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The Personalized 
and the Personal
Socially responsible innovation through big data

BY JAMES GUSZCZA, DAVID SCHWEIDEL, AND SHANTANU DUTTA 
> ILLUSTRATION BY LIVIA CIVES

“The best minds of my generation are thinking about how to 
make people click ads. That sucks.”

            —Jeff Hammerbacher, Cloudera founder

YOU DON’T NEED A WEATHERMAN TO KNOW WHICH WAY THE WIND 

blows. “The web has become an integral part of our lives. A trace of 
our use of it can reveal very intimate personal things… Whom would 

you trust to decide when to access it, or even to keep it secure?” So writes Tim 
Berners-Lee, the inventor of the World Wide Web, in a recent statement sent 
to the Financial Times.1 While Berners-Lee is a singular figure, his comment is 
of a piece with of a broader societal unease with the growing ubiquity of data 
capture and data analytic technologies in many areas of business and society. 
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Other examples are not hard to find. 
Relaxations of digital privacy policies 
are routinely followed by criticism both 
in the blogosphere and in prominent 
mainstream forums.2 Regulators call for 
restrictions on the collection and use of 
electronic data with increasing regular-
ity. Dave Eggers’s latest novel The Circle 
concerns life at a fictional mash-up of 
Silicon Valley behemoths, which is 
given to promulgating such Orwellian 
pronouncements as “SECRETS ARE 
LIES” and “PRIVACY IS THEFT.” Eg-
gers’s book is the first fictional work to 
be excerpted as a cover feature for the 
New York Times Magazine3 and became 
a best-seller upon its release. 

Nor is such discomfort restricted to 
journalists, politicians, and novelists. 
Preeminent network theorist Albert-
László Barabási recently penned an 
opinion piece titled “Scientists must 
spearhead ethical use of big data.”4 Not 
unrelated is an attitude of “data skep-
ticism” that is increasingly harbored 
among prominent data scientists.5 This 
is not skepticism about the inherent 
value of data science or business analyt-

ics, but rather the questionable use of data or analytics models to support (whether 
intentionally or unintentionally) poor decisions or ethically questionable practices. 
With characteristic pithiness, mathbabe blogger Cathy O’Neil discusses a genre of 
what she calls “creepy models.”6 In short, there is a growing recognition that, as with 
all sciences, technologies, and business methods, data science can be used for both 
socially desirable and undesirable ends.

Societal views surrounding big data technologies, business models, and gov-
ernment policies are therefore set to evolve as kaleidoscopically as have the tech-
nologies themselves in recent years. Informed observers anticipate a trough in the 
enthusiasm surrounding business analytics created by excessive big data booster-
ism in recent years.7 Such boom-and-bust patterns are of course common to many 

This  a l l  sounds l ike bad 
news about l i fe in the 
age of e lectronical ly  cap-
tured behavioral  data. 
But there is  a posit ive 
message to be discussed 
as wel l .  Beyond focusing 
on accuracy and pr ivacy, 
organizat ions can con-
s ider innovat ive ways of 
us ing their  stores of data 
to give back to the peo-
ple who generated i t . 
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business ideas that capture the collective imagination of the business press. But the 
emerging attitude of data skepticism pertains to societal aspects of data analytics 
that are not shared by other technologies that have marched through the various 
stations of the hype cycle. As we will argue shortly, this owes less to the vaunted 
bigness (in the sense of raw data volume, variety, velocity) of the data than to a 
psychological, behavioral, and social content that many find invasive or “creepy.”

This climate will motivate many data-centric organizations to more closely 
evaluate the ethical and societal implications of their data strategies. But it would 
be a missed opportunity to view the situation as a tug-of-war between business 
opportunity and social acceptability. Focusing on the ethical and societal aspects 
of big data can lead to innovative strategies for achieving sustainable success in  
the marketplace. 

In other words the story of responsible approaches to big data need not simply 
be one of legal and regulatory compliance; it can be about innovation-fueled profit-
ability and growth as well. But this requires confronting head-on why many people 
find certain uses of data creepy. Issues of data accuracy and privacy protection are 
of obvious importance, but more can be said.

The issue is less one of big data than behavioral data. Ever more detailed in-
formation about what we buy, what we think, how we spend our time, and with 
whom we spend it, is digitally captured and available to infer personal traits that 
until recently have been hidden from view. Such portraits are often based on data 
that are not always knowingly divulged and data mashups that are impossible to 
anticipate. And they can be at odds not only with our public personas but with  
our personal self-conceptions as well. It is understandable that many find this pros-
pect unsettling.

This all sounds like bad news about life in the age of electronically captured 
behavioral data. But there is a positive message to be discussed as well. Beyond fo-
cusing on accuracy and privacy, organizations can consider innovative ways of us-
ing their stores of data to give back to the people who generated it. One promising 
avenue is, like the above-mentioned promises and perils, rooted in considerations 
of human behavior. 

A considerable amount of contemporary behavioral science research focuses on 
the difficulty people experience making important choices and following through 
on their goals. This research can serve as a wellspring of ideas for innovative data 
products and services that use people’s data in ways that enable them to make better 
decisions. Data analytics in business need not conform to the “us versus them” sto-
ry that is currently taking shape. To the contrary, when motivated by and brought 
to life with ethical thinking as well as insights from the behavioral sciences, data 
analytics offers a distinctly 21st century approach to doing well by doing good. 
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A SMALL NOTE ABOUT BIG DATA
A semantic confusion surrounds (some might say smothers) the term big data. This confusion 

engenders its own type of data skepticism—namely the mistaken belief that it’s all marketing 

hype and little of substance is at stake. There is indeed legitimate criticism to be made of the 

journalistic and marketing excesses heaped on the term. We believe that once these excesses 

have been put in their place, much of the confusion and skepticism will dissolve. 

  Much of the confusion surrounding big data owes to the fact that the term is used in two 

distinct senses.8 Officially, big data denotes data sources whose very size and complexity cre-

ate problems for standard data management and analysis tools. Streaming data from digital 

sensors, audio and video recording devices, mobile computing devices, Internet searches, and 

social networking technologies are all examples. This is the petabyte-class data that calls for 

such next-generation data management technologies as MapReduce, Hadoop, and NoSQL. It is 

the sort of data that justifiably excites business leaders and such leading researchers as Albert-

László Barabási and Sandy Pentland.

  However most references to big data pertain simply to whatever data is useful in enabling 

business analytics endeavors. And most such endeavors do not (at least at first) call for data that 

is “big” in the “3V” (volume, variety, velocity) sense. The book Moneyball provides the classic 

(and now, with the Brad Pitt movie, photogenic) example: Billy Beane’s innovative data and 

analysis-driven strategy for scouting baseball players upended a major industry by exploiting an 

inefficient market for talent. The strategy did not require the use of the cloud, petabyte-class 

data, Hadoop clusters, or anything of the sort. Yet in the press, such stories are often described 

in big data terms.9  

  Our point is certainly not to argue that true 3V big data is unimportant, or that the colloquial 

use of big data should go away. Only that the term is typically best understood along similar 

lines as terms like “rocket scientist”: Unless otherwise specified, it’s probably safest to assume 

that the term is being used loosely or metaphorically. Most of the time big data is used not in 

the sense of “the very size of the data is a problem” but in the sense of “data that is too rich 

or complex to analyze well in a spreadsheet and without concepts from university-level statis-

tics.” We believe this simple clarification would go some way toward dampening the disruptive 

boom-and-bust effect that that hype cycle threatens for business analytics.

  A more fundamental point is that organizations’ focus should be not on “big” data per se, but 

on identifying and using the right data.10 And even before the collection of data begins, a stra-

tegic objective should be clearly articulated and leadership must be in place to ensure that the 

resulting findings will be acted upon and used to make improved decisions. Oftentimes the an-

swers are easy. Asking the right questions, and having the organizational will to act upon them, 

is the hard part. These commonsense, yet crucial, observations are obscured by the tendency to 

focus on the technological, rather that the strategic and scientific, aspects of business analytics.
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LET’S GIVE CREDIT SOME THEORY

An early example of behavioral “digital traces” revealing hidden personal 
traits involves precisely the type of data that kicked off the business analytics  

revolution in the early 1960s: personal credit data. Decades before Billy Beane 
transformed the baseball scouting profession through the use of analytics, credit 
scoring transformed the somewhat less glamorous job of the bank loan officer. 
Rather than employ experts to evaluate loan applications on a case-by-case basis, it 
turns out to be dramatically more accurate and economical for lenders to employ 
credit scoring algorithms that combine many dozens of weakly predictive data ele-
ments into predictive models that are stronger than the sum of their parts. Today 
most personal loans are underwritten, and their interest rates largely determined, 
using credit scores.

Over thirty years later, the personal insurance industry made a striking discov-
ery: Personal credit data is also predictive of which policyholders are more or less 
likely to experience automobile accidents and claim-worthy events on their home-
owners policies. And the effect isn’t even subtle. Not only is personal credit score 
predictive of personal auto insurance claim experience, actuaries commonly view it 
as one of the top predictors.11  

Many (including one of us, whose first predictive modeling job was to build a 
credit scoring model for an insurance company) at first find this relationship sur-
prising, and perhaps a bit unsettling. Why should bill-paying behavior be relevant 
to car accident propensity? After all, there is no causal relationship connecting the 
former with the latter.

Or is there? In fact there is evidence supporting what many analysts intuitively 
infer from the unambiguous patterns they encounter in the data. Namely, a more 
subtle, indirect causal relationship is likely at play. Upon researching the issue, Uni-
versity of Texas-Austin professors Patrick Brockett and Linda Golden stated that:

… Individualized biological and psycho-behavioral correlates provide a connection be-

tween credit scores and automobile insurance losses. Credit scores, like good student 

discounts and marital status, tap a dimension of responsibility and stability for the 

individual that can permeate multiple areas of behavior.12 

In practical terms, the Brockett-Golden conclusion is that the credit score en-
capsulates personal finance behavior that serves as an observable proxy for some-
thing that is unobservable but strongly predictive: a set of behavioral traits that lead 
one to have a higher or lower chance of experiencing an auto accident or commit-
ting a violation than otherwise similar people. One type of behavior—borrowing 
and repaying—is likely an outward manifestation of a set of underlying behavioral 
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traits that affect another type of behavior: defensive or aggressive driving.
More metaphorically, credit provides an unexpected window into the soul,  

one that has unambiguous business implications. As soon as one company pio-
neered the use of credit scores to select and price auto insurance risks, its com-
petitors had little choice but to quickly follow suit to avoid the very real danger of 
adverse selection.

KNOWING ME, KNOWING YOU

The credit scoring story is but one among many. A recent example comes from 
the world of US electoral politics. The 2012 Obama reelection campaign built 

and analyzed a comprehensive database combining demographic information as 
well as past voting and lifestyle behaviors. Doing so enabled the campaign to char-
acterize individual voters in terms of their likely “persuadeability” in response to 
specific types of messages, delivered by specific types of campaign workers, or over 
specific media.13 Interestingly, the campaign paired this analysis of behavioral data 
with the insights of a team of behavioral scientists. The team, for example, for-
mulated behavioral science-informed strategies for countering false rumors and 
prompting voters to follow through on their commitments to vote.14 

A more surprising example comes from the fledgling domain of neuroeconom-
ics. The ratio of the lengths of financial traders’ ring to index fingers (“2D:4D”) 
turns out to be predictive of the number of years they stay in the business, as well 
as their long-term profitability.15 This might strike one as one of the innumerable 
scientific publications that makes the headlines but fails to replicate.16 But it turns 
out that 2D:4D, like credit score, is a proxy for a highly predictive but hard to ob-
serve trait: Low 2D:4D is a rough proxy for high exposure to testosterone while in 
the uterus. The 2D:4D ratio has also been correlated with the risks of heart disease 
and diabetes, alcoholism, school exam scores, and measures of business leadership 
and innovation. Echoing a point made above, the 2D:4D measurement hardly con-
stitutes big data. But it is highly predictive of a range of behaviors.

The 2D:4D ratio is a somewhat unusual example of a physical proxy for various 
latent psychological traits that cannot be directly observed. As the credit scoring 
discussion suggests, the Internet age presents us with the ability to construct digital 
proxies for private or otherwise unobservable personal traits. Striking confirma-
tion of this is provided by a recent study of social networking “likes” (voluntary 
indications offered by online social network site users of their positive associations 
with various pieces of online content). Research conducted at the University of 
Cambridge Psychometrics Centre focused on the “likes” of a sample of 58,000 us-
ers. They found that they were able to predict ethnic origin (Caucasian or African  
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American) with 95 percent accuracy; male sexual orientation with 88 percent ac-
curacy; political leanings (Democrat or Republican) with 85 percent accuracy; reli-
gion (Christian or Muslim) with 82 percent accuracy, and so on.17 The researchers 
also found weaker but still significant correlations between social networks and 
such latent psychological traits as intelligence, extraversion, and emotional stabil-
ity. The research employed standard analytic techniques (Principal Components 
Analysis, regression modeling, cross-
validation) common to much business 
analytics work.

While this particular study focus-
es on only one type of digital record 
(likes), it underlines a broader point 
about the predictive power of behavior-
al data. Considered in insolation, most 
individual digital traces (such as watch-
ing a movie, buying a bottle of wine, or 
expressing approval of a brand) convey 
fairly little. But when used to create 
composite measures—much as credit 
scores are synthesized from multitudes 
of financial transactions—they collec-
tively provide strong indications of per-
sonal attributes and psychological traits 
that might be considered private. 

Predicting behavior is of central 
importance in any number of do-
mains ranging over marketing, insur-
ance, health care, government, and 
education. The implication of these 
examples is that predictive behavioral 
patterns can be found even in unlikely 
and unexpected places. And as more 
of our daily activities become digitally 
mediated, the opportunities for data-
driven behavioral predictions increase 
considerably.

. . .many of the  
d ig i ta l  t races we  
rout inely leave behind  
as we go about our  
quot id ian affa i rs  wi l l 
l ike ly  prove useful  in 
ways that are hard to 
imagine,  and perhaps 
hard to accept,  today.
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O BRAVE NEW WORLD THAT HAS SUCH ALGORITHMS IN IT

The credit example is an early, instructive instance of a process that has been 
taking place in business and society for decades and is taking on ever-greater 

velocity in the age of big data and business analytics. The story can be told some-
thing like this: Once upon a time everyday purchasing, borrowing, and payment 
activities went largely unrecorded, reflected only in highly aggregated accounting 
statistics. As information technology became widely available, such transactions 
began to be captured electronically—people began to leave behind digital traces 
of their personal finance transactions. At first this was for ease of bookkeeping, 
but businesspeople eventually realized the extent to which past behavior is predic-
tive of future behavior. For decades, these predictions were made in essentially the 
same domain—consumer finance—in which the data was generated. Much later, 
it was discovered that the data was surprisingly effective even well outside its do-
main of origin (personal insurance). And today, there is a gradual awareness of the 
biological, psychological, and behavioral traits underpinning the stable predictive 
relationships that we have stumbled upon.

In hindsight, this story was a bellwether for a process that now repeats itself ever 
more rapidly. At first it was only our personal finance behaviors that were digitally 
captured. Today, we leave behind “digital traces” each time we call or email a friend, 
read an online news article, watch a program or movie on cable TV or a streaming 
service, make a social or professional connection, shop for a product, or express an 
opinion or preference via social media. Nor does the list end there. Many drivers 
now have GPS devices installed in their cars that stream data about their driving 
behavior to their insurers. Analogously, the “quantified self ” movement has led to 
the retail availability of inexpensive self-tracking devices that, connected via Blue-
tooth to our smartphones, capture fine-grained details about our sleep, diet, and 
exercise behavior. Ever more aspects of our daily affairs and routine behaviors are 
digitally mediated.18 

The business analytics implications are both obvious and enormous. Credit 
scores predict insurance risk behavior because in a sense they “know us,” perhaps 
in some sense better than we know ourselves.19 Because of this, there is in principle 
no limit to their range of applicability. For example, landlords commonly use credit 
scores as a “window into the soul” of prospective tenants as a way of selecting ten-
ants who will pay the rent and look after their apartments. Similarly, one of us had 
the opportunity to study the relationship between credit score and the likelihood 
that a noncustodial parent will fall behind on his or her child support payments. As 
one might expect, the relationship was strong.
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Similarly, many of the digital traces we routinely leave behind as we go about 
our quotidian affairs will likely prove useful in ways that are hard to imagine, and 
perhaps hard to accept, today. To illustrate, let’s arbitrarily recombine a few of the 
examples from the above section. Will educators find that poor—or virtuous—
study habits are contagious in digitally captured social networks? Or predicted by 
streaming online game-playing data? Conversely, might online gaming companies 
be able to use digitally captured information from Massively Open Online Courses 
(MOOCs) to target specific games to specific individuals? Will our social networks 
increasingly determine the range of opinions presented to us via digital news me-
dia? Will health care providers and insurers find that retail scanner data is predic-
tive of health expenditures or various disease risks? Might auto insurers find that 
2D:4D is an effective predictor of aggressive driving behavior? Or that texting while 
driving is, like smoking and obesity, contagious in social networks? Will govern-
ments find it desirable to use all manner of social network, purchasing, web brows-
ing, and attitudinal digital traces to predict ahead of time which citizens are more 
likely than others to commit tax fraud or various types of white-collar or violent 
crimes?

The last scenario was dramatized in the movie Minority Report, based on the 
Philip K. Dick story of the same name. We now know that the psychic powers of 
Dick’s fictional “pre-cogs” are unnecessary. For the purpose of making predictions 
about individual-level behaviors, the accumulation and statistical analysis of a suf-
ficient variety of digital traces often suffices.

The reader can form his or her own judgments about the relative plausibility 
of these particular speculations. While we happen to find each of them scientifi-
cally plausible, their social desirability is another matter entirely. In a recent inter-
view, the pioneering computational social scientist Sandy Pentland puts the matter 
starkly:

[An] important issue with Big Data is that since this data is mostly about people, there 

are enormous issues about privacy, data ownership, and data control. You can imagine 

using Big Data to make a world that is incredibly invasive, incredibly 'Big Brother'… 

George Orwell was not nearly creative enough when he wrote 1984.20 

Pentland’s comment telegraphs the sorts of issues that increasingly occupy busi-
ness leaders pondering their current and future uses of behavioral, or otherwise 
personal, information. As the comment suggests, the issue goes beyond questions 
of “what can we do” to “what should we do?” That is to say, the issue is one of  
corporate ethics. 
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‘TIS NEW TO THEE

Different people will report different levels of queasiness at various private- or 
public-sector uses of behavioral, social network, and personal data. This is 

evidenced by generational differences in the way seemingly private information is 
shared on social networking sites; political and philosophical differences that lead 
different people to support different levels of privacy regarding data that can be 
used for public safety; and societal differences that manifest themselves in varying 
data privacy laws across countries. Furthermore, there is no reason to assume that 
what an individual or a population finds acceptable is stable over time. People’s 
attitudes can be expected to evolve along with the evolution of technology and in-
novations in the use of data.21  

There can be no easy answers to questions such as this, nor will we attempt any. 
We will be content to make only one modest suggestion, which is that organizations 
adopt a certain focus as they strategize future strategic uses of data. Namely: con-
sider whether the customers, citizens, patients, or students whose data is being used 
and who are being targeted perceive the value they receive in return to be at least as 
great as the costs in terms of both personal privacy loss and general societal change.

The idea might initially seem Pollyannaish but in fact carries practical bene-
fits. Most obviously, individuals and regulators will tend not to resist innovations 
that they perceive as offering favorable cost-benefit trade-offs. For example, many 
people are willing to use data-capturing grocery store club cards in return for dis-
counted groceries and personalized offers. Similarly, many are reasonably sanguine 
about using free email services in full knowledge that their e-mails are being text-
mined to support targeted ad placement. These are both prominent big data-driven 
business analytics strategies that, until now, have caused fairly little regulatory or 
public relations backlash. One can infer that most supermarket shoppers and us-
ers of free e-mail services ultimately perceive that the benefits outweigh the costs. 
So long as this balance remains stable the grocers and e-mail providers can pursue 
their business models without the burden of undue media or regulatory scrutiny.

Avoiding burdensome regulation or scrutiny, while valuable, is a “negative” ben-
efit in the sense of avoiding something bad. But the customer-centric focus can also 
be the source of positive benefits in the form of innovative products and business 
models. A few examples will illustrate the concept.

Insurance: Auto insurers are now considering the use of continuously stream-
ing driving behavior, captured via GPS devices, as inputs into a core analytical func-
tion: better actuarial pricing and segmentation of their populations of drivers. But 
the level of detail now capable of being captured is such that insurers can addition-
ally contemplate providing additional sources of value to policyholders in the form 
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of “data products.” For example, young drivers and their families could be offered 
subscriptions of personalized progress reports about their driving behavior. For 
some student drivers, taking corners too quickly might need the most attention; for 
others it might be lane changing.22 Maybe some drivers will, in the right circum-
stances and with the right instructors, improve more quickly than others. Perhaps 
the data captured could be analyzed at the macro scale to help suggest what works, 
what doesn’t, and which sorts of student drivers would benefit from which sorts of 
instruction. Not only could individualized reports be contextualized by compar-
ing the driver’s behavior to absolute standards of safety, but the insurer could use 
its large stores of data to compare the young driver’s behavior to that of his or her 
peers. Behavioral economics teaches us that peer effects are influential in affecting 
behavior. Such reports could therefore serve as nudges to prompt better driving. 
Such innovative data products would be an economical strategy for simultaneously 
distinguishing an insurer from its competitors, building goodwill, and providing a 
service that benefits society as a whole. 

Retail: At least one retailer, Tesco, is investigating the use of its club card data 
to do more than make promotions or upsell complementary goods (“Full fat ice 
cream? How about some chocolate sauce to go with it?”) The retailer is analyz-
ing individual shoppers’ club card transactions in order to target those customers 
whose behavior indicates risk of such conditions as obesity or diabetes. In an inter-
view Tesco’s CEO commented,

The information provided by (the) club card is invaluable… Our customers have told 

us they’d like help in choosing healthy options, so on an individual level, we want to 

see whether customers would welcome tailored suggestions for how they could shop 

more healthily. Customers would need to opt in of course, but we think it could be a 

really innovative way of highlighting those healthier options.23 

Tesco is complementing such efforts with behavioral economics-motivated 
nudge tactics to prompt customers to visit the fruit and vegetable aisle.24 

Consumer finance: In Nudge, Richard Thaler and Cass Sunstein describe many 
personal finance decisions as “fraught choices.” By this they mean that such deci-
sions are made infrequently, require expert knowledge to be made well, and have 
effects that are felt only in the distant future. Behavioral economics teaches us that 
people tend to put off important decisions and also become overwhelmed (suf-
fer “decision fatigue”) when faced with an overabundance of choices and infor-
mation. Just as supermarkets can investigate the use of data to help consumers 
make better dietary choices, retail banks and investment companies can investigate 
strategies that are at once data-driven and behavioral science-informed to enable 
their customers to improve their financial literacy and make better savings and  
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investment decisions. For example, decision fatigue could be addressed with pre-
dictive “choice models” and customer segmentation analyses to create personalized 
menus of choices appropriate to the individual or household. Such models could be 
brought to life using such “choice architecture” principles as simple language that 
avoids excessive detail, inspired information visualization, analytically determined 
personalized default choices, and various types of commitment mechanisms. 

This handful of ideas illustrates a larger, broadly applicable idea. In each do-
main, data-rich organizations face a choice. They can focus solely on using novel 
data sources to gain market share and ever more effectively perform such (crucial) 
analytical tasks as actuarial segmentation or target marketing. Or they can look 
beyond this and investigate ways to give back to their customers with innovative 
products and services. 

While there is no limit to the types of innovations that can be considered, one 
promising framework is nicely exemplified by the use of grocery club card data 
to help people make healthier dietary choices. Namely, combine the use of data  
analytic methods and behavioral economics principles to provide people with 
information and tools that can help them—on an “opt-in” basis—achieve their  
personal goals.

NEW BOTTLES FOR NEW WINE

An overarching theme of behavioral economics is that even when people pos-
sess the relevant knowledge and harbor the best of intentions, they simply fail 

to act effectively. For example, most of us intend to be responsible drivers. Yet be-
hind the wheel, some of us become aggressive, others grow absentminded, and still 
others give in to the potentially fatal temptation to check just that one e-mail. Many 
of us would like to exercise more and lose weight. Yet we give in to temptation and 
make impulse buys at the stores and skip visits to the gym in spite of our best in-
tentions. And many of us for years put off tough—or even easy—“fraught” choices 
affecting our financial futures. We spend disproportionate time and effort making 
fairly minor short-term decisions (“do these eyeglasses make me look fat?”), and 
avoid spending time on crucial long-term decisions (should I rebalance my invest-
ment portfolio?) Nor are these isolated quirks. In Thinking, Fast and Slow, Daniel 
Kahneman discusses the general tendency for the human mind, when faced with an 
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important task or question, to naturally (and often unconsciously) replace it with 
an easier one. Inertia, peer effects, and cognitive biases compound the problem.

The general implication is that people can benefit from behavioral science-in-
formed tools of precisely the sort sketched in the previous section. This suggests a 
path to innovation that is quite distinct from the use of new data sources in tradi-
tional ways. Beyond pursuing traditional targeting and segmenting-based growth 
strategies, organizations can also offer customers data products and services de-
signed to help them make better choices and stick to their commitments. Doing so 
can help differentiate an organization from more commodity-oriented competitors 
and build goodwill in the process. It is interesting to note that the preceding ex-
amples involve precisely the sorts of organizations (insurers, realtors, banks) that 
the public indicates that it trusts least to use data responsibly and fairly. 

Much of the public’s skepticism about corporate and governmental uses of big 
data arises from the very source of that data’s power: Personal behaviors that have 
long remained hidden from view now leave behind digital traces that can be used 
in ways that are often difficult for either the expert or the layperson to foresee. 
Without a sense of trust that the aggregators and users of such data truly have the 
public’s interests in mind, there is little reason to expect this sense of skepticism to 
diminish over time.25 

The possibility of creating data products and services fueled by fine-grained be-
havioral information and shaped by the principles of behavioral science and choice 
architecture offers a framework for innovations that enhance rather than diminish 
public trust. The idea is one of many and certainly does not exhaust the topic of 
socially responsible big data innovation. It is reasonable to hypothesize that the 
organizations willing to take such ideas on board will be best positioned in the long 
run to distinguish themselves through superior, consumer-oriented product design 
and enjoy sustained profitability and growth. DR
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