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Rising competition, coupled with higher 

consumer expectations for a convenient 

and personalized journey, have generated 

demand for insurers to predict churn 

probabilities earlier, faster, and more 

accurately. Consequently, new categories 

of data have become prevalent, including 

telematics and property intelligence. A 

promising emerging type of data enrichment 

comes from the field of digital psychometrics, 

which resides at the intersection of machine 

learning and quantitative psychology.

The $1.5 trillion US insurance industry has 

been innovating with increasing speed. At 

least 15% of the tech IPOs in 2020 fall into 

the insurtech category. New insurers and 

incumbents alike are catering to younger 

generations that expect rapid results 

through web platforms. The arrival of the 

COVID-19 pandemic has further accelerated 

digitalization.

CSAA, a AAA Insurer, partnered with Pinpoint Predictive to enrich a large sample 

of their auto insurance book of business with digital psychometrics. By accounting 

for the individuality of their insureds, CSAA was able to significantly increase the 

precision of their policy cancellation model. Pinpoint’s data enabled the identification 

of 38% more true positives and 17% fewer false negatives, compared with baseline 

performance. The psychometric data also shed light on the motivations underlying 

customer defection, opening up opportunities to further increase retention through 

early personalized interventions.

Executive Summary
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I. Background

Auto insurance is a low-satisfaction, low-engagement 

compulsory purchase. Like other financial services products 

(e.g. banking), post-inception renewal rates are very high — 

often ten or more times higher than new business conversion 

rates. Many consumers stay with their auto insurance 

company for five to ten years or more, and multi-decade 

customer relationships (including family members) are not 

uncommon. This high retention is in part due to customer 

aversion to the task of re-shopping their policy every six or 12 

months, resulting in low renewal price elasticity. Additionally, 

the amount of loss an insurer can expect to pay for an auto 

insurance policy generally declines with time, as drivers tend 

to present lower risks as they age.  

The naturally high renewal rate, coupled with the likely 

decline in risk of drivers as they age, means that auto insurers 

can derive high “lifetime value” from policyholders if they can 

induce them to remain on their books, especially if the insurer 

utilizes pricing structures to present the renewal customer 

with moderate rate increases. Insurers may even adopt 

strategies where they cumulatively lose money on customers 

for multiple years until achieving profitability. Of course, the 

key to retention is to preserve the customer who derives low 

enjoyment from the product, which means that most insurers 

keep their outbound communication to a low level, preferring 

to not “poke the sleeping bear.”  

The problem, however, is that some customers will shop 

and leave, and if insurers knew which customers were likely 

to shop and leave, they would alter their low-engagement 

strategy and engage in some kind of targeted pre-

renewal intervention, in attempts to reverse a customer’s 

predisposition to go elsewhere.

A novel approach to understanding consumer motivations 

and needs that has recently garnered tracking and public 

attention is the field of digital psychometrics. Digital 

psychometrics is concerned with the assessment of 

psychological traits with the help of machine learning. 

Instead of using traditional self-report measures to capture 

psychological traits such as personality, cognitive styles, or 

motivational orientations, digital psychometrics automatically 

predicts these personal characteristics from people’s 

digital footprints such as blog posts, spending records or 

smartphone sensing data. Such predictions have been shown 

to be highly accurate. For example, computers are able to 

predict an individual’s personality with higher accuracy than 

their co-workers, friends and family members, and even 

their own spouse. This automated translation of “what we 

do” to “who we are” offers promising new avenues for better 

understanding and serving individual customer needs.

Previous research has shown that predictions of psychological 

traits from people’s digital footprints can be used to 

increase the effectiveness of marketing efforts by tailoring 

recommendations and persuasive messages to the needs 

and preference of the individual. Broadly speaking, predictions 

of psychological traits can be used to identify individuals who 

may have a higher or lower propensity to engage in a certain 

behavior, such as abandoning a particular product or service.  

To test the potential of using digital psychometrics in the 

prediction of customer retention/churn, CSAA partnered 

with Pinpoint Predictive to enrich existing customer data with 

psychological information and to test the predictive power of 

these features on large-scale historical data. The goal of the 

collaboration was threefold:

» To estimate the extent to which psychological 
characteristics can distinguish between those customers 
who retain or cancel their policies;

» To gain qualitative insights into the psychological 
dimensions that distinguish the two groups; and 

» To investigate whether the addition of psychological 
characteristics to existing variables can improve the accuracy 
of the prediction models currently implemented by CSAA.

To answer these questions, Pinpoint Predictive enriched 

250,000 anonymized account records from CSAA’s California 

personal auto book, using Pinpoint’s proprietary enrichment 

features. These records included mid-term cancellations 

(insureds who cancelled their policy outside their renewal 

period), as well as a control group that retained their policies.

Pinpoint Predictive models 260 million US adults across 45 

continuous psychometric traits. The majority of these are 

standardized personality traits from a granular version of the 

Five Factor Model of human personality, commonly referred 

to as OCEAN. These five personality factors, such as the 

Extraversion-Introversion continuum, as well as their 30 facets, 

are generally normally distributed across the population. 
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The findings lend credibility to the potential of using 

psychometric features in the prediction of customer retention. 

As the chart highlights, those customers whom the algorithm 

predicted to have a high risk of cancelling their policy were 

indeed more likely to cancel their policy than those whom the 

algorithm predicted as being at low risk.

III. Psychological profiles provide qualitative 
insights into the differences between retained 
and cancelled policyholders

A major benefit of Psychometric AI-powered data enrichment 

is that the results are explainable. The chart below shows 

the top seven psychometric traits (out of the 45 dimensions 

modeled)  that most diverged between CSAA insureds who 

cancelled (shown in orange) compared with those who 

retained their policies (shown in blue). The numbers identify 

the median score of the respective training set as a percentile 

with respect to the US population baseline. For instance, the 

median score for “Excitement Seeking,” which is a facet of 

Extraversion, is 11 percentile points higher in the cancelled 

group, compared with the retained one:

By using thousands of behavioral footprint data points per 

person, Pinpoint’s algorithms score each individual along 

each of dozens of curves. Thus, each individual is modeled as 

a “segment of one.” 

II. Psychological profiles can accurately 
predict a customer’s likelihood of cancelling 
their policy

In the initial stage of the analyses, Pinpoint Predictive developed 

a cancellation model aimed at differentiating between 

cancelled and retained insureds by using their own privacy-

safe enrichment features only, with no additional customer 

information. The model’s predictive power was subsequently 

evaluated on previously unseen data. Specifically, the model 

ranked a validation set of both retained and cancelled 

customers according to each record’s similarity with those 

customers who had cancelled their policy. Each validation 

record received a single Thinkalike® score from 0 to 1,000, with 

the highest scores predicting the highest degree of similarity 

with the cancellation training set (and therefore the highest 

predicted likelihood of churn). The lift chart below breaks these 

continuous Thinkalike scores into ten decile buckets, on the X 

axis, and shows the lift of each bucket on the Y axis:

The chart above indicates that the top ten percent highest 

Thinkalike scores (shown in red at the far right) contained 

a concentration of cancellation records that was 3.0 times 

higher than the average across the entire validation set. 

The percentage of cancellations in this top decile was 18.0 

times higher than the bottom decile (shown above at the 

far left, in blue). 

Thinkalike Score percentile buckets, segmanting validation set
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The most important metric in the prediction of churn at 

CSAA is the percentage of customers among all predicted 

“at risk” customers who had actually dropped the service. 

Say a hypothetical customer base includes 5,000 individuals, 

and that a model predicts that 2,000 of them are at risk of 

dropping the service. The question is, “how many of them 

actually did so?” If 1,500 of the 2,000 customers actually 

churned, the models would have high precision (0.75). High 

precision indicates that the model does a good job at flagging 

those individuals who are actually at risk of churning. 

The enriched model that integrated Pinpoint features 

performed better than those that were trained using only the 

original CSAA baseline data, highlighting the value of layering 

in psychometric data:

Figure 1 shows the distribution of the 10 models that were 

trained during the cross validation part of model testing. 

The central bar contains the median performance of each 

distribution, while the boxes show the interquartile (25th to 

75th percentile) range. The ‘whiskers’ then show the minimum 

and maximum observed precision. For the baseline model, 

the two dots show outlier models — those lying 1.5 times 

the interquartile range away from the median. By examining 

Excitement Seeking

People high in Excitement Seeking are easily bored without 

high levels of stimulation. They love bright lights and colors 

and hustle and bustle. They are likely to take risks and seek 

thrills. People low in this trait are overwhelmed by noise and 

commotion and are adverse to thrill seeking. 

IV.  Adding psychometric attributes 
to CSAA’s gold-standard prediction 
model increases accuracy.
To test whether the use of psychometric data could improve the 

accuracy of CSAA’s predictive model, Pinpoint shared individual-

level enrichment features with CSAA to integrate them into the 

current model. Most importantly, this process was done in a way 

that preserves the customer’s privacy and does not reveal any 

interpretable insights about them as an individual. 

Upon data integration, CSAA folded the psychometric 

characteristics into the modeling procedure. Following 

established protocols for machine learning, this procedure 

included dimensionality reductions using PCA (with 

7 components explaining over 94% of the variance), 

hyperparameter tuning, and a 10-fold cross-validation 

which evaluates the predictive performance of the model 

out-of-sample.
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Baseline Enriched

Figure 1: Boxplot of Model Precisions
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CSAA may choose to contact every customer identified, or the 

company may choose to contact fewer based on costs. They 

may even choose to contact some of those predicted to stay 

whose propensity prediction of staying is weakest. In practice, 

the company will look at these individual probabilities as a 

continuum of an efficient frontier and will explore various 

contact strategies with “cut scores” and the resulting 

consequences in retention, possibly maximizing marginal 

lifetime value for marginal cost. The key to this exercise is to 

have a strong churn propensity model to confidently rank 

customers based on their risk of churning. Examining the 

model’s confidence at each decile shows that the enriched 

model becomes more confident at the extremes, where 

attention would likely be focused:

The above chart shows the likelihood a customer will churn 

when compared to the average churn rate. For example, if 

mid-term cancellations were to comprise 10% of customers 

within a year, the probability a customer will churn when the 

model is highly confident is approximately 6 times higher -- or 

about 60%. Conversely, customers that the model believes 

will not churn are 5.5 times less likely to churn -- or 1.8%. This 

gives an overall lift ratio between the top and bottom deciles 

of nearly 33x.

a distribution of models, CSAA is better able to get an 

understanding of how it will perform in the real world when 

exposed to data it has not seen before. The results show that 

the enriched model has an improved median precision and 

that the models it produces tend to be more robust.

The results show that the model enriched with Pinpoint’s 

psychometric data was able to more accurately identify 

customers who were at risk of churning. Overall, the enriched 

model identified 38% more True Positives (customers who 

actually cancelled their policies) than the baseline model. 

Additionally, the enriched model reduced False Negatives 

(customers predicted to stay who actually churned) by 17%. 

Finally, examining a more commonly used industry metric, 

the cut score, or the score at which the model’s Positive 

rate matches the experienced churn rate, we find that the 

enriched model requires a cut score of 0.473 compared with 

the baseline model’s 0.347.

Examining the distribution, we can see that the enriched 

model shows significant improvement across 10 cross-

validation folds, above the baseline model:
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Figure 2: Boxplot of Model Cut Scores
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year-1 retention of 75% and year-over-year gradual increases 

in premium and retention, slow reductions in losses, and 

slow increases in expenses (the normal pattern in US auto 

insurance) and achieved an outcome where the lifetime value 

of a customer is equal to their first-year premium, a common 

rule of thumb considered reasonable by experienced 

underwriters. Into this environment we introduced a small 

year-1 retention increase and very moderate related increases 

in subsequent years, and then looked at the improvement in 

lifetime value. Since we changed nothing else, naturally, the 

relationship is nearly linear (actually it is slightly exponential 

due to the discounting effect), but the power and scale of the 

impact is rather impressive. For every 1 point of increased year-1 

retention, the lifetime value of a policy increases by 4 points.

Stated another way, a 3% increase in year-1 retention on a 

$1,500 policy would be worth about a 12% increase, or $180 

in lifetime value on an expected value, present value basis. 

Since most interventions are brief communications in typically 

digital form, they cost far less than $180, so insurers looking 

at this data realize that there may be huge value in tapping 

psychometric data for use cases such as retention improvement. 

V. Economic Impact

As a rule of thumb, the benefits of improving retention are 

enormous for insurers. Harvard Business Review published 

a study showing that a 5% increase in customer loyalty will 

improve insurer profits by 25% to 85% by improving ultimate 

customer tenure. Additionally, the fact that it is so expensive to 

acquire a brand new customer, combined with the relatively 

low cost of a simple communication to existing customers, 

makes a retention-improvement strategy very compelling. 

Moreover, this is compounded by the fact that first-year 

retention is the lowest, so a focus on improved retention, 

especially among low-tenure customers, is arguably the most 

efficient way to grow a book of business.  

Many insurance customers shop around during their policy 

renewal, especially if they’ve been offered a renewal with 

an increase in price. We have a great deal of insight about 

the renewal experience and can forecast a given customer’s 

likelihood to renew. Far less predictable are the customers 

who cancel in the middle of their policy term. It’s impossible to 

know what has happened in their life to trigger their shopping 

decision, making it difficult to build a marketing strategy to 

counteract churn. Because it’s detrimental to have a lapse in 

coverage, insureds will nearly always buy a new policy before 

they cancel the existing one; thus, by the time the customer 

calls to cancel, it’s often too late to retain them.

This “mid-term churn” model constitutes an effort to predict 

customers who are likely to cancel based on their similarity 

to other customers who left mid-term, as processed by 

machine learning.

Overall, retention comes from delivering a good product and 

service at a fair price. With $6.7 billion dollars being spent 

on Insurance Advertising each year, sometimes an extra 

outreach to a consumer can be effective in thwarting their 

intent to shop. Each marketing channel comes with a cost, 

and personal phone calls are near the top of the pricelist. 

The higher the precision of the cancellation prediction, the 

greater the return on the investment.

As noted above, even a modest increase in retention has 

a powerful impact on lifetime value. We’ve built a simple 

model calculating the lifetime value of a customer on an 

expected value, present value basis using a starting baseline 



Page 8Pinpoint Predictive  |  Case study, with FTI Consulting

Using Psychometric AI to predict customer retention

Handling AI-powered psychometric data also brings with 

it a special responsibility to go above and beyond current 

best practices in data security and privacy. Pinpoint’s patent-

pending data architecture has thus been designed to prevent 

the joining of individual-level psychometric scores with 

Personally Identifiable Information (PII). Pinpoint provides 

privacy-safe features to data science teams that prevent 

this join from happening at the individual level. Explainability, 

however, is still provided at the aggregate level, to show how 

loss and engagement groups, or revealed custom clusters 

within them, compare with the US baseline and with one 

another. Explainability can be provided at the individual level on 

a one-by-one basis, only in compliance with relevant regulatory 

obligations and internal safeguards. 

Pinpoint limits the use of its data and analytics services to only 

approved industries, companies, and applications. This code 

of ethics prevents psychometric data from being placed on 

an open market for any buyer to use for any application. It is 

important that Pinpoint’s data be used for a good end. One 

of these is certainly to increase the efficiencies with which 

consumers can attain coverage to protect themselves, their 

property, and their loved ones. 

Pinpoint’s introduction of privacy-safe, real-time psychometric 

data to US carriers and MGAs also comes at a time when the 

industry is searching for new data partners to enable faster and 

more accurate engagement propensities and risk selection 

than ever before. In the search for new data and analytics 

providers, insurers are especially interested in vendors that can 

provide new classes of data that are more financially inclusive 

than credit, and that predict individual-level behaviors more 

effectively than simply placing an individual into a larger bucket 

such as a geographic or demographic category. Pinpoint’s 

psychometric data satisfy all of these criteria. It is also important 

to highlight that Pinpoint acquires all inputs for its data analytics 

engine from sources that are fully GDPR and CCPA compliant.

VI. The future of digital psychometrics  
in insurance

Using psychometric AI-powered data to enrich costumer 

records and predict risk and engagement-related behavioral 

propensities constitutes an important emerging capability for 

the insurance industry in particular, and also for marketers 

more broadly. Psychometric data enrichment can enhance 

LTV models by filtering out high cancellation propensity, for 

example. Moreover, explainable analytics can also be used 

to personalize communications to high-value prospects or 

existing customers. Going one step further beyond more 

accurate propensity scoring, psychometric segmentation within 

a conversion or cancellation group can reveal psychologically 

differentiated clusters that are associated with significant 

differences in key behaviors, thus informing the “next best 

action” to achieve higher retention and CLTV.

Achieving these new efficiencies involves cross-functional 

cooperation between an Analytics team and a Marketing 

team. In this case, CSAA’s data science lab and corporate 

ventures branch also played important roles in making this 

cutting-edge innovation possible. Successfully navigating this 

cross-disciplinary endeavor presents a unique challenge: data 

science teams can build more powerful models with more 

granular features -- the “segment of one” described above; 

however marketing teams that seek to better predict consumer 

behavior and personalize to specific segments often require 

a far more finite number of segments. Perhaps most exciting 

about this study is that advances in predictive power have 

also been accompanied by advances in explainability -- a rare 

combination in the evolution of insurance predictive modeling.

Pinpoint has bridged this gap by providing granular enrichment 

features to data science teams, which benefit from maximum 

control over their models and validation processes. At the same 

time, Pinpoint’s OnPoint platform can provide data-driven 

clusters and rankings of a more finite number of segments, for 

the benefit of marketing teams. 
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1 2 3 4 5 6 7 8 9 10 Spread

Base Line

-5.0 -3.0 -2.6 -2.5 -2.3 -2.3 -1.6 -1.1 1.31 5.08 25.45

1 6 2 0 9 0 2 7

Enriched

-5.5 -5.5 -4.2 -4.2 -2.6 -2.6 -1.9 -1.3 1.22 5.95 32.70

0 0 3 3 2 2 0 4

Lift Table

1 2 3 4 5 6 7 8 9 10 Average

Base Line
0.34 0.31 0.35 0.26 0.31 0.51 0.31 0.33 0.36 0.35 0.34723

128 139 316 973 335 404 072 911 847 093

Enriched
0.46 0.48 0.44 0.49 0.45 0.45 0.50 0.45 0.47 0.49 0.47287

896 563 199 181 72 369 052 727 983 19

Cut Scores

1 Pinpoint Predictive, Inc. (www.pinpoint.ai; info@pinpoint.ai)
2  CSAA, a AAA Insurer
3  FTI Consulting, Global Insurance Services
4 Columbia Business School
5 Precision is the ratio of true positive predictions to all positive predictions. This metric was focused on, instead of accuracy, since the vast majority of 

customers don’t churn in a month (e.g. a model that always predicted false would be >99% accurate). Further, due to the added cost of contacting customers, 
CSAA wanted to focus on ensuring that those customers were likely to churn within the next period

6 Reichfeld, F. and Sasser, W.E., “Zero Defections: Quality Comes to Service.” Harvard Business Review, September-October 1990.
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