal. Her team has covered areas from recruitment
through departure. Now let’s dig a little deeper. Once you’ve started
identifying sources of information, it’s time to consider what kind of
information you’re getting.

In data analytics, there are four different types of variables you can work
with: nominal, ordinal, interval, and ratio. Figure 4.1 summarizes these
types of variables. Nominal variables are usually qualitative. You can think of
nominal data as categorical—each variable is broken up into different
categories. ese variables are qualitatively, not quantitatively, different. You
can’t have more or less of something in nominal terms. An example of a
nominal variable in HR would be department. To look at how something
differs across departments, you’d have to categorize employees by this
variable: R&D, HR, �nance, and so on. One department isn’t more or less
than another; they’re just different.

Ordinal variables are rank-ordered. For example, if employees were
ranked from best to worst in terms of sales performance, you’d be working
with an ordinal variable. e other two types of variables have clearer
counting systems.

Interval variables indicate whether a data point is higher or lower than
another as well as by how much. e spacing between each unit on an



interval scale is even and meaningful. Interval variables aren’t common in
HR, but an example of one would be temperature in degrees Fahrenheit. You
know that a temperature of 90°F is higher than a temperature of 70°F. More
speci�cally, you know it’s exactly 20°F higher. e other de�ning
characteristic of interval variables is an arbitrary zero point. Sticking with
the temperature example, 0°F doesn’t mean there’s no temperature—in fact,
the temperature can still get lower.

Figure 4.1. Types of variables. Each category builds on the previous one

Ratio variables have all of the properties of interval variables, but they
also have an absolute zero point. is means that a value of zero indicates a
total absence of something. In HR, we may look at employee absences as a
variable. is would be a ratio variable because zero absences means a
complete lack of absences at work.

ere is another meaningful way to distinguish the types of information
you’re using. e metrics you work with can be classi�ed as either lagging or
leading indicators (see Figure 4.2).



Lagging indicators are metrics describing what happened in the past.
“Lagging” refers to the time lapse between an action and a speci�c outcome.
ese can cover workforce-related expenditures, cost per hire, position �ll
rates, and turnover.

Leading indicators are metrics that provide early indications of your
progress toward an objective. Employee engagement scores, selection test
and training scores, employee retention rates, intention to leave, and
position vacancy days are all examples of leading indicators.

Lagging and leading indicators work together, allowing you to make a
more comprehensive evaluation. ink about recruiting as an example of
this. Your organization likely collects a lot of information on sourcing:
amount of traffic on career sites, social media following, number of new
candidates entering the application system, and so on. ese leading
indicators will tell you what you’re doing now and give you a sense of how
well it’s working. But it isn’t until you combine that information with lagging
indicators, like the number of offers accepted, that you get a full sense of
your recruitment approach and its effectiveness.

Figure 4.2. Lagging vs. leading indicators

Reflection

ink about the data Jen’s team is compiling. See Table 4.1 for a
summary.

Which of these are lagging indicators? Which are leading? How
might you use each of them to understand turnover in R&D?



 

 

 

 

 

Did you struggle at all with the re�ection above? If you did, it’s likely
because many of the variables could be leading or lagging indicators
depending on the outcome of interest. For example, performance review
scores would be a lagging indicator if Jen were examining the effectiveness
of a training program. But Jen’s team is interested in turnover, so
performance ratings would be a leading indicator. Performance ratings
could possibly be used to gain early insight into turnover in R&D.

All of these data sources make Jen think that looking at turnover alone isn’t
enough. e team can’t just look at the employees who le. ey’d be neglecting
a huge pool of information by ignoring the current employees. Moreover, the
team can’t link anonymous engagement survey data with specific separations.
e organizational effectiveness specialist mentions that there are turnover-
intent questions on the engagement survey. A section of the survey asks
employees about their likelihood of leaving in the near future. Jen notes that
turnover-intent data would be a great leading indicator of turnover in R&D.

Table 4.1. Data summary

Data collector Data sets

Organizational Effectiveness Specialist Employee engagement survey scores

HRBP Performance review scores Exit interviews

Compensation and Bene�ts Manager Industry-wide salary ranges

Range penetration of separated employees

Salary history of separated employees

Talent Acquisition Manager Recruiting data (e.g., offer decline rationale codes)



Jen congratulates the team on contributing such good ideas. She shares that
she has been reading a lot about the power of storytelling and thinks being able
to talk about specific cases of departure will be a great way to capture the
managers’ attention. Everyone agrees to regroup once they’ve had a chance to
do some homework.

As Jen moves along in the data collection process, it’s time to think about
how her team moves forward. In applying these practices at your own
organization, this will require an honest assessment of your team. Your
approach to analytics will vary depending on the kind of data you have and
the level of your team’s analytics expertise.

Bersin by Deloitte developed a widely used HR analytics maturity
model. It features four levels, each representing increasing complexity in the

type of analytics used.2

Levels 1 and 2 are different �avors of HR reporting. Organizations at
Level 1, operational reporting, use data and metrics to understand what
happened in the past (and maybe why). At Level 1, your function might be
focused on understanding the data available and getting agreement on what
they mean. e re�ection activity from Chapter 3 where we de�ned some
common metrics had us working at Level 1. At Level 2, advanced reporting,
reporting becomes more proactive or routine. Level 2 reporting may even be
automated and presented in dashboards. At this level you might begin
looking at relationships among variables.



Figure 4.3. HR analytics maturity model

HR functions operating at Level 3, strategic analytics, may be developing
causal models. In other words, they’re trying to explain why something is
happening—for example, by assessing drivers of turnover or engagement.
Level 3 might look at how those relationships affect outcomes, either
positively or negatively. ose at Level 4, predictive analytics, are making
predictions and using those predictions to plan for the future. An example
might be using turnover, promotion, and market data to model scenarios
that help with workforce planning.

Reflection

ink about Jen’s turnover situation in R&D. Essentially, she wants to
know if pay is causing the spike in turnover. If it isn’t, what is? Now



think about the HR analytics maturity model. Let’s work through it. If
Jen were addressing this question from each level of the model, what
data would she need? What might she investigate? What results might
she report?

•   Level 1: Operational reporting

 

 

 

 

 

•   Level 2: Advanced reporting

 

 

 

 

 

•   Level 3: Strategic analytics

 

 

 

 

 

•   Level 4: Predictive analytics

 

 

 



 

 

What level of maturity would you say your department is currently at? If
you’re still focused more on reporting than analytics—meaning you’re at
Levels 1 or 2—don’t fret. Bersin by Deloitte found that 56 percent of
organizations are operating at Level 1, and 30 percent are at Level 2. Don’t
worry if you aren’t as far along in the model as you’d like to be. And
de�nitely don’t push to advance too quickly. Rather than aiming for a big
bang initially, stay focused and generate some quick wins. Start with the data
you have. Look for critical business problems that offer an opportunity for
impact. Depending on the business problem, advancing beyond Level 2 may
not be necessary. For example, if your company is seeing low engagement
and wants to get to the bottom of it, it might be enough to describe the state
of the workforce as it is. What are you seeing in climate surveys, exit
interviews, and other sources? Taking this kind of approach will help you
create a virtuous cycle where results lead to greater investment. at
increased investment enables more results, in turn generating even more
investment.

It’s also worth noting that these levels don’t work in isolation. Oen,
your data can be applied to multiple levels of analysis. Sometimes you’re
even operating at multiple levels at once. Aer all, these levels build on one
another. You couldn’t conduct analyses at Level 4 without �rst
understanding your data and knowing what they mean. In the next chapter,
we’ll start talking about the ways you might address an HR issue at Levels 1
and 2. en in Chapter 6 we’ll get into more advanced techniques that are
likely to push you into Levels 3 and 4.

Take a Deeper Dive

Read “How to Set Up Your Workforce Analytics Function.”3



From the SHRM Research Lab

If you picked up this book because you’ve been feeling the pressure to
get acquainted with HR analytics, then it’s possible you’ve heard some
talk about big data. e term “big data” describes data sets that are

expansive in terms of the three V’s:4

Volume: Big data sets may contain upward of one quadrillion bytes
of data.

Velocity: Devices like radio-frequency identi�cation (RFID) chips
and sensors allow data to be handled practically in real time.

Variety: Big data come from a variety of sources and in all types of
formats (numbers, text, audio, etc.).

You might be wondering how this affects you and your colleagues.
Does HR have big data? e answer depends on the size of the
organization, the nature of the business, and the data and questions at
hand. If you are using multiple years of HR data from hundreds of
thousands of employees to predict outcomes in hundreds of thousands
or millions of cases, the amount of data may be part of the problem. In
most HR organizations, this is not a problem.

Capelli argues that HR’s problem isn’t because of the amount of

data we have to deal with, but rather its storage.5 HR data oen reside
in different databases that usually aren’t readily compatible. is
means that database managers and tools to make progress on the
basics are likely a better starting point than advanced analyses.

Data mining is a common way of handling big data. It’s used to
analyze big data and overcome some of the limitations of human
information processing and traditional analytic techniques. is
approach applies machine learning algorithms to �nd patterns of

relationships between elements in large, messy data sets.6 e
objective of data mining is to use the detected patterns to predict
future outcomes and make better decisions.



Take a Deeper Dive

Read “How Midsized Businesses Can Take Advantage of Big Data:
Seven Practical Tips for Getting Started with Data Visualization,” a

white paper by SAS.7

Key Takeaways

Hypotheses build the foundation for data analytics. Develop
alternative hypotheses to explain the issue at hand. ese
hypotheses will guide your data collection.

When identifying potential sources of data, be as inclusive as
possible. ere may be explanations that don’t match your
hypothesis; you’ll never uncover those if you ignore the data at your
disposal. Leverage different types of variables and both leading and
lagging indicators to give you a more comprehensive sense of your
organization.

Regardless of the maturity of your analytics function, you can
leverage what you have available to tackle a business problem.
Demonstrating the utility of HR analytics is likely to advance
support for deeper analyses in the future.

Microstrategy Helps Employees Drive Healthy Habits

Like many companies today, MicroStrategy, an enterprise analytics and
mobility soware company headquartered in northern Virginia, was
looking for new ways to support and engage its employees in healthy
habits with the goal of improving productivity and general well-being.
One area that had considerable interest and support from employees
was in employee �tness. Aer evaluating options for how to best
support employee �tness goals, MicroStrategy decided to partner with



Fitbit to provide Fitbit devices for employees globally at reduced rates.
Using Microstrategy’s own analytics soware, the company created a
set of dashboards to gamify the employee �tness program and further
incentivize employees.

rough the Fitbit partnership, all MicroStrategy employees have
the option to purchase a Fitbit at a very low price. e Fitbit collects
data on physical activity, including exercise time, steps, and number of
stairs climbed, that serve as key indicators for engagement in any
variety of wellness activities. rough an application programming
interface (API; code that allows two soware programs to
communicate) available from Fitbit, MicroStrategy could feed
employee Fitbit data into its enterprise analytics platform to create
reports on employee activity, tailored for speci�c contests that
emphasize different �tness goals. During one quarter, employees were
challenged to spend at least twenty minutes per day engaged in exercise
that increased heart rate and to walk at least 7,500 steps. e data
collected from Fitbit was fed into a report that provided daily feedback
and a scoreboard of who was most active across the company (Figure
4.4).

Using MicroStrategy’s data and dashboard technology allows the
company to use the fundamentals of behavioral psychology to shape
and drive its employee �tness program. Quarter over quarter, employee
participation in the program grows. e employee �tness dashboard
(Figure 4.5) is available company-wide and shows how many
employees participate in the program and key metrics of those
participating, such as average active minutes, number of steps, and
�oors climbed on a daily basis. Further, employees can look at
performance from a discipline and team level, allowing the company to
create new games that nudge wellness behavior in different ways.



Figure 4.4. MicroStrategy Employee Fitness Report

Figure 4.5. MicroStrategy Employee Fitness Dashboard
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How do I identify what data and metrics to look for?

What are some basic analytics that I can run on my data?

How can I support a speci�c hypothesis?



Jen’s team does their homework and regroups. When they get together, it
becomes clear that the story isn’t so simple. Engagement scores aren’t great in
the R&D organization (see Figure 5.1). Although they’re higher than the
organizational average for certain dimensions, like meaningfulness of work,
they’re lower than average for management and supervision, as well as awards
and recognition. Employees seem to say that they believe they can be paid more
elsewhere. But they also say that they love their work and their colleagues.

Before the team dives deeper into the engagement scores, Jen decides to
look at the recruiting data. Talent acquisition asked candidates who declined
an offer of employment for their rationale. ere isn’t a lot of good evidence
there either. e rationales are all over the place. What’s worse is that the more
closely Jen examines the responses, the more confused she gets. She can’t
identify the top reason candidates weren’t accepting offers. As she digs into the
data, Jen notices that the codes are wrong. She can’t follow the story.



Figure 5.1. Engagement scores in R&D compared to the rest of the company

ink about the typical survey questions you see in your job. How oen are
the responses numbers? It’s probably not very oen. Questions more
commonly ask employees to choose a phrase that best describes their
situation. Sometimes responses are open-ended, meaning individuals write



in their own responses. When either of these happen, survey data are
recoded.

What is recoding? Recoding is simply converting text into a number.
is makes the data easier to analyze. In Jen’s case, the talent acquisition
group coded the reasons why candidates declined employment offers. Table
5.1 shows some of their data. Based on the legend that came with her data,
the number 1 should represent that the candidate was not happy with the
salary offered. A code of 2 should indicate that the candidate accepted
another offer, and so on. But when Jen looked at the data, this wasn’t always
the case. e rationale for declining an offer wasn’t always recoded into the
correct number. Jen discovered this error by comparing the actual survey
responses with the recoded data. e two sources weren’t lining up.

Spotting the abnormality in Jen’s data was straightforward. She looked
closely at the data and saw that the open-ended response “Dissatis�ed with
compensation” was coded as a 1 for one candidate and 5 for another. ere
were other inconsistencies. A code of 2 was assigned to two different
responses: “Personal reasons” and “Position is not as described.” Some
responses weren’t directly useful. One response just said “Salary and bene�ts
package.” It’s unclear what this means. Was the salary too low? Was the
bene�ts package lacking? ere’s no way of knowing based on the data Jen
has.

Jen isn’t alone here. Problems in data sets aren’t uncommon. In fact, it’s
pretty rare that you’ll �nd an organizational data set that doesn’t require
some cleaning. So it’s important to visually inspect your data for any issues
before moving on. e main problems you’ll want to screen for are missing
data and outliers.

Table 5.1. Reasons why candidates declined an employment offer

Candidate Reason for Rejection Rationale Code

A Dissatis�ed with compensation 1

B Dissatis�ed with compensation 5

C Personal reasons 2

D Accepted another offer Other

E Lack of growth opportunity –

F Position is not as described 2



G Decided to stay at current job Other

H Salary and bene�ts package Other

1 Poor cultural �t 3

J Accepted another offer –

K Distance to work location Other

Missing data are almost inevitable in analytics. is occurs whenever a
data value—a code or number—is absent. Look at the data before you
analyze them. Are any values missing? Data points can go missing for
several reasons. A common reason for missing data is nonresponse. For
instance, when an applicant doesn’t provide ethnicity or gender information
for your Equal Employment Opportunity Commission (EEOC) reporting,
there’s no data captured for it. However, missing data can also re�ect an
error in data entry. In Jen’s case, many recruitment codes were missing even
though candidates provided responses. is was an error that happened
during coding.

Missing data can pose more or less of a problem depending on how
random they are. Missing values scattered haphazardly throughout your
data set may be inconvenient, but they don’t necessarily pose a threat to your
analyses. When missing data follow a clearer pattern, there may be a
problem. In those cases, you might need to revisit how you collect your data.
For example, if you notice that a lot of demographic information is missing
in your recruitment data, you might need to rethink how you’re asking these
questions. Maybe candidates need to have more rationale for including that
information or understand how it will be used to feel comfortable sharing it.

For Jen, it was easy to spot the issues with coding. She could detect them
just by looking at a few data points. If you have a large data set, this may not
be so simple. In those cases, you might want to create a frequency
distribution. A frequency distribution is a table that displays how many
times each value or category of a variable occurred. Table 5.2 shows a
frequency distribution for Jen’s recruitment data. Recall from Table 5.1 that
she was given data for 11 candidates. As you can see in Table 5.2, only 9
responses are accounted for. is suggests that some data are missing.

An outlier is a data point that is substantially different than the other
values in the data set. ese points do not re�ect what’s typical of your data.



ey have such extreme values that they can distort analyses. Let’s say you’re
looking into salaries in a particular department and they range from $40,000
to $75,000, but the vice president (VP) of that department makes $125,000
per year. If you were to include the VP’s salary in your data, it would appear
that salaries are a lot more varied than they actually are. is is because the
VP’s salary is an outlier.

Table 5.2. Frequency distribution of job offer decline rationales

Rationale Code Number of Occurrences

1 1

2 2

3 1

4 0

5 1

Other 4

As with missing data, outliers can be easy to detect in smaller data sets.
With larger data sets, you’ll probably want to look at a graphic
representation of your data. A histogram is a straightforward tool for this.
You can think of a histogram as the graph version of a frequency
distribution. Outliers become apparent because they fall far from where the
rest of the data are clustered. Again, let’s think about our salary example.
Figure 5.2 shows two histograms: one without the VP’s salary and one with
the VP’s salary included. It’s clear you have an outlier because one point is so
far away from the others.

Take a Deeper Dive

Read e Ultimate Guide to Basic Data Cleaning by SocialCops.1

e recruiting data offered little help. e rationale codes were clearly a mess.
e staff wasn’t using them consistently and most of them were either blank or



“other,” another big problem. Jen’s to-do list is already very long. She needs to
handle this issue before it falls off her radar. Since she knows that coding is an
essential component of conducting analyses, Jen talks to the talent acquisition
manager. ey discuss staff training for next year on quality control processes.
e two of them build this as an action item and discuss a long-term plan.



Figure 5.2. Histograms of departmental salaries with (above) and without (below) the VP

Okay, one less thing on Jen’s to-do list. But her bigger problem hasn’t been
solved. She’s back to her main issue. What does Jen do now?

She takes a look at the salary data for the R&D department. e salaries
for the ten most recent separations are in Table 5.3. How can she start making
sense of this information?

Table 5.3. R&D salaries

Employee ID Salary

6332 93,148

9206 74,859

2823 80.951

5367 73.762

6735 71.686

9422 74,859

5297 74,859

1381 86,646

2443 62,990

7312 60,310

Aer you’ve looked at your data for any red �ags like outliers or missing
data, the next step is usually to take a look at some descriptive statistics.
Descriptive statistics are exactly what their name suggests. ey are
techniques that describe your data. ink of them as snapshots of your data.
ere are two major categories of descriptive statistics: measures of central
tendency and variability.

Central tendency describes the center point of your data set. Measures of
central tendency tell you where your data are clustering. A measure of
central tendency is your best guess for the value, absent other information.
ere are three speci�c measures you can use for central tendency: mean,
median, and mode. e mean is simply the mathematical average. You can
calculate it by dividing the sum of all responses by the number of responses.



e mean can be heavily affected by any outliers in your data. e median is
the true midpoint of your data. It’s the 50th percentile. If you arrange all of
your data points in ascending order, the median is right in the middle. If
your data set has any outliers, the median may be a more appropriate
measure than the mean. Lastly, the mode is the value that occurs most
frequently in your data set. When your data are “normally distributed,” the
mean, median, and the mode will be the same.

If you were to display all of your data points on a graph, a normal
distribution would resemble a bell curve—a peak in the middle fanning out
and down equally on both ends. Imagine splitting the image straight down
the middle and folding it in half; the sides would line up with one another.
When these two halves don’t match, this can indicate an issue with your data
—a nonnormal distribution—and your measures of central tendency won’t
match each other. Figure 5.3 illustrates normal and nonnormal
distributions.

Take a Deeper Dive

For more on why the normal distribution is so important and how it
�ts into statistics, read “Normal Distribution” in HyperStat Online by

David M. Lane.2

Reflection

Look again at Table 5.3. It lists the salaries for the ten most recent
R&D separations. Describe that data in terms of central tendency.
Calculate the mean, median, and mode.

 

 

 



 

 

Figure 5.3. Normal vs. nonnormal distributions

Variability can be thought of as the “spread” of your data. Measures of
variability tell you how different your data points are from each other. Range
and standard deviation are common ways of reporting variability. e range
is the difference between the largest and smallest values in your data set.
Look back to the salary data in Table 5.3. e range of the salaries in R&D is
$60,310–$93,148, or $32,838. Standard deviation is another way of
measuring your data’s variability. A low standard deviation means that most
of your data are clustered around the mean. e higher your standard
deviation, the more dispersed your data are. Figure 5.4 illustrates this.

Calculating measures of central tendency is a skill you’re likely to use
oen. e math for that is fairly straightforward. Calculating variability, on
the other hand, involves complex mathematical equations. Statistical
soware programs or Microso Excel can provide you with the standard
deviation and many other indicators you may need.

Take a Deeper Dive

Read “Descriptive Statistics in Microso Excel” by Maclean, Cipriano,

and Zaric.3



Measures of central tendency and variability work together to give you a
concise summary of your data. When you don’t have any outliers, the mean
is the most common indicator of central tendency. But on its own, the mean
doesn’t tell you much. It isn’t until you also take the standard deviation into
account that you really have a sense of your data. Let’s say you give an
employee engagement survey and scores can range from 1 to 5. If you’re told
the average score on the survey is 3, things look pretty satisfactory. But what
if you �nd out that the standard deviation is 2? is means a lot of
employees provided responses that were 2 points away from the mean. In
other words, many employees reported engagement scores of 1 or 5. is
tells a different story than what just the average would lead you to believe—
one that might lead you to take different actions. It might indicate that there
are subgroups of employees who are experiencing the organization very
differently. What might be causing that? You’re likely to miss that by looking
at the mean alone.

Figure 5.4. Standard deviations and the spread of data

Percentiles offer another way to understand how a data point �ts into the
bigger picture. ink again about the salary data presented in Table 5.3. If
Jen wanted to understand more about a recent separation’s pay, she could
look at the percentile score. A percentile score tells you what percentage of
people fall below an individual on a given metric, so where an individual
falls relative to everyone else. If Jen is looking at Employee 1381 relative to
the most recent separations, that employee was in the 80th percentile for
salary.



Speaking of Jen, let’s get back to her analyses.

Jen knows she needs more information. She starts digging into the exit data
from individuals who le in the last twelve months, and things become even
less clear. On paper, the people leaving don’t look like top performers. As Figure
5.5 shows, most R&D employees are at least meeting expectations. Jen decides
to look at the performance ratings just of the recent separations. ey aren’t
much higher than those of the rest of the department (Table 5.4). ere doesn’t
appear to be a pattern of awards or recognition for them either. In fact, the
compensation and benefits manager notes that R&D doesn’t seem to be using
many of the available tools.

Jen looks at the responses from exit surveys and interviews. She breaks
them down and looks at frequencies for each kind of response (see Table 5.5).
e data show that people mentioned opportunities for growth and
development as oen as they mentioned salary. Hmm.

Figure 5.5. Frequency distribution of R&D performance ratings

Table 5.4. Performance ratings of separations versus active employees

Rating Percent of R&D

Separations

Percent of Active R&D

Employees



5—Exceptional 8% 7%

4—Exceeds Expectations 44% 43%

3—Meets Expectations 33% 38%

2—Needs Improvement 12% 10%

1—Consistently below
Expectations

3% 2%

Jen’s data in Table 5.5 are presented as a cross-tabulation, or “cross-tabs”
as many call it. is can be a useful tool for getting into more speci�c
elements of your data. Cross-tabs allow you to compare mutually exclusive
categories of responses. If you look at each column in Table 5.5, they each
represent a different quarter. Each quarter is independent from one another,
or mutually exclusive. Some other common examples of mutually exclusive
categorical groups are gender, age ranges, and salary.

Jen’s team has collected some great information. It’s getting them closer to
discovering what’s going on with turnover in R&D. But it doesn’t exactly
conform to the “pay more” approach the managers were looking for. However,
it also doesn’t rule that out. Jen is going to need a more cohesive story.

Table 5.5. R&D exit data



Reflection

If you were in Jen’s shoes, how might you make sense of the situation
in R&D? What are some next steps you might take?

 

 

 

 

 

 

 

 

 

 

e exit interview data suggest that the top two reasons people are
leaving are pay and lack of growth and development opportunities. e
recruitment data didn’t give Jen much insight, but they did highlight that
people decline employment in R&D for a variety of reasons. Performance
ratings also didn’t support the hypothesis that the people leaving were top
performers. Managers claim this is true, but if that were the case, wouldn’t
top performers have higher performance ratings? Or maybe they would
have received added incentives while they were in the department? ere’s
no data to support that the separations from R&D were top performers. Jen
only has the word of management at this point.

When you’re testing a hypothesis of your own, it’s likely that you won’t
quickly arrive at a clear answer. Like Jen, you may �nd that your data and
the claims of your stakeholders don’t mesh. is doesn’t mean there isn’t an
answer, and it doesn’t necessarily mean the stakeholders are wrong. Usually,



this means you’ve got more work ahead of you! If you �nd yourself at this
juncture, you’ll need to consider running more analyses (and possibly
collecting more data to do that).

In Jen’s case, she needs to be able to show the relationship between pay
and turnover. So far, her data has only led to descriptive information. She
looked at turnover rates. She found that engagement scores were low. She
considered responses from exit interviews, many of them surrounding pay
and developmental opportunities. However, nothing is working together.
ere are multiple pieces, but none of them are talking to each other. In the
next chapter, we’ll look at the next steps for Jen, and I’ll introduce you to
some analyses that can be used to explore relationships among your
variables.

From the SHRM Research Lab

In this chapter, we looked at a lot of data from Jen’s team. Performance
ratings, engagement scores, and other surveys are common sources of
HR data. e common denominator here is that all of this data relies
on human input. Like I’ve touched on earlier, humans aren’t entirely
rational. is can lead to some important considerations for the data
you’re collecting.

ere are a few cognitive biases that commonly distort
performance ratings. ese inaccuracies may be intentional or due
purely to human error in rating. Central tendency bias is the
inclination to choose a rating somewhere in the middle of a scale, even
when a more extreme score (for better or worse) is a better
description. Raters oen fall into this pattern when more extreme
ratings require a written justi�cation.

Leniency error occurs when raters are unusually easy in their
ratings, while severity error refers to the tendency to be unusually
harsh in one’s ratings. Sometimes individuals commit these errors
because of the language used in a rating scale. Terms like “average” and



“outstanding” are relative and may lead a manager to use a personal

average rather than an average that other managers may be using.4

Halo error is another common cognitive bias in employee ratings.
is refers to a “halo” or aura that surrounds all ratings of an

individual.5 If a manager has to rate an employee on several different
dimensions, he or she would assign the same rating to that person on
every dimension. Sometimes this may be attributable to laziness. But
this also can re�ect an underlying perception that performance is a
singular dimension: people are either good or poor performers.

As with other issues at work, training is a common solution for
rating errors. Frame-of-reference training provides managers (or

anyone else making ratings) with a context for their evaluations.6 is
kind of training includes information on the multidimensional nature
of performance. It also provides raters with an understanding for the
anchors included on the rating scale. If a rating of 3 indicates the
employee meets expectations, what exactly does that mean? Frame-of-
reference training usually involves practice sessions in which raters use
the scale to rate hypothetical employees and are given feedback on

those ratings.7

Many organizations are wrestling with the practical realities of
performance ratings. ey are time-consuming and, because of biases
like the ones above, all that work can still result in suboptimal
information. Despite their limitations, performance ratings tend to
relate to other outcomes of interest and oen inform other
organizational decisions such as pay, development, and succession
planning. It’s important to be aware of the limitations of performance
ratings as you consider the role they play in the analytics you provide
your organization.

Take a Deeper Dive

Read Lunenburg’s “Performance Appraisal: Methods and Rating

Errors.”8



Key Takeaways

Before beginning any data analytics, always look at your data �rst.
Are there any red �ags? Does anything seem abnormal? It’s
important to address any issues with the data before moving
forward.

Descriptive statistics are a handy way of summarizing the data you
have. ey provide you with an overall sense of what you’re working
with. Be sure to look at measures of central tendency and variability
to have a more thorough understanding of the information before
you analyze your data.

Your work is rarely �nished aer initial examinations of a
hypothesis. It’s unlikely that you’ll clearly support or refute a
hypothesis with your �rst few analyses. Be prepared to take a step
back, brainstorm further analyses, and collect more data.

US Customs and Border Protection Uses Dashboards to Help

Managers Track Skills

US Customs and Border Protection (CBP) is a government agency with
an important mission: to safeguard America’s borders while enhancing
the nation’s global economic competitiveness by enabling legitimate
trade and travel. CBP needed a way to ensure that the agency’s
employees had the skills needed to be successful in their jobs, grow in
their careers, and support the mission. ey launched the Human
Resources Management (HRM) Skills Assessment Tool (hereaer
called “the Tool”) in 2014, and relaunched it in 2016 as part of the
ongoing strategy to meet that need.

e Tool is an online survey designed to assess key technical and
general pro�ciency levels and training needs for HRM’s largest
occupational series. Employees provide self-ratings on pro�ciency and



training needs in technical and general skill areas. Supervisors are also
asked to provide pro�ciency and training-need ratings for each of their
direct reports. e information collected by the Tool is used to

meet requirements of the US Office of Personnel Management
(OPM) and the Department of Homeland Security (DHS) to assess
and address skill gaps;

determine the type and level of training needed by HRM employees;
and

establish a skill set dashboard for HR’s upper management to use in
identifying trends and potential sources of skill reinforcement.

e 2016 version of the Tool was introduced to employees via an
email from the assistant commissioner of HRM. Although completion
of the Tool was voluntary, HRM employees were strongly encouraged
to participate, resulting in a very high response rate (77 percent of
HRM employees completed the assessment and 66 percent of HRM
supervisors completed assessments for their direct reports).

Each CBP employee who completes the Tool receives a Skills
Overview Assessment Report (SOAR) containing his or her self-
ratings, the ratings made by that employee’s supervisors (if available), a
comparison between the two sets of ratings, and developmental
feedback where applicable. Each SOAR also contains a skills-to-
training crosswalk between the technical and general skill areas
assessed by the Tool, currently available no-cost training, and other
resources.

Each supervisor who provides ratings for his or her direct reports
receives a SOAR for Supervisors (SOAR-S) containing the ratings a
supervisor made for a given direct report, as well as the skills-to-
training crosswalk. Supervisors also receive a SOAR-S user guide,
which provides a framework and expectations for the supervisor’s role
in the employee development process, including an overview of how to
utilize the SOAR reports for employee development and guidance on
leading developmental discussions.



e results of the Tool are also aggregated into a dashboard (Figure
5.6) available to all HRM supervisors. e dashboard provides
summaries of employees’ pro�ciency and training needs in HRM’s
technical and general skill areas in an interactive, graphic format. e
dashboard also offers a summary of critical skill gaps (de�ned as an
employee having little or no pro�ciency and a high training need;
Figure 5.7).

Recent results from the Federal Employee Viewpoint Survey
(FEVS) indicate that the Tool may be contributing to a score increase
on the question, “My training needs are assessed.” Scores for this
question have risen approximately 10 percent since the Tool was �rst
launched.

Figure 5.6. Customs & Border Protection HRM Skills Assessment Tool Dashboard: Overall
Summary



Figure 5.7. Customs & Border Protection HRM Skills Assessment Tool Dashboard: Critical
Technical Skill Gaps
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Explore Complex Analyses

Chapter Snapshot

Questions we will answer:

What analytics can I run if I want to determine whether there is a
relationship between two or more variables?

What type of analysis can I run if I want to make a prediction?

How can I assess differences between different groups of employees?



When we le Jen in Chapter 5, she had reviewed multiple data sources to
better understand what’s causing turnover in R&D. Unfortunately, different
sources are pointing to different causes and she still doesn’t have evidence to
support that pay is the cause or that the top performers are the ones leaving.
Let’s check in and see how she decides to push on.

Jen has already looked at the engagement data. But is there more story to tell?
Maybe there’s something else in the data that she should take a closer look at.
She thinks back to what the organizational effectiveness specialist said about
turnover intent. In the engagement survey, employees are asked to indicate
how likely they are to leave the company in the next twelve months. Perhaps
there are other factors that are strongly related to that? How can Jen figure that
out? She asks an analyst to run some correlations with the “likelihood of
leaving” data. Now she’ll need to know what to look for when the analyst
comes back with the results.

On their own, descriptive statistics tell you relatively little about any HR
problem. ey’re a good starting point, but more than likely you’ll need to
explore relationships among key variables. Just looking at turnover intent
scores won’t tell Jen a whole lot. She needs to understand where those scores
�t into the bigger picture. Do employees who say they’re more likely to leave
follow through? at is, is it related to actual turnover? What are the things
that lead employees to want to leave the organization? is is where
relationships come into play. Examining relationships can be especially
useful in looking toward the future. Oen, relationships can help you
predict future outcomes.

Before looking into relationships, you’ll need to identify your criterion
and predictor variables. A criterion variable is the outcome of interest.
Predictor variables are those that help predict or explain the outcome. Your
problem or hypothesis can guide you in this. In Jen’s case, turnover and
turnover intent would be criterion variables because she wants to know why
people are leaving or planning to leave R&D. ings like salary,
performance, and engagement would be predictor variables because those



are the things Jen and her team think might help them understand who is
leaving.

Oen, you’ll want to start examining relationships by looking at some
correlations. A correlation is a measure of the linear relationship between
two variables. If you were interested in looking at the relationship between
grades in a training course and employee performance ratings, you’d want to
know the correlation. A correlation analysis produces a single number: the
correlation coefficient. Correlation coefficients can range from –1 to 1. is
number tells you (a) how strong the relationship is, and (b) what direction
the relationship is in. In statistics, correlation coefficients are abbreviated as
“r.” If you’re looking at results from an analysis, look for “r =” followed by a
number. at number is your correlation coefficient.

e numeric value of the correlation coefficient reveals how strong the
relationship is. Numbers closer to zero tell you that the relationship is
relatively weak. A correlation of zero indicates that there is no linear
relationship between the two variables. As the coefficient approaches one or
negative one, the relationship gets stronger. If you see a correlation
coefficient of 1 or –1, this means there is a perfect linear relationship. e
stronger the relationship between two variables, the better the prediction
you’re able to make from one variable to another. For example, if the
correlation between turnover intent and actual turnover in R&D were 0.77,
Jen could make reasonably strong predictions about an employee’s
likelihood of leaving based on his or her turnover intent score.

e sign of the correlation coefficient tells you the direction of the
relationship. If the coefficient is negative, this means there is an inverse
relationship: as one variable increases, the other decreases. You might expect
a negative correlation between job satisfaction and voluntary turnover. e
higher job satisfaction is, the lower the rate of quitting will likely be. On the
other hand, a positive correlation indicates a positive relationship. is
means that both variables change in the same direction. You might expect to
see a positive correlation between tenure and salary. e longer someone has
been employed with a company, the higher their salary is likely to be.

Correlations are easy to visualize when you graph your data. A
scatterplot is a graph that plots all of your scores on two variables. e name
tells you its intent: it’s a graph that shows how scattered your data are. Each



dot in a scatterplot represents an individual. If you have a scatterplot with
�y dots, there are �y employees in your dataset. To better gauge the
relationship between your two variables, look for a linear pattern among the
dots. How closely do your data resemble a straight line? e closer the data
points cluster in a line, the stronger the relationship is. e direction of this
line also tells you the direction of the relationship. You read scatterplots le
to right. If the line rises, the correlation is positive. If the line falls, you have
a negative—or inverse—relationship. Figure 6.1 illustrates this for you.

Jen’s team has the “pay” hypothesis they’re testing, but they’re considering some
alternate hypotheses too. Jen asks the analyst to take a look at some other
variables, specifically some variables from the engagement survey. e analyst
comes back with the results in Table 6.1.

Figure 6.1. Scatterplots of various correlation coefficients

Table 6.1. Correlations with likelihood of leaving

Reflection



Look at the Table 6.1. How would you describe the relationship
between turnover intent and (a) relationship with supervisor, (b)
recognition, and (c) satisfaction with pay? What might this mean for
the folks in R&D?

 

 

 

 

 

Look again at Table 6.1. When you compare this to the scatterplots in
Figure 6.1, you might be tempted to say there aren’t any meaningful
relationships with turnover intent. It’s true that correlation coefficients of 0.8
and 0.9 re�ect very strong relationships. But those kinds of numbers rarely
happen with real HR data. A meaningful relationship among common HR
variables will likely fall within the 0.25–0.40 range.

A useful way of gauging relationships among variables is looking for
statistical signi�cance. Statistical significance indicates that it’s unlikely your
�nding was due to chance. It can be thought of as a probability statement. If
a relationship is signi�cant at the 5 percent level (or a probability of 0.05),
then that relationship would be expected to occur only �ve times out of one
hundred as the result of chance alone. e problem with statistical
signi�cance is that it’s sensitive to sample size. In other words, if enough
people are included in your dataset, even very small relationships will be
statistically signi�cant. In HR, we oen have the opposite problem. We don’t
typically have data from huge groups of people. Statistical signi�cance also
tells you nothing about the strength of a relationship or its meaning.

More oen than not, you should be looking for practical significance.
Practical signi�cance asks the question, Is the relationship strong enough to
have real meaning? It’s likely your results re�ect a real relationship. To gauge

this, there’s a rule of thumb in the behavioral sciences:1

Weak relationships: r ≤ 0.10



Medium relationships: 0.10 < r < 0.50

Strong relationships: r ≥ 0.50

Notice that two relationships in Table 6.1 are statistically signi�cant:
turnover intent with relationship with supervisor, and turnover intent with
recognition. Does this mean the relationship between turnover intent and
satisfaction with pay isn’t important? Not necessarily. If you think about
practical signi�cance, it wouldn’t be wise to dismiss this relationship.

Take a Deeper Dive

Take a look at Gallo’s “A Refresher on Statistical Signi�cance.”2

Correlations are a good way to start exploring relationships. But what do
you do if you’re interested in more than two variables? Aer all, the
workplace is complex. Many forces are operating at once. If you’re trying to
explain something like turnover, it’s unlikely one variable is solely
responsible. It makes sense to explore the role of multiple variables at once.
With more than one predictor, you may be able to make more accurate
predictions about your criterion. However, things will also get more
complicated. It’s quite likely your predictor variables will be related to each
other as well as to the criterion. Figure 6.2 illustrates this. You can think of a
correlation like a simple Venn diagram. e amount of overlap between the
two variables represents the relationship or association between them.
When you add more predictors into the picture, things start to look like the
image on the right of Figure 6.2.



Figure 6.2. Correlation vs. Multiple Regression

To look at multiple predictors at once, you can use multiple regression.
Multiple regression is a way of identifying the relationship between one
criterion variable and multiple predictors. Similar to correlations, multiple
regression gives you a summary number that tells you how strong the
relationship is between all predictor variables and the criterion. Recall that
this coefficient is r for correlations. It’s represented by R for regressions. is
analysis also provides a mathematical equation that allows you to predict the
criterion in the future.

Take a Deeper Dive

Check out “Statisticians Don’t Need a Crystal Ball to Predict the

Future” by the American Statistical Association.3

Let’s say Jen’s analyst took the data a step further and followed up the
correlations in Table 6.1 with a multiple regression. Turnover intent is the
outcome Jen is trying to understand, so that will be her criterion variable.
All other variables are predictors. e resulting information would tell Jen
how relationship with supervisor, recognition, and satisfaction with pay
jointly predict likelihood of leaving. As with correlations, both statistical and
practical signi�cance should be taken into account here. Practical



signi�cance can be taken from a measure of effect size. In multiple

regression, a common measure of effect size is R2. ere are also rules of

thumb here:4

Small effect: R2 ≤ 0.02

Medium effect: 0.02 < R2 < 0.26

Large effect: R2 ≥ 0.26.

e fundamentals of regression can get pretty technical. If you’d like to
better understand how regression works and what the actual results look
like, take a look at the Deeper Dive section below.

Take a Deeper Dive

Gallo wrote “A Refresher on Regression Analysis” for readers who

want to know more.5 ere is also Applied Regression: An Introduction

by Colin and Michael Lewis-Beck.6

Jen’s team is moving along nicely now. ey’re building a solid understanding
of the factors that drive turnover intent. But Jen wants to make sure they
maintain a focus on the employees who actually le R&D. What if the people
who le and the people who stayed aren’t really comparable? How can they
ensure that the insights they’re gathering based on people who are still with the
organization will really help them understand the people who le? If they don’t
take a comprehensive look at the R&D separations, they might misdiagnose the
problem. e team discusses how they might compare their turnover intent
findings to the data they have on actual separations.

Jen is expressing interest in comparing two groups: current employees
and those who have separated. is requires making some mean (average)



comparisons. ese kinds of analyses determine how different the means of
two groups are. Are they different enough to conclude that the two groups
are in fact different on some variable? Let’s think back to performance
ratings in R&D. In the last chapter, Jen’s team looked at frequency
distributions for performance scores of recent separations and the rest of the
department (Table 5.4). A frequency distribution may offer a quick glance at
how similar these two groups are, but it’s hard to make concrete conclusions
from that table. If she used a mean comparison to better understand the two
groups, she’d get a clearer sense of how similar or different they really are. A
t-test is a common method for comparing the means of two groups. When a
t-test is conducted, a t-statistic will be computed. Like r and R, the t-value
may or may not be statistically signi�cant. As with multiple regression, you
can look to measures of effect size to gauge practical signi�cance. Cohen’s d
is the effect size most commonly associated with t-tests. It is associated with

its own rules of thumb:7

Small effect: d ≤ 0.20

Medium effect: 0.20 < d < 0.80

Large effect: d ≥ 0.80

You may be wondering why you need to perform a special test just to
compare two means. Couldn’t you just look at the means and gauge how
different they are? Well, not exactly. Recall what I told you about central
tendency and variability in the last chapter. ose concepts work best
together. is is exactly what a t-test does. It takes both central tendency—
the mean for each group—and variability into account to give you a more
accurate sense of the groups and how they compare. Figure 6.3 helps
illustrate this by showing you a t-test comparing groups with different levels
of variability.

Jen asks the analyst to perform some t-tests to compare the separations with
current employees. inking about her conversations with management, she
wants the analyst to see how the groups differ on pay and performance. Are the
separations truly top performers? Is their pay worse?



e analyst comes back with very small effect sizes for both pay and
performance. e t-tests weren’t statistically significant either. is doesn’t
provide great initial support for the managers’ hypothesis, or for their claims
that their best people are leaving. But this isn’t bad news. e fact that recent
separations and current R&D employees appear to be fairly similar on pay and
performance means Jen can work with the people still working in R&D. She
and her team start brainstorming ways to make use of the employees they have
to get to the bottom of things.

Jen and her team continue to unpack the situation in R&D. e analytic
process is iterative. At each juncture, HR analysts must evaluate the
assumptions being made and test them to make sure they hold up. In Jen’s
story, the team tested the managers’ assumptions (that the best performers
are leaving because of pay) and also their own (that current employees can
help them understand former employees). It’s important to take notice of the
assumptions being made (including your own!) and be willing to test them.
It’s not just good science—it’s good business.

In the next chapter, Jen and her team will explore additional ways to
turn the effect sizes and signi�cance tests into a story. is will again involve
integrating additional data sources from within and outside the organization
—and not all of it is quantitative. Jen will also work to piece it all together.
Understanding the problem is a great �rst step. She’ll need to tackle �guring
out what to do about it to really demonstrate value.



Figure 6.3. Mean comparisons via t-tests across different levels of variability Note: Areas of overlap
between the two curves indicate areas where the two groups do not differ.

How Might is Look Different in Small Organizations?

At the beginning of this book, I talked a bit about small organizations and
how HR analytics might differ for them. Small organizations have fewer
employees overall, so you’ll be collecting less data. Smaller data sets don’t
lend themselves to robust analyses, so this may impact the level in the HR
analytics hierarchy at which you operate. It may also mean you need to get
creative. Perhaps your organization doesn’t have the resources to regularly
conduct exit interviews, engagement surveys, and the like. Can you collect
some of this data on your own? Leaning more heavily on qualitative data
will give you depth where you lack breadth. Are there other ways to �ll any
gaps? External data sources—things like benchmarking and published
research studies—may become some of your new closest friends. Some
human friendships can go a long way too! ere are plenty of online
communities on sites like LinkedIn (Linked:HR is especially active). ese
are great avenues to post questions and learn from others.

Smaller organizations usually mean small HR departments. Perhaps
you’re an HR department of one? In these instances it’s unlikely you have the
luxury of dedicated analysts. One possible solution is outsourcing. Hiring



interns or part-time graduate students with statistics chops may give you the
boost you need. at may be too expensive, so a more local alternative is to
look in-house. Business elements such as IT or engineering may have the
expertise you’re aer, and forming partnerships with them could go a long
way. It’s also possible that you’ll have to integrate some analytics into your
own repertoire. If you happen to be a department of one, you might feel like
you just don’t have the time for analytics. However, analytics are even more
critical in these cases. It can help you determine where your time is best
spent. Are you solving the right problems? e Deeper Dives I’ve given you
so far, as well as the resources in the appendices, provide some support for
boosting your own statistical repertoire.

From the SHRM Research Lab

ink about the last time you made an important decision, like
whether to stay at your job or to seek a new opportunity. What factors
were at play? You may have consciously weighed factors such as your
pay, bene�ts, coworkers, commute, advancement opportunities, and
how much you liked your boss. ere were probably other factors that
you weren’t even conscious of—for example, how risk-averse you tend
to be and macroeconomic factors.

e behavioral sciences are commonly referred to as the “so
sciences.” Compared to disciplines like physics and chemistry—“hard
sciences”—there’s less objectivity in measurement in behavioral
science. Human behavior is incredibly complex. It’s in�uenced by
personality traits, biological characteristics, and social norms, among
many other factors. Oen this means that our methodologies must be
even more rigorous. As HR works to increase the role of analytics,
academic researchers are working to expand the analytic toolkit at our
disposal. A multitude of advanced analyses exist to help us cope with
the complexity of human behavior.

Catastrophic models are one example of complex analytical
approaches that are gaining traction in our �eld. ese models
describe discontinuous phenomena: things that involve a sudden,



catastrophic change.8 is kind of pattern has been observed in the
context of physical labor. For instance, research studying steel mill
workers involved measuring arm strength before and aer two hours
of strenuous labor. Aer working for two hours, some employees
showed a sharp decrease in strength—likely the result of fatigue—
while others showed an increase, as if they’d just been warming up for

the past two hours.9

Random coefficient models are another advanced approach to
capturing the complexity of human behavior. ese models allow you

to look at time-varying predictor models.10 Essentially, how does a
change in one variable predict a change in another? For example, how
do changes in knowledge acquisition relate to changes in job
performance over time?

Social network analysis is also gaining popularity of late. is
approach is used to model social in�uence and communication within
organizational contexts. e kinds of analyses I’ve described in this
book tend to simplify interpersonal relationships. Social network
analysis treats individuals as interdependent and accounts for those
interconnected relationships. Data can be depicted in the form of a

web or matrix to display the interdependencies.11 is approach can
be a handy way to study emergent leaders in an organization. What are
the characteristics and situations that tend to give rise to leadership?
at kind of information can be helpful for a range of organizational
purposes. Wouldn’t it be nice to know which of your individual
contributors carries in�uence with a large number of their peers
before your next change initiative?

ese techniques, and many others, use mathematical rigor to help
us understand something as convoluted as human behavior as
precisely as possible. As organizations begin to routinize data
collection, aggregation, cleaning, and reporting, time and space are
freed up to focus on more complex questions. Your organization might
not be ready for random modeling yet, but it’s never too soon to start
imagining how you might apply advanced techniques to your most
perplexing people challenges.



Key Takeaways

Correlations are a great starting point for uncovering relationships
between variables. A correlation allows you to measure the strength
of a linear relationship between two variables—a predictor and a
criterion.

Multiple regression also allows you to explore relationships and
make predictions. However, multiple regression analyses give you
the ability to test how multiple variables predict an outcome of
interest.

You may not always be interested in testing relationships. You might
want to look at how one group of employees differs from another.
is can be done with means comparisons such as t-tests.

A Multinational Consulting Firm Uses Analytics to Improve

Diversity

Organizations with greater diversity among their leaders oen
outperform organizations with less diversity. With this in mind,
multinational consulting �rm FTI Consulting decided to proactively
set goals to increase the representation of women in senior leadership
positions. e dilemma was how to set aggressive but realistic goals.
e ratio of female leaders to male leaders is affected by many factors,
including turnover, hiring, and promotions. e chief human capital
officer tasked the talent analytics team to analyze several years of data
and apply scenario modeling to answer two questions: What is a
realistic goal for the �rm by 2020? and, What types of interventions
would be most effective to achieve this goal?

e analytics team started by gathering several years of turnover,
hiring, and promotion data, and the current headcount. ey
structured the data so that rosters of person-level data with all the
necessary demographics and job data were linked to pivot tables (tables



that summarize data in another table) of counts and percentages by
gender, job level, and year. Using those tables and the what-if analysis
tool in Excel, the team created scenarios extrapolating trends in the
historic data out to 2020.

A status quo model applied historic trends in turnover, hiring, and
promotions to the current headcount, showing how the ratio of female
senior leaders to male senior leaders would change each year from
2016 through 2020. ree other models showed the effect of decreasing
female turnover, increasing female hiring, or increasing female
promotions. ese scenarios revealed that even modest reductions in
female turnover would have more of an impact than large changes to
hiring and promotions. Not surprisingly, other scenarios revealed that
addressing all three levers (turnover, hiring, and promotions) would
lead to better outcomes. e trend analysis and scenario modeling
helped the team identify problematic trends for speci�c business units
and job levels, and what types of HR interventions would have the
largest impact for each business unit.

Figure 6.4 shows �ve scenarios. e status quo shows the number
of female leaders trending up from 2016 to 2020 given historic trends.
Other scenarios—especially reducing turnover or taking a
comprehensive approach to hire, promote, and retain—would
signi�cantly increase the number of female leaders and the ratio of
female leaders to male leaders.

e end results of the analysis were aggressive but realistic goals for
each business unit that senior leaders agreed to adopt; trend reports
highlighting problem areas (e.g., high turnover at speci�c job levels);
and recommendations for retention, hiring, and promotion strategies.
Strategies for retention were bolstered by additional analyses of
employee engagement and exit surveys, and by highlighting speci�c
areas for HR and business partners to address.

e �rm continues to use analytics to track progress against those
goals and is seeing positive results. e analytics team updates the
models with new data at least once per year to inform senior leaders
whether current strategies are working or if more aggressive action is



needed. is program will continue to inform the business well beyond
2020.

Figure 6.4. FTI scenarios to increase representation of women in leadership

Endnotes
1. Jacob Cohen, Statistical Power Analysis for the Behavioral Sciences, 2nd ed. (Hillsdale, NJ: Lawrence

Erlbaum, 1988).

2. Amy Gallo, “A Refresher on Statistical Signi�cance,” Harvard Business Review, February 16, 2016,
https://hbr.org/2016/02/a-refresher-on-statistical-signi�cance.

3. American Statistical Association, “Statisticians Don’t Need a Crystal Ball to Predict the Future,”
isIsStatistics.org, April 28, 2016, http://thisisstatistics.org/statisticians-dont-need-a-crystal-ball-
to-predict-the-future/.

4. Cohen, Statistical Power Analysis.

5. Amy Gallo, “A Refresher on Regression Analysis,” Harvard Business Review, November 4, 2015,
https://hbr.org/2015/11/a-refresher-on-regression-analysis.

6. Colin Lewis-Beck and Michael Lewis-Beck, Applied Regression: An Introduction, 2nd ed. (Newbury
Park, CA: Sage Publications, 2016).

7. Cohen, Statistical Power Analysis.

8. Stephen J. Guastello et al., “Cusp Catastrophe Models for Cognitive Workload and Fatigue: A
Comparison of Seven Task Types,” Nonlinear Dynamics, Psychology, and Life Sciences 17, no. 1
(2013): 23–47.

https://www.hbr.org/2016/02/a-refresher-on-statistical-significance
http://thisisstatistics.org/
http://www.thisisstatistics.org/statisticians-dont-need-a-crystal-ball-to-predict-the-future
https://www.hbr.org/2015/11/a-refresher-on-regression-analysis


9. Stephen J. Guastello and David W. McGee, “Mathematical Modeling of Fatigue in Physically
Demanding Jobs,” Journal of Mathematical Psychology 31, no. 3 (1987): 248–69.

10. Robert Ployhart and Youngsang Kim, “Dynamic Longitudinal Growth Modeling,” in Modern
Research Methods for the Study of Behavior in Organizations, ed. Jose M. Cortina and Ronald S.
Landis (London: Routledge, 2014), 63–98.

11. Yuval Kalish, “Harnessing the Power of Social Network Analysis to Explain Organizational
Phenomena,” in Modern Research Methods, 99–135.



7

Use Data to Inform Your Decisions

Chapter Snapshot

Questions we will answer:

How can I better understand the quantitative results I’m seeing?

How can I use what I’ve learned from the analytics to make
decisions about organizational interventions?

Where can I use evidence from outside of my organization to help
me?



Recall where Jen’s team le off in Chapter 6. Jen had just discovered that the
employees who recently le R&D did not differ substantially from current
employees on pay or performance. is led Jen to want to look more closely
at the people still employed with R&D.

Jen wants to look at more data—how about focus groups or stay interviews?
e team needs to learn more about the managers too. Why aren’t they using
the tools available to them? Jen decides to start by talking to the managers. She
wants to learn more from them, but also get their buy-in for talking to the
employees. e HR business partner (HRBP) joins Jen when she meets with the
managers again.

Reflection

Why is it important for Jen to get manager buy-in before talking to
employees?

 

 

 

Jen provides the managers with a brief update on the actions she’s been taking.
en she asks permission to ask them some additional questions to better
understand what’s going on. She starts by reviewing her understanding of the
challenge and specifically mentions the last few separations. First, Jen asks
about the impact this has had on the managers’ business objectives. ey talk
about having to scale back their commitments. ey say they just don’t have
enough people to get it all done and are spending their own time trying to help
recruit and hire, without much luck.



Jen made a great call in seeking a follow-up meeting with management.
First, collecting new data is oen required to really understand what’s going
on. Too oen, people stop with the data they have on hand. at can mean
making decisions based on pretty limited data that weren’t necessarily
collected with your challenge in mind. Beyond the data, that meeting gives
her the chance to learn more about the situation and also accomplishes
some other things.

Touching base again with the managers lets them know that Jen is
prioritizing their problem. Taking an approach like this will allow you to
maintain a closed loop of communication with your stakeholders; no one is
le wondering what’s being done. Checking in with your stakeholders also
gives you more practice speaking their language. You’ll get an even better
sense of what variables are important to them, and how they de�ne and talk
about those variables. is way, when you present your �ndings to them
later, you can frame things in a way that resonates with them.

In Jen’s situation, she’s not just trying to learn more about management’s
perspective; she’s seeking their buy-in for conducting stay interviews.
Carrying out the stay interviews will require additional resources, and she’ll
be taking employees away from their work to meet with them. ere may be
additional funds and resources needed to then work with the interview data.
Any time you’re looking to collect additional data, some level of added
resources will be required. Obtaining stakeholder buy-in for this can help
you make the best business case for expending resources on your data
collection. Talking to your stakeholders will give you a better sense of how
your data can impact the bottom line.

e managers also mention that they’re having to spend more time with the
rest of the staff since the people who le were informal leaders and were
technically strong. Jen asks more about that. She can tell how important these
people were to the organization. She wants to learn more about what they
know about why these employees le. Did they see it coming? What was done
to try and keep them before they resigned? What about aer they resigned?



rough the conversation, Jen learns that management characterizes the
culture in R&D as high performing. ey try to be very selective about whom
they bring in. Everyone is really smart and hardworking. ey don’t give out a
lot of awards because the expectation is that everyone is going above and
beyond every day.

Jen takes the opportunity to point out that their personnel files made it
hard to identify the recent separations as high potentials on paper. e
managers look at each other a bit uncomfortably and say that if they were
going to reward people, they’d have to reward everyone and there just isn’t a
budget for that. at’s part of the reason they just need to be able to pay more.
“What about developmental opportunities or other options?” Jen asks. e
managers say they’d been concerned about creating feelings of inequity.

Reflection

ink about Jen’s conversation with the managers. Other than
performance ratings or rewards, how else might they identify high
performers?

 

 

 

In a perfect world, Jen would have data to verify or call into question the
managers’ claims that the employees who are leaving are top performers. She
has no such data. But can she �nd it somewhere else? It’s possible. ings
like being identi�ed in a succession plan, number of projects completed, and
even the criteria used during hiring might prove useful.



e managers agree to let Jen’s team conduct some focus groups and interviews
with the employees. But they remind her that they’re looking for a pay
proposal. She thanks them for their time and heads back to her office to debrief
with the HRBP.

Jen asks the HRBP what she heard. “It sounds like pay may not be the only
problem,” the HRBP responds. She goes on to say that she wonders whether the
departing employees even know how their managers perceived them. ere
seems to be conflicting information here—either everyone is great or there are
a few people who are disproportionately great and they’re leaving. e HRBP
speculates that pay may be an easy win for the team—they already know how
to fix it. No one will complain about more pay, and there’s little additional
burden on the managers with a fair amount of potential upside.

Jen agrees that all of this is reasonable but reminds her to hold it loosely.
ey now have at least two competing hypotheses for why people are leaving:
(a) too little pay, or (b) too little recognition and development. ey have to
make sure to let the data tell the story. It’s time to interview the employees.

Remember that data collection isn’t a one-and-done task. Don’t let this
discourage you. You’re only strengthening your arguments with more data
collection. In Jen’s case, the R&D managers are clearly displaying their bias
toward the pay hypothesis. In situations like this it can be tough to continue
looking for clues. But in HR, it’s important for us to make data-driven
decisions. e R&D organization wouldn’t launch a new product without
testing it �rst to make sure it works, and HR shouldn’t launch changes to the
human capital system without research either. What has the research shown
so far, and where are there holes?

Aer meeting with the managers and hearing what they had to say, Jen felt
pretty comfortable that she had two competing hypotheses. First, that people
were leaving because the company isn’t paying enough and if they start paying
more, people will stay. Alternatively, that people are leaving because they’re
uncertain what good performance looks like, where they stand, and how to



advance. Pay might be part of the issue, but a pay increase by itself wouldn’t
solve the problem.

Before Jen starts scheduling interviews and focus groups, she wants to
review what she’s learned from all the data so far. She starts compiling all of
her findings (see Table 7.1).

Table 7.1. Summary of R&D data

Data Set Findings

Engagement
Scores

Overall, R&D engagement scores aren’t great, they’re

• higher than the company average for meaningfulness of work and regard for
colleagues, and

• lower than average for management and supervision and awards and recognition.

Employees believe they can be paid more elsewhere.

Recognition is more strongly related to turnover intent than salary is.

Performance
Scores

e people leaving don’t look like top performers.

Performance ratings weren’t much higher than average for those who le.

ere is no pattern of awards or recognition for employees who have le the
organization.

Exit
Interviews

People mentioned opportunities for development or growth as oen as they
mentioned salary.

Compensation
Data

e company pays above the median in the market, at about the 651h percentile.

On average, the RSD employees who le were more likely to have been paid below
the median within the pay range.

e salary increases of separated employees were consistently modest overtime and
were not systematically higher than those of employees who stayed.

Recruiting
Data

Data quality and integrity issues prevented us from being able to assess how
frequently applicants were turning down offers for salary reasons.

Reflection

ink about Jen’s �ndings above. Use the table below and indicate
what each data source points to as the root cause of turnover based on
what we know thus far.



Data Set Root Cause of Turnover

Engagement Scores  

Performance Scores  

Exit Interviews  

Compensation Data  

Recruiting Data  

No data source is perfect. Every person you talk to at work has a
different perspective, and so does every data source. at’s why it’s so
important to look at a problem from multiple angles. Doing so can help
overcome the limitations of any single source, and it ensures you aren’t
missing anything.

Jen’s team is making use of both current survey data and archival data.
Archival data are any pieces of information collected before your research
begins. In Jen’s case, the recruitment data is one example of archival data.
Survey and archival data can help you understand what happened and what
employees think. Discussions with employees can help you understand why.
For example, we know from the engagement survey (one of our archival
data sources) that the R&D employees are less satis�ed with rewards and
recognition and management than other aspects of their jobs. What we don’t
know is why. Jen’s team has some guesses based on what they’re seeing from
personnel �les, but focus groups and stay interviews can be a good
opportunity to see if those guesses are supported.

Again, nothing is perfect. ere is a downside to focus groups and
interviews: they’re time-consuming to conduct. Once you’ve made a survey,
you can send it out and get back to other parts of your job. is isn’t true of
employee discussions. It might also be difficult to generalize your �ndings
from them, depending on how many interviews you do and how employees
are chosen. If Jen only conducted interviews with direct reports of one
supervisor, it would be hard to generalize her �ndings to the rest of R&D
management.



Given time and resource constraints, it’s important to make the most of
your discussion time. In Jen’s case, she can’t cover all the topics included in
the engagement survey or the other data sources her team has. She needs to
make sure she focuses the discussion on the areas where the why is most
likely to be helpful. Open-ended questions are best for getting the
conversation �owing. In focus groups, they can also help encourage
interaction between participants. Make sure you’re setting participants up to
give you detailed explanations; for example, “Would you say you’re likely to
stay with our company for the next few years?” is likely to elicit a one- or
two-word response. Also, general questions tend to elicit general answers.
You’ll want to make sure to ask speci�c questions about topics of interest.
Instead of asking, “How satis�ed are you with your work?” you may want to
inquire about speci�c areas of interest to you. For example, you could
instead ask, “What elements of your job do you �nd most meaningful?”

Take a Deeper Dive

e SHRM article “How to Conduct an Employee Focus Group” in

their online how-to guides is bene�cial for further reading.1

Reflection

Given what Jen’s team has found so far, what would you want to ask
the employees? How could you use their responses to �ll in the rest of
the story?

 

 

 

 

 



 

 

Aer reviewing what they’ve gotten so far in more detail, the team decides on
an approach for the upcoming meetings. For the focus groups, Jen decides to
start broad. She reviews the engagement results and asks employees what they
think is driving the lower scores in specific areas. en she asks specifically
about management, pay, rewards and recognition, and professional
development—all of the things that have emerged as issues thus far. In the stay
interviews, Jen decides to ask employees what they like best about their jobs
and what could be done to make them even better. She also decides to ask how
they like to be recognized and what motivates them.

Take a Deeper Dive

e SHRM article “Stay Interview Questions” under their online HR

forms is bene�cial for further reading.2

Jen conducts the interviews and focus groups with help from the HRBP and the
organizational effectiveness specialist. ey learn that pay is among the issues,
but it isn’t a key driver. Multiple employees say that although they’re contacted
by recruiters who promise higher pay, they really enjoy their work right now.
ey value having the chance to create. ey also love working with other
smart, passionate people and having so much flexibility. eir managers let
them set their own schedules and they get to choose how to execute tasks. But
that’s also part of the problem.

e managers are so hands-off that the employees don’t really have a sense
of whether they’re on the right track. One of the managers has a reputation for



being a bit aloof—even socially awkward. He engages in technical questions if
the employees ask for help, but he doesn’t give much career guidance or
performance feedback. e other manager engages more, but was sometimes
described as aggressive. It feels like nothing the employees do is good enough.
More than one employee commented that they’d always been at the top of their
class and were high performers at their previous jobs. Here, they get average
ratings with no clear guidance for improving. ey don’t see a path for growth.

When the team asked what would keep them there, only one employee out
of fieen said higher pay. Despite all the employees having pretty comparable
positions in the pay band, pay just wasn’t showing up as a major concern. e
others talked about developmental opportunities, better feedback and
guidance, and clearer communication around what “good” looks like. Jen asked
the employees whether they’d shared their feedback with the managers. Most
simply said no, but a few suggested that the managers don’t seem receptive.

e picture is becoming much clearer now. But Jen has the challenge of
packaging all of this into a succinct and compelling message to present to the
leadership team. Her goal is to explain the issues according to the evidence her
team collected and convince leadership to partner with her on solutions. Going
into the presentation saying they’re the problem isn’t a solution, it’s an
observation, and one they probably won’t like. Jen calls the team back together
to develop a game plan.

What’s happening in Jen’s scenario is not uncommon. Projects typically
start because someone in your company is experiencing discomfort. e
uncomfortable person then develops an explanation for the problem and
possible solutions are pursued. e catch is that the solutions are unlikely to
work if they’re addressing the wrong problem.

Data analytics is a powerful tool to increase the likelihood that you have
the right problem. Both quantitative and qualitative data serve a purpose in
supporting a hypothesis. ey allow you to objectively measure and identify
patterns and relationships. Jen’s team has gone through a few rounds of
collecting and evaluating data to understand the situation. Now it’s solution
time. Before they identify a solution, though, they should rede�ne the
problem to make sure the solution is aligned.



Take a Deeper Dive

Read “Are You Solving the Right Problem?” by Dwayne Spradlin.3

Reflection

How would you rede�ne the problem?

 

 

 

 

 

Jen starts the next team meeting off with a short update on the discussions
with the R&D team members. She then takes some time to redefine the
problem based on what the team knows now. is started as a turnover
problem with a relatively simple proposed solution: pay. It was also a pretty
innocent one—no one in R&D had any direct responsibility for pay. Now there
seem to be a few root causes.

inking about the managers, they mean well. ey want to promote
equity. is means they aren’t using many of the tools available to them to
differentially pay or recognize their high performers formally or informally.
Despite that, they also acknowledge that some employees are contributing more
to the business than others. Too bad those employees don’t know that.

e managers sound like they fell into the same trap many technically
oriented leaders fall into: they got to where they are now for their technical
skills, but they don’t have the same comfort level with the soer side of



management. How can Jen help the managers see that career development and
performance coaching are integral to creating a high-performing team and
retaining star employees?

As far as the employees go, they love their work, their coworkers, and much
about the environment. Pay may not be high enough to ward off more
compelling offers, but it’s really the lack of clarity that ultimately sways them.
ey don’t know where they stand today or where they’re going to be tomorrow
within the company. at makes the affirmation they get from other suitors
particularly appealing. How can these employees get more career development
opportunities, coaching, and recognition so they’re less susceptible to external
offers?

e redefined problem requires a bit more accountability. Although no one
in R&D has the sole authority to change pay, data analytics uncovered possible
solutions that R&D leadership can directly impact.

Recall that in Chapter 2, I talked to you about evidence-based practice.
Let’s explore how Jen can use evidence-based practice to develop a proposal
to improve the turnover situation for R&D.

ere are four sources of information to rely on for evidence-based
decisions. Jen’s collected a lot of data to understand the organizational
context. at’s how her team has gotten where they are now. Based on those
data, they have arrived at some key issues that need to be solved. But where
do they go from there? How should they go about selecting an intervention?
at’s where the other sources come in.

Jen’s team may not have a lot of data from within the company on the
best way to develop leadership skills or motivate and recognize employees,
but there’s a world of information they can draw from. Academics and
practitioners conduct studies across settings that provide useful insights.
ose insights can be applied to Jen’s situation and any situation you’re
dealing with in your own company. You can search for these kinds of studies
through Google Scholar or through academic search engines like EBSCO.

Review articles, book chapters, and SHRM’s Effective Practice
Guidelines can be great places to get an overview. One thing to keep in mind
is the quantity and quality of the evidence to support an intervention or



practice. Refer to the guide at the end of this chapter for help evaluating this.
I like to start by identifying the challenge, identifying potential
interventions, and searching for evidence-based �ndings about that
potential intervention to see if there is support, counterevidence, or both,
and in what amounts. From there, you’ll want to use your own professional
judgment about what has worked in the past, your knowledge of your
company’s culture, and how you might tailor what you learned from the
literature to your situation.

Take a Deeper Dive

Consider reading Rousseau and Barends’s “Becoming an Evidence-
Based HR Practitioner,” as well as watching “How to Google Like a
Pro!” by Epic Tutorials for iOS & Android Filmmaking and

“EBSCOhost Advanced Searching—Tutorial” by EBSCO Help.4

Jen decides to break down the current challenges and look for evidence on how
to address each one. Table 7.2 shows what she found.

Jen and her team review the findings and discuss the best way to move
forward. To solve this problem, they think they’ll need a proposal with multiple
components. Pay is part of the proposal, but it won’t address the whole problem
by itself. Now that they’ve discussed what they think is necessary, the team
needs to figure out what the company is already doing that they can leverage.

Table 7.2. Findings to support each R&D challenge

Challenge

Employees

Experience

Intervention Evidence-Based Findings

Employees need
more
performance
feedback, career
coaching, and

Review the way the jobs and goals are
constructed in the R&D organization.

Look for opportunities to link employees’ work
to organizational goals so they see the impact of
their work on the organization more directly.

Employees want job
opportunities that facilitate
growth and autonomy so they
can feel like they have control

over their environment.5



development
opportunities.

Look for opportunities to expand the
responsibilities of the team members to cultivate
new skills and knowledge and take advantage of
development opportunities, including
volunteering for special projects. Ensure that
career paths exist and are being communicated.

Employees want
more
recognition.

Have managers recognize the expertise of each
employee and make assignments based on those.

Emphasize the value of employee’s ideas, even if
they aren’t put to an immediate use.

Recognition contributes to job
satisfaction and has a positive
impact on organizational

productivity and performance.6

Employees are
being
approached by
competitors who
lead the market
on pay.

Change pay target from 65th percentile to 75th
percentile.

Although pay does not motivate
employees to the extent many
people believe. it is important to
the extent that it helps
employees satisfy their needs for

security and autonomy.7

Pay does, however, drive

attraction and job choice.8

e HRBP isn’t sure whether there’s a clearly articulated career path for
R&D employees. It may be that it doesn’t exist, in which case, they’ll need to
develop it. Or it may be that it just isn’t communicated clearly, which is
something Jen can discuss with leadership.

In talking about the issues, the team also realizes that the managers have
been in their roles for a while. ey didn’t go through the new manager
training that the company built on performance management. Jen suggests
inviting the managers to attend the next one or at least sharing the content
with them in a more intimate setting. e team also discusses that they have a
fairly new leader development program that was created for another part of
the company. Conveniently, it was developed to help technical staff—engineers
—in another area make the transition from individual contributor to manager.
e program has been getting great reviews, so that may be a good option for
the R&D leaders too. It doesn’t currently have a coaching component, but that
might be something to recommend as an add-on.

e team feels good about the proposal and is excited about the fact that
there are opportunities to repurpose existing materials and programs.

Jen has gotten stakeholder input all along the way, but it’s a good idea to
get additional input once there’s a proposal in place.



Notice that before creating anything new, the team thought about what
they already had in place within their company. Was there anything already
there that might meet their needs? Analytics can help you there too. You can
use analytics to help you evaluate things you’re already doing in your
company. If those things are working well, you might want to extend them
to other parts of the company. If they’re not, analytics can help you identify
what needs to be modi�ed or discontinued before investing more resources.

inking along those lines, a company serves as an opportunity to run
different “experiments” or pilot programs. Sometimes these happen
intentionally or by design. Other times they occur naturally. For example,
Jen could look at the engagement results to identify the departments with
the highest scores. She could then seek out information about what those
departments are doing differently in those areas. at can provide powerful
internal examples to inspire new programs. It can also be a way to identify
leaders who might be good mentors for others in the company.

Take a Deeper Dive

Take a look at one of Google’s in-house experiments in “How Many

Interviews Does It Take to Hire a Googler?” by Shannon Shaper.13

Jen �nally has a comprehensive idea of what’s going on in R&D. She also
has a proposed solution to �x it. Next, she’ll need to �gure out how to
explain all of that to her stakeholders and get agreement on the path
forward. In Chapter 8, Jen will tackle that using storytelling and
visualization to help her prepare her presentation to the stakeholders.

From the SHRM Research Lab



How can you motivate employees? Motivation is about energy,
direction, and persistence. Organizations care a lot about motivating
employees because it’s a critical factor in performance. One of the
most well-researched and supported theories of motivation is called

self-determination theory.14 is theory highlights the importance of
feeling like you have control over your environment and can satisfy

your basic human needs.15 One way to remember these basic needs is

the acronym CAMP:16

Community (or relatedness): the need for belonging and
attachment to others;

Autonomy: the need to feel in control of one’s own destiny (i.e.,
one’s behaviors and goals);

Mastery (or competence): the need to master tasks and learn new
skills, as people want to be good at the work they do; and

Purpose: the need to contribute to something bigger than oneself.

People can be motivated from within when they achieve a goal or
accomplishment; this is called intrinsic motivation. Or, people can be
motivated by an outside reward or demand; this is known as extrinsic
motivation. Like the R&D managers in Jen’s story, organizations oen
overestimate the role of money in motivating employees. Pay is an
extrinsic motivator. ese kinds of incentives have little impact on

intrinsic motivation, and can even be detrimental to it.17 Research
suggests that intrinsic motivation is more powerful than extrinsic

motivation, especially for sustained efforts.18

It isn’t that pay doesn’t matter—it does. It impacts people’s
attraction to a job and has relationships to other things that matter,
such as security and status. But there are other, even more powerful

ways to motivate people.19 ese include the characteristics of a job,
such as the variety of tasks, feedback, recognition, responsibility,
opportunities to develop new skills, opportunities to advance, and
autonomy. Managers can help by looking for opportunities to enrich
jobs or allow for some job craing, where employees themselves can

seek out projects or aspects of work that provide satisfaction.20



Key Takeaways

Analyzing survey and administrative data can help you understand
what is happening. Interviews and focus groups can provide
additional depth around why it’s happening.

Solutions are unlikely to succeed if they aren’t addressing the right
problem. e problem presented can oen be misleading. Analytics
are a powerful tool to help you assess and rede�ne the problem
you’re addressing.

Combining information from your organizational context (based on
what you learn from analytics) with information from external
research can provide you with strong ground to stand on when
you’re designing an intervention.

BetterUp’s Analytics Help Logitech Demonstrate Leadership

Growth

Logitech’s learning and development (L&D) team struggled to connect
investments in learning to measurable behavior change. Impact had
typically been limited to satisfaction surveys on whether people liked
content and instructors. ere had been little to no visibility into
whether these investments were delivering impacts on business results,
cultural goals, or company values.

Moreover, traditional learning programs weren’t creating new
behaviors that stuck. Even for the most motivated Logitech managers,
workshop and classroom experiences led to small changes, but more
oen a quick return to the path of least resistance (i.e., doing things the
old way.) Being inspired for one or two days simply wasn’t enough to
change their behavior in the long term.

Logitech recognized the issue and partnered with a third-party
coaching vendor, BetterUp. e �rst thing BetterUp did was employ an



evidence-based assessment to see where individual Logitech managers
scored across twenty-six dimensions that research shows correlate to
high performance and growth. Not only did these assessment results
provide a baseline to later measure the progress of Logitech managers
against their developmental goals, but they also enabled BetterUp to
tailor its coaching to the speci�c needs of each individual.

Traditional approaches oen miss a key ingredient for developing
leaders: they neglect to address the internal resources that allow leaders
to continuously learn, handle increased pressure, adapt to rapid
change, and maintain high energy levels. Internal resources are the
underpinning for lasting behavioral change. Without addressing them,
Logitech’s managers could model new leadership behaviors learned in a
classroom for a few weeks. But if they hadn’t learned how to manage
stress or bounce back from setbacks, they would invariably revert back
to their old behaviors.

is is why BetterUp developed a whole-person approach to
leadership development. In partnership with its science board,
BetterUp recognizes that people need to be in a place where they’re
thriving personally before they’re able to truly inspire professionally.

In partnership with BetterUp, Logitech’s L&D team was able to use
analytics to provide clear evidence of stronger leaders to executive
management. ere were signi�cant percentile improvements across
key performance dimensions (Figure 7.1), increasing Logitech’s scores
for its company values of openness, humility, and challenge seeking:

Levels of stress decreased by 23 percentile points and burnout
decreased by 18 percentile points.

Levels of hope improved by 15 percentile points and optimism
improved by 13 percentile points.

Logitech members had a 20 percentile point improvement against
the national average, suggesting a positive impact on individuals’
attitudes, behaviors, and performance.

ese analytics provide a way for the L&D team to demonstrate the
progress being made in Logitech’s culture. Measuring the before and



aer scores on the whole-person assessment and combining them with
the population-level effects from academic research allowed BetterUp
to estimate Logitech’s ROI in BetterUp coaching. By aggregating its
gains in performance and retention with commensurate decreases in
absences and healthcare spending, BetterUp conservatively predicted
that Logitech’s investment in BetterUp will yield a 4.3 ROI (Figure 7.2).

Figure 7.1. BetterUp Percentile Performance Improvements

Figure 7.2. BetterUp ROI

Endnotes



1. Society for Human Resource Management, “How to Conduct an Employee Focus Group,” June 19,
2015, https://www.shrm.org/resourcesandtools/tools-and-samples/how-to-guides/pages/conduct-
employee-focus-group.aspx.

2. Society for Human Resource Management, “Stay Interview Questions,” accessed February 6, 2018,
https://www.shrm.org/resourcesandtools/tools-and-samples/hr-
forms/pages/stayinterviewquestions.aspx.

3. Dwayne Spradlin, “Are You Solving the Right Problem?,” Harvard Business Review, September 2012,
https://hbr.org/2012/09/are-you-solving-the-right-problem.

4. Denise M. Rousseau and Eric G. R. Barends, “Becoming an Evidence-Based HR Practitioner,”
Human Resource Management Journal 21, no. 3 (2011): 221–35, https://doi.org/10.1111/j.1748-
8583.2011.00173.x; Epic Tutorials for iOS & Android Filmmaking, “How to Google Like a Pro! Top
10 Google Search Tips and Tricks,” YouTube, April 5, 2010, https://youtu.be/R0DQfwc72PM; and
EBSCO Help, “EBSCOhost Advanced Searching—Tutorial.”

5. J. Richard Hackman and Greg R. Oldham, “Development of the Job Diagnostic Survey,” Journal of
Applied Psychology 60, no. 2 (1975): 159–170.

6. Steven H. Applebaum and Rammie Kamal, “An Analysis of the Utilization and Effectiveness of
Non-�nancial Incentives in Small Business,” Journal of Management Development 19, no. 9 (2000):
733–63.

7. Gary Latham, Becoming the Evidence-Based Manager: Making the Science of Management Work for
You (Boston: Davies-Black, 2009).

8. Daniel M. Cable and Timothy A. Judge, “Pay Preferences and Job Search Decisions: A Person-
Organization Fit Perspective,” Personnel Psychology 47, no. 2 (1994): 317–48; and Christine Quinn
Trank, Sara L. Rynes, and Robert D. Bretz, “Attracting Applicants in the War for Talent: Differences
in Work Preferences among High Achievers,” Journal of Business and Psychology 16, no. 3 (2002):
331–45.

9. omas L. Webb and Paschal Sheeran, “Does Changing Behavioral Intentions Engender Behavior
Change? A Meta-analysis of the Experimental Evidence,” Psychological Bulletin 132, no.2 (2006):
249–68.

10. John P. Campbell et al., “A eory of Performance,” in Frontiers in Industrial/Organizational
Psychology: Personnel Selection and Classification, ed. N. Schmitt and W. C. Borman (San
Francisco: Jossey-Bass, 1993), 35–71.

11. Christina N. Lacerenza et al., “Leadership Training Design, Delivery, and Implementation: A
Meta-analysis,” Journal of Applied Psychology 102, no. 12 (2017): 1686–718.

12. Rebecca J. Jones, Stephen A. Woods, and Yves R.F. Guillaume, “e Effectiveness of Workplace
Coaching: A Meta-analysis of Learning and Performance Outcomes from Coaching,” Journal of
Occupational and Organizational Psychology 89, no. 2 (2016): 249–77.

13. Shannon Shaper, “How Many Interviews Does It Take to Hire a Googler?,” re:Work (blog), April 4,
2017, https://rework.withgoogle.com/blog/google-rule-of-four/.

14. Marylène Gagné and Edward L. Deci, “Self-Determination eory and Work Motivation,” Journal
of Organizational Behavior 26, no. 4 (2005): 331–62.

15. Abraham H. Maslow, e Farther Reaches of Human Nature (New York: Viking Press, 1971).

16. Alan Colquitt, Next Generation Performance Management: e Triumph of Science Over Myth and
Superstition (Charlotte, NC: Information Age Publishing Inc., 2017).

17. Christopher P. Cerasoli, Jessica M. Nicklin, and Michael T. Ford, “Intrinsic Motivation and
Extrinsic Incentives Jointly Predict Performance: A 40-Year Meta-analysis,” Psychological Bulletin

https://www.shrm.org/resourcesandtools/tools-and-samples/how-to-guides/pages/conduct-employee-focus-group.aspx
https://www.shrm.org/resourcesandtools/tools-and-samples/hr-forms/pages/stayinterviewquestions.aspx
https://www.hbr.org/2012/09/are-you-solving-the-right-problem
https://www.doi.org/10.1111/j.1748-8583.2011.00173.x
https://www.youtu.be/R0DQfwc72PM
https://www.rework.withgoogle.com/blog/google-rule-of-four


140, no. 4 (2014): 980–1008.

18. Edward L. Deci and Richard M. Ryan, “A Motivational Approach to Self: Integration in
Personality,” in Perspectives on Motivation, vol. 38 of Nebraska Symposium on Motivation, ed. R.
Dienstbier (Lincoln: University of Nebraska Press, 1991), 237–88; and Richard M. Ryan, Edward
L. Deci, and Wendy S. Grolnick, “Autonomy, Relatedness, and the Self: eir Relation to
Development and Psychopathology,” in eory and Methods, vol. 1 of Developmental Psychology,
ed. Dante Cicchetti and Donald J. Cohen (New York: Wiley, 1995), 618–55.

19. Frederick I. Herzberg, Work and the Nature of Man (Cleveland: World Publishing Company,
1966).

20. Hackman and Oldham, “Job Diagnostic Survey.”



8

Communicate Your Findings

Chapter Snapshot

Questions we will answer:

How do I communicate my �ndings to the stakeholders involved?

What’s the best way to present my ideas to ensure stakeholder buy-
in?

How can I present the results of analyses so they make sense and
support my case?



Jen knows that she needs to frame her proposal in a way that wins over
leadership, so she begins brainstorming with her team. ey reflect on what
they heard in the focus groups and interviews. e message was clear: pay was
just part of the issue; there’s much more to it, and many of the bigger issues can
be traced to management. How can Jen explain this to managers without
putting them on the defensive?

Reflection

If you were in Jen’s situation, how might you frame your presentation?
What information would you choose to focus on when explaining
turnover to the managers?

 

 

 

 

 

 

 

When craing a presentation, the best place to start your planning is with
the audience. Knowing your audience is key to shaping your message or
story. Obviously, you’ll need to start by addressing exactly who the audience
is, but there are several other things to take into consideration:

What do they care about?

What do you want them to know?



What do you want them to do?

How do they prefer to receive information?

How do you want them to feel?

What biases do they have that could make them either supportive or
resistant to your message?

Once you’ve thought about your audience, it’ll be easier to determine
which data or pieces of information are most relevant. From there, you can
plan accordingly.

Take a Deeper Dive

Read “Data Storytelling: Know Your Audience” by Jonathan Ferrar,
founder and CEO of Ochre Rock, as well as “How to Tell a Great

Story” by Carolyn O’Hara.1

Jen has gotten to know her audience pretty well since her initial
communication with them. A proposal that doesn’t target pay will just
frustrate management. She’ll need to be careful to present the findings in a way
that won’t turn them off from the beginning.

Jen decides to use one of the recent separations to kick off her presentation.
She cras the story: a bright, motivated employee who spent her life at the top
of the class now finds herself unclear where she stands. Suddenly she’s working
with other people who are just as smart and motivated and she’s unsure of how
to stand out from the crowd. How does she progress her career now? When a
recruiter calls, offering more money and playing to her ego and newfound
insecurities, she feels in demand. Maybe a new company will offer more
attention and new opportunities.

Now Jen has a launching point. Where does she go from there? She has to
think about all of the data the team collected: focus groups, engagement



surveys, performance ratings, and so on. How does she work all of that into her
story?

inking of your presentation as a story gives you a clear framework for
organizing your message and data. is way, you’re organizing your facts
into a narrative, ultimately making your case more compelling. With
analytics, the goal is to change how someone behaves or makes a decision—
that is, to persuade someone. You won’t compel stakeholders unless they
understand what you’ve done. When stories combine data and analytics with
points of view or examples from real people, they’re richer and clearer. is
means your audience will be more engaged and likely more receptive.

Most good stories have a clear protagonist (a lead character). Your story
should be no different. A protagonist is a great way to integrate concrete and
relatable examples with your data. By describing a recent separation, Jen has
centered her story around someone who will resonate with the audience.

Jen has introduced the scenario. Now how does she arrive at a solution?
How can she present her data in a meaningful way? ink about any story
you’ve read or heard. What are the de�ning characteristics? Each story has a
setup that establishes the relevant background information, a con�ict, and a
resolution. Jen’s presentation—and any HR analytics presentation—can be
shaped the same way.

Take a Deeper Dive

Read “10 Kinds of Stories to Tell with Data” by omas H.

Davenport.2

A useful exercise for outlining your presentation is storyboarding. When
you storyboard, don’t bother with PowerPoint or any other presentation
soware. Start with a blank document or even a stack of sticky notes or a
whiteboard. e end goal is to create a visual outline of your presentation.
ink of it like your blueprint.



To get the process started, think of your main message. What’s the big
idea here? If you had to communicate your �ndings in just a single sentence,
what would you say? From there, begin jotting down all of the key points
surrounding that message. Get down everything that comes to mind. You
can always cut details later. Once your ideas are laid out, you can begin
arranging them to �ow logically.

Reflection

Given what we’ve uncovered in previous chapters about turnover in
R&D, let’s engage in some storyboarding for Jen’s presentation. First,
what’s the big idea? In a single sentence, what’s the main message she
wants her audience to take away?

 

 

 

 

 

Now list all of the key points surrounding this message. ink back
to Chapter 7 when Jen sorted through all of her �ndings. Let your ideas
�ow organically here; we’ll edit in the next step.

 

 

 

 

 

 

 



 

It’s time to create a logical sequence. Using the boxes below, start
arranging your ideas in a way that �ows. Feel free to add more boxes if you
need. Once you’ve �nished, you’ll have the blueprint for a presentation.

When Jen begins the storyboarding process, she realizes that she’s already laid
the background. She has a protagonist and she’s introduced a bit about the
conflict. Now, what’s to blame for the protagonist leaving? While pay may be
part of the story, without other contextual factors, she may not have even
called the recruiter back. Now the pieces are starting to fall into place.

Jen shows the engagement data, including the key driver analysis that
shows the relative importance of pay, management, and rewards and
recognition to turnover intent. She uses anonymized quotations from the exit
interviews, stay interviews, and focus groups. She also brings in performance
data and recognition data to show that the managers’ practices aren’t
differentiating between employees. is also shows that promotion rates are



lower than the company average. Figure 8.1 shows the results of Jen’s initial
storyboarding.

Figure 8.1. Storyboarding for R&D presentation

When you’re moving along in the storyboarding process, it’s important
to think about the �nal product. As you organize all of your key points, give
thought again to your audience. Are your points coming across clearly to
them?

e rules of horizontal and vertical logic provide a good foundation for
shaping your presentation (see Figure 8.2). Horizontal logic refers to the
headings of your presentation slides. All of your headings should read like a
story. If you were to read just the heading or title of each slide, these
snapshots should provide the overall story you’re trying to tell. You may
want to begin with an executive summary slide that lists a bullet point
corresponding to each subsequent title slide. is will help you ensure your
presentation �ows and provides your audience with a roadmap up front for
what you’ll cover. Vertical logic happens within each slide. All information
contained in a single slide should be related. e content should match the
title. Any visuals should reinforce the text on the slide. No nonessential
information should be included.



Figure 8.2. Horizontal and vertical logic in presentations

It can also be helpful to follow the rule of three. Essentially, you want to
convey your main ideas three times: Up front, present an executive
summary that lets the audience know what you’re about to tell them. en
the actual content of your presentation will solidify that message. Finally,
end by summarizing your message with a conclusion. Repetition helps the
audience remember your message long aer your presentation.

Take a Deeper Dive

Read TED Talks: e Official Guide to Public Speaking by Chris

Anderson.3

e structure and repetition of your presentation won’t matter much if
the data are incomprehensible. Rattling off a list of numbers won’t move
your audience to side with you. It may even put them to sleep! Where
possible, try to present your data graphically or pictorially. Data and
statistics become more accessible and easily digestible when they’re
presented this way. You can absorb more information faster when you’re
looking at a graph than when you’re looking at a table or list of results.

If you’ve got some results you’d like to present visually, there are a few
guidelines to keep in mind. First, reduce noise. As with your overall
presentation, you’ll want to focus on just the main ideas. is will make key



relationships or patterns easy to spot. Next, determine your question before
working on the visual. When you understand what you want the main idea
to be, it’ll be much easier to decide what kind of graph or image would be
best. Table 8.1 displays some common ways of visualizing data. Finally, be
consistent. Use the same visual cues throughout your presentation. For
example, if on one slide you highlight a key relationship by putting a red box
around it, make sure you do that in the rest of your slides. is way your
audience will know what to look for and where.

Table 8.1. Common ways of visualizing data





Take a Deeper Dive

Read Data Visualization Techniques by SAS and “Visualizations at

Really Work” by Scott Berinato.4

Reflection

ink back to the data Jen was working with in the last chapter. Table
8.2 lists some of the highlights she plans to include in her presentation.
What way(s) should she visualize each?

Table 8.2. Examples of important data to include in presentation

Data Set Major Findings Visualization Type

Engagement scores Scores are higher than the
organization average for
meaningfulness of work and
regard for colleagues.

Scores were lower than average
for management and supervision
as well as for awards and
recognition.

Performance scores Performance ratings of separated
employees are not much higher
than average.

 

Exit interviews People mentioned lack of growth
and development opportunities
as much as low salary.

 

Compensation data Company pays at 65th
percentile.

R&D employees who le were
more likely to be paid below the
median.

 



Aer a long and winding road, Jen is ready to present her �ndings and
proposal to her stakeholders. In the next chapter, she’ll get their reaction—
and has to �gure out what to do about it. Consultants and specialists oen
have the luxury of presenting a solution and moving on to something else.
Jen doesn’t have that option. As the HR director, she also has to think about
implementation and evaluation. In Chapter 9, she’ll tackle those topics.
Luckily, analytics can help with those tasks too.

From the SHRM Research Lab

Storytelling can be powerful because it triggers emotion. e brain
processes emotions differently than facts and data. Behavioral changes

are more likely to follow a story than a presentation of numbers.5 e
importance of storytelling has been observed in a number of �elds.
For example, the medical community has begun to practice
storytelling when communicating their research �ndings. is has

helped these �ndings make their way into practice.6

Take a Deeper Dive

Watch “Empathy, Neurochemistry, and the Dramatic Arc” by Future of

StoryTelling and pay close attention to the story of Ben.7

Similar to storytelling, data visualization can be an effective way of
engaging your audience. To make the best use of data visualization
practices, it helps to understand a bit about visual perception and
cognition. ese are the processes in the brain upon which design
principles are based. Visual perception, or seeing, is handled by the
visual cortex. is cortex is fast and efficient. We see immediately and
have to expend little effort to do so. Cognition, or thinking, is handled
mostly by the cerebral cortex. Compared to the visual cortex, the

cerebral cortex is slower and less efficient.8 Traditional data
presentation methods, like charts and tables, require the audience to



rely almost entirely on conscious thinking. However, data visualization
—such as the methods listed in Table 8.1—takes advantage of our

visual perception, allowing us to comprehend faster.9

Gestalt psychology is based on how the brain processes visual
information. e main premise of Gestalt psychology is that the whole
is different from the sum of its parts. From this notion a set of
principles emerged to explain how the human eye and brain organize
visual objects. e principles are summarized in Table 8.3.

Table 8.3. Gestalt principles

Principle Definition Example

Law of similarity Objects that are similar tend to
appear grouped together.

Law of proximity Objects that are near each other
appear to be grouped together.

Law of continuity Lines between objects are seen as
following the smoothest path
rather than as multiple angles or
separate pieces.

Law of closure Objects are grouped together if
they seem to complete some
entity.

Law of good �gure or
Simplicity

Objects are seen in a way that
makes them appear as simple as
possible.



Key Takeaways

Any presentation of data should begin with knowing your audience.
Customizing your message to the people receiving it is essential to
securing their buy-in.

Narrative storytelling is an effective framework for organizing
analytics presentations. Use quantitative �ndings and rich, relatable
examples to present a clear and compelling case.

Support your claims by showing your audience what’s going on.
Consider presenting your data as a picture or graph when possible
so the audience can easily see and interpret meaningful �ndings.

Liberty Mutual Investigates Turnover

A department with high-volume positions was experiencing elevated
turnover at Liberty Mutual Insurance and sought help. Leaders turned
to the talent analytics department to understand why employees were
leaving and to predict future turnover rates. Although it was important
to predict how many hires would be required to replace separations,
the primary goal was to identify actionable drivers of turnover and take
action to reduce turnover going forward.

Talent analytics gathered data from a variety of sources. ey
talked to stakeholders and studied exit interviews to identify key
variables. Once they gathered the data, they developed turnover
models to understand which variables were most predictive of
voluntary turnover. One of the variables found to be associated with
increased turnover was applying for positions within the company.
ese data were gathered from the internal ATS. e ATS is a rich data
source that includes variables such as where in the company the
employee applied, the outcome of the application (hired or declined),
and what stage(s) of the interview process the employee completed.



A series of descriptive analyses and t-tests were performed to
investigate the internal application issue. By comparing the quarterly
turnover rates for those who applied for other jobs within the company
and those who did not, Liberty Mutual con�rmed that internal job
searching was associated with an increased risk of turnover. Further, by
comparing the turnover rates of successful and unsuccessful internal
applicants to other employees, Liberty Mutual discovered that
unsuccessfully applying for internal positions was uniquely associated
with subsequent voluntary turnover: those who applied from within
and were rejected turned over at approximately twice the rate of other
employees. ose rejected before receiving a phone screening were
especially at risk, while employees who completed a phone screening
before the rejection had turnover rates similar to employees who did
not participate in any internal job searches. Additional analyses
revealed that the pattern persisted for employees whose performance
met or exceeded expectations.

Talent analytics developed a hypothesis that phone screening all
internal applicants could provide employees with critical feedback for
career development and soen the blow of rejection. Talent analytics
used this information to connect with the talent acquisition and the
talent management departments to better understand the rejection
process as well as what could be done to improve the employee
experience. A cost-bene�t analysis revealed that Liberty Mutual could
phone screen all internal applicants with only a modest increase in the
number of full-time recruiters. Given the high cost of turnover, the
additional costs associated with recruiter salary would still result in
cost savings for the company.
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9

Evaluate Your Intervention

Chapter Snapshot

Questions we will answer:

How can analytics help me aer I implement a solution?

What do I need to do to improve my chances of success?

How can I evaluate the results of my project?



When we le Jen in Chapter 8, she and her team had reviewed all of their
�ndings and assessed where evidence from the academic literature could
help identify a solution and develop a plan. She had also used storytelling
and visualization techniques to put all of that information into a
presentation that she could share with her stakeholders.

Jen proposes a multifaceted approach to addressing the problem in R&D. In the
short term, she suggests raising the market position of pay to the 75th
percentile. She says she’s working on improving the way recruitment data is
captured to better track the competitiveness of the compensation package. Jen
also suggests partnering with the managers to develop a plan for recognizing
exemplary performance and clarifying expectations. Finally, she asks the
managers how she can improve career coaching and provide more
developmental opportunities. By the end of the conversation, the managers
agree to a longer-term project around creating a development program. ey
also agree to coaching for themselves to develop their feedback and coaching
skills.

Jen needs the R&D managers to be motivated and willing to embrace
whatever changes need to be made. is requires communication and
opportunities for them to provide input. Communication is key for Jen.
Delivering consistent messages with a compelling case for change requires
coordinated communication. Putting together a well-thought-out
communication plan can help ensure you’re delivering the right messages
and managing your stakeholders’ expectations effectively.

Take a Deeper Dive

Management of change is an important part of any initiative and can
impact the timing of the effects you expect to see. Read “Change

Management and Change Management Models” by RapidBi.1



Reflection

Who would be important stakeholders or stakeholder groups for Jen’s
effort? What are some ways she could reach them throughout the
project?

 

 

 

 

 

 

 

Jen agrees to come back in a week with an implementation plan and a way to
evaluate the proposed solution over time. She makes a list of the goals her
solution is trying to achieve. For each one, she then brainstorms how she’d
know if the solution was effective. at process allows Jen to identify metrics
and think about the change she expects to see. She then identifies where she’ll
get the data.

Jen puts all of the information she’s written into an evaluation plan. e
plan will serve as a roadmap for the analytics work throughout the
implementation of her solution. She’ll show her stakeholders the evaluation
plan to get agreement on the expected impact and measures of success. She’ll
also use the plan to make sure she’s captured baseline information before
implementing any initiatives. is way she can evaluate the impact of the
initiatives over time.



Take a Deeper Dive

Learn more by watching “Pretest and Posttest Analysis using Excel” by

Todd Grande.2

Once Jen and the managers have agreement on the metrics, she’ll determine
how frequently they should be collected. She will also decide how oen she’ll
report on the impact she sees. Jen’s evaluation plan is summarized in Table 9.1.

Measuring the impact of the solution is critical to showing ROI. e
stakeholders want to know that the money and time they invest in Jen’s
solution are worth it. is goes beyond time and money though. Individuals
who are being asked to do something different will likely want con�rmation
that the energy they’re investing in change is paying off. In that way,
evaluating the changes can fuel momentum.

Typical methods to evaluate change initiatives are focus groups,
interviews, surveys, and administrative data, such as turnover rates. An
evaluative approach should begin with the goals of the initiative. What are
you trying to achieve? From there, each goal should identify a way to
measure progress. For example, the ultimate goal for Jen’s effort was to
reduce turnover in R&D. ere are two metrics I’ve already discussed that
can help her evaluate progress: turnover based on administrative records (a
lagging indicator) and likelihood of leaving (i.e., turnover intent) from the
engagement surveys (a leading indicator). e work that was done to
rede�ne the problem will be a great source of the baseline metrics Jen will
need to evaluate the impact of her solution.

It’s important to be as comprehensive as possible in your evaluation
strategy without making it too complex. If your strategy requires too much
work, or results in �ndings that are hard to understand, it’s unlikely the
strategy will be carried out. As you develop your evaluation plan, think
about how long you expect it will take to see results. Is the intervention



something that should have an immediate impact? How oen are you
measuring that impact? What might the results look like over time? Will
there be an immediate spike in results? Will that spike be maintained or
temper off aer a while?

Table 9.1. Evaluation plan for R&D solutions



Reflection



What other methods could you use to measure the extent to which the
program has achieved its goals?

 

 

 

inking about your expected results—making a hypothesis—will help
you determine whether a program is having the desired result. It’s possible
that changes will need to be made to get the program back on course. You
would never know that if you weren’t evaluating it regularly. It’s also
important to use your hypotheses to set stakeholder expectations.
Communicating the impact you expect to see will get stakeholders on the
same page about the likely degree of impact and how long it will take to get
there.

Jen goes back to the stakeholders with her implementation and evaluation
plans. As she walks out of the meeting, the R&D director pulls her aside to
thank her: “I know you and I got off on the wrong foot, but in the end we
learned something about the department.” He goes on to say that he and the
managers made the same mistake they warn their employees about—forgetting
to test their hypothesis.

Jen and the director shake hands. ey agree that they look forward to a
continued partnership throughout the implementation.

Reflection

How can analytics shape the way HR partners with other lines of
business in the organization?

 



 

 

 

 

e story in this book is not uncommon. In fact, multiple authors of this
book have encountered something similar. HR has moved beyond the
routine activities that traditionally made up personnel management, such as
payroll and bene�ts. Now, it has a more substantive role in developing
people strategies to support the organization’s goals. For HR leaders to have
a broader organizational impact, they too need to shi focus from HR
processes to the impact of talent on the broader business strategy and
outcomes.

Analytics provides a way to demonstrate that linkage. Other business
functions like �nance, customer service, marketing, and sales all use data
extensively. is has increased the expectations and perceived importance
surrounding talent-related data. e ability to bring analytics to the table
enables HR professionals to be on common ground with other functions
and speak a common language.

is book provides a broad introduction into what HR analytics are and
how they can help you be a more effective HR partner. If you’re going to be
more heavily involved in analytics, this will likely be just the beginning.
You’ll want to continue your development in areas like statistics and
research methods.

Expertise is required for good statistical analyses and analytics, but that
doesn’t mean you need to become a specialist. You need to know what to ask
for, how to interpret it, and when something doesn’t look right. If you’re not
interested in specializing in analytics yourself, start by �nding someone in
your organization who is, even if they’re outside HR. You might be able to
borrow capability—either from another function within your company or
externally through consultants—while you build your own.

If you do want to become more pro�cient, start by exploring the Deeper
Dive sections throughout this book. ere’s also a wealth of free and low-



cost courses and content online, some of which we’ve included here.
Regardless of whether you want to be an analytics pro or you just want to
know enough to navigate the new data-rich reality of HR, your
understanding of the business and the people in your organization are
critical to making analytics work.

From the SHRM Research Lab

In this book, you saw a number of ways in which data and analytics
have grown as assets to HR. is trend isn’t limited to our �eld. Within
and across organizations the data skill gap poses a problem. Many
organizations are looking to citizen data scientists as a remedy. In a
nutshell, this means they are investing in the employees they already
have by encouraging them to get training and education in data
science. is way employees can investigate their own data rather than
rely on someone less intimately familiar with the data’s context.

Data scientists have extensive backgrounds in computer science,
coding, machine learning, and statistics. Such an extensive
background takes a long time to develop and is usually highly
compensated. is has posed a tremendous barrier to many
organizations. But this isn’t the only problem with relying solely on
data experts. As organizations become more advanced, they are
becoming more interested in using data to predict future outcomes.
Merely relying on data from the past won’t suffice. Businesses must be
forward thinking in how they collect their data to best serve predictive
analytics. is means the employees who collect the data (e.g., those
rating performance or creating and administering an engagement
survey) need to understand how those data will later be analyzed.

ese conditions have created fertile ground for the growth of
citizen data scientists. Employees in IT, supply chain management,
marketing, HR, or any other department are now being tasked with
data analytics. is doesn’t mean every employee will become a citizen
data scientist. Organizations are more inclined to choose a select few



individuals who will take on data and analytics as a secondary part of
their roles.

e expanding popularity of citizen data scientists is accompanied
by some other emerging trends:

Automation. Technology is increasingly allowing manual tasks to
be automated, which allows them to be done faster and on a greater
scale. Automating tasks such as data preparation will reduce the
training burden on citizen data scientists.

Advanced and executive education. Universities are now offering a
large diversity of data science and analytics programs to meet the
growing demand. While some companies may encourage employees
to pursue math or social science degrees to obtain analytics training,
others are looking to more basic statistics training that will allow
employees to partner with a data science team.

Data governance. Increasing access to organizational data increases
the complexity of handling those data. As more employees become
equipped to use data, the organization must have governance in
place to be sure there aren’t redundancies or inconsistencies in how
data are being used across departments. Security also becomes a
growing concern as more individuals gain access to data.

Your investment in this book might be thought of as your personal
step toward becoming an HR citizen data scientist. You are probably
already a domain expert. Now you’re expanding your analytics
repertoire to increase your ability to extract value from HR data.

Key Takeaways

Analytics can be useful throughout any human capital project. In
addition to helping you properly rede�ne the problem and identify
solutions, it can also help you evaluate your solutions. is enables
you to identify issues early enough to improve your intervention,



discontinue it if it isn’t working, or demonstrate its impact to
stakeholders.

Change management is critical to any new initiative.
Communication is key and can’t be overdone.

Not every HR professional needs to become an analytics specialist.
However, every HR professional should understand where analytics
�t into the HR landscape and how they can be harnessed.

Hilton Hotels and Resorts Focuses on Well-Being

e hospitality industry is known for high levels of turnover, which
come with an astonishing cost. To combat turnover and create a great
place to work for all, Hilton Hotels and Resorts continuously seeks
ways to drive retention and differentiate themselves as an employer of
choice in today’s competitive job market. eir corporate mission is to
be the most hospitable company in the world, and this mission doesn’t
end at the customer experience—it extends to the team-member
experience as well. Hilton recognized that the well-being of team
members is critical to business success and set out to identify ways to
directly impact the day-to-day experiences of their team members.

Many of Hilton’s innovative ideas come directly from their team
members. Each year they comb through the feedback from their
annual engagement survey to gain new insights. One theme that
emerged highlighted opportunities to improve the spaces team
members work in on-property—the areas that guests don’t see, most
frequently called the back of the house but renamed the “heart of the
house” by Hilton. In response to this and other survey themes, Hilton
introduced rive@Hilton, their team-member value proposition.
rive@Hilton is an investment in the basics that seeks to evolve how
those at Hilton work and make space for what matters (e.g., family,
personal growth, innovation, creativity). As part of rive@Hilton,
Hilton committed to enhancing work environments for on-property
team members. e heart-of-house initiatives are anchored around six



pillars, emphasizing concepts like newly designed locker rooms, team-
member restaurants and wardrobes, and improved Wi-Fi accessibility.

To measure the impact of the heart-of-house initiatives, Hilton
identi�ed key metrics to serve as success indicators. People metrics
were some of the �rst data points that came to mind—things like
turnover, satisfaction, and engagement—but they wanted to go a step
further. is was an opportunity for HR to demonstrate that an
investment in team members is an investment in the business.
Including success indicators that are major business metrics, such as
revenue, help to tell a comprehensive story. To facilitate this, Hilton
tracked people and business success indicators pre- and post-
intervention for each hotel that made the heart-of-house commitment.

What started as a small pilot has now impacted thousands of team
members around the world. Even though Hilton is still early on in their
global rollout, the positive impacts of these investments are already
visible in the success indicators previously de�ned. Hilton’s HR team
began to pull together a simple and concise story, supporting
statements with digestible data points, to provide an update to senior
leaders and owners. e heart-of-house journey was summarized,
from initial metrics, to program implementation, to survey feedback.
e �nal story they produced ultimately connected HR to the business,
highlighting that in general, hotels with completed heart-of-house
enhancements were experiencing reductions in turnover, improved
engagement and pride, and even increases in hotel revenue and
customer satisfaction.

Endnotes
1. RapidBi Support, “Change Management and Change Management Models,” RapidBi, May 10, 2016,

https://rapidbi.com/changemanagement/.

2. Todd Grande, “Pretest and Posttest Analysis Using Excel,” Youtube, December 2, 2014,
https://www.youtube.com/watch?v=LZxaMmCZFm4.

https://www.rapidbi.com/changemanagement
https://www.youtube.com/watch?v=LZxaMmCZFm4


A

How Analytics Fit into the SHRM

Competency Model

Purpose

e appetite for and impact of analytics continues to grow exponentially in
today’s technology era. You’ll need the right people and skills in place to
build your organization’s analytical function to withstand changes and
remain relevant to the business. is section highlights how HR analytics �t
into e SHRM Body of Competency and Knowledge (SHRM BoCK, see
�gure A.1)—which de�nes the competencies and knowledge necessary for
effective practice as an HR professional and serves as the basis for the
SHRM-CP and SHRM-SCP certi�cation exams—and what it means for you

as you develop your analytics capabilities.1

In HR, analytics involves using human resources data (e.g., attendance
records, promotion rates, engagements scores) and business analytics
techniques to produce metrics that report company performance (e.g.,
business outcomes) relative to goals. People drive business outcomes,
meaning the analytics that help organizations understand the people behind
their operations are an extremely valuable tool. Further, HR can use insights
gleaned through analytics to predict future business outcomes and optimize
employee performance. Instead of relying on intuition-based
recommendations, analytics enable HR to make data-driven decisions and
deliver quantitative and more objective forecasts and recommendations. HR
professionals must be pro�cient in critical evaluation to do this effectively.



Figure A.1. SHRM Body of Competency and Knowledge (SHRM BoCK)

Identify the Competencies

SHRM BoCK de�nes critical evaluation as “the knowledge, skills, abilities,
and other characteristics (KSAOs) needed to collect and analyze qualitative
and quantitative data, and to interpret and promote �ndings that evaluate

HR initiatives and inform business decisions and recommendations.” 2 It is
one of nine competencies that describe what it takes to be a successful HR
professional and a critical business partner in the organization.

Four subcompetencies compose critical evaluation: data advocacy, data
gathering, data analysis, and evidence-based decision-making. In addition,



an HR professional pro�cient in critical evaluation possesses the following
foundation elements:

Survey and assessment tools

Sources of data

Basic concepts in statistics and measurement

Ability to interpret data and charts

Talent for building evidence-based strategies

People oen use Critical Evaluation to help them identify a potential
problem. Following root-cause identi�cation, you can use data analysis to
help identify potential solutions, select the best solution, implement an
initiative, and evaluate its effectiveness. Analysis of available data drives each
step of this frequently cyclical process. However, the HR competencies do
not exist in isolation of each other. Rather, they work together and
complement each other. HR expertise (the technical competency in SHRM
BoCK) serves as the foundational knowledge for HR practice. Behavioral
competencies—like critical evaluation, business acumen, communication,
leadership and navigation, relationship management, global and cultural
effectiveness, consultation, and ethical practice—are what enable
practitioners to apply HR knowledge to solve organizational challenges
effectively.

For example, effective HR professionals not only understand the
organization’s operations and functions, but are also in tune with what is
taking place in the external environment. In other words, effective HR
professionals are pro�cient in business acumen, but to tailor
recommendations to their organization’s speci�c industry, size, sector,
geographical location, and so on, they must also employ critical evaluation
and HR expertise.

Competencies Applied to is Story

Recall that in Chapter 1, Jen used data and metrics like turnover rates to
help her investigate the concerns of the R&D managers. First, she looked at
overall turnover for R&D compared to the overall turnover for the
organization. She recognized that the turnover rates were average for the



manufacturing industry and for R&D employees. Her understanding of the
external environment demonstrated her business acumen. Of course, she
learned that there was more to that story, so her critical evaluation came into
play to unveil what else was going on.

As the R&D managers (and other organizational stakeholders)
continued to express concern for employee separations, Jen applied her
critical thinking to identify other available data sources. She then assessed
the accuracy and validity of her data sets. All the data Jen collected enabled
her to determine the factors contributing to R&D employees’ turnover
intent, or likelihood to leave the organization. But there were other
competencies Jen employed in solving this business challenge.

She leveraged her pro�ciency in relationship management when
working with her team to collect data, and throughout her interactions with
stakeholders. Jen frequently communicated with stakeholders and provided
status updates throughout the story, which required demonstrating her
communication pro�ciency. Communication was also key when she had to
recommend additional data collection (the employee focus groups and
interviews with R&D managers) and justify the rationale for that additional
resource investment. Finally, Jen’s consultation pro�ciency came into play
when it was time to report her �nding that pay was not the number-one
reason for separations.

Aer evaluating the challenges within the R&D workforce, Jen based her
recommended solution on data and analyses. en she coached the R&D
management team and explained that the best intervention was manager
training—not increased pay.

All of Jen’s HR competencies were used at some point in her story. With
business needs constantly changing based on factors such as growth and
maturity level of the company, the HR profession must remain agile and
adaptable. To ensure that HR professionals continue to be strategic business
partners in the company, HR competencies must be the focus of continual
learning and development.

Endnotes
1. Society for Human Resource Management. e SHRM Body of Competency and Knowledge

(Alexandria: Society for Human Resource Management, 2017),



https://www.shrm.org/certi�cation/Documents/SHRM-BoCK-FINAL.pdf.

2. Society for Human Resource Management, SHRM Body of Competency, 30.
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B

Assess Yourself

Purpose

In Chapter 2, we talked about how, in order to be good at HR analytics, you
need an understanding of three domains: people, business, and data. Where
do you stand on each? e purpose of this appendix is to help you identify
where you can leverage the strengths you already have and where you might
want to invest more of your development time. While a majority of this
content is covered throughout the book chapters, some topics might sound a
bit unfamiliar, but don’t fret! is was done to help you identify your growth
edge, even if you’ve mastered most of the content in this book.

Instructions

Follow the steps below to assess yourself on the people, business, and data
domains. In Step 1, you’ll assess your con�dence. In Step 2, you’ll assess
your knowledge in the data domain. In Step 3, you’ll evaluate your results,
re�ect on where you are today, and think about how to further develop.

Step 1. Assess your con�dence.

Rate your level of con�dence with each of the following items. Select one
rating per item.





Step 2. Dive deeper into data.

Select the best answer for each of the following questions.

1. A company wanted to determine the healthcare cost of its employees. A
sample of twenty-�ve employees were interviewed and their medical
expenses for the previous year were determined. Later the company
discovered the highest medical expense in the sample was mistakenly
recorded as ten times the actual amount. However, aer correcting the
error, the corrected amount was still greater than or equal to any other
medical expense in the sample. Which of the following sample statistics
must have remained the same aer the correction was made?

a. Mean

b. Median

c. Mode

d. Range

e. Variance

2. An employee resource group wants to conduct an inclusion survey. It
wants to begin with a simple random sample of sixty employees. Which
of the following survey methods will produce a simple random sample?

a. Survey the �rst sixty employees to arrive at work in the morning.

b. Survey every tenth employee entering the cafeteria until sixty
employees are surveyed.

c. Use random numbers to choose �een employees each from four
departments.

d. Number the cafeteria seats. Use a table of random numbers to
choose seats and interview the employee until sixty have been
interviewed.

e. Number the employees in the HRIS system. Assign random numbers
to choose sixty employees from the employee roster for the survey.



3. Your annual engagement survey has consistently shown that your
managers and employees are dissatis�ed with the performance
appraisal system. In particular, it is perceived as unfair, as
demonstrated by the average score for that survey item. You implement
a new performance appraisal system and want to compare the average
fairness score in the survey administration prior to the implementation
to the average fairness score aer the administration. You realize that
your data violate the assumption of normality. Which of the following
tests could you use to evaluate where fairness perceptions improved
aer the new system was implemented?

a. Paired-samples t-test

b. Mann-Whitney

c. Chi square

d. MANOVA

4. A bubble chart is best used for which of the following?

a. Change in value of a consistent metric over time.

b. e distribution of data around a single value.

c. How a subset of data compares to the larger whole.

d. How two or more values compare to each other in relative
magnitude.

5. e primary goal of principal component analysis is to:

a. Divide a set of multivariate observations into classes.

b. Assign a particular multivariate observation to one of several classes.

c. Characterize the correlation structure between two sets of variables
by replacing them with two smaller sets of variables that are highly
correlated.

d. Find the variables among a set of predictor variables that are the best
predictors of a set of variables of interest.

e. Explain the variability in a large set of variables by replacing it with a
smaller set of transformed variables that explains a large portion of
the total variability.

6. Which of the following is typically the first step in data cleaning?



a. Examine frequency distributions.

b. Standardize your variables.

c. Test statistical assumptions.

d. Impute missing values.

7. Data mapping is a critical step in which of the following data processes?

a. Cleaning

b. Transformation

c. Extraction

d. Visualization

8. In SQL programming language, you can use the conditional expression
“ORDER BY” to do which of the following?

a. Create records.

b. Find records.

c. Rearrange records.

d. Select records.

9. You are working with an employee data set and identify those cases
without an employee ID in the record. is is an example of which of
the following validation checks?

a. Logic check

b. Hash total

c. Uniqueness check

d. Presence check

e. Range check

10. As part of a workforce-planning initiative, you want to predict
whether the employees in a particular program will stay or leave the
organization. You use archival data—attendance, performance ratings,
and tenure—to predict that outcome. Which of the following analytic
methods could you use?

a. Discriminant analysis

b. Bivariate regression

c. Two-factor ANOVA



d. Effect size

Step 3. Re�ect on your results.

It’s time to re�ect on where you are today. First, re�ect on your con�dence
level. Add your scores from Step 1 in each of the three domains—people,
business, and data. To calculate your score, �rst award 1 point for every
answer marked “Not at all con�dent,” 2 points for answers marked
“Somewhat con�dent,” and 3 points for answers marked “Very con�dent.”
en total the points across the item numbers as indicated. Once you have
your score for each domain, you can assign rank. e highest rank (1)
should indicate your strongest domain.

Which domain is your strength? How can you lean on that strength to
help you in your analytics journey?

 

 

 

In which domain are you least con�dent? What steps might you take to
learn more?

 

 

 

Now that you’ve identi�ed where you’re most con�dent, it’s time to
assess your data- domain knowledge. If you’re like many HR professionals,



you might feel less con�dent about your skills in the data domain.
Sometimes you don’t know what you don’t know. Score your answers on the
items in Step 2 to help you focus your future development.

Answer Key

1. B

2. E

3. B

4. D

5. E

6. A

7. B

8. C

9. D

10. A

How did you do? If you got seven or more questions right, you may be
ready for more advanced analytics! If not, don’t worry—data is a big, broad
domain. ese items covered a range of data topics including extraction,
cleaning, transformation, management, analysis, data visualization, and
validation.

Which concepts were the least familiar?

 

 

 

ink about which areas you might want to explore more. What
commitments do you want to make to yourself to continue your data
domain development?

 

 



 

Many of the “Deeper Dive” resources throughout this book provide great
places to start. If you’d like to test your knowledge with more items, consider
this additional resource: Dishashree Gupta, “41 Questions on Statistics for
Data Scientists and Analysts,” Analytics Vidhya (blog), May 4, 2017,
www.analyticsvidhya.com/blog/2017/05/41-questions-onstatisitics-data-
scientists-analysts/.

http://www.analyticsvidhya.com/blog/2017/05/41-questions-onstatisitics-data-scientists-analysts


C

Evaluate Your Data

Purpose

roughout the book, Jen and her team had to spend time identifying data
sources to address their challenge. ey also continued to uncover
challenges and concerns with the data they had available. Use this appendix
to identify the data you have available to address the business challenge
you’re facing. is appendix will also help you evaluate the quality of the
data you have on hand.

Instructions

Follow the instructions in each of the six steps below to evaluate your data.
In each step, you’ll �nd some tips to help you along the way.

Step 1. Identify the business challenges.

1a. Make a list of the top �ve to ten business challenges your company is
facing.

If you’re not sure, consider how you might be able to learn more about
the business:

Have you reviewed your company’s strategic plan or those of
different business units recently?

Does your organization have an internal social media account?

Can you arrange coffee chats or interviews with key business and
organizational leaders?

What can you learn from data you already collect, such as
engagement survey results, turnover, or information from HRBPs



and employee relations?

 

 

 

 

 

 

1b. Select the challenge you will address.

is step will be easy if you are being asked to step in and solve a
pressing problem. If not, prioritize the list you made in Step 1a.
Challenges that are most closely aligned with your company’s
competitive advantage (how you make money or ful�ll your mission) are
prime targets because any solution will be highly valued. Another factor
to consider is whether the following conditions for successful change are
being met:

Committed leadership

Need for change

Powerful vision

Critical mass

Resources for effective implementation

Potential to modify people practices to support the change (e.g., if you
can’t afford to pay more, it may not make sense to select a problem that is
closely linked to salaries being too low)

In evaluating challenges, identify whether the challenge has come up in
the past. If so, what has been tried before? What worked or didn’t work
about that solution? If the challenge has come up before and a solution was
not identi�ed, why not?



 

 

 

Step 2. Identify the people side of the business challenge.

What people and processes support the business challenge? Consider the
following aspects:

Culture, norms, compensation, rewards, recognition

Leadership and management

Individual knowledge, skills, abilities, and other characteristics

Attitudes and motivation

 

 

 

Step 3. Write a challenge/problem statement.

Write a short description of the problem. e statement should be
succinct but address the �ve Ws:

Who does the problem affect?

What is the issue?

When does the issue occur or when does it need to be �xed?

Where is the issue occurring?

Why is it important that we �x the problem (i.e., what’s the business
impact)?

As an example, in Jen’s story, the challenge statement could be written as
follows: “R&D managers are complaining that turnover has become an issue
over the past year. ey are losing some of their best employees and no



longer have the bandwidth to complete necessary projects, putting their
department goals at risk.”

 

 

 

Step 4. Identify the relevant data you have access to.

ink broadly about the data sources you have access to. What do you
have in your HRIS system, learning and development platform, or ATS?
What data are the business units routinely collecting (e.g., customer
relationship management [CRM] data)? What subscriptions do you have
or could you gain access to that might provide a source for external
benchmarking (e.g., from professional or trade associations)?

As you review the data you have at your disposal, think about the
pros and cons of each data source. No data are perfect, but make sure you
consider the following factors:

Trustworthiness

Are the data complete?

Are they accurate?

Are quality control or validation procedures in place?

Usability

Can you get access to the data?

What timeframe do the data cover? How recently or frequently
are they collected?

Reliability and standardization

Is there an agreed upon de�nition?

Do the data exist in multiple systems? Are they comparable?

Are processes in place to ensure consistency?

Use the next table to help walk you through this process.



Data Source Relevant Data/Metric Evaluation

Employee Survey Data Pros:

Cons:

Performance, Productivity, or
Efficiency Data

Pros:

Cons:

Demographic Data Pros:

Cons:

Learning and Development
Data

Pros:

Cons:

Recruitment and Selection
Data

Pros:

Cons:

Compensation Data Pros:

Cons:

Attendance Data Pros:

Cons:

Recognition (e.g., awards,
bonuses, promotion) Data

Pros:

Cons:

Attendance Data Pros:

Cons:

Operational or Financial
Data

Pros:

Cons:

Other Pros:

Cons:

Step 5. Put the data in context.

In Chapter 2, you saw how evaluating data in context can make a big
impact on the conclusions you draw. ere are two broad ways to help
contextualize your data:

Internal benchmarking. Consider where you might be able to
gather information to put the data and metrics in a broader context



within your organization. Can you compare one department to
another? Do you have data over time that allow you to compare
information from the same quarter, for example, across years?

External benchmarking. Looking outside the organization can help
you gain awareness of macro trends that might be impacting your
organization and provide some insight into what “high,” “low,” and
“average” look like in a broader sense. All organizations are
different, so be cautious not to rely too heavily on external
benchmarks. You can gain access to external benchmarking data
through professional or trade associations, or specialized vendors.

 

 

 

Step 6. Identify the data you wish you had.

Review your responses to Steps 4 and 5. Where are there holes in content
or quality? How might you collect new data to �ll in those holes? e
following are a few examples of how you might collect new data:
interviews or focus groups, surveys, and new administrative data
collection (e.g., adding a new variable to the employment application).

As you consider collecting new data, evaluate the feasibility. How
resource intensive would it be to collect the data? You might be willing to
collect data even if it will be difficult, so long as the data will be valuable
in addressing the challenge.

Gap or Question Possible Source Feasibility

     

     

     



D

Choose Your HR Metrics

Purpose

In Chapter 9, Jen committed to ongoing evaluation of the initiatives she
proposed. Basic metrics and reports can be relatively simple and quick
solutions to keeping others informed. e purpose of this appendix is to
provide you with resources that will help you choose metrics relevant to the
challenge you identi�ed in Appendix C and plan how you might track and
report them over time.

Instructions

Follow the steps below to choose your metrics and develop a plan to report
them. In Step 1, you’ll select metrics relevant to the problem statement you
identi�ed in Appendix C. In Step 2, you’ll determine how to track the
metrics and communicate them to your stakeholders. In Step 3, you will
create a production schedule to help track the reports you produce regularly.

Step 1. Choose your metrics.

Table D.1 indicates the broader HR categories used to organize metrics.
Table D.2, the HR metrics glossary, lists speci�c metrics that align to
each of the broader categories. It also de�nes the metric and describes
how to compute it. Review the HR metrics glossary below to identify
metrics relevant to the problem statement you created in Step 3 of
Appendix C. Note that, in some cases, there may be more than one way
to calculate the metric. It is important to make sure you know how it is
computed in your organization and that it is consistent across data



owners and stakeholders. Refer to SHRM’s website for a more extensive

list of HR metrics.1

Table D.1. HR metrics categories

Compensation Retention

HR Function Efficiency Talent Acquisition

Learning and Development (L&D) Well-Being

Productivity Workforce Demographics

Table D.2. HR metrics glossary

Metric Name Definition Calculation

Compensation

Labor Cost per
Full-Time
Equivalent
(FTE)

Company’s labor cost spread evenly
across FTEs

Total company labor cost ÷ total FTE
count

Bene�ts as a
Percentage of
Labor Costs

Total bene�ts costs as a percentage of
total labor costs

Total bene�ts cost ÷ total company labor
costs

Compa-ratio Reports the percent difference between
actual salary and salary midpoint of the
pay range

Employee’s annual FTE salary ÷ midpoint
of the salary pay range

HR Function Efficiency

HR Cost per
FTE

Total HR cost spread evenly across total
FTEs count

Total HR costs ÷ total FTE count

HR Expense
Percent

Percent of operating cost attributed to
HR expenses

Total HR costs ÷ total operating cost

HR FTE Ratio Number of FTEs per one HR FTE
(useful to assess size of HR staff)

Total Company FTE count ÷ total HR FTE
count

L&D

L&D
Investment per
FTE

Dollars invested in L&D spread evenly
across FTEs

Total L&D cost ÷ total FTE count

L&D Hours per
FTE

Total hours spent on L&D spread evenly
across FTEs

Total L&D hours ÷ total FTE count

L&D FTE Ratio Total FTE for each L&D FTE Total FTE count ÷ total L&D FTE count



Productivity

Revenue per
FTE

Total revenue spread evenly across FTEs Total company revenue ÷ total FTE count

Human Capital
ROI

Rate of return for total investment in
employees

{[Revenue – (operating cost – labor cost)]
÷ labor cost} – 1

Absenteeism
Rate

Total work days missed due to illness
per FTE

Total sick days used ÷ total FTE count

Retention

Cost of
Voluntary
Turnover

Average cost to replace an employee
who le voluntarily (i.e., resignation or
retirement).

Total employees’ projected base salary cost
÷ total voluntary separations of employees

Turnover Rate Percent of workforce that le the
company in a given time period

Voluntary separations + involuntary
terminations ÷ average headcount

First Year
Turnover Rate

Percent of workforce with a tenure of
one year or less who resign (formula
applicable to any tenure groups)

Resignations with a tenure of one year or
less ÷ average headcount of employees
with a tenure of one year or less

Talent Acquisition

Cost per
External Hire

Average recruitment costs spread evenly
across external hires.

Costs associated with recruiting ÷ external
recruits

External Time
to Fill

Average number of calendar days to �ll
a position externally.

Days to �ll ÷ external recruits

External Hire
Rate

Employees hired externally as a
percentage of headcount.

External hires ÷ total employee headcount

Well-Being

Cost of
Workers’
Compensation
Claims

Total claim costs spread evenly across
all employees

Total claims cost ÷ total employee
Headcount

Percent of Sick
Days Taken

Percent of sick days used out of total
sick days offered

(Total sick days taken ÷ total sick days
offered) × 100

Workplace
Accident Rates

Percentage of accidents per employee
during a period of time (within the
speci�c operational area)

Number of accidents in an operational
area in a period of time ÷ total hours
worked in the same operational area

Workforce Demographics

Promotion Rate Employees promoted as a percentage of
total headcount

Employee promotions ÷ total employee
headcount

Churnover Rate of internal movement by
employees as a percentage of total
headcount

(Promotions + demotions + transfers) ÷
total employee headcount



Diversity
Percentage

Employees protected by EEO law as a
percentage of the total headcount

Protected class employees ÷ total
employee headcount

Step 2. Communicate with stakeholders.

Frequent communication with stakeholders helps ensure buy-in,
demonstrate impact, and stimulate continuous input and alignment.
Metrics can be a powerful tool to track progress and communicate with
stakeholders on an ongoing basis. Once you’ve selected your metrics in
Step 1, it’s a good idea to ensure that your stakeholders agree to those
metrics and to establish the frequency with which you’ll review them. If
you’re going to be tracking the metrics regularly, think about creating a
report or dashboard. It can be as simple as a spreadsheet or it can involve
specialized soware. ink about how you want to communicate your
metrics and consider the following questions:

Who needs access to the metrics?

How oen will they be updated? Will they track data in real time, be
updated at set intervals, or updated as needed or ad hoc?

Will they be accompanied by a visualization?

 

 

 

Step 3. Establish a reporting schedule.

In Step 2, you considered the frequency of your reports. e frequency
should align to the �uctuation of your data. If your metrics don’t change
oen, you won’t need to produce reports oen either. ink about how
quickly the data can be acted upon, when the data are available, and how
oen they change. As you begin to use analytics more regularly, you are
likely to �nd that you will have multiple reports that you are expected to
produce regularly (e.g., a quarterly HR dashboard). At that point, it can
be helpful to create a production report schedule. A production report



schedule provides a tool to track the HR metrics reports created by you
or your team. e schedule can help manage your time and workload,
and assess what information is useful, missing, or redundant across
reports. e template below offers several factors you can use to capture
important reporting aspects when creating a schedule.

Endnote
1. Society for Human Resource Management, “Metrics List,” Excel document, accessed February 9,

2018, https://www.shrm.org/ResourcesAndTools/business-solutions/Documents/Metrics-List.xlsx.

https://www.shrm.org/ResourcesAndTools/business-solutions/Documents/Metrics-List.xlsx


E

Identify Your Stakeholders

Purpose

In Chapter 2, Jen walked into a room and found many of her stakeholders
staring back at her. at awkward meeting might have been avoided if she
had thought more carefully about who was invested in R&D’s business
problem at the outset. is appendix will help you conduct a stakeholder
analysis before starting your project. You can also use it to reassess the
analysis throughout the project.

e purpose of a stakeholder analysis is to identify individuals and
groups that can impact or are impacted by the outcomes of the project.
Identifying these stakeholders early can help you de�ne the project, assess its
potential impact, and create a compelling story tailored to each audience.
e exercise below will help identify project stakeholders, their level of
importance to the project, and offer insight to use while developing the
communication plan.

Instructions

Follow Steps 1 and 2 below to identify and prioritize your stakeholders. In
Step 3, you can use the matrix provided to develop an engagement plan.

Step 1. Identify potential stakeholders.

Hold a brainstorming session with your project team to discuss which
individuals or groups might be stakeholders. If available, use a
whiteboard or �ipchart to facilitate idea generation during the session.
Use the questions below to help guide the conversation.



Who will be directly involved in the project?

Who might be indirectly involved in the project?

Who might be �nancially or emotionally invested in the project or
its outcomes?

Who will be the gatekeepers of the project’s resources?

Who has the authority to impact the project process or outcomes?

What are some of the outcomes we expect?

Which individuals or groups might be positively impacted by the
outcomes? What about negatively?

 

 

 

 

 

Step 2. Assess the stakeholder’s level of interest.

You probably have a substantial list of potential stakeholders. It’s time to
prioritize those and determine who has the most incurred risk. One
common and simple approach is to create an in�uence-interest grid like
the one in Figure E.1.

e in�uence-interest grid is a way to prioritize and organize
stakeholders. is grid will also be useful when you begin to develop
your communication plan (see Appendix L). e two basic questions
below will help you assign each stakeholder to a speci�c quadrant on the
grid.

From low to high, what is the stakeholder’s level of in�uence on the
project and its outcomes?

Low in�uence group: bottom two quadrants

High in�uence group: top two quadrants



From low to high, what is the stakeholder’s level of interest in the
project or its outcomes?

Low interest group: le two quadrants

High interest group: right two quadrants

In the section below you will see two additional grids. e �rst
(Figure E.2) is an example of a completed grid based on the stakeholders
from Jen’s story. e �nal grid (Figure E.3) is your grid to use when
completing your own stakeholder analysis.

Figure E.1. In�uence-Interest grid description



Figure E.2. Jen’s In�uence-Interest grid



Figure E.3. Interest-In�uence grid template

Step 3. Analyze stakeholder role.

Now that you’ve prioritized your stakeholders, complete the matrix to
identify each stakeholder’s role, what each cares most about, and your
strategy for engaging with them.





F

Develop Your Hypotheses

Purpose

In Chapter 5, we talked about the importance of formulating multiple
alternative hypotheses in addition to your initial hypothesis. is step can
help you identify the analyses you will want to run to test those hypotheses.
It will also ensure that you have or are collecting all the variables necessary
to run your analyses.

Instructions

Complete the four steps in this appendix to (1) write your hypotheses, (2)
list the variables you will need to test each hypothesis, (3) identify the
sources of the data for each variable, and (4) record descriptive statistics for
each variable.

Step 1. Write your hypotheses.

Recall from Chapter 4 that a hypothesis is a prediction about what will
happen, written as an if-then statement: “If _____[I do this]_____, then
_____[this]_____ will happen.” Here are a few more tips to help you
construct your hypotheses:

Use clear and simple language.

Keep your variables in mind to ensure they are easy to measure
(e.g., if you’ve identi�ed “turnover” as a metric, use that language in
the hypothesis too).

Make it testable. is means it needs to be speci�c.



Hypothesis A

 

 

 

Hypothesis B

 

 

 

Hypothesis C

 

 

 

Hypothesis D

 

 

 

Hypothesis E

 

 

 

Step 2. List the variables you will need.

List the variables you will need to test each hypothesis. In Chapter 4, we
de�ned variables simply as anything that can be measured or counted,



such as turnover, salary, or engagement. Examples of variables you may
need are listed below:

Salary

Time to �ll

Cost per hire

Turnover

Headcount

Absences

Attrition

Employee age, gender, languages spoken

Satisfaction

Commitment

Engagement

Performance

Motivation

Step 3. Identify your data sources.

Jen and her team came up with a list of data sources that might help
them test their hypotheses. Now it’s your turn. Link the variables you
identi�ed in Step 2 to each of your hypotheses from Step 1. en use the
table below to identify a data source. Don’t worry if your company isn’t
currently collecting the necessary data. is activity can be a great way to
identify areas where you might want to start collecting data. Consider the
following examples of data sources:

Surveys (exit, recruitment, engagement, satisfaction, etc.)

Focus groups with employees or leadership

Interviews with employees or leadership

Financial statements

Performance management system

External benchmarks



Payroll system

Learning management system

Workforce management system

Use the next table to help organize your potential sources of data.



Step 4. Record descriptive statistics for each variable.

In Chapter 5, Jen ran some basic analyses on her data to describe it. Use
the table below to record some descriptive information about your data.
Refer back to Chapter 5 for more information about each of the columns
in the table.





* While the average is the mean, it can be substituted with the median if that’s a better indicator for
your data. Refer to Chapter 5 for when to use each measure of central tendency.



G

Choose Your Statistical Test

Purpose

roughout the story, Jen and her analyst used different statistical analyses
depending on the question they were trying to answer at the time. In
Appendix F, you identi�ed your hypotheses. e purpose of this appendix is
to identify the statistical test you’ll need to test each of those hypotheses.
One of our objectives when writing this book was to provide you with
enough information to get started with analytics and provide options of
where to go next. For that reason, you may not recognize some of the terms
and analyses mentioned in this appendix. But have no fear! At the end of
this appendix you’ll �nd additional resources and references to online
interactive decision trees in case you need some additional support or prefer
other formats.

Instructions

Start by answering some basic questions about the data that you have or the
data that you plan to collect (e.g., What type of data do you have?) in Step 1.
In Step 2, the decision tree will provide some general guidance for which
analysis or analyses you could run. Please keep in mind that the analysis
recommendations are broad guidelines. In many cases, data can be analyzed
in multiple ways depending on factors such as your research questions, the
expected outcome, the variable types, sample size, and the goal of your
analysis. I understand that everyone starts with a slightly different
knowledge base. If you come across a term that you don’t recognize,
reference the additional resources for a glossary of statistical terms.

Step 1. Identify your variable types.



In Appendix F, you made a list of each of your variables. Before selecting
your analysis, you’ll need to determine whether each variable is a
predictor or criterion, and what type of data you have. Refer to Chapter 4
for de�nitions.

Variable

Variable Type (predictor or

criterion)

Data Type (nominal,

ordinal, interval, ratio)

     

     

     

Step 2. Determine what you want to do with your data.

Different statistical tests are used to make different kinds of inferences.
For each of your hypotheses, determine what you want to do with your
data—describe, compare, explain, or predict. For example, if you want to
know whether the average engagement scores differ between two
departments, you might want to use your data to compare average
engagement scores between the two departments. Use the table below to
determine what you want to do with your data for each of your
hypotheses.

Hypothesis

Function 

(Describe, Compare, Explain, Predict)

A.

B.

C.

D.

E.

Step 3. Choose your statistical test.



For each hypothesis, use the decision tree in Figure G.1 to determine
which analysis to run. e boxes that aren’t tinted indicate analyses you
could choose. Record your planned analysis in the table below.

Hypothesis Statistical Test

A.

B.

C.

D.

E.

Figure G.1. Statistical test decision tree

Additional Resources



A few of the analyses mentioned in this appendix were not covered in the
book (e.g., Chi square, z-test, and various t-tests). If you are a looking to
learn more, here are some additional resources to get you started.

David Lane, HyperStat Online: An Introductory Statistics Textbook, last
modi�ed March 1, 2008, http://davidmlane.com/hyperstat/index.html.
Topics covered include normal distribution, sampling distribution,
con�dence intervals, Analysis of Variance (ANOVA) tests, Chi square
tests, effect size, and more.

Shawna Jackson et al., “Statistics: An Introduction,” Colorado State
University, 2012, https://writing.colostate.edu/guides/guide.cfm?
guideid=67. A high-level overview of descriptive versus inferential
statistics and an introduction to the different types of analyses used to
measure each (e.g., measures of variation, t-tests, correlation,
regression).

Statso, “Statistics Glossary,” accessed February 9, 2018,
http://www.statso.com/Textbook/Statistics-Glossary. A glossary of
statistical terms.

Additional Decision Trees

is appendix has one example of how to determine which statistical
analysis you should use. ere are other decision trees available to you that
go into more depth or are interactive. Explore these tools to learn more.

Charlie Kufs, “e Right Tool for the Job,” Stats with Cats Blog, August
27, 2010, www.statswithcats.wordpress.com/2010/08/27/the-right-tool-
for-the-job/. A �ow chart with �ve different decision points.

Office of Planning, Assessment, Research and Quality, “Quantitative
Data Analysis: Choosing a Statistical Test,” University of Wisconsin-
Stout, December 4, 2015,
http://wwwcs.uwstout.edu/parq/intranet/upload/what_quant_test_to_
use.pdf. An in-depth decision tree that takes into consideration sample
size, variable type, and normality of sample distribution. Recommends
speci�c types of correlation and regression based on the data.

http://www.davidmlane.com/hyperstat/index.html
https://www.writing.colostate.edu/guides/guide.cfm?guideid=67
http://www.statsoft.com/Textbook/Statistics-Glossary
http://www.statswithcats.wordpress.com/2010/08/27/the-right-tool-for-the-job
http://www.wwwcs.uwstout.edu/parq/intranet/upload/what_quant_test_to_use.pdf


William M. K. Trochim, “Selecting Statistics,” Social Research Methods,
accessed February 8, 2018,
www.socialresearchmethods.net/selstat/ssstart.htm. An interactive
decision tree that starts with identifying how many variables you have.
Includes a glossary and references.

Institute for Digital Research and Education, “Choosing the Correct
Statistical Test in SAS, Stata, SPSS and R,” University of California at
Los Angeles, 2017, https://stats.idre.ucla.edu/other/mult-pkg/whatstat/.
Guidelines for selecting a statistical analysis with the assumption that
you are working with statistical soware (i.e., SAS, Stata, SPSS, or R).

Jeremy Stangroom, “Which Statistical Test Should I Use?,” Social
Science Statistics, 2018,
www.socscistatistics.com/tests/what_stats_test_wizard.aspx. An
interactive decision tree that begins with a series of questions, then
provides recommendations for statistical tests based on your responses
to those questions.

http://www.socialresearchmethods.net/selstat/ssstart.htm
https://www.stats.idre.ucla.edu/other/mult-pkg/whatstat
http://www.socscistatistics.com/tests/what_stats_test_wizard.aspx


H

Write Your Analysis Plan

Purpose

As you may have noticed throughout this book, there are a number of
decision points involved in the analytics process. is makes it critical to
have a clear plan guiding you through the process of summarizing and
describing your data and testing your hypotheses. Having a clear analysis
plan will ensure both that you don’t forget any steps and that you have
documentation of how you found your results. is can be particularly
helpful when you have multiple people working on a project, anticipate
needing to refer back to the results at a future point in time, or need to
replicate the same analyses with the current or future data sets. e purpose
of this appendix is to provide a checklist of the elements you should include
in your analysis plan.

Instructions

e checklist is designed to be sequential, although some variation in the
order of operations can occur. Keep in mind that some steps may not be
necessary for you to complete, and skip over these as appropriate. As you
work through your analyses, be sure to keep a record of everything you did
and why. In the end, you want to have a methodology document that would
allow someone with little to no knowledge of your research and analysis
plan to replicate the steps you took and achieve the same outcomes with
your data.

Check off each task as it is completed. Before you begin the analysis
plan, be sure you have developed your research questions and hypotheses,
and identi�ed the variables needed for analyses. Appendices F and G are



great tools to ensure that you have what you need to build your analysis
plan.

Get organized.

Identify your data source(s) (refer to your answers in Appendix F).

List analyses you plan to conduct (refer to Appendix G to help you
decide on a statistical test).

Identify tools you’ll need to conduct the analyses (e.g., Excel, R).

State the purpose and objective of each analysis.

Write a brief summary of how each objective will be addressed
through your analyses.

List the variables you will need for each analysis.

Identify your population (i.e., the entire pool of individuals or
groups from which your sample is drawn).

Identify your sample, including any subsets you may want to
analyze.

Clean your data.

Establish and record data cleaning rules.

Recode variables.

Rename labels and variables.

Identify and remove duplicate cases (i.e., an individual who
appears in your data more than once).

Identify and address missing data.

Identify and address outliers (e.g., run z-scores, look at frequency
distributions).

Quality check (QC) variables (e.g., typos, values within
appropriate range, codes re�ect correct labels).

Identify variables with little to no variance.

Transform variables.

Run your analyses.

Ensure remaining data have a large enough sample size for the
analysis you would like to run (e.g., run descriptive statistics).



Apply �lters or select cases you need in your analysis if you are
analyzing a speci�c subset of your data. Note: Remember to
remove the �lters when you are not using them and make note of
your decisions.

Run frequencies on variables of interest.

Record n.

Record output.

Create a visual representation of the output.

Run descriptive statistics on variables of interest.

Record n.

Record output.

Create a visual representation of the output.

Run additional analyses (e.g., correlation, ANOVA, regression).

Record n.

Record output.

Create a visual representation of the output.

Identify highly correlated variables.

Record your methodology.

Provide de�nitions or explanations of each variable (i.e., a
data dictionary).

Describe the cleaning steps.

Describe how you handled missing data, outliers, and other
data conventions.

Describe any inclusion and exclusion criteria.

Describe the analyses you ran and why.

Describe your sample, your population, and any strati�cation
you used.

Describe any models you used (if you ran any regression
analyses).

Document any variations in the analyses run versus the
initial analysis plan and the justi�cation for why.

Save your methodology for future access.



Report your �ndings.

Compile your outcomes.

Relate outcomes to the initial hypotheses.

Relate outcomes to the impact on the business.

Determine if there are additional analyses you would like to
run and repeat steps above as needed.

Create a report of your �ndings (refer to Appendix I to help
you get organized).



I

Summarize Your Findings

Purpose

In Chapter 7, Jen took a step back to summarize the �ndings based on each
data source. is step can help identify where your �ndings are con�icting
or consistent. It will also help you start to build a complete and integrated
story that you can communicate to others. e purpose of this appendix is
to help you summarize your �ndings across data sources. is is also a great
opportunity to evaluate the story emerging across sources and rede�ne the
problem.

Instructions

Aer running the analyses you identi�ed in Appendices G and H, you
should now have a set of �ndings. Use Steps 1 and 2 to make sense of what
you have so far. In Step 3, rede�ne your problem statement and identify the
next steps. Remember that just as Jen had to work iteratively throughout the
story, you may too. It’s not uncommon that analyses yield as many questions
as they do answers. Don’t be surprised if you need to collect more
information even this far into the process.

Step 1. Summarize the �ndings from each data source.

List each of your data sources in the �rst column. In the second column,
succinctly state your conclusion(s) from that data source. Refer back to
Chapter 7 for an example.

Dataset Findings

   



   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Step 2. Look across datasets.

Review your �ndings across datasets from the table in Step 1. What do
you notice? Where are there inconsistencies? What story is emerging?

 

 

 

 

 

 

 

 

Step 3. Rede�ne the problem.

In Chapter 7, you learned that analytics can help you identify the gap
between the presenting problem and the real issue. Review your �ndings.



Based on what you’re seeing across all of your data sources, write a new
problem statement.

 

 

 

 

 

 

 

 

Step 4. Identify gaps and next steps.

Now that you’ve rede�ned the problem in Step 3, how well do your
analyses align? If you’re lucky, you’ve collected and analyzed all the
information you need to address the problem. If not, what’s missing?
How can you �ll the gap?

 

 

 

 

 

 

 

 



J

Tell Your Story

Purpose

In Chapter 8, Jen used storyboarding as a tool to help her prepare for her
presentation to her stakeholders. Communicating data to stakeholders or lay
persons can be challenging. Storyboarding is a useful way to make sure your
data �ndings �t into a broader story. Very few people enjoy sitting through a
data dump. Stories are most impactful when they are made of both
visualizations and words. is combination can ensure that stakeholders
understand the data �ndings and actionable recommendations that you
make based on those �ndings. e purpose of this appendix is to help you
translate your �ndings into a story you can use to communicate to your
stakeholders.

Instructions

Follow Steps 1–6 in this appendix to develop your data story.

Step 1. Set the stage.

Who will be presenting the material? Who is the intended audience?
What do you need them to do at the end of the presentation? If it’s
informational, what do they need to do with the information? Do you
need approval? Resources? Keep in mind that you may need something
different from different audiences or audience members. You may need
more than one story to serve your different audience needs and desired
actions.

Title  



 

Author(s)  

 

Date  

 

Intended Audience(s)  

 

Step 2. Get clear on your purpose.

What is the overall purpose of your story? If you’re not clear on your
purpose, your audience won’t be either. What’s the one thing you want
your audience to take away? Keep it short. ink back to the re�ection in
Chapter 8—if you had to get your main idea across in one sentence, what
would you say? Make sure that your story supports this overall message
and repeat it at least three times throughout your presentation.

 

 

 

 

Step 3. Identify your key points and headlines.

You’ve spent a lot of time up to this point collecting and analyzing data.
Here’s where you extract the insights. What are the key points that
support your overall goal or purpose?

 

 

 



 

Step 4. Develop the story text.

Using the boxes below, create a story for your data with a beginning,
middle, and end. Outline the problem and its relevance to the audience
as well as the goal of the project. Describe how you assessed or addressed
the issue and what you found. Propose a solution and highlight a call to
action for your audience. Don’t forget to incorporate the key points from
Step 3.





Step 5. Add data visualizations to supplement the story text.

Remember that a picture is worth a thousand words—or numbers.
Looking back at your storyboard from Step 4, where are you supporting
your story with data or results from your analytics? Use Figure J.1 for
ideas on how you might turn your data into a visualization when it
comes time to create your story.

Step 6. Package and disseminate the story to your stakeholders.

Depending on the purpose and points you want to illustrate through
your story, you may choose to give an in-person presentation, present
remotely, or disseminate electronically (e.g., email). Consider the various
resources available to you (e.g., PowerPoint, Word, Excel, video,
infographics) and select the best option based on time, stakeholder,
message, and ease of understanding. Refer to Appendix L to determine
the best way to package and communicate your plan.



Figure J.1. e Graphic Continuum (part 1 of 2)



Figure J.1. e Graphic Continuum (part 2 of 2)



K

Plan Your Evaluation

Purpose

In Chapter 9, we described the importance of program evaluation in
supporting continuous improvement, stakeholder engagement, and
demonstrating impact. Evaluating your solution to the business challenge
you started with is a great way to close the circle and ensure analytics
continue to feed your decision-making process. e purpose of this
appendix is to provide you with a template you can use to develop a way to
evaluate how effectively you were able to solve your business challenge.

Instructions

Use this template to describe how you will evaluate the program or solution
you developed to address the business challenge.

Evaluation Plan Template

Background

Include a brief description of the context, challenge, and proposed
solution or program.

 

 

 

 

 



 

Program Objectives

Brie�y describe the strategic goals or objectives of the solution. It can be
helpful to assign a number or convention to each to ensure that you have
mapped metrics to each of the goals. Provide a brief description of the
rationale behind how the solution will address these goals.

 

 

 

 

 

 

Evaluation Roles and Responsibilities

Describe what groups or individuals will be responsible for developing
and implementing the evaluation plan.

Group or Individual Role

   

   

   

   

Current Stakeholders

Stakeholder is a term used to identify any person or group that is invested
in the successful outcome of a project and can directly in�uence resource
allocation. Refer back to your responses in Appendix E to review the
stakeholders you identi�ed previously.



Role or Title Stake or Interest

   

   

   

   

Program Evaluation Questions

Questions addressed by a program evaluation should re�ect the initial
program goals. e list should re�ect what the current stakeholders view
as critical to evaluating its effectiveness. One easy way to ensure
alignment between questions and goals is to carry through the
numbering convention you used for the goals. For example, Goal 1 might
be aligned to Evaluation Questions 1.01, 1.02, and 1.03 and so forth.

Reference Number Evaluation Question

Program Objective 1

1.01  

1.02  

…  

   

   

   

Program Objective 2

2.01  

2.02  

…  

   

   

   

Measures



Use the table below to outline recommendations for measures or metrics
that can be used to evaluate the extent to which the program or solution
meets the intended goals or objectives. Where possible, baseline
measures should be collected and potential unintended consequences
should be identi�ed and monitored. Refer to Chapter 9 for an example.

Target(s) refers to your hypothesis (e.g., increase, maintain,
decrease) about how the program will impact the measure.

Metric Owner refers to the individual(s) or group(s) responsible for
collecting or monitoring the measure.

Research Question(s) refers to the convention associated with the
question the measure serves to address (e.g., “1.01”).

Timeline refers to the regularity with which you plan to collect the
measure (e.g., baseline, quarterly, annually).

When considering what measures to include, Alec Levenson
recommends that they meet four criteria he describes using the acronym

CARE:1

Consistent—e metric is measured consistently over time.

Accurate—ere are few or no errors in the data.

Reliable—e data are an accurate approximation of what they are
intended to represent.

Efficient—e cost (in time and/or money) of collecting the data is
minimal.

Measures that fail to meet these criteria will have limited utility.



Data Collection, Analysis, and Reporting

Use this section to describe how and how oen you will go about
collecting, analyzing, and reporting the results of the evaluation. is
section should also specify the reporting frequency and how results will
be used (e.g., continuous improvement cycles).

 

 

 

 

 

 

Endnote
1. Alec Levenson, Strategic Analytics: Advancing Strategy Execution and Organizational Effectiveness

(Oakland: Berrett-Koehler Publishers, 2015).



L

Communicate Your Plan

Purpose

e purpose of a communication plan is to maximize the chance of project
success by meeting the information needs of your stakeholders. is
appendix provides a template for you to use as you develop your
communication plan.

Instructions

Use this template to de�ne the communication methods and content
necessary to achieve your project goals.

Communication Goals and Objectives

Describe the goals the you want to achieve with the communications
plan. ese should align with the goals of the evaluation plan you
developed in Appendix K.

Stakeholders

List the communication to stakeholders (your audiences). Refer back
to Appendix E to review the list you developed.



Key Messages

Identify the key messages you want to communicate about your project.

Communication Matrix

Use this table to identify the vehicles, audience, and frequency you will
use to communicate throughout your project. is will need to be a
living document that you update throughout the various phases of the
project.





M

Set Up an Analytics Function

Purpose

No matter the company or HR department, starting the journey toward an
effective and efficient HR analytics function can seem daunting. ere’s no
single right way to create and manage an HR analytics function. e role of
HR analytics in a company can sit within a variety of departments or act as
its own department; whether it be composed of a one-person army or a
hundred-person team. For this reason we will refer to the role of HR
analytics within a company as the HR analytics function as opposed to a
department or group.

Similarly, there is not one ideal pro�le of analytics that applies to all
companies. Every company has unique attributes, goals, and limitations that
shape the vision for its analytics function. Recall the HR analytics maturity
model from Chapter 4. e model has four levels of analytical capabilities
and a variety of components within each level. e level your company
strives for will likely be determined by a variety of factors, such as your
business challenges, competitive context, resources, and even ambition.
Fundamental components such as data accuracy, reporting metrics, and
establishing dashboards are helpful (and a necessary precursor to anything
more advanced) in every organization. Some companies will go on to strive
to build advanced capabilities such as predictive models to further their
competitive advantage.

Although there is no single way to establish the right HR analytics
function, there are some best practices that can help focus your efforts and
resources. e purpose of this appendix is to provide you with a high-level
overview of steps you can take to create an analytics function that �ts your
company—whether you’re a team of one or one hundred.



Instructions

Follow the steps in this appendix to help you structure your journey to start
an analytics function.

Step 1. Assess the climate.

e �rst step in building an analytics function is to assess the current
state of the organization on relevant factors. One such factor is
understanding the appetite for and vision of analytics among your
leadership and decision makers. Meet with your leaders to learn more
about their expectations and perspectives. Use this information to
inform your assessment of the current state. It can also shape the
function’s future structure and mission. Use the questions below to help
you initiate the conversation with your leaders.

• What’s your vision for an analytics function? What’s the purpose of
developing the company’s HR analytics capabilities?

 

 

 

•     Which leaders should be involved in this process and mentoring
the function? What role would they play?

 

 

 

•     Who will ultimately be the stakeholders? Who cares about the
success of the function and its deliverables?

 

 

 



In addition to understanding the broader vision for analytics in your
organization, it’s also helpful to consider what’s currently working, broken,
or lacking. Use the items below to assess your organization’s current
standing on each factor in your organization today. Aer each rating,
describe what led you to make the rating—what are the speci�c strengths
and challenges you have to work with?

1. My understanding of the vision for the company’s analytics function
and its purpose is

2. My understanding of whom I should turn to for direction and input
while developing and maintaining this function is

3. e stakeholders in the success of the HR analytics function are



4. e de�nitions and guidelines and procedures to collect, enter, and
securely manage data in our systems are

5. e reports and metrics HR creates and disseminates to leadership are

6. e technical resources dedicated to analytics are



7. e people resources dedicated to analytics are

8. My understanding of the business processes that impact the data we use
is

9. What other factors should be considered?



10. What will be the most challenging factor? Why?

Step 2. Target an approach.

Data used in HR analytics will come in multiple forms and from multiple
sources that don’t always integrate well. is means you need to be
resourceful and get creative when gathering information. Silos and lack
of communication can hinder your ability to �nd obscure data sources or
understand important business processes. Creating an HR metrics
glossary—like the one in Appendix D—and a data dictionary (also
known as data de�nition matrix or a metadata repository) can help you
consolidate and clarify information across data owners and users.

Different data stakeholders have different interests in the data.
Multiple groups are oen responsible for different portions of the data
creation and management processes. A change in one part of the process
can have major downstream implications for other stakeholders. Use the
tips in this step to help you mitigate this issue.

Tip 1. Develop a governance committee.

One way to address data integrity issues is to develop a well-de�ned data
structure and document standards. Multiple stakeholders and data
owners means you’ll need to get help from others. Create a committee
with at least one representative from each group of stakeholders. e
committee should meet regularly to discuss topics such as implementing
data standard guidelines (e.g., creating a data dictionary), documenting
processes (e.g., develop process maps for employee separations), and
sharing relevant project updates and concerns (e.g., IT systems updates).

Part of establishing your committee will involve developing a charter.
Use the template below to think through what the committee charter
should include.



•     Background (What sparked the need for this committee? Who
requested it?)

 

 

 

•     Goal (What is the ultimate goal of this group? What will success
look like?)

 

 

 

•   Scope (What business processes or components will the committee
oversee? What are the expectations?)

 

 

 

•     Committee members and roles (Who’s involved and why? What
unique attribute do they offer? Who’s the committee chair? Which
leaders will sponsor this committee?)

 

 

 

Tip 2. Generate quick wins.

If you are just getting acquainted with data, start with the basics—
execute some quick wins to demonstrate the function’s value. It’s easy to
underestimate the amount of time needed to execute a data project. Start
out small to give yourself an opportunity to work out the kinks in the
new function.



If you’ve been using the appendices in this book to apply analytics in
your organization, you’ve already completed several activities to help you
identify your next quick win. Use the challenges and available data you
identi�ed in Appendix C, as well as the metrics table in Appendix D to
identify the quick win(s) you could execute within each of the
timeframes below.

•   One week

 

 

 

•   One month

 

 

 

•   One quarter

 

 

 

Tip 3. Assess your resources.

Now you are ready to get into the details—including �guring out what
resources you have available to you. Use the lens of business, people, and
data that was explained in Chapter 2 to assess your resources.

What processes are supporting or prohibiting your efforts?

Do you have the right people in place or will you need to outsource
some skills and roles?

Is the company’s data accurate and reliable?



What tools are available to conduct analyses (e.g., HRIS, Excel,
SPSS)?

 

 

 

is assessment can be among the responsibilities of the data
governance committee described in Tip 1.

•   Business

 

 

 

•   People

 

 

 

•   Data

 

 

 

Step 3. De�ne the strategy.

Steps 1 and 2 helped you lay an initial foundation for the design of the
function. Now, it’s time to build on it to shape the future. What will this
department look like in one, three, or �ve years? How will you achieve
this? Use the space below to dra a strategy statement.

 



 

 

Step 4. Build a team.

ink of building an HR Analytics team as building a project team just
like Jen did. e big difference is that the analytics team will continue to
work together, likely on a variety of projects. High-functioning analytics
teams are usually multidisciplinary. As you saw in Jen’s story, it’s more
than just numbers and formulas. e team needs to incorporate a variety
of skills and perspectives.

As I noted above, there’s no magic number of people for an analytics
function. Instead, it’s more important to focus on having the right skills
and competencies, as discussed in Appendix A. In general, you should
staff your analytics function with individuals who can advocate for data’s
utility, gather meaningful data, conduct sound analyses, and translate the
results into actionable insights that will help leaders make decisions.
Who within your organization might �t into each of these four areas?

•   Data advocacy (promote the value and importance of the data)

 

 

 

•   Data gathering (identify the best data sources, tools, and methods
of data collection)

 

 

 

•     Data analysis (apply the appropriate analytics and identify useful
insights in the results)

 



 

 

•      Evidence-based decision-making (create and propose effective
solutions based on insights)

 

 

 

Step 5. Identify a project management approach.

In a typical analytics function, you will have to work on multiple projects
at the same time. is might mean that you’re not just focusing on R&D’s
turnover issue, you’re also developing a workforce plan to inform next
year’s budget and evaluating the effectiveness of your recruiting strategy
simultaneously. As you might imagine, that can get pretty hairy. A strong
project management (PM) approach will be key to your function’s
success.

ere are many PM methodologies and tools you can use to help you
manage all of the demands you’ll encounter. Use the resources available
in the bibliography and resource section of this book to learn more about
what’s right for you. Because you’re starting a new function, you’ll
probably be learning as you go. An agile PM approach can be very useful
when you’re facing unclear or changing expectations. Agile PM uses
small work cycles, or sprints, within the project to complete individual
project components. is iterative approach allows for midstream
changes and �exibility. Steps in this approach can occur simultaneously,
which can support a quick turnaround.

Step 6. Communicate with your stakeholders.

Not everyone in your organization will be familiar with an HR analytics
function, its products, and the value it can create. In addition, HR isn’t
the only function with a data skills gap. Some stakeholders might



struggle to understand how to use and interpret the data (e.g., metrics on
a dashboard). Consider launching a campaign to promote analytics and
HR data, or providing additional support when new reports or analyses
are released. Example strategies to consider in your campaign are
provided below.

Distribute a monthly educational communication. Each month,
highlight a different metric—de�ne and describe it and inform the
audience of its recent measure. Let’s use headcount as an example.

De�ne headcount: What employees are included?

Describe its relevance to business: How has headcount aligned
with business performance?

Report the current state: What is the company’s actual active
headcount as of the end of the quarter? How has this �uctuated
in the last twelve months?

Hold supplemental calls. Offer supplemental conference calls with
the audience of a report. During the call, walk through key
highlights of the new reports. Include time for audience questions.
Let’s use a quarterly HR dashboard as an example.

Aer disseminating the dashboard, schedule a conference call
and invite everyone who receives the report.

Before the call, identify and prepare key points based on
insights you can extract from the metrics. What are the most
drastic and important changes since the last report?

During the call, quickly present an overview of the report’s
metrics or data, then review the key points you created before
the call. Open up the conversation for their questions and
concerns. is is a great way to open the lines of
communication, and collect feedback that can improve the
usefulness of your reports while building the department’s
visibility.

What strategies will you include to communicate with stakeholders
about the new function?

 



 

 

How will you help support end-users to ensure they get the full
bene�ts of the function’s products?

 

 

 

Step 7. Create your organization’s roadmap.

Remember that there are many ways to develop your company’s analytics
function. Use the information from this appendix and the additional
resources at the end of this book to help you create your own roadmap,
like the one in Figure M.1. List the steps you will take and the roadblocks
(i.e., challenges) you anticipate along the way. You might have more or
fewer points on your map—this �gure is just a way to get you started.
Use the space below the map to expand on the steps or roadblocks you
identify in the �gure.

Step 1

 

 

 

Roadblock 1

 

 

 

Step 2



 

 

 

Figure M.1. HR analytics function roadmap

Roadblock 2

 

 

 

Step 3

 

 

 



Roadblock 3

 

 

 

Step 4

 

 

 

Roadblock 4

 

 

 

Step 5

 

 

 

Additional steps

 

 

 

Additional roadblocks
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