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The data
goldmine

Introduction

There 1s currently a gap. A business opportunicy if vou will: to connect your
people with business performance; to tie the crucial elements of the business
together by rracking and managing drivers from across the organizarion,
and understanding their impace. Data lie at the heart of achieving this -
linking all the elements of the system together by bringing organizational
and business dara together.,

We are living in the informarion age and the pace of growth in human
knowledge is exponentially increasing. In 1965 Gordon Moore noted thar
the processing power of computer circuits had doubled every vear since
their invennon and predicred, correctly, that this trend would continue into
the future, except now the accepred time is 18 months (Moore’s Law). As
Buckminsrer Fuller predicred, new knowledge, which doubled every century
until 1900, is now estimated to double every 18 months.!

This is a hard thing for the mind to grapple with. For example, take a
piece of paper a tenth of a millimerre thick. Fold it ten times and it will be
will be 102 millimetres thick; 20 dmes rakes you to 105 metres, 30 into
space at 107 kilometres, 42 to the moon, and after 51 folds you reach the
sun, After 103 folds vou will be outside the observable universe, which is
estmated at 93 billion light years in diameter.” With exponential growth
comes exponential value, For example, in the 19905 it cost billions to map
the human genome. Today it costs less than $3,000 and thart is predicted to
drop even further,’

The most successful organizations of today are those that can harness
these exponential gains of the information age. For example, when Google
first indexed the internet in 1998 it found 26 million pages; it now indexed
over a trillion unigque URLs.* And Facebook gained more than a billion
users in just 10 years.” Businesses are sitting on a goldmine of organizational
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darta that, if used in the right way, could return exponential amounts of
value by connecring the organizational svstem. However, many still srruggle
to simply track headcount.

A lot of the basic building blocks for getting the most out of organ-
izational data is currently missing: ensuring data guality; having consistent
role titles; counting FTEs by a common understanding of grade, tunction or
geographical unit. Organizations need an end-ro-end dara-driven approach
to process and maintain organizational dara over time and connect the various
clements of the system. Today we are ar the beginning of this journey, A shifr
is emerging as organizations begin to appreciate the value of this data
more. For example, Norwegian retailer Elkjop, working with psychological
testing company Cur-¢, increased sales performance of new hires by 14 per
cent, They identified the personality types most effective in sales roles and by
screening candidates they were able to target recruitment. Then by connect-
ing their recruitment profling daca with sales dara chey were able to compare
the two and measure the value returned to the business.”

In this chapter, [ set out a method for building a baseline of data and
gaining an understanding of vour orzanizational as-is. [ begin by exploring
four data myths, which have traditionally hindered those working with
organizational data from making progress. | then provide an end-to-end
seven-stage process for how to collect, understand and maintain a baseline
of data. Finally, the last section investigates how to analyse vour data effec-
tively so that vou are getting the answers vou need and you can avoid
some common statistical traps when analysing it. This chaprer provides the
platform for the rest of the book. Building a comprehensive and focused
baseline is essential for designing and managing vour organization, because
if vou don't know where you are, how can vou know where vou are going?
By getting vour data processes right vou are setting vourself up for success
throughout the rest of your design.

Data blockers and myths

A trend has emerged over the last few vears that spending on technology is
increasingly moving away from 1T funcoion and towards specific digial
units.” One of the best examples of this is the rise of digital marketing. The
ease with which marketers have been able to gather and analyse data has
transformed the industry: from how consumers are targeted down to the very
skills considered essential to become a markering professional. As Marketo's
chief marketing officer Sanjay Dholakia commented, *Marketing’s changed
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more in the past five years than in the past 500 vears. It is a ‘whole new
learning curve for marketers, who are starting to have to be more and more
technical ¥ Indeed, in 2012, Gartner analyst Laura McLellan declared that
by 2017 the Chief Markenng Officer would spend more on 1T than the
Chief Information Officer.”

People and orgamizational effecrivencss funcrions are increasingly seeing
the need for investment into systems thar make the most of their data.
However, they are lagging far behind other business functions such as
marketing. Why have other organizatonal functions gor so far ahead in
their utilization of data? For a start, in contrast to funcrions like marketing
and finance, organizational analytics are less obviously connected to busi-
ness ourcomes, and so by their nature it is harder to demonstrare their value.
More importantly, though, | believe it comes to an approach. Unlike market-
ing and finance, functions tyvpically dealing with organizational data has
been slower and less cager to embrace a dara-ceneric approach. The resulr is
they have found it harder to substantiate arguments and demonstrate value
to the business, in turn making it hard for them to get the funding required
to put people at the top of the business agenda. A range of data myths has
emerged over the vears which have obscured, blocked and been provided
as excuses for not embracing a data-centric approach. In this section [ out-
line four of these myths to help highlight how the systematic process of
building a bascline {(covered in the next section) can help you make the most
of your data and overcome these traditional blockers.

Myth One: ‘Dara and technology is scary.

o Myth Two: ‘Organizational data is too hard to process.

Myth Three: *One system fits all)’

Myth Four: “More data means more insight.’

Myth One: Data and technology is scary

Two years ago 1 worked on a project with an HR manager who was ex-
tremely competent in many aspects of HR. We were looking ar a spreadsheet
containing emplovee pay, pay increase and bonus. I asked her to calculate
the total pay increase (a simple calculavon of pay increase + annual bonus)
and it emerged she had never learned to use the sum function in Excel.
Despite holding a master’s degree in HR, and five years of work experience,
she had not moved bevond the stage where Excel terrified her,

Too often when working with peaple who have traditionally dealt with
organizational data, I hear ‘I don’t do numbers™ or ‘I don’t do data.” Unlike
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the marketing function, organizational analytics have not been made a busi-
ness priority. There is a lack of urgency to appreciate and understanding for
the value data can give to enhance people funcrions and employee relarions,
For example, how a data-driven approach to areas such as objectives or
competency management can help individuals improve performance and
develop by identfying specific arcas for improvement, Professionals work-
ing with organizational dara is going to have to transition from a sofe-skill
focus and combine them with hard skills, if they are to keep up with skills
required for the demands of dara-driven organizatons. Likewise, organ-
izations that do not invest in this area will ind themselves missing out on
a huge area of potential business value. To help address this myth explicitly
I have pur rogether a ser of definitions for rechnical rerms when handling
dara and building a baseline (see Figure XXX in the Appendix).

Myth Two: Organizational data is too hard to process

As T highlighted in Chapter 1.3, organizational data is naturally complex
and messy. It can feel impossible to process becawse it is stuck 1in numerous
isolated Excel islands and svstems. Data professionals have reported that
cleaning and transforming their datasets is an extremely time consuming
and boring part of their analvucal workflows, often comprising of 80 per
cent of the work." When dealing with organizational data this represents a
real challenge, and can often be used as an excuse to not begin to use dara.

Data quality should never be used as an excuse. You have to start some-
where and it is only by using data that you will be able to understand what
data is valuable, what is not, and where improvements are needed. There is
no doubt thar data is hard work, especially to begin with when building
your baseline. This means emplovees need to have the benefits the data will
bring to themselves and the organization as a whole communicated to them.
Too often the emplovees handling data ger lietle personal value from the
outputs of their work. It is no wonder, therefore, that excuses are found to

avoid working on what is perceived to be a thankless task.

Myth Three: One system fits all

Technology is achieving some amazing things, with a range of tools now an
the market to help those working with organizational data (for a discussion
on types of technology see XXX). And yet, Excel and PowerPoint are still
the main tools of choice. Excel is great for many things but it has many flaws

when dealing with organizadonal dara: ic isn'c thar visval; links berween
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waorksheets are easily broken and hard to track; it struggles to handle hier-
archies; and it is typically used offline by one person at a time, making duplica-
tions very casy to make,

Static use of technology has meant organizations are struggling with their
data, and professionals find it time consuming and uninspiring to process.
As our understanding of data and their possibilitics has grown, so has the
refinement of the tools available to ws. Depending on the data you are
collecting and what vou are trying to achieve with them, you may require
a different rool, Ar this poine in time, 1 chink there are four broad oprions
vou can consider to aid your approach to vour dara: a dara warehouse;
an Enterprise Resource Planning (ERP) system; a data intermediary; and
specific visualizatdon sofrware, A dara warchouse is the standard choice,
but as already mentioned in Chaprer 1.3, it does not suit organizatonal dama
very well. Going down the data warchouse route is a hugely complex, long
and painful journey, only solved by brure force and herculean commitment
in order to collect, structure and query the data. ERPs are a vital organ-
izational tool because of their ability to integrate and handle flows of infor-
mation from across the organization. However, they often leave vou short
of flexible analytics and reporting capabilities, and the ability to model
and run organizational scenarios so key in organization design. As the name
suggests, data intermediaries are beginning to offer a middle, more niche
ground. These are software and applications designed for specific organ-
izational events rather than overarching operations; for example, specific
organizational modelling software. Finally, out-and-out visualizanon sofrware
allows vou to perform advanced analytics on top of your data, although it
may lack some of the modelling capabilities of intermediary software and
have very few operational capabilities. The trick is to work out exactly what
vou are trying to achieve and then choose the best tool for job. Having the
right tool makes the data less scary and easier to process along every stage
of the data journcy, And given the potential value, the investment is cerrainly
worth it

Myth Four: More data means more insight

Just becavse organizational data represent a goldmine, much of which
hasn't been exploited ver, it doesn’ mean vou need ro collecr all of it. Think
of data as a value chain, starting at source systems and ending in actions and
behaviours. Good Business Intelligence (BI) starts by thinking through the
information needs for the highest priority acrions and decisions first, and
working backwards, Too often an IT team will be rold “Give me BI* without
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guidance about the end requirement or output. The team then starts by
building a dara warehouse with the informarion it has from various svstems
and never moves beyond that point. | have seen companies with a ten-year
plan to build a warchouse, and other companies spend millions to achieve
lirtle more than the insighr they started with,

There is so much data around that often the challenge s actually to
specify and focus on what you are trying to achieve and, therefore, which
dara is relevant. Too much information is no informartion. I've heard of con-
sultants compiling lists of 800+ HR metrics in the belief char if you think of
everything, then vou will be able to answer any question. However, collect-
ing too much data will overburden people and cripple your data collection,
and analysis processes will be more difficult, running the risk of nothing
getting delivered. Much better is to collect high-priority data and then add
to vour baseline as vou go. Remember, there is nothing stopping vou from
collecting more and new data further down the line,

Most of these myths are due to a mind set towards dara. By approaching
data in the right way vou can overcome many of the barriers that have
rradicionally “stopped’ organizadonal analvrics being ar the heart of busi-
ness decisions. Much of the challenge is simply a question of discipline when
building up and maintaining a reliable baseline of data to work from. The
next section provides a systematic process for how to build a baseline, raking
into account and tackling head on the myths addressed in this section.

Building the baseline - get ready to wrangle

As 1 have already highlighted, organizational data can be a nightmare to
work with; incomplete, hidden in numerous systems and spreadsheets, and
constantly moving, No set of organizational data will ever be absolutely
perfect. So ger ready to wrangle, Data wrangling 15 at the heart of building
a baseline, and covers the steps of cleaning, converting and manipulating
dara into a usable, convenient format. | love the idea of wrangling with dara.
The word wrangle caprures beautifully the essence of the batde with dara
to keep it up to date, uniform and useful. And it is a battle. Making the
baseline process as simple and as accessible for employees as possible will
immediately ger vou a grear deal nearer to business-changing insighes. In
this section I go through seven iterative steps of how to go about building
a baseline set of data as shown in Figure 3.2.1. These include the steps from
deciding which darta ro collecr, right through to the collection, visualizaton
and analvsing of thar dara.
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FIGURE 3.2.1 Building a baseline process

MAKE THE PROCESS VALUABLE FOR ALL

Fallow Crowd source
your intuition Locate and

and get your pull together
questions aexisting data Create rules and

clean the meatadata

*..

VISUALIZE

1 Follow your intuition and get your
questions straight

For many vears, strategy consultanes have used a hypothesis-led approach
to focus investigations — and it works. Data and analytics are not all about
facts and hgures. Often the best insights come initially from intuition, inves-
tigation and creative thinking. Therefore, when building a baseline of data
think bevond the simple organizational metrics such as headcount and
absence. Go back to vour design crireria to help direct vour focus. For ex-
ample, if a key part of the design criteria is to boost productivity through
centralizing the business, come up wirh a series of guestions which will help
vou understand productivity throughout the business: Are some deparr-
ments more productive than others? Does training affect productiviey?
Where do our top performers come from? These types of question will help
direct the merrics you need ro collecr to build your baseline,

When doing a major transformation there are certain sets of metrics that
vou will almost certainly need, regardless of the focus of the project. A sample
list is shown in Figure 3.2.2, Remember though, vour baseline is not a one
off, but an ongoing set of data which should support the ongoing develop-
ment of vour organization. So when tackling any problem, refer back o
vour intuition and the fundamental questions to guide your approach.
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2 Make the process valuable for all

As a general rule, people don’t like to provide dara. It coses them tme and
effore; it can cause embarrassment and show their shortcomings. Even if you
have top-down sponsorship, vour priority won't necessarily be the same as
every emplovee. Not evervone is intimidated by authoricy, and those provid-
ing data can be highly creative in their delay tactics. So make the process
worthwhile for them. At a high level, make sure vou can answer the key
questions of why you are collecting the dara, how they are going to help, what
the consequence of not gerting the data will be, and if there is any upside
for them. A good exercise is to tic the data back o the list of questions in
step 1. The answers should be compelling enough to get buy-in.

At the lower data-entry levels, for those performing the day-to-day task of
entering and cleaning dara, you have to answer the dara owner'’s concerns:
‘If I'm going to input data, what’s in it for me?” There are two methods here:
first, ensure the data owner can see the value they are contributing or getting
back. One way of doing this is ensuring they can see the end-to-end process.
They can then understand the holistic benefits the daea will lead to. Second,
make the process into a game. For example, on one project, a network of
hospitals wanred to clean their dara. However, none of them was progress-
ing. To incentivize them we put up a map of how each was progressing and
who was top week by week. Just a week after the map went up, the progress
lv, Gamifyving the process through visual feed-
back and competition made the process fun and part of a team effort. To get

made increased exponentia

the most out of your data vou have to be creative. Not just with how you
analyse them, but getting them in the first place. After all, data sit with
people, so vou have to find wavs to incentivize them and get them to buy

into the process.

3 Locate and pull together existing data

It amazes me how often organizations jump straight to implementing new
data collation and creation, overlooking their existing data. Often you already
have in place a lor of the data vou need in order to see the as-is picture; you
just need to bring it all together. By trying to get insight out of your data
early on in the process, vou can:

® show those working hard ro provide the data thar they are being
used and how you are using them;

® start to answer some of your hyvpothesis and make sure vou are
collecting the right dara for your needs;
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® gain a much better understanding of the data cleaning and further
collection processes ahead.

The srarting point is to be extremely clear about the dara you need to collect.
Figure 3.2.2 shows a sample list of properties (or fields in relanonship data-
base speak) that are frequently collected as part of an OD project. Note that
I have caregorized them by two dimensions, The first is the level of priority.
Some properties are criical and vou can’t build your baseline or do an OD
project without them. These nine properties fall within the critical dimen-
sions with eight in core O and one in Anancial types of darta.

Once yvou know what dara vou need, the next step 1s to determine where
to source them. In doing this, understand:

® What systems are used in the organization and where are they being
used? For example, often different geographical locations will use
different systems,

e How do the required properties map to the various systems and
which properties currently don’t exist in any system?

® Who owns which system and whart is the process for gerting the dara
extracred?

If vou need to repear the extraction process, ensure you document and rest
the process. Good sources to begin collecting data from include:

o Payroll - Typically this is the best source because it should contain all
vour people information. It is certainly a good place to start because,
if vou then march it up and compare it with your other sources, you
can begin to see if you have a consistent view of your organization.
You would be surprised how often payroll doesnt match other
SOUrCe Systems.,

e Performance management systems — Comparing this source system
with payroll is a great wav of testing the quality of yvour people dara.
If they are the same, then great, but if they are different you need to
look at your data quality.

® Excel spreadsheets — I have not seen an organization vet thar does
not have Excel islands, with pockets of information siloed away.

It is a problem we constantly have to tackle in my company and with
our clients, However, bringing all this data together is a good chance
to collect all that “lost” data.

o HR Management Information Systems (HRIS).

e Enterprise Resource Planning (ERDP) systems,

n7
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# Customer Relationship systems (CRM).

® Financial systems for customer revenue and margins, and P& L cost
information.

® Applicant tracking systems.
& Learning management systems,

e Quandl for externally published sources, eg unemployment,
demographic, or economic growth,

4 Visualize

Visualizing data is a key part of the data and analytics processes as highlighted
in Chaprer 1.3, When visvalizing the dara try to stay awav from Excel, and
where possible use specifically designed software that helps bring all your
data together in an interactive and visual way. Visualizing the data as carly
as possible in the process will bring it ro life and achieve buy-in from people
working with it and affected by i, It may also start uncovering some basic
insights to help reaffirm vour hypotheses and ensure vou are going in the
right direcrion,

Think back to vour original hypotheses. Whar are the best ways o look
at the data and what stories are you trying to tell? For example, if you are
interested in salary across the spans and lavers of your organization, rake
vour existing ERP dara with the given reporting lines. This only requires five
properties of data: Employee ID, Manager ID, function, salary and grade.
Using this data you can answer dozens of questions about the organizational
structure and consistency of salaries across the organizarion, To tell rhis
story, think back to some of the visualizations in Chapter 1.3 such as the
box grid visualizations (Figures 1,3.13 and 1.3.14). Cycle the data through
these visualizarions so you can see different perspectives, When looking for
turther insighes think through the various visualization options:

e traditional statistical representations (bars, columns, lines, scatter
plots, box plows, Ganee chares, tables, dashboards);

® additional analytical elements such as colouring, scaling, hicrarchies;
e plotting a fourth dimension of time to highlight trends,

From this point onwards this process of visualizing data will add value
throughour each stage of building vour baseline. For example, visualizing
data quality alone (detailed in stage 5) as demonstrated in Figure 3.2.3, helps
identify where the gaps are in your data and where there may be inaccuracies.
Equally, when crowdsourcing data, handing visuals back w data owners
helps them identify outliers and inaccuracies in seconds (stage 6).
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5 Create rules and clean the metadata centrally

Inevitably when vou bring dam together there will be dara quality issues.
So, as soon as you can, create clear rules on data structure. For example, on
one project a client had a database of more than 30,000 items of IT hard-
ware spend. The vast majority of the items were duplicares and the dama
could be reduced a couple of hundred items: that accounted for well over
93 per cent of the spend. The company had made its ife much harder by
not having clear rules about how data was to be collected and stored.

Cleaning data is not a one-off exercise. Given that people are collecting
and cleaning dara in different offices or even different countries, once your
dara is clean you need to make rules about data collection and storage.
For example, often the lowest level of data is acceptable, bur it is how the
dara is carcgorized or tageged rhar is important, A common and casy care-
gory to grasp is gender, The male sex may appear as Male, male, m, O or 1,
MALE... and that is just in English. Consistency is key. You have to be clear
about definitions; for example, whar is an FTE, or total cost of urilization?
If you decide this upfront, vou will save serious amounts of time later on.

Data guality can be used as a reason for not generating information. In
my experience, if data is being vsed and presented in an understandable
way, they will drive behaviour and the data quality will improve natorally.
Visualizing vour data will help clean data naturally for two reasons. First,
it is much easier to identify inaccuracies and outliers. For example, the
visualization in Figure 3.2.3 provides an overview of all the mertadara and the
distribution of data for each property. Second, it highlights the completeness
and consistency of particular data fields (dimensions and measures) and where
there are orphans in the organizational hierarchy, so you can immediately
identify problem areas and where attention is needed (see Chaprer 1.3 for
definitions of hierarchical data).

Visualizing data in this way makes it easy to obtain the daw vou need from
across the organization. Alongside new and intuitive connections berween
data and visualizations, this means you no longer have rely on database
administrators or IT t solve daca issues. This is because traditional dara
visualization lavers in software are becoming increasingly intertwined with
darabase layers. Visualizations are no longer just a representation of data,
they also link back o the data they represent. The consequence is that where
previously you had to change data within a database vourself, or via a data-
base engineer to alter the visualization, now vou can alter data directly
through the visualizations. You can drag and drop picces of dara to alter
numbers of fields at once, making the process of cleaning data in line with
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FIGURE 3.2.3 Example data types and patterns dashboard
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vour rules on data structure on an ongoing and ad hoc basis infinitely
easier, saving rime and efforr in the cleaning process,

6 Crowd source

The data vou need o further improve quality or for new properties will
sit in different places of the organization. Often those who are in the best
position to fix data is the ones who wanr the maximum insight from it but
do not have the nme to correct it Therefore, make it casv for people to be
able to provide and alter data. Technology now allows for fast feedback,
such as surveying capability, which automartically updartes a person’s records
once complered. For example, a problem in many organizations is a simple
guestion of organizational hierarchy. Who reports to whom? One particu-
larly useful exercise may be to send a two-question survey to all employees
asking “Who do vou report to?” and “Who reports to vou?” Collare the dara,
draw an org chart and very quickly you will expose any confusion or in-
accuracies, Big data is all very glamorous, but the most value is often in getting
the basics righe. Here are three tips to help vou when crowdsourcing dara:

1 Make data easy to upload. If the upload process is complex people
will become disengaged and turn to other work instead. For example,
sending our 2 webform thar rakes two minures to complere will give
vou instant updates on vour dara,

2 Report data back to owners. Those who know rhe dara can interact
with the summary Aindings will see the value returning from their
data and they will be able to casily identify further outliers that
represent dara quality issues,

3 Make the process mobile. Often the best time to spend a couple of
minutes uploading or analysing dara is when you are in transit or a little
bored. If the data is available at all imes and on all devices such as
smartphones and tablets, it makes it casy to review charts and add insight.

To begin with, collecting dara from different areas of the organization will
come down to you and vour team. However, the sign that you are getting
this right is when the data 1s seen as a business issue and function leaders
come to you to drive new insights and get further dara.

7 Stop analysing and start playing with your data!

As the HR Information Systems Manager at one retail client once said: *One
of the most exciting things about bringing all types of organizational dara
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together, and visuvalizing is that vou can start to answer guestions that
people didn’t realize they wanred the answer 0. Having builr vour baseline,
just enjoy yourself. Start exploring, slicing and dicing the data. (The slice
is the ability to split the data according to any dimension or measure. The
dice is the ability to use any aggregaror such as sum, standard deviation,
percentile, skewness, and many more. )

When analysing your data for the first time you will be amazed what you
can hind, One consultant [ worked with, afrer quickly combining two client
datasers and analysing the training impact, was able to well her client thart ic
was wasting half of its graduate sales training budget because one group of
the target audience learned nothing. By contrast, for the other group it was
a great investment, The client just needed to know which graduares to target
for what type of training. Simply by splitting the trainces by geographic loca-
tion showed that particular office sales teams didn’t increase their sales post
teams, while others almost doubled theirs. The underlyving reasons and the
action taken as a result are a separate story, but what is powerful is the insight
gained by combining different datasets, in this case sales and training dara.

The combination of data is frequently referred to as mash-up data. Bring

together vour people data with dara from across the organization and see
what vou can find. To make sense of all the data, break down areas of insight
into topics by organization or theme. For example, functional areas: HR;
finance; procurement; manufacturing; or organisational areas: people, process,
svstems; of strategic, operational, transactional. Using these categories vou
can start performing advanced analytics. For instance, can vou see whether
sales performance links to education or recruitment channels? Do those
who attend training have lower attrition? Which actions post an employee
engagement review had meaningful impacts? What human factors drive
profit, productivity or retention?
We have now got to into the in-depth analysis. But when analysing and
drawing vour insights vou have to be careful. What might scem abvious in
the data may be wrong statisticallv speaking. I is oo easy to oversimplify
and make errors of judgement. The next section sets out three checks o
ensure vou analvse vour data as effectively as possible.

Performing analysis: common statistical
traps

All through these pracrcal steps vou will have been building your baseline
understanding. However, | have included this section because data can often
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be misrepresentative and insights are only as good as those who draw them.
The world is full of wrong and dangerous analysis and sratistics, Numbers
are aggregated and conclusions erroncously drawn. Linear correlations are
calculated with high correlation coefficients (R) at the wrong level and bad
science is peddled as robust analvsis. There are many PhDs that can be written
on bad analysis. Given the scope of this book, | am going to focus on the
three logical statistical flaws that [ see most frequently. This doesn't mean
vou should stop the learning here. More, 1 hope, that you gain an interest 1o
want to learn more and avord making recommendanons that give the illusion
of being robust but are not. The three | am going to cover include:

1 The ecological fallacy
2 Taking correlation for causation

3 Ignoring statistical significance

The ecological fallacy

In the 2004 US election Georze W Bush won the 15 poorest stares and
John Kerry won 9 of the 11 wealthiest. The conclusion: wealthy people vote
Democrat and the poor Republican. And ver 62 per cent of voters with
annual incomes over $200,000 vored for Bush, while anly 36 per cent of
voters with annval incomes of $15,000 or less voted for Bush.'"" So that
conclusion is completely inaccurate,

This is a grear example of the ecological fallacy in pracrice. *An ecology
fallacy is a logical fallacy in the interpretarion of statistical dara where
inferences about the nature of individuals are deduced from inference for
the group to which those individuals belong,™*

In the context of HR, an example of the ecological fallacy in practice is
the likely hypothesis of a correlation between performance and absenreeism
as measured through the Bradford index. The Bradford index weights the
number of absence instances higher than the total duration of absence. The
theory is that short, frequent and unplanned absences are more disruprive
than longer absences. The formula 1s B = §*<D where § 1s the number of
spells (instances) and D is the duration. For example, if someone was sick
once for 10 days, their Bradford score would be 17210 = 10, But if they were
sick 10 rimes a day at a time, giving the same toral of 10 days, their score
would be 10%=10 = 1,000, For a given group of employees, the histogram
{in Figure 3.2.4) clearlv shows thar those with a Bradford score below 100
have an average performance of 5.6 our of 10, while those berween 600 and

700 have an average of only 3.
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FIGURE 3.2.4 Histogram and aggregate scatter with linear
regressions of average performance rankings by
average Bradford index category

Average performance ranking by Average performance ranking vs average
Bradford index Bradford index by Bradford index
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This is proven even more empharically through the *scientific-looking’
correlation in Figure 3.2.4, The figure on the left shows the average perfor-
mance for cach Bradford index group while that on the right takes each of
those six groups and draws a correlarion berween each group’s performance
and their average Bradford score. The same groups of employees (those with
Bradford factors less than 100, between 100 and 200, and so on) are correlated
with their performance ratings. Unsurprisingly, the correlation (r) is =0,97
or almost perfect (a score of r = 1 or =1 is perfectly correlated while a score
of ¥ = () means there is zero correlation). Woue, think the people reviewing
these numbers, Conclusions are drawn: “We need to sort out the poor-
performing emplovees.” “It's so logical that ic's these people who aren’
performing!” The analvst gets a pat on the back and now the management
ream thinks it has the proof and burning platform to take action against
these low performers,

However, in this instance, they are all wrong. In fact, they are terribly
wrong. They have just fallen for the ecological fallacy. In the above example,
if vou dig just a fracoion deeper, the distribution of the 46 employees in-
cluded within the analysis is shown in Figure 3.2.5.
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FIGURE 3.2.6 Departmental and individual scatter plots of
performance rankings by Bradford index category
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index by full name average Bradford index by department
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You can see, straighraway, thar there are very few (four) data points of those
with a Bradford score above 300. You can also sce a large range of perfor-
mance rankings of those with a Bradford score below 100, In fact, if vou
draw the scatter charr ar the individual rather than group level, you can
instantly see there is, in fact, no correlation (it is just 0.047),

There are only two employees with high Bradford scores and poor perfor-
mance scores. This is a good example of what is officially called *outhier
analysis”, 50 no drastic or group action is necessary. Instead, a quick investi-
gation into their historical performance to find out if they have always
been poor performers would be advisable (if possible). Then a conversation
can happen either to find out if something or someone 1s affecting their
performance, or how the manager can help bring them back on track. This
15 obviously a tailored example, but it is an excellent reminder of the value
of digging into statsncs, guestioning what vou see and ensuring thar yvou
don’t make sweeping conclusions which could have a negative impact.

Correlation versus causation

Did you know that it is dangerous to eat ice-cream and then go swimming?
There is a correlation berween ice-cream consumption and the likelihood
of shark ateacks. Sharks like people who have just eaten ice-cream, right?
Clearly, no. So how can they be correlated? The real correlation is that the
hotter it 15, the more ice-creams people car, the more they swim and the
more likely it is that there are going to be attacked by sharks. This may be
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obvious, but every day people jump to overly simplistic and inaccurate
conclusions, confusing correlation wirh causation,

A correlation is just a number. It happens to caleulate the strength of a
lincar relationship between variables, but it does not carry any information
abour cavsarion, Why? Because causation is far more complicared than the
idea of how nicely it can fic a line to data. In general, it1s very ditheult to show
causation. Why? Because we need to rule out all other factors that could
influence the relationship. In general, showing cauvsarion is only possible in
scenarios such as a laboratory environment where external factors can be
controlled or at least limited and explored.

In a business context, we ¢can show correlations are high and use these
effectively for predicdon. Bur it is important to ask why this correlation is
occurring in order to examine causation. For instance, suppose that perfor-
mance ratings were inversely correlated to number of absences. However,
the driver of the relationship is unclear. That 1s, we cannot determine whether
performance ratings were assigned as a penaley for absences or whether
missed davs actually contributed to lower performance. The causation is
unclear but the correlation is soll useful to drive conversation, investigate
the potential drivers before acting and run relevant analysis for future con-
clusions to be drawn.

Statistical significance

If we are going to draw conclusions about a set of data, then we should have
some understanding of how strongly we can draw those conclusions. T am
going to use a simplified example to demonstrate my point. The example
below shows thar for a set of employees, males are higher performers than
females. So does that mean that we should only hire men? The problem here
is that the stats can get quite complex, so here are a couple of simple tools
and thoughrs. The first 1s to look at the vanation within the dataset. The
greater the standard deviation, the less likely you can draw the conclusion.
Why? Standard deviation measures the average of how spread-out the data
is. You can think about it chis way: if female employees all have really similar
performance measures, then it is possible to make better generalizations
about that group. More similarity means small standard deviation. If, instead,
some are performing really well, some are performing really poorly and
some are doing okay, it is harder to tell a story about what is happening to
the whole group. This is a situation with a large standard deviation — lots of
differences, a more spread-our group,

A good way to visualize this is through the box plot diagram, which is

described in Figure 3.2.7. The boxplot shows the distribution of the data.

127
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FIGURE 3.2.7 Box plot explanation

For the median, there 1s a thick line and a box is drawn to show the majority

of the data points. This could be the upper and lower deciles (where 90 per
cent of the points are above it and 10 per cent of the points below) or quar-
tiles (the same, but 25 per cent and 75 per cent). A further set of lines shows
the upper and lower limirs of the data. This could be the max and min, or
the 99 per cent and 1 per cent points (the percentiles). The box plot gives
vou a visual sense of distriburion, which helps o indicare where there is
maore than just a simple story in the dara.

The risk of using bar charts and the power of the box plot is highlighted
in Figure 3.2.8. The left-hand bar charr shows rhe performance scores of
males and females. Ar face value it appears males are performing far berter,
with an average of 6.4 out of 10 compared with the female average of 5.9,
But when the same dara is plotted vsing the box plot, another picture
emerges. The median performance for females s actually 7.5, There is far
more variability within the female population, with the lowest scores of {0
being ‘achieved’ and therefore taking the average down.

The next thing to look ar when thinking abour stanstical significance s
the sample size. The smaller the sample size, the grearer the danger. This also
makes sense. If you want to make a claim about the performance of women
and vou only measure the performance of 10 women, how confident are vou
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FIGURE 3.2.8 Average and box plot of gender performance
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that they reflect all wwomen the company would ever be interested in hiring?
If you get performance measures from more women, you have a clearer
idea of what is happening on average. How can we make a statistical deci-
sion about whether men perform berter on average? We turn to the most
common statistical significance test, which is called the #-test. We can plug
all of these numbers into the formula for a t-test comparing two averages.
The result from such a test is a single percentage called a p-value." (It is not
in this book’s scope to outling the t-test. For further reading on this please
see the suggestions below.) In our scenario, this value is 15 per cent. Great
- 50 how do I ger any informarion about my employees’ performance based
on this number? In this scenario, the p-value measures the likelihood that
these differences in employee performance arise completely by chance rather
than due to any real average performance differences. It is standard pracrice
to conclude that a p-value less than 5 per cent indicates a ‘sigmficant” dif-
ference. Here, with our value of 15 per cent we cannot make this claim. Are
men performing berrer than women on average? Yes, Bur are they perform-
ing signtficantly berwer on average? No. So should we hire only men o boost
performance scores? Not according to the data.

If you are told that a value is *statistically significant’, you should ask:
‘Stanistically sigmbicant compared with what?” and ‘According o which
statistical test?" Statistical significance is used within a section of statistical
analysis called hypothesis testing and is used to infer how likely it is thar we
observe dara by chance, Instead of using the phrase stanstcal signihcance’,
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vou will save a lot of energy and confusion by just explaining in words the
conclusion your dara leads vou o, For example, it isn’t [staristically) possible
to conclude that men are performing better than women. It 15 also good
practice to include details about the statsocal test vsed to reach vour
conclusion and the number of data points included in the caleulation.
While cach of these three stansdcal traps is relevant, the point to take
away is that data analysis isn’t as much of a magic wand as many people
think, Too often, people work extremely hard to build a baseline of dara and
leave the ‘insight phase” of the work o the last minure, They then jump o
erroncous conclusions because they don’t think hard enough and make too
many predictable mistakes, such as the three outlined above. Unfortunarely,
from what I have observed from countless business presentations, most of
the business world is full of terrible statistics. The bar chart is probably the
maost commaon stats tool used, vet as shown above it hides a whole range of
flaws. The aim of this section isn't to make you an expert, but to improve your
awareness of the dangers. If you are interested in learning more there are
a couple of books I suggest vou look at: Essentials of Social Statistics for a
Diverse Society' and Statistics for People Who (Think They) Hate Statistics."

Final thoughts

Data should be used to turn hindsight into insight and then foresighr,
While building a looking-back baseline as the logical frst step in the micro
stage of design, it is that dataset that vou will come back to the most. In fact,
it never stops being important, eicher through the design or afrerwards. By
maintaining the daraset and mashing it with other data, greater insight will
be generated. You will use this data to generate scenarios and plans. With
enough history, other projections will become possible and you move into
helping to shape the future. The key is to make sure that you set vourself up
for success by collecting, cleaning, analysing and reporting on your data
consistently,

Organizational analytics have an opportunity to deal wich the world as
it really is: a complex, interconnected system. Consistent and focused data
collection must be backed by a deep understanding of the multiple con-
nections between people, roles, skills and activides. Too many change
programmes have been overwhelmed by the sheer complexities of the
organization. As yvou continue to build your baseline vou can add more dara
from across the organization to really see which areas are performing well,
need improvement or a downright overhawl, This is not juse about a one-
off design, In the furure, those funcrions dealing with organizational dara
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and analvtics have to be able to resolve business issues before they happen
by connecting the organizarional system. They need ro drive leaders from
across the whole business to think through what their people do now, what
they will do in the future and what the cost impact will be if activities
change. With this, your data will become a goldmine: an invaluable resource
with exponential and sometimes unpredicrable benehes.

k!

1 To get the most from your data you need to recognize potential value
and communicate that value to the business,

2 Be disciplined throughout the data process. Be clear about the data you
need and who or where you need to get them.

3 Make the process of collecting data valuable to everyone involved,
from business owners to the employees working on the ground with
the data.

4 Use the right tool for the right job. Do not try to do everything in Excel,
and where possible use specialist tools to help with particular tasks.
It is worth it!

5 When analysing your data, be wary of jumping too quickly to
conclusions. Use analysis as quidance for further questions. It is not
always a final answer and be mindful of the many hidden statistical
traps.
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This is an extract from the book Data-driven Organization Design
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“This book puts into words what I've been trying to explain for years.
Managers should read this book to become more data-driven; data-driven
people should read it to understand the imperatives of management.”
Stéphane Hamel, Digital Analytics Thought Leader, Immeria

“Morrison’s dashing and enthusiastic style persuasively makes the case for
using good data analytics as the basis for successful organization design.
This book is now on my ‘recommend’ list.”

Dr Naomi Stanford, organization design consultant

“Provides insightful connection between strategy and the enabling
organizational design. It includes an inspiring collection of theory, tools
and experience to drive change and transformation.”

Par Astrom, Senior Vice President, Business Development, Husqvarna Group

“This book nails it. Honest and practical, it shows you how to deeply analyse
and design an organization — and implement it.”
Nathan Adams, HR Director, Aviva

Data is changing the nature of competition. Making sense of it is tough; taking
advantage of it is tougher. There is an important business opportunity for organizations
to use data and analytics to transform performance. Organizations are a constantly
evolving system made up of objectives, processes and people, and all of it organized in
a governance structure. It is dynamic, and constantly changing. Using data and analytics
you can connect all the elements of the system to design an environment for people to
perform in — one that has the right people, in the right place, doing the right things, at
the right time. Only when everyone performs to their potential will your organization
have a hope of sustaining a competitive edge. Data-driven Organization Design provides
a practical framework for HR and organization design practitioners: build a baseline of
data, set objectives, carry out fixed and dynamic process design, map competencies and
rightsize the organization. It shows how to collect the right data, present it meaningfully
and ask the right questions of it. Whether you’re planning a long-term transformation, a
large redesign or a one-off small project, Data-driven Organization Design will show you
how to make the most of your organizational data and analytics to drive business
performance.
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