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ALGORITHMS, CODE, and 
UTMOST GOOD FAITH: BIG 
DATA’s CHALLENGE TO FAIR 

CLAIMS HANDLING

Statistical Problems, Claims Asserted in 
Litigation, and Bad Faith

TIM RYLES, Ph.D, AAI
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Algorithm: A set of 
instructions that 
tells a computer 
what to do. Think of 
a recipe.

• Code: includes algorithms but is more inclusive. Code is
the computer language that CODERS use to communicate
with computers and with each other. It is the language
controlling what the computers are commanded to do.

• Examples of computer language include

• HTML

• CSS

• Javascript

• Python

• I will age myself, but when I first started using computers
to do statistical analysis, the language was Fortran.
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Principal Focus:

• Brief review of Xactimate, Colossus, 
and Use of Credit Reports and their 
relevance to claims.

• More recent cases involving Vehicle 
Total Losses.

• Most relevant regulatory standards 
are the Unfair Claims Settlement 
Practices Model Act/Regulation

• Unfair Property & Casualty Claims 
Practices Model Act/Regulation

• In some locations, State Little 
Federal Trade Commission Acts This Photo by Unknown Author is licensed under CC BY-SA
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Insurance Contracts are 
Not Just Another Contract

• All contracts contain a duty of good faith 
and fair dealing requirement

• Insurance is based on the principle of 
utmost good faith, that is, a higher degree 
of honesty is imposed on parties to an 
insurance contract than is imposed on 
parties to other contracts. (George Rejda 
and Michael J. MaNamara, Principles of Risk 
Management and Insurance, 13th Edition. 
Boston. Pearson Publications, 2017, 176)
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Insurance Contracts are “affected with a public interest”

• Contracts of insurance … have
greater public consequence than
contracts between individuals to do
or not do a particular thing whose
effect stops with the individual. To
the insured, insurance is an asset, a
basis of credit. It is practically
necessary to business activity and
enterprise. It is, therefore, different
from ordinary commercial
transactions and … is of greatest
public concern. Insurance is affected
with a public interest.” German
Alliance Ins. Co. v. Lewis, 233 U.S.
389 (1914), Justice McKenna
writing.

This Photo by Unknown Author is licensed under CC BY-SA-NC
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Insurance Also Effects 
Public Policies

• Insurance in many ways is a private government
with powers to reward certain behaviors and
punish others. It is “primarily focused on the
regulation of moral risks.”

• In automobile insurance, insurance companies
are the vehicle through which a public policy of
mandatory vehicle insurance is implemented

• Health insurance operates in a similar way today

• (See Richard V. Ericson, Aaron Doyle and Dean
Barry, Insurance as Governance. Toronto:
University Of Toronto Press, 2003)

11



Some References on Code

• Lawrence Lessig, Code 2.0. New York: Basic Books, 2006

• Kate Crawford, Atlas of AI: Power, Politics, and the Planetary 
Costs of Artificial Intelligence. New Haven: Yale University 
Press, 2021

• Jamie Susskind, Future Politics. Oxford, UK: Oxford University 
Press, 2018

• Cathy O’Neill, Weapons of Math Destruction. New York: Crown 
Publishing, 2016

• Shoshanna Zuboff, The Age of Surveillance Capitalism. New 
York: Hatchett Books, 2019

This Photo by Unknown Author is licensed under CC BY
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Xactimate

• Dates back to 1986, Probably used by 90
percent of the major Property insurers in
the USA

• Since 1996, there have been about 200
reported cases dealing with XACTIMATE

• Challenges are to calculation and input
error

• Failure to pay overhead and profit

• Whether the data are up to date

• Xactimate has successfully survived
Daubert challenges and at least one
court  considers it to be an industry
standard

13



COLOSSUS

• Product of Computer Services Corporation, an 
Australian import

• Used to estimate bodily injury claims, soft tissue

• Approximately 90 published cases involving 
Colossus

• ALLSTATE probably the insurer most closely linked 
with Colossus 

• Challenges contend that the system  allowed 
manipulation to reduce claim payments

• The NAIC conducted a Multi-State Market 
Conduct Examination of Allstate’s use of Colossus

• Both Xactimate and Colossus were early 
examples of the use of artificial intelligence in 
claims handling

This Photo by Unknown Author is licensed under CC BY-SA
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Vehicle Total Losses

• The Software

• CCC Information Services

• Founded 1980

• Claims over 300 insurers use the 
company

• Introduced digitized claims 
estimator 1990

• Work Center Total Loss (WCTL) 

• JD Power & Mitchell International 
joint venture

• Audatex and others

This Photo by Unknown Author is licensed under CC BY-NC
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Common Questions

• Did the insurer do proper due diligence before 
adopting the program?

• Demand validation and reliability studies

• Quality of data

• Adjuster vs computer comparisons

• Any mention of fairness

• Familiarity with state’s requirements

• What happened to loss ratios before and after use 
of the product?

• Do they make proper use of statistical methods?

• Source: William Trochim, James P. Donnely and 
Kanika Arora, Research Methods: The Essential 
Knowledge Base. Cengage Learning 2016

This Photo by Unknown Author is licensed under CC BY-NC
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What Types of 
Data/Information 
are used?

• There are four (4) levels of measurement

1. Nominal:  example there are 400 cars. 

2. Ordinal:    a ranking such as the top 10 football 
teams. The difference between a 1 and 2 are not 
the same distance as between 3 and 4, etc.

3. Interval: there is an exact difference or distance 
between the objects being measured. Examples: 
Thermometer, the difference between 30 and 40 
degrees is the same as 80 to 90. So, we can talk 
about an average temperature but can’t say 80 is 
twice as hot as 40

4. Ratio: Has an absolute zero – the highest level of 
measurement. Example is age and weight.
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The Levels of 
Measurement 
dictate the 
statistical methods 
one can use

• What is inappropriate and statistically invalid is the use of
averages and standard deviations (SD) with ordinal data –
data rankings

• Understanding standard deviations is not all that difficult.
It is simply how far each observation (think a car) falls
from the average. Think bell curve.

• Typically, 68% fall within one SD of the average, 95%
within 2, and, in round numbers, 98% fall within 3 SDs of
the mean.
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Inferences From the Statistics

• If a company calculates averages from ordinal rankings, the 
results are contaminated with error

• Always ask to see a printout of the bell curve

• Understand that if there is a representation that only vehicles 
falling within two (2) SDs of the average are used, that 
includes 68 % of vehicles in the sample

• If within 3 SDs, nobody is doing you a favor This Photo by Unknown Author is licensed under CC BY-SA
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Statistical Validity

• The simple understanding of statistical validity is whether a 
particular concept (variable) measures what it purports to 
measure

• One measure in auto insurance policies is actual cash value

• The term may or may not be defined in the policy

• ACV has three meanings in insurance talk

• 1. Replacement cost minus depreciation

• 2. Fair Market Value – what a willing buyer would pay a 
willing seller in a free market when neither is under 
pressure to decide

• 3. The Broad Evidence Rule – a combination of 1 & 2 plus 
any additional factor

This Photo by Unknown Author is licensed under CC BY-SA-NC
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About that ACV and FMV

• If the algorithm is coded to produce ACV and the 
state has a definition that is different from the 
algorithms’ formula, the output is invalid for 
that state

• If wholesale vehicles are mixed in with retail 
vehicles, the measure is tainted

• If the totaled vehicle is valued on the basis of an 
ordinal ranking measure, the output is most 
likely compromised
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Validating 
Subjective Ordinal 
Rankings

• An insurer’s measurements of vehicle value and its
component parts may be done on an ORDINAL scale of 1-
3, 1-5 and so on by a real person, an adjuster

• Use of Ordinal rankings should be validated

• There are methods of measuring inter-adjuster
consistency so a company can determine the likely
variance among adjuster judgments. Regulators and
consumers should insist upon knowing the test results.
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The Totaled Vehicle Market vs. Retail 
Market

• The Totaled Vehicle market is unique

1. It is not a voluntary market: It is a forced sale

2. There is a contractual relationship between the parties

3. Utmost Good Faith, not caveat emptor, is the market guide

4. In the regular market, the consumer seeks the lowest price 
and must pay out of pocket or by credit. In totaled vehicle 
market, the insurance company holds the money (actually, 
other peoples’ money) and sets the vehicle’s value. 

5. In a regular sale, multiple products may be involved: credit 
life, extended warranties, service contracts, dealer 
financing – none of which operate in the totaled vehicle 
market

6. The insurer spreads its risk, the buyer absorbs her risk.

This Photo by Unknown Author is licensed under CC BY-SA
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About “Statistical Significance”

• Both the regulations in some states and 
users of AI in claims and underwriting 
mention statistically significant numbers 
of vehicles without defining the term

• My guess is that regulators probably are 
looking to see if an insurer compared  
enough vehicles that a reasonable 
market conduct examiner would 
approve

• In another context, statistically 
significance tells us the degree to which 
a relationship happens by chance. 

• The accepted rule is that if a relationship 
is “real” 95 times out of 100, it is 
acceptable.

This Photo by Unknown Author is licensed under CC BY-NC-ND
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Claims of Efficiency in Settling Claims

• Insurers may insist that their algorithms are more efficient than the hands-on work of real people 
There is an obligation to be prompt and deadlines are set for specific steps in claims processing but 
efficiency is not always in good faith

• Does the insured receive a copy of the printout?

• What factors are related to time required to settle? 

• Gender? Race? Age? Education? Severity of bodily injuries?

• Is Code a new form of subtle bullying people into settling?

• To address this and other issues, some authorities insist that real people can’t be excluded from the 
process
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Correlation and Causation

• For underwriting purposes, insurers use
correlation.

• Correlation  is a single number that
describes the degree of relationship
between two variables. It ranges
between -1.0 to +1.0.

• The fact that two variables correlate
does not mean that one causes the
other. So, Correlation is not Causation.

• Insurers like correlation for underwriting
(pricing) insurance

• They favor causation when it comes to
paying claims. Effective proximate cause
is an example.

This Photo by Unknown Author is licensed under CC BY-SA
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Some Ethical Implications of Code

• Research on use of Credit Reports Offers Insights

• I have never read an accident report in which an at fault
driver was asked, “What is your credit score? Or “Can I
have permission to get your credit score?”

• Results of the hearings held by state regulators as well as
the Congress of the United States show two very different
value sets shared by advocates of credit scores and the
critics

• Advocates use the “bad behavior” argument

• Critics speak of fairness and possible discrimination
against minority groups

• See Barbara Kiviat, The Moral Limits of Predictive
Practices: The Case of Credit Based Scores, American
Sociological Review, Vol. 84 (6), 2019, 1134-1158.

This Photo by Unknown Author is licensed under CC BY-SA
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Regulatory References on Total Losses I

• Melissa M. D’Alelio and Taylor Karpa Schollard “Colossus and 
Xactimate: A Tale of Two AI Insurance Software Programs,” In 
the February 07, 2020 issue of THE BRIEF, a publication of the 
Tort and Insurance Practices Section of the American Bar 
Association

• In the Matter of Mitchell International, Inc. and its 
WorkCenter Total Loss Product’s Application under R.I. Laws 
Section 27-9.1-4(25) and Insurance Regulation 73, Section 
8(A)(2), June 21, 2018 AND the ALJ Opinion regarding Carfax, 
Inc.’s Application of July 1, 2020

This Photo by Unknown Author is licensed under CC BY-SA
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Regulatory References II

• Multi-State Market Conduct Regulatory
Agreement with Allstate on use of Colossus
accessed at dfr.oregon.gov. May be accessed at
several locations

• Consumer Federation of America, “Some Auto
Insurers May be Underpaying Bodily Injury
Claims” for a critique of the NAIC Market
Conduct Exam. consumerfed.org
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Thank You

Tim Ryles, Ph.D, AAI
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INSURANCE LAW & INSURTECH—
SAVVY SOLUTIONS OR BOTS 

BEHAVING BADLY?
JOHN BUCHANAN
COVINGTON & BURLING LLP

AUGUST 31, 2021 STRAFFORD WEBINAR
Insurer Extracontractual Liability for Biased Algorithms and AI in 

Underwriting and Claims Handling

John G. Buchanan, III
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John G. Buchanan, III
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AI—Some Basics
John G. Buchanan, III
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 Artificial Intelligence: the capability of a machine to 
imitate intelligent human behavior.

 Artificial Narrow Intelligence (ANI) vs. Artificial 
General Intelligence (AGI)—a spectrum:
 Simple algorithms with “if then” formulas (ANI) 
 Our future robot overlords (AGI)

 Machine learning: application of AI that enables 
systems to learn automatically and improve from 
experience without being explicitly programmed . . . .



. . . But What Goes Into Machine Learning?
 Conceiving fundamental 

objective/business model for the AI
 Selecting & compiling AI training 

data set
 Devising AI model (algorithms to 

detect patterns or make predictions 
from data)

 Training, testing, reviewing and 
revising AI model

 Implementing the AI
"There’s nothing artificial about 
AI...It’s inspired by people, it’s created 
by people, and . . . it impacts people.” 
(Stanford Prof. Fei-Fei Li)

35
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AI  IN INSURTECH
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 Accelerating pace of InsurTech investments
 E.g., Hartford InsurTech incubators, funded by insurer

“angels”
 E.g., Lloyd’s Lab

 Initiative pairing tech start-ups and industry disruptors with  
insurance experts to develop InsurTech products.

 Example: Tautona (https://tautona.ai/) is developing  “cognitive 
automation” to identify fraudulent claims.

 E.g., ClaimsMonitor.X
 Program uses AI to review claims file notes against “best  

practices”; in theory, claims supervisors/managers only have to 
review claims reps’ notes that the program flags as potentially 
deviating from programmed best practices.

AI in InsurTech

John G. Buchanan, III
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 Efficiency
 Uniformity
 Elimination of human bias (in theory)

 E.g., Carrol v. Allstate Ins. Co., 262 Conn. 433 (2003) (Black 
homeowner’s claim denied as arson; “jury could have 
inferred that the [insurer’s] investigation was not only 
shoddy, but that it possibly was influenced by racial 
stereotypes”; insurer liable both for breach of contract and 
negligent infliction of emotional distress) 

Potential AI Benefits

John G. Buchanan, III
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 Lemonade & AI Jim – “Instant Insurance”

Potential AI Benefits, cont.

John G. Buchanan, III
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 Potential role of Blockchain in InsurTech to streamline 
transactions—claim, claim adjustment, claim payment, 
reinsurance claim, reinsurance claim payment, etc.
 Lower costs
 Faster payments

 Parametric Coverage for Storm Damage
 Underwriting solution for Wind/Hail/Flood claims
 Coverage Trigger—3rd Party Metrics

 But . . .

Potential AI Benefits, cont.

John G. Buchanan, III
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 Can those bots misbehave?

 A cautionary tale, and an AI 
metaphor:

 “Clueless adolescent?”

Potential AI Pitfalls

John G. Buchanan, III
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Moral of the Story:
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 Data inaccuracy, insufficiency, inherent bias
 Model inaccuracy/malfunction
 Unlawful discrimination – race, gender, etc. bias?
 Anti-payment bias?
 Insufficiently supervised machine learning
 Lack of a paper trail

Potential AI Pitfalls, cont.

John G. Buchanan, III
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Example – “Price Optimization” (PO)

 PO measures Consumer Price Elasticity of Demand:
 AI/InsurTech helps ID insurance buyers least likely to shop 

around when premiums rise 
 Insurers charge them higher premiums.

 2015 NAIC Casualty Actuarial Task Force White Paper: PO 
inconsistent with state rating laws, an unacceptable rating practice.
 19 states specifically ban PO
 BUT at least 10 states currently allow PO (Consumer Reports, 2-25-20)

 UK Financial Conduct Authority (FCA) Pricing Instrument 2021 
prohibits a form of PO (aka “price walking”).

Potential AI Pitfalls, cont.

John G. Buchanan, III
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Example - Claims Optimization (aka “low-balling”?)

 Assumption: Insurers must pay true value of claim (but not 1 penny 
more)
 Predictive models measure individual  policyholders’ “price elasticity of 
demand” for claim recovery.
 Algorithms may also “optimize signaling” in claim negotiations.
 Can insurers incorporate data about the policyholder’s price elasticity 
and willingness to settle to determining the claim’s “reasonable value”?

 Are they already?
 If AI-facilitated, could this practice violate state Unfair Claim  

Settlement Practices Acts?
 Common law and statutory requirements?

Potential AI Pitfalls, cont.

John G. Buchanan, III
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Example – AI & Big Data in Insurance Fraud Detection

 E.g., Pruden v. Lemonade, Inc., Case 1:21-cv-07070 (S.D.N.Y., Class 
Action Complaint filed Aug. 20, 2021)

 Alleges that AI Jim requires customers to upload a video of 
themselves narrating the circumstances of their claims, and

 then uses facial recognition AI without consent to analyze 
biometric data for fraud detection.

• Lemonade tweet (later deleted ): “Our AI . . . can pick up non-verbal cues that 
traditional insurers can’t, since they don’t use a digital claims process.” Id. at 
par. 43.

 Pruden claims for relief:
 Violation of NY Uniform Deceptive Trade Practices Act
 Breach of express & implied contract

• NB: Terms of Service agreement, not insurance contract
 Unjust enrichment 

• Seeks disgorgement/restitution of value of customers’ personal data
 Declaratory & injunctive relief

Potential AI Pitfalls, cont.

John G. Buchanan, III
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SUPERVISING AI  IN INSURTECH—

REGULATOR’S PERSPECTIVE
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NAIC Principles on Artificial Intelligence (adopted Aug. 2, 2021)

“RECOMMENDS that insurance companies and all persons or entities 
facilitating the business of insurance that play an active role in the AI 
system lifecycle . . . promote, consider, monitor and uphold the following 
principles . . . for  responsible stewardship of  trustworthy AI“:
 Fair and Ethical
 Accountable
 Compliant
 Transparent
 Secure, Safe and Robust

AI—Insurance Regulatory Objectives

John G. Buchanan, III
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 Fair and Ethical—AI actors should:
 Respect the rule of law throughout AI lifecycle, including laws 

governing:
 insurance, access to insurance, underwriting, ratemaking standards, claims

practices and solvency,
 trade practices, unfair discrimination, privacy, consumer protection and 

eligibility practices, and advertising decisions.
 Proactively engage in responsible stewardship of trustworthy AI in 

pursuit of beneficial outcomes for consumers
 AI should not be designed to harm or deceive people and
 Should avoid harmful or unintended consequences
 Should correct and remediate for such consequences when they occur

See also, e.g., L. Kinstler, Can Silicon Valley Find God?, New York Times (July 16, 2021) 
(“The biggest questions in life are the questions that A.I. is posing, but it’s doing it mostly in 
isolation from the people who’ve been asking those questions for 4,000 years,”

AI—Insurance Regulatory Objectives, cont.

John G. Buchanan, III
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 Accountable—AI actors should:
 Ensure that AI systems operate in compliance with all stated 

principles, consistent with the actors’ roles, within the appropriate 
context and evolving technologies; and with legal requirements 
governing its use of data and algorithms during its phase of the 
insurance lifecycle.

 Retain and be able to produce data supporting the final outcome of an AI
application.

 Be responsible for the impacts of any AI system—even if
unintended.

 Implement mechanisms to ensure all rules followed, including ongoing
risk-based (human or otherwise) monitoring, and human intervention.

AI—Insurance Regulatory Objectives, cont.

John G. Buchanan, III
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 Compliant—AI Actors must:
 Have the knowledge and resources in place to comply with all 

applicable insurance laws and regulations
 Recognize that insurance is primarily regulated by the individual states

and territories of the United States as well as by the federal 
government, and that AI systems must comply with each individual 
jurisdiction’s laws.

 Compliance is required whether a violation is intentional or 
unintentional.

 Must be consistent with applicable laws and safeguards against 
outcomes that are unfairly discriminatory or otherwise violate legal 
standards, including privacy and data security laws and regulations.

AI—Insurance Regulatory Objectives, cont.

John G. Buchanan, III
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 Transparent—AI actors should:
 Commit to transparency and responsible disclosures to relevant 

stakeholders
 Maintain protection for confidentiality of proprietary algorithms
 To increase public confidence—proactive disclosures to stakeholders

including what data is being used, for what purpose and its
consequences for stakeholders.

 Stakeholders should have a way to inquire about, review, and seek 
recourse for AI-driven insurance decisions. The information should:
 Be easy to understand
 Describe the factors that lead to the prediction, recommendation, or 

decision

AI—Insurance Regulatory Objectives, cont.

John G. Buchanan, III
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 Secure, Safe and Robust
 Robust, secure and safe throughout the entire life cycle so that, in 

conditions of normal use or reasonably foreseeable use, or adverse 
conditions, the AI system can function in compliance with applicable laws.

 AI actors should ensure a reasonable level of traceability in relation to 
datasets, processes, and decisions made during the AI system lifecycle.

 Should also enable analysis of the AI system’s outcomes, responses and
other insurance-related inquiries, as appropriate in keeping with
applicable industry best practices and legal requirements.

 AI actors should, based on their roles, the situational context, and their
ability to act, apply a systematic risk management approach to each
phase of the AI system lifecycle on a continuous basis to address risks
related to AI systems, including privacy, digital security, and unfair
discrimination.

AI—Insurance Regulatory Objectives, cont.

John G. Buchanan, III
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Sanctions & disciplinary tools available to regulators
 Unfair Insurance Claims Practices Acts
 Market Conduct Regulatory Agreements
 E.g., the 2010 multistate-Commissioner agreement with 

Allstate regarding its use of claims software Colossus (see 
Brown v. Allstate Indemn. Co., 2014 Okla. Dist. LEXIS 31, at *81
(D. Okla. Feb. 3, 2014))

 Other administrative remedies, actions in court (generally
initiated through state A.G.’s office)

Supervising AI in InsurTech—Regulators’ Perspective

John G. Buchanan, III
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NAIC Model Act adopted in virtually all jurisdictions – prohibitions 
include:
 C. Failing to adopt and implement reasonable standards for the 

prompt investigation and settlement of claims arising under its 
policies;

 D. Not attempting in good faith to effectuate prompt, fair and 
equitable settlement of claims submitted in which liability has 
become reasonably clear;

 E. Compelling insureds or beneficiaries to institute suits to recover 
amounts due under its policies by offering substantially less than the
amounts ultimately recovered in suits brought by them;

 L. Failing in the case of claims denials or offers of compromise 
settlement to promptly provide a reasonable and accurate 
explanation of the basis for such actions.

Unfair Claims Settlement Practices Act

John G. Buchanan, III
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SUPERVISING AI  IN INSURTECH—

LITIGATOR’S PERSPECTIVE
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 Breach of contract
 Insurance contract
 Data terms of service agreements

 Bad faith/breach of covenant of good faith & fair dealing
 Tort causes of action—e.g.:

 Fraud
 Garden-variety negligence (but whose?)
 Product liability
 Intentional & negligent infliction of emotional distress (see Carrol)

 Private causes of action under Unfair Claims Practices Acts or other
insurance statutes

 Claims under other federal and state law (not insurance-specific), e.g.:
 “Little FTC Acts”/consumer protection statutes, 
 Anti-discrimination laws,
 Data privacy protection statutes, BIPA, etc.

Litigators’Perspective—Some Potential Theories of Recovery

John G. Buchanan, III
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E.g., Potential IP Barriers:
 LaserDynamics, Inc. v. Asus Computer Int’l, 2009 U.S. Dist. LEXIS 3878

(E.D. Tex. Jan. 21, 2009) (in an infringement case, granting motion to
compel production of source code citations and narratives describing
device functionality).

 Audatex N. Am. Inc. v. Mitchell Int’l, Inc., 2014 U.S. Dist. LEXIS  141426 
(S.D. Cal. Oct. 3, 2014) (in an infringement case regarding a  patent for a 
“computerized system[] for automobile insurance claims  analysis,” 
requiring defendant to produce specific source code  citations).

 But see Finjan, Inc. v. Eset, LLC, 2018 U.S. Dist. LEXIS 99336 (S.D. Cal. June 
13, 2018) (denies motion to compel where party provided both source code 
and a detailed narrative of the source code's organization and when the
modules will run; contrasts fact pattern to both LaserDynamics and
Audatex)

Litigator's Perspective--Some Practical Challenges

John G. Buchanan, III
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John G. Buchanan, III
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E.g., “The Black Box Problem”

Supervising InsurTech—Some Practical Challenges, cont.



In sum:
 How do you discover the confidential algorithms that denied your 

claim?
 IP/trade secret barriers

 How do you figure out the AI decision-making process, even if discovery 
is ordered?
 Black box problem

 Procedural and expense implications
 Inherently disputable issues of material fact?
 How to explain technology to a finder of fact?
 A field day for a new breed of experts?

Supervising InsurTech—Some Practical Challenges, cont.

John G. Buchanan, III
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SUPERVISING AI  IN INSURTECH—

COURTS’  PERSPECTIVE

6161



Green v. GEICO Gen. Ins. Co., 2021 WL 1328560 (Del. Super. Ct. Mar. 24, 2021)
Background: GEICO utilizes an entirely automated claim evaluation system 

for personal injury claims, including a Geographic Reduction Rule that 
reduces payments to an 80th percentile cap for costs in the region and a 
Passive Modalities Rule that reviews whether passive care was provided
too long after the accident

Posture: class action complaint based on breach of contract, bad faith, 
and declaratory judgment that the GEICO automated claims system 
violates Delaware insurance code section 2118

 Holding: Court grants summary judgment for insurer on breach of contract 
and bad faith, but grants s/j for policyholders on declaratory action
 "Although the use of automated systems is not a direct violation of Delaware law,

the fact that these systems did not process all available information and actually
made investigations less likely to include all available information—by creating
these Rules that recommend a denial or reduction in what may otherwise be a
valid PIP claim—make the process and investigation unreasonable.“

 "The Court realizes that there is no per se rule on whether automated rules can
be employed in handling insurance claims. Moreover, the Court must examine
the particular facts before it without inappropriately shifting the burden of
proof."

Supervising InsurTech—Courts’ Perspective

John G. Buchanan, III
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Supervising InsurTech—Courts’ Perspective, cont.
Benson v. Allstate Fire & Cas. Ins. Co., No. 17-cv-00866-KMT, 2020 WL 
417571 (D. Colo. Jan. 27, 2020)
 Facts: Allstate used Mitchell Decision Point (MDP) software program to

evaluate plaintiff's uninsured motorist claim. In response to insured’s 
interrogatories to learn about MDP, "Allstate refused to provide the
information, claiming that it was not relevant to this lawsuit, because MDP
'is simply an aid in assessing the reasonableness of medical bills[,] . . . [and]
is merely one factor among many that the adjuster considers in deciding
amounts to offer'"; and "that its compliance with the discovery request
would potentially violate the confidentiality provisions of its licensing
contract with the entity that owns MDP."

 Posture: Plaintiff sought s/j on claims for breach of contract and violation
of a Colorado statute regarding bad faith in delay or denial of insurance
benefits.

 Holding: Court denies summary judgment: "Ultimately, the jury must 
determine whether Allstate's methodology for evaluating Plaintiff's injuries
and required medical care was reasonable, including its use of the MDP
software program.“

John G. Buchanan, III
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E.g., Sands v. State Farm (E.D. Pa. 2018)
 Held: State Farm did not act in bad faith by relying on Xactimate claims 

valuation program, without investigating the assumptions behind the 
software, to calculate depreciation values in connection with her 
homeowner’s insurance claim for hail damage. 

 “Xactimate is a standard software in the insurance industry for estimating 
replacement costs.” 

 Thus not bad faith for the claim handler to not second-guess that 
software’s depreciation calculations.

 But—insured “could present specific evidence of flaws in Xactimate’s
models or in the data which State Farm input into Xactimate.  But she has 
not done so…” 
 Burden-shifting multiplies litigator’s discovery and proof issues?

Supervising InsurTech—Courts’ Perspective, cont.

John G. Buchanan, III
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Wilmington Pain & Rehab. Ctr., P.A. v. USAA Gen. Indem. Ins. Co., 2017
WL 8788707 (Del. Super. Ct. Oct. 17, 2017)
 Medical provider brought class action against USAA on behalf of 

its patients alleging that USAA's geographic payment cap of 80% 
in its automated system violated Delaware code 2118 (same as
Green v. GEICO)

 Court denied class certification due to lack of commonality, holding 
that challenges to automated claims handling systems must identify 
a systematic flaw in the automated system and cannot simply 
challenge the resulting payment amount

John G. Buchanan, III
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Supervising InsurTech—Courts’ Perspective, cont.

Stiegel v. USAA Cas. Ins. Co., 2017 WL 4393871 (M.D. Ga. Oct. 3, 2017)
 Review process was through a third party, AIS, which applied an

automated claims review process that plaintiffs allege systematically
denies claims

 Plaintiffs also added claims for fraud, unjust enrichment and RICO
(Racketeer Influenced and Corrupt Organizations Act) violations based on
the agreement between USAA and AIS to process the claims

 USAA's motion to dismiss the breach of contract and bad faith claim denied

McGovern Physical Therapy Associates, LLC v. Metro. Prop. & Cas. Ins. Co.,
802 F. Supp. 2d 306 (D. Mass. 2011)
 Distinguishes prior case involving bad faith denial of claims using skewed 

database (Ivanov v. Farmers Ins. Co., 185 P.3d 417 (Or. 2008)) and finds that 
use of a database to evaluate reasonableness of Personal Injury Protection 
benefits was not bad faith because "no facts averred to suggest that 
Metropolitan should have been on notice at the time it paid McGovern's 
physical therapy charges that the Ingenix database was unreliable."

John G. Buchanan, III
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Brown v. Allstate Indem. Co., 2014 Okla. Dist. LEXIS 3190 (D. Okla. Feb.
3, 2014)
 Grants motion in limine to restrict insurer from presenting its Multi

State Market Conduct Regulatory Agreement to argue multiple
commissioners consented to its conduct regarding Colossus.

Lewis v. Allstate Ins. Co., 2016 U.S. Dist. LEXIS 134810 (D. Ariz. Sept. 28,
2016)
 Denies insurer summary judgment on negligence claim based on

insurer’s use of automated system to determine homeowners policy
limits

 “[I]t may have been negligent for defendant to rely solely on its
computer system to determine policy limits, limits that current 
estimates of the cost of rebuilding suggest to be inadequate.”

Supervising InsurTech—Courts’ Perspective, cont.
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Strawn v. Farmer Ins. Co., 258 P.3d 1199 (Or. 2011)
 Upholds award of $900,000 in compensatory and $8 million in punitive

damages for breach of contract/bad faith/fraud when adjusters were
penalized if they did not follow the recommendation of a “cost
containment software program.”

Ivanov v. Farmers Ins. Co., 185 P.3d 417 (Or. 2008)
 Breach  of contract suit alleging that Farmers inappropriately used cost

containment software to decide plaintiffs’ claims
 Court denied  Farmers’ MSJ that the burden was on plaintiffs to

demonstrate  medical necessity in order to support their medical bills
 Thus,  plaintiffs could challenge Farmers’ claims review process).

Supervising InsurTech—Courts’ Perspective, cont.
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Savvy Solutions, or Bots Behaving Badly?

*With thanks to Robert Helfand, Pullman & Comley

John G. Buchanan, III
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Questions?

John Buchanan
(jbuchanan@cov.com)
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Potential Bad Faith Pitfalls in the 
Use of AI in the Handling of 

Insurance Claims

Robert M. Horkovich
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Robert M. Horkovich

When an Insurance Company Uses AI in its Claims Handling, Can It Avoid 
Violating State Insurance Regulations?

Allstate paid $10 million to 45 states in 2010 as part of a regulatory settlement 
over Allstate’s use of “Colossus” software to handle claims. The October 18, 
2010 settlement followed an 18 month investigation of the insurance 
company’s use of “Colossus” software in its claims handling.

“Allstate to Pay $10 Million to Settle ‘Colossus’ Controversy”, 6 No. 13 Westlaw 
Journal Insurance Bad Faith 11 (November 2, 2010).
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An Insurance Company’s Reliance on a Computer Generated Preliminary Estimate 
And Refusing to Meet and Confer with the Policyholder’s Contractor Violated the 
State Consumer Protection Act which generally Follows the Uniform Unfair Claims 
Settlement Practices Act.

“State Farm’s continuing reliance on the KenCade estimate and subsequent 
refusal to meet and confer with plaintiff’s contractor resulted in an inadequate 
investigation of the scope of the loss and an inaccurate determination of the 
actual cash value in violation of (the State’s Consumer Protection Act).” The Court 
entered judgment against State Farm for plaintiff’s damages, attorney’s fees, and 
costs.

Nikfard v State Farm Fire & Cas. Co., 2021 WL 3620277 (W.D. Wash. August 16, 
2021).

Robert M. Horkovich
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An Insurance Company That Adopts AI that Can Limit Payments to 

Policyholders and Punishes Claims Managers if they Depart from the AI 

Generated Recommendations and Reward them if they Follow Them Can 

Violate State Statutes.

“Farmers determined that any bills that exceeded the eightieth percentile as 
the cutoff point for ‘reasonable’ expenses…The adjusters were downgrade if 
they departed from the MMO’s recommendation and were rewarded if they 
followed them….Farmers reduced more than 60,000 individual bills by a total 
of approximately $750,000.”

Strawn v. Farmers Ins. Co. of Oregon, 350 Or, 336, 258 P.3d 1199 (2011).

Robert M. Horkovich
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Robert M. Horkovich

An Insurance Company’s Use of Generalized Preplanned Criteria Not Specific to 

Each Claimant without Informing Its Policyholders of Its Cost Containment 

Program Can Violate State Statutes.

Ivanov v. Farmers Insurance Co., 344 Or. 421, 185 P.3d 417 (2008). 
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Robert M. Horkovich

An Insurance Company Claims Adjuster’s Reliance on A Computer Generated Claim Value 
Without Understanding How the AI Generated That Value Can Violate State Statutes.

“Aetna’s claims adjuster…arrived at its settlement figure of $2,000 as a preaccident total 
value based solely on (the computer program). (He) admitted that he had no idea how the 
(computer program) arrived at (the) value… (Aetna) clearly violated the standards set forth 
(in the State rules).” The Court affirmed the judgment against Aetna and awarded 
attorney’s fees and costs to the policyholder.

Meier v. Aetna Life & Cas. Co., 149 Ill. App. 3d 932, 500 N.E.2d 1096 (1986). footnote

• An excellent presentation of these concepts is set out in Ryles, “Hazards of Relying on
Computer Technology in Claims Settlements”, Irmi (April 2007).
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Robert M. Horkovich

Insurance Companies Should Be Aware that Fraud, Breach of Contract 
and RICO claims Over Use of AI in Claims Handling Might Proceed Against 
Then Despite an Appraisal Clause in Their Policies.

“(An appraisal clause) cannot be invoked to resolve broader issues of 
liability….To invoke an appraisal clause to eliminate larger issues of 
liability discussed above would be impermissible, as it would expand the 
scope of the appraisal clause beyond the issue of value.”

McGowan v. Progressive Preferred Ins. Co., 637 S.E.2d 27 (Ga. 2006).
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Robert M. Horkovich

AI Generated Loss Value Information Must Provide Accurate and Reasonable 
Comparisons or Else the Insurance Company May Be Liable for Violating State 
Statutes and May Be Subject to Penalties and Attorneys’ Fees.

“Allstate, which is in the business of adjusting … claims, should have realized that 
such information was not sufficient to provide an accurate comparison…(The) 
value assigned … was not reasonable, which Allstate should also have 
recognized… It is only where a reasonable dispute exists regarding the amount of 
the loss that an insurer can avoid the imposition of penalties and attorneys’ fees 
by tendering the amount not in dispute.” 

Hayes v. Allstate Ins. Co., 78 So.2d 900 (La. Ct. App. 2000).
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Robert M. Horkovich

The Use of AI in Valuing Losses Can Be Deemed An Arbitrary and Capricious Action 
Violative of State Statutes Subjecting The Insurance Company to An Award of Penalties 

and Attorneys’ Fees

“As did the trial court, this court questions whether Shelter Mutual used (an AI program) 
to properly adjust the claim or simply to reduce its exposure….When compared to the 
NADA Guide Values, CCC not only started with a base value less than the NADA Guide, 

but consistently used lower estimates of various optional equipment.”

Clark v. McNabb, 878 So.2d 677 (La. Ct. App. 2004)
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QUESTIONS?
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THANK YOU.

Robert M. Horkovich, Esq.
Anderson Kill

(212) 278-1322
rhorkovich@andersonkill.com

John G. Buchanan, III
Covington & Burling

(202) 662-5366
jbuchanan@cov.com

Tim Ryles
Tim Ryles Consulting

(404) 375-2729
tim@timryles.com
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