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At Looker, sales managers use the report shown in Figure 4.1 to

measure the performance of their inside sales and field sales teams.
In the first column, the report lists each salesperson. (An I indicates
an inside salesperson and an O indicates an outside rep.) Calendar
quarters are demarcated across the top.

In Looker’s case, the ramp period for both inside and outside
salespeople extends six months, or two quarters. For each rep, the
first box, which spans that two-quarter ramp period, indicates when
the rep started. During this six-month ramp time, the reps have a
smaller target quota and the rep’s performance relative to that tar-
get is contained within the box. A 100 percent means the sales-
person booked exactly his quota. Less than 100 percent implies he
missed his number; greater than 100 percent means he exceeded his
target quota.

This visualization shows exactly how sales reps are progressing
through their ramps and how they matured within the organization.
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FIGURE 4.1 Looker’s Sales Productivity Report
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Many recruiting teams wonder how best to define culture. It can
be an amorphous and intangible concept. Nevertheless, culture defi-
nition is an essential part of building a successful recruiting process.

To define a culture, follow these steps.
First, assign a culture lead, often a key member of the manage-

ment team. The lead solicits feedback from current employees about
what they like and don’t like about working at the company, either
by interviews or surveys.

Then, the culture lead condenses feedback into an initial set of
values to be reviewed by the management team. The values should
most strongly reflect the positives of the business, but they should
also include some aspirational values to slowly evolve the culture of
the company in a positive direction.

Next, the culture lead and management team present this first
draft of values to the rest of the company and begin a back-and-forth
dialogue. This interactive refinement process continues until consen-
sus is reached that the values written down truly reflect the way
employees feel about the company.

Last, the values become an integral component of the interview
and recruiting process for new people. They form the basis of a series
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FIGURE 6.1 The Traditional On-Premise Business Intelligence Stack

are impossible to anticipate when the system is deployed for the first
time. Inevitably, the BI tool fails to live up to its potential and teams
can’t access the data they need.

What’s worse, with the explosion of cloud and software-as-a-
service (SaaS) software use, the data-fragmentation problem has
exploded. Today, company data isn’t stored across a collection of
databases within the company’s firewalls but is scattered across
thousands of servers all over the world as companies adopt SaaS
products that store data in the cloud. It is a diaspora of data.

Nevertheless, teams still need to access, process, and analyze
data, irrespective of where it resides. Faced with this problem, data
teams must transform their data architecture into BYOBI.

Figure 6.2 illustrates BYOBI architecture.
There are four fundamental changes with BYOBI:

1. End users decide which reporting/visualization tools to use.
2. The IT and data teams’ roles shift to creating and maintaining

the support infrastructure to enable business users to analyze
their data with BYOBI tools.

3. Cloud/SaaS databases become a key data contributor, com-
plementing the on-premises databases, those controlled by
the company.
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FIGURE 6.2 The Bring Your Own Business Intelligence (BYOBI) Stack

4. Reporting and visualization occur primarily on raw data, not
a subset of data that has been transformed or optimized a
priori.

BYOBI shifts the power to the end user rather than the data team.
Of course, the end user favors ease of use, speed, and visual appeal
and can finally procure it. With a solution just a credit card swipe
away, many business teams procure their own business intelligence
solutions.

Consequently, the company can end up with a large number of
disparate data analysis tools, none of which work together. This frag-
mentation of analysis across teams and tools challenges the data team
to ensure everyone within the company performs analysis consis-
tently, using the same terminology and metrics. Unfettered like the
Tower of Babylon, BYOBI will manifest a myriad of data silos and
lead to a confusion of tongues: Different teams within the company
will speak different languages.

Fortunately, data modeling combats this metrics fragmentation.
Within every business, there is a handful of people who understand
how all the data interleaves. Imagine if everyone within the business
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FIGURE 8.1 Gartner’s Data Sophistication Journey

Pacific? Did the European team raise prices or run a promotion? Each
of these facets must be considered and judged in an automated way
using correlations to perform diagnostic analytics.

Predictive analytics uses historical data to project the future. Given
our current sales pipeline and our historical prospect close rates and
sales cycles, will our bookings number meet our target this year? Pre-
dictive analytics empowers companies to evaluate different scenarios,
to answer the question “What if?” What if we were to hire two new
field salespeople in the United States? Could we exceed our targets
by 10 percent?

Prescriptive analytics, the zenith of Gartner’s journey, suggest the
right course of action given the data: Hire four new salespeople over
the next three months to attain your plan. Very few companies have
deployed prescriptive analytics because the volumes of data required
and the sophistication of the data analysis are beyond the capabilities
of most businesses.

The major advancement in these four-step processes occurs
between diagnostic and predictive analytics. Descriptive and diagnos-
tic analytics describe historical data. They elucidate the past. Predic-
tive analytics forecast scenarios of what might happen in the future.

But Gartner’s journey is missing an important step in between
Steps 2 and 3: exploratory analytics. Unlike the descriptive statistics
we use to understand the past, which seek to verify that a hypothesis



Deeper Analyses: Asking the Right Questions 125
valid, we need to gather a sufficient number of data points. Statistical
significance proves the devil’s advocate is wrong within a certain
degree of certainty.

The most common measure of statistical significance is the
p-value. The p-value is the probability that the devil’s advocate
is correct, assuming the data was collected well. The smaller the
p-value, the greater the statistical confidence that our hypothesis is
correct. Statisticians broadly have settled upon the target value of
0.05, a 5 percent chance that the devil’s advocate is correct.

Sir Ronald Fisher, a British biologist who studied genetics and
natural selection, developed the p-value test, and in his book Statisti-
cal Methods for Research Workers, published in 1925, he used a target
p-value of 0.05. But, as Jason Maynard, director of data and analytics
as Zendesk says, “We often have to coax our teams to accept a larger
p-value, something like 0.2. Otherwise, the experiments would take
too long to be useful because we would need to aggregate a much
larger sample size.”

Typically, the greater number of data points collected in the
experiment, the smaller the potential p-value. But, each incremental
data point requires time to collect, and at some point, speed is more
important than marginal confidence.

To calculate the sample size for a particular experiment, use this
equation:

Sample Size = 1.282 ∗ 0.5 ∗ (1 − 0.5)
0.052

= 163.8

FIGURE 8.2 Formula for Sample Size Required to Achieve Statistical Significance

Let’s quickly run through the elements of the equation in
Figure 8.2. Note: This equation is for an unknown or very large
population size.

The Z score is determined by the desired p-value / confidence
interval. Let’s choose an 80 percent confidence interval. The Z score
is 1.28.

The standard of deviation is measured on a scale from 0 to 1. Most
people use 0.5 since it is the most forgiving value and will generate
the largest sample size. See Figure 8.3.
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P-Value Confidence Level Z-Score

0.01 99% 2.58
0.05 95% 1.96
0.10 90% 1.65
0.20 80% 1.28
0.30 70% 1.04

FIGURE 8.3 Z-Score Table

The margin of error is also called the confidence interval. See
Figure 8.4. When a political poll says a candidate commands 19 per-
cent of the vote +/– 5 percent, the 5 percent is the margin of error.
Let’s use 5 percent.

Sample Size

=
Z Score2 ∗ Standard of Deviation ∗ (1 − Standard of Deviation)

Margin of Error2

FIGURE 8.4 Sample Size Calculation for 80% Confidence

So, to have 80 percent confidence with a 5 percent margin of
error, we need 164 samples. A 99 percent confidence with a 5 per-
cent margin of error requires 666 samples, more than three times the
number of data points.

STEP 4: CALCULATE THE TIME REQUIRED TO RUN THE EXPERIMENT

At this point, we know precisely the number of samples we need
in order to attain a satisfactory result for the experiment. Now, we
can calculate the amount of time required to run the experiment.
Typically experiments on websites and mobile applications are run
using A/B tests, where a fraction of the total traffic and users are
diverted to a particular experiment. Let’s suppose in this case, we
have 10,000 active users per day and the product team allows us to
divert 2 percent of traffic to this experiment. Two percent of 10,000
active users is 200 users. Running an experiment with 164 samples
requires only one day.

Time to speak with the engineers about instrumenting the exper-
iment and pushing it into production.
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This combination of reporting and data has a name: computa-

tional journalism. Journalists are powerful, convincing storytellers
who can harness the power of data to convey their story with new
meaning.

Benjamin Morris, a writer for arguably the best computational
journalism publication, fivethirtyeight, published “Lionel Messi
Is Impossible,”3 which describes in words, statistics, and charts
why Lionel Messi is one of the greatest players in the world (see
Figure 9.1).

In their Group F World Cup match late last month, Argentina and
Iran were still deadlocked after 90 minutes. With the game in stop-
page time and the score tied at 0–0, Lionel Messi took the ball near
the right corner of the penalty area, held it for a moment, then broke
left, found his seam, took his strike, and curled it in from 29 yards.
What was going to be a draw was now a win, and Messi had put
Argentina into the Round of 16.
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FIGURE 9.1 Overall Scoring Production (Total goals and assists versus games
played since 2010 World Cup)

3B. Morris, “Lionel Messi Is Impossible,” FiveThirtyEight, July 1, 2014. Retrieved
http://fivethirtyeight.com/features/lionel-messi-is-impossible/.

http://fivethirtyeight.com/features/lionel-messi-is-impossible/
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$50M fund $500M fund

Target Return Multiple 3 3
Implied Portfolio Holding Value $150M $1,500M
Average Ownership 10% 25%
Total Market Cap of Portfolio $1,500M $6,000M
Avg Investment Size Including Reserves 2.5M $10M
Number of Investments per Fund 20 50
Company Failure Rate 50% 70%
Successful Investments 10 15
Avg Market Cap of Exit $150M $400M

FIGURE 9.2 Sample Fund Return Strategies for a $50M and $500M Venture Fund

investors. The $50M fund typically owns 10 percent of the startup
when at acquisition or IPO, while the bigger fund owns 25 percent.
To attain the target return, the total market capitalization of each
fund must be 4x its size (1x to payback the dollars raised and 3x to
attain the target). If 50–70 percent of startups fail and the average
investment sizes are the ones indicated above, then the first fund
must average $150M price on the sale or IPO of its 10 successful
companies. The larger fund must exit its positions at $400M on
average. Most of the time, three to four companies in each fund
generate the vast majority of the returns.

This power law dynamic in venture capital returns, where a hand-
ful of companies return enough money to offset an investor’s losses,
pushes venture capitalists to chase very large opportunities, which
by their nature create or win share in massive markets.

To be worth $1B, a software company might need to generate
$100M in annual revenue and be growing by 50%+ annually. At this
point, the company represents 5-10% of the total market implying
$1–2 billion in observed revenues. And that’s roughly the market
size target of most venture capitalists with multi-hundred million
dollar funds.

The market size segment of a startup’s presentation argues the
opportunity before the business could be worth many billions of
dollars in revenue. Founders often communicate this in two ways:
top-down and bottom-up.
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Business Revenue Metrics
Let’s consider a hypothetical SaaS startup called RedRocket, which
sells software for $12,000 per year and asks its customers to pay each
quarter. On the 15th day of January, one customer agrees to pay
RedRocket $12,000 for a one-year contract. The startup doesn’t sell
any more software for the next 12 months. The table below demon-
strates the differences in bookings, monthly recurring revenue (MRR),
revenue, and billings.

Month Jan Feb Mar Apr May Jan

ACV bookings 12,000
MRR 1,000 1,000 1,000 1,000 1,000 0
Recognized revenue 516 1,000 1,000 1,000 1,000 484
Billings/cash collections 3000 3000

Annual contract value bookings (ACV bookings): Bookings
are the amount of money customers have committed to spend with
the business. The sum total of future spend is booked in the month a
customer signs a contract. Companies with only 12-month contracts
can report ACV bookings; companies with other length contracts,
both shorter and longer, report total contract value (TCV) book-
ings. Sometimes companies normalize TCV into an annual number
to report ACV.

Monthly recurring revenue (MRR): The company records
$1,000 in MRR in January. Recurring revenue is a metric used by sub-
scription businesses, those companies that contract their customers
over some period of time. The MRR is the annualized spend of all
customers divided by 12. RedRocket reports MRR at the end of each
month. So in a year, assuming the customer doesn’t renew, MRR
drops to zero.

147
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FIGURE A.1 Account Value by Cohort at 5 Percent Churn

customer churn rate and it costs the business $2 of sales and market-
ing costs to acquire $1 of revenue. At $10 million in annual revenue,
the business loses $2.5 million in revenue per year and must spend
$5 million to replace it. At $250 million in revenue, the business
loses $63 million in revenue per year and must reinvest more than
$125 million.

Account expansion: Many businesses have a wide dispersion in
the value of their customers. For example, the online collaboration
vendor Box has acquired customers worth $120 per year and others
worth more than $1.2 million per year. If Box lost 5 percent of its
customers (unit churn), but they were all small customers, the trend
would be worth investigating but not worrisome. However, if Box
was to lose its biggest client, worth more than $10 million, then the
unit churn would be low, but the dollar churn would be quite high,
and the company should be concerned.

Many software companies also measure their account expansion
rate. In these software companies, the revenue a customer generates
changes with time. In addition to churning, these customers can pay
a business more. In the case of Box, a growing business might buy
more seats of Box for new employees. Growing customer accounts
consistently is a very efficient way to grow.

Box generates 30 percent year over year account growth, mean-
ing an account worth $1,000 last year on average will be worth
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FIGURE A.2 Account Value by Cohort at 5 Percent Negative Churn

$1,300 this year. Thirty percent average account expansion is excep-
tional. As shown in Figure A.2, describing a hypothetical company,
this account expansions effect is like a bank account, and the value
of a company’s revenue compounds over time.

Engagement Metrics
Qualified candidates (QCs): The equivalent of a sales qualified
lead, the QC is a leading indicator of whether the team will attain its
hiring goals for the quarter. A QC is defined as a phone interview that
qualifies a candidate as a good fit for a requisition. By understanding
the QC to accepted offer rate over time, a company can forecast
the odds of attaining the hiring goal that quarter, just as sales teams
estimate bookings.

Days to close: Speed is a competitive advantage in recruiting
because the most sought-after candidates will have many options.
Greenhouse and many other top recruiting companies maintain less
than 30-day latency between first contact and signed offer.

Candidate satisfaction: After every interview, Greenhouse
sends a survey to interviewees to gauge their satisfaction with the
process, including how well the position was explained, how well
prepared the interviewers were, and whether they felt respected and
treated courteously. Startups should aim for 70 percent or better.
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