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An analytics video from McKinsey Global Institute

SOURCE: McKinsey Global Institute 3McKinsey & Company
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Technology 

and 

information 

revolution

Transformation 

of the human 

condition, 

fundamentally 

changing the 

way we live, 

work, and 

relate to one 

another

Connectivity and processing power

Billions of people connected on the go, 

unprecedented processing power, storage, and 

knowledge access

Disruptive innovations 

Emerging breakthroughs across all fields (AI, 

Robotics, IoT, 3D printing, nanotech, quantum 

computing, etc.)

Amplifying building blocks

Technologies amplify each other in a fusion of 

technologies across physical, digital and biological 

worlds

New business models

Emergence of new business models disrupt 

incumbents through reshaping production, 

consumption and delivery models

Accelerating changes

Changes are historic in size, speed and scope. 

Speed of change increases exponentially

The technology and information revolution is creating new challenges and 

new opportunities for companies to disrupt and innovate
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Big Data availability has boomed in the past years while cost of storage and 

processing has drastically decreased…

Data 

availability

20151980

Costs of 

data storage 

and 

processing

Basic 

demo-

graphic 

data (e.g., 

city, 

income)

Transac-

tions data 

(e.g. 

ATMs, 

Mobile -

apps)

Gov. 

agencies 

(e.g. tax 

payment 

report, 

updated 

demographic 

data)

Regular 

survey/ 

satisfaction 

data

Call center (e.g. 

customer 

interaction notes)

Inputs from RMs

(e.g. sales logs)

Telcos

(e.g. top-

up 

patterns, 

monthly 

bill 

payments)

Wholesalers 

(e.g. payment

history for 

SMEs)

Utilities 

(e.g. 

payment 

record)

Website 

navigation 

data

Video 

analysis of 

customer 

footage

Comments on 

company’s 

page/website

Social media 

sentiment

NON EXHAUSTIVEEXPLANATORY

SOURCE: Dave Evans (April 2011) "The Internet of Things: How the Next Evolution of the Internet Is Changing Everything”

~90% of all 

data available today are 

estimated to have been 

generated in the past 

2 years

By 2020, 50 

billion 

devices will 

be connected online –

Internet of Things
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…but also because new powerful techniques have been developed to 

surface insights within large, complex and unstructured data sets

SOURCE: McKinsey Analytics

Partial paymentSelf-cure Full defaultOur client

v1

v2

How Traditional stats sees it

No mortgage

provided

v1

v2

The actual phenomenon 
(real historical data)

Classical statistics will fit a predetermined 

“shape” into the phenomenon (linear, 

quadratic, logarithmic…) – the square peg 

into the round hole!

Real life phenomenon come in “all 

shapes and flavours” – showing patterns 

that are usually complex, non linear and 

apparently disorganized 

ML algorithms act as  thousands of tiny 

“spiders” that simultaneously run all over 

the data spotting & recording patterns 

without clinging to any predetermined 

corset

v1

v2

How Machine Learning sees it

Example: the client is wrongly identified 

as high-risk client through Traditional 

stats

Example: Decision to provide a mortgage 

to a specific client:

▪ 25 years old, with master degree

▪ Variable remuneration

▪ Fashion industry employee

▪ Rich family 

Example: the client is correctly identified 

as low-risk client through Machine 

Learning

Mortgage provided

These algorithms «learn» with every bit of additional information as they identify new 

business patterns

6McKinsey & Company
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A video from Google’s chief marketing evangelist

SOURCE: McKinsey Business Leaders Forum 7McKinsey & Company
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Defining Artificial Intelligence, Machine Learning, and Deep Learning

SOURCE: Nvidia, Internet research 8McKinsey & Company

1950’s 1960’s 1970’s 1980’s 1990’s 2000’s 2010’s

Machine Learning (ML) 
is the major approach to realize 

artificial intelligence by learning 

from and making data-driven 

predictions on data and experiences. 

Three categories of Machine 

Learning include supervised 

learning, unsupervised learning, 

and reinforcement learning

Artificial Intelligence (AI) 
is intelligence exhibited by machines, 

with machine mimicking cognitive 

functions that humans associate with 

other human minds. Cognitive 

functions include all aspects of 

perceiving, reasoning, learning, 

and 

problem solving

Deep Learning (DL) 
is a branch of Machine Learning where 

a set of algorithms attempt to model high 

level abstractions in data. Deep Learning 

connects artificial, software-based 

calculators that approximate the function 

of neurons in a brain. They form a 

‘neural network’ which receives an 

input, analyses it, makes a determination 

about it, and is then informed if its 

determination is correct

Artificial Intelligence, the science and engineering of making intelligent machines

Machine Learning, a major approach to realize AI

Deep Learning, a branch of ML
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Advanced analytics can substantially improve credit loss models by
better identification of defaults

50

+28%

Deep               

Learning

Random Forests

46

Logistic            

Regression

39

Gini Comparison (%)

CRE loans: multifamily property, less than 12 months to maturity

SANITIZED EXAMPLE

Performance comparison of predictive power 
across techniques (out-of-time validation data)

CASE EXAMPLE 1

NOTES :
▪ Gini from deep learning is 28% higher than from logistic regression

▪ Deep learning also led to better separation of defaults (bad loans) from non-defaults (good loans) compared to logit

▪ 3 possible ways to deploy with clients –

i. Full replacement of logit or other champion model

ii. Examine loans incorrectly classified logit but correctly classified by DL and vice-versa. Augmenting logit with findings leads to better performance from logit

iii. Build ensemble of models to take degree of confidence into account, boosting final performance

▪ Use the largest database of publicly available CRE loans (Trepp) 

– over 18 years of performance history, 

– on over 100,000 loans

Drivers considered – examples

Loan characteristics ▪ LTV (original, current)

▪ Outstanding balance

▪ Type (e.g. interest only)

Asset characteristics ▪ Appraised value

▪ Property type (e.g. Retail)

▪ Occupancy rate

▪ Rentable area

Financials ▪ DSCR (Debt service coverage ratio)

▪ NOI, NCF (Net operating income, Net cash flow)

Data on which the case is built

Geography ▪ Multi-state regions

▪ State

▪ County

SOURCE: McKinsey Deep Learning Service Line
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End to end digitisation of mortgage customer onboarding process for a large 

North American bank

Avg # of 
fields for 
customer

135

-50%

Current Expected

270

Avg time 
spent by 
banker 
(mins)

4

ExpectedCurrent 

-38%

2.5

CASE EXAMPLE 2

Initial situation

▪ Leading North American bank 

embarking on journey to become 

truly customer focused and a 

digital bank

▪ Started journey by focusing on 

improving customer onboarding 

across the bank with initial pilot in 

mortgages

▪ Current mortgage process was 

predominately done in branches, 

highly paper based and limited 

focus on customer experience:

– % mortgage started online by 

customer < 15%

– Pull through rates < 40%

– First time error rate ~70%

– Time branch bankers spend on 

application 

~4-6 hrs.

▪ Significant opportunity to 

improve process and differentiate 

from competitors

Actions implemented

▪ Established cross functional 

“EDGE” team (e.g., business, IT, 

risk, ops, etc.) bring the best of the 

bank to work in a rapid lab start-

up type environment

▪ E2E process digitization using a 

customer centric, agile approach:

– Zero-based and customer 

centric re-imagination of E2E 

mortgage process

– Incremental live testing with 

real customer panel

– True agile development of 

E2E mortgage solution in 1 

week sprints and production 

live at the end of 16 weeks

▪ Piloted mortgage solution to ~4 

branches and developed roadmap 

to scale to 

> 100 branches in next 

4 months

Impact

▪ Enable true omni-channel 

experience with ability for 

customer to start online at home 

and continue at branch

▪ Exceptional customer user-

friendly interface with 50% less 

fields and time to complete 

< 30 mins

▪ Expected time spend by branch 

bankers on application to reduce 

by 38%

▪ Expected to increase pull-

through rate for new mortgages 

by up to 70% 

11McKinsey & Company
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15

minutes

-99%2-10 days

When executed effectively there can be a step-change in metrics across all 

dimensions

Cost per mortgage, Indexed to 100

Time to sanction in principle

Application error-rate

Application to funded ratio

CASE EXAMPLE 2

Zero-based design principles and iterative design can achieve a step-change in impact 

30

-70%100

60

10

-83%

40
60 +50%

Customer

Efficiency

Risk

Revenue

12McKinsey & Company
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Advanced analytics can substantially improve detection 
of fraudulent applications

SANITIZED EXAMPLE

AUC of models on test set

CASE EXAMPLE 3

NOTES :
▪ Fraudulent loans originate from one of the following sources –

– Auto-fraud

– Recently deceased relative

– Identity theft

– Employee fraud

▪ Rules based approach had an AUC of 64%, proving that more sophisticated ML models are significantly better 

▪ DL model can pick up on patterns in real-time, constantly learning what new fraudulent patterns look like

▪ 5 years of loan applications for training, last 6 months for test

Data on which the case is built

SOURCE: McKinsey Deep Learning Service Line

Test dataset, proving 
random nature of fraudulent 
transactions

64

80

40

90

100

70

50

60

30

0

20

10

Rules 

approach

83

Logistic 

Regression

86

Deep 

learning

91

XGBoost
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Advanced analytics allows analyzing and comparing satellite imagery

Satellite imagery used to detect various objects

CASE EXAMPLE 4

POTENTIAL APPLICATIONS AND USE CASES –

1. Insurance underwriting to identify risk of flooding, forest fires, etc.

2. Identify crops grown in fields, to calculate average yield for economic and agricultural policy planning purposes

3. Monitor rate of deforestation, changes in water bodies (drought/flooding), city traffic patterns, etc.

4. Monitor changes to properties and verify compliance to legal and insurance requirements

5. Analyze parking lot imagery to better model retail performance and generate leads

Impact from a client study

▪ Satellite imagery was used to detect encroaching properties, and 

structures without permit in a LatAm country

▪ ~$51M in new tax capture was identified, with ~$21M direct and indirect 

taxes collected 

Key highlights of capability

▪ Can work with both 3-band and 16-band hyperspectral images

▪ Can detect the following objects –

– Buildings – both residential and commercial

– Misc. structures - roads, railways, etc. 

– Trees

– Crops – includes agricultural plantations

– Water bodies

– Large vehicles – trucks, lorries, etc.

– Small vehicles – sedans, SUVs, etc.

▪ Can compare minute differences between sequence of images, allowing 

user to track changes in regions of interest

Inputs

2 different satellite image snapshots compared to track changes

13McKinsey & Company
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Advanced analytics allows real-time audio transcription and 
emotion analysis

SOURCE : https://simpleemotion.com/product

This capability makes for a great addition to call centers

– All customer calls can be monitored in real-time, allowing supervisors to handle customers at risk of 

attrition. Event-based transcription also helps in agents’ subsequent training

– Agents’ performance can be analyzed, including how well they help customers, handle angry customers, 

ensure an excellent customer service, etc.

ILLUSTRATIVE

CASE EXAMPLE 5

Sample transcribed customer call Dashboards showing active calls and calls’ metrics

Call Analysis Complicated calls

Call1_29_6160916456336853857_1_47 

Call1_54_6161646248589864237_1_47

Call1_77_6162314322162812766_1_47

Call1_71_6162275688931984200_1_47

Call1_64_6161971515053128113_1_47

Silence

Agent

Customer

Agent Performance Score: Bad

Customer Attrition Risk: High

Upsell Opportunity: None

Emotions

Satisfaction Happiness Anger

Customer Agent

You bet it happens

If it you know if you need to 

take accountability did you 

advertise the product and did 

you did you collect the $350 to 

have it shipped you can review? 

Negative

I hope not

Negative

That’s why I definitely will not 

charge you for the freight on the 

other

You can refuse the order 

them if you’d like to just 

refuse it and you know that

Positive

Q

R

14McKinsey & Company
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Advanced analytics can help transform mortgage companies in 

multiple ways

SOURCE: McKinsey Analytics

Significantly more accurate underwriting models

Ability to ingest large number of features, accurately 

modeling various kinds of risk

Lead to significantly better call center experience for 

customers

Match customers’ behavior profiles with collection 

agents, leading to higher rate of return

Allow ultra-precise customer segmentation for 

targeted marketing and product recommendations

1

2

3

4

5

NOT EXHAUSTIVE
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2-track approach to accelerate impact recommended

RING THE REGISTER TODAY, DELIVERING INITIAL USE 
CASES:

Deliver incremental value in the near-term, through initial execution of 

a few, key use cases. The trick here is to start small, show tangible 

results early-on, and leverage the progress to move forward. Start with 

2-3 use cases across a couple distinct topics and drive end-to-end

SHAPE THE BROADER JOURNEY: DESIGN THE OVERALL 
DATA ANALYTICS VISION AND ROADMAP

Define the overall analytics-enabled business transformation journey

by baselining today’s capabilities, setting the vision, developing and 

prioritizing a holistic set of use cases, creating the initial roadmap, 

designing the operating model and governance, and evaluating any 

potential operating model shifts

17McKinsey & Company
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4 stages of maturity of analytics: Over time, organizations should aspire to embed analytics within 

organization’s DNA

M
a
tu

ri
ty Building insights

Capturing value

Achieving scale

Analytics-driven 
organization

Predictive and 

prescriptive models are 

developed, generating 

clear insights for the 

business

Analytics is a function, 

not yet led by business 

or fully integrated into 

the front line

Analytics is part of 

carrier DNA, and 

synonymous with 

pricing, underwriting and 

claims

Organizational structure 

is “modern” and 

analytics-driven; 

different functions are 

better integrated, siloes 

are dissolved

Data-driven decision 

making is the norm

CEO support is clear. 

Business “pulls” for 

more analytics

The front line is heavily 

involved in model 

development. The focus 

is on adoption and 

usage

Analytics is sub-scale, 

not yet covering the full 

breadth of businesses 

and domains

Center of excellence is 

in place, with dedicated 

resources, investment, 

and organizational 

commitment

Analytics is at scale, 

with a pipeline of use 

cases, spans many 

domains and functions, 

and serves most or all 

business units

Analytics is still a 

function. It is 

incremental to core 

business approach

18McKinsey & Company
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Advanced analytics transformation requires addressing 10 key elements

SOURCE: McKinsey Analytics

Dimension Key elements

Culture

Organization

Data

Models & 
tools

Value 
assurance

Strategy
Vision and strategy1
Value and use cases2

3 Organizational model

Talent mix4

5

6 Data quality principles and policies

Big Data Architecture7

Data management processes

Innovative tools and technologies8

9 Change management

Agile way of working10

19McKinsey & Company
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Lessons Learned: What it takes to drive value

Common Pitfalls Our Point of View

Focus and prioritization of use cases (value, 

speed to capability, data availability, business 

sponsor)

“The Last Mile”: embedding insights in decision 

making, business adoption and value capture

“Fit for purpose” technology: prove the value 

and enable end-to-end capabilities before 

scaling

Democratize the Data: business-owned with 

focus on sufficient quality, integrity and access 

supported by IT

Analytics is a Team Sport: assemble the right 

mix of interdisciplinary skills in optimal structure

Value-led with clear business ownership and 

partnership with analytics and IT

Build transformational fitness: excel at 

execution focused on competitive edge and 

partner strategically for differentiated capability

Oceans of Data: technology first (hammer 

looking for a nail)

Inspiration vs. Perspiration: 

▪ - 99% - building models; 

▪ - 1% - operationalizing them

Field of Dreams: focus on large scale 

technology buildout 

Control the Data: enforcement focus embedded 

within IT

“It’s about the Science”: scaling-up capacity is 

focused on “Data Scientists”

Islands of Capability: business, analytics and IT

“Your mess for less”: Expect that outsourcing to 

a third party will drive transformation

20McKinsey & Company
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Reflections and next steps?
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