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Often the success of a health plan or claim administrator 

is measured by how fast claims are paid once they are 

submitted. The additional time and expense associated with 

any claims cost management program must be weighed 

against the benefi t of such programs. Accident-related 

claims typically account for 8 percent to 10 percent of 

claims volume. Reviewing claims for potential accidents, 

determining if other coverage exists and coordinating 

benefi ts with accident insurers, may not be the primary 

concern of a claims administrator. This can be an expensive 

oversight, particularly in today’s economy, as total national 

health expenditures are expected to rise at a rate of two 

times the rate of infl ation for the next decade, reaching a 

projected $4.3 trillion by 2017.1

Health care cost containment is one of the most critical 

issues facing our country today. It has become a campaign 

platform for our government leaders as the rapid increase 

of health care costs places everyone at extreme fi nancial 

risk. Health care subrogation is just one of the weapons in a 

health plan’s arsenal to combat the rising costs associated 

with fi nancing accident-related health care claims. The most 

successful subrogation techniques combine the science 

of data analytics with the art of an individual’s business 

acumen, knowledge and intuition to identify and recover 

accident-related health care claims.

Subrogating Health Care Claims
The rights of subrogation and reimbursement are provisions 

documented in one’s health care policy. A technical defi nition 

of subrogation is the substitution of one person in place of 

another, with reference to a lawful claim, demand or right, so 

that the one who is substituted succeeds to the rights of the 

other, in relation to the debt or claim and its rights, remedies 

or securities. In layman’s terms, subrogation means that 

1. Keehan, S. Sisko, A., Truffer, C., Smith, S., Cowan, C., Poisal, J., & 
Clemens, M. K. (2008). Health Spending Projections Through 2017: 
the baby-boom generation is coming to Medicare. Health Affairs Web 
Exclusive W146: 21 February 2008.

a health plan can be reimbursed by the party whose 

insured was deemed responsible for the accident or injury, 

such as having auto insurance or workers’ compensation 

coverage pay for medical claims resulting from an accident, 

thus saving the medical insurance carrier from incurring 

inappropriate costs. 

An effective health care subrogation program fi rst requires the 

identifi cation of accident-related claims. Subrogation teams 

mine post-adjudicated claims to fi nd accident-related codes 

on claims and conduct an investigation that will ultimately 

generate recoveries from a third party for their clients. There 

are more than 20,000 injury and disease classifi cation codes, 

or ICD-9 codes, and as many as 3,700 of them suggest a 

connection to an accident. These codes are related to motor 

vehicle accidents, medical negligence, work related accidents, 

premise liability and defective product injuries. 

The accident details are investigated along with contract 

language, applicable state or federal law, other insurance 

coverage, as well as additional theories of liability, to assess 

the probability of a successful recovery. If accident-related 

claims have already been paid by the health plan, the 

subrogation professional will negotiate and even litigate to 

secure reimbursement on the health plan’s behalf.

All of these activities – from identifi cation through 

optimization – are time and labor intensive, and many 

different statistical and analytic techniques can be used to 

facilitate each activity. 

Telling the Story
Good statistics involve principled argument that conveys 

an interesting and credible point. It should tell a story that 

an informed audience will care about, and it should do so 

by intelligent interpretation of appropriate evidence from 

empirical measurements or observations. Statistical analysis 

has a narrative role that allows us to sharpen the point to our 

story.2 

2. Abelson, R. Statistics as Principled Argument. Hillsdale: Lawrence 
Erlbaum Associates, 1995.

Combating Rising Costs with 
Subrogation
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Context is one key to the appropriate use of statistics. Let’s 

use a simple example and ask the question “how many 

motor vehicle traffi c crashes occurred in the United States 

in 2007?” According to the National Highway Traffi c Safety 

Administration’s 2007 National Statistics report, the total 

number of traffi c crashes in 2007 was 6,024,000. That number 

is generally accepted as fact, but what does it mean? Adding 

more data to the fi nding provides additional insight: 

Year
Total 

Crashes
Fatal 

Crashes
Injury 

Crashes

Property 
Damage 

Only

2006 5,973,000 38,588 1,746,000 4,189,000 

2007 6,024,000 37,248 1,711,000 4,275,000 

% Change 
Year over 
Year (YoY) 0.85% -3.60% -2.05% 2.01%

The data reports that there were more accidents in 2007, 

but fewer fatalities and injuries. The questions that these 

numbers may inspire are:

What factors might have contributed to an increase in • 

total crashes?

What changed from 2006 to 2007 to see a 3.60 percent • 

decrease in the number of fatal accidents?

Which types of accidents are more likely to result in a • 

fatality or injury?

These questions might lead to the gathering of even more 

data (see table, bottom of page):

Although the total number of accidents decreased from 2006 

to 2007, motorcycle fatalities and injuries showed a dramatic 

increase, yet overall fatalities dropped by 3.60 percent. 

Without an appropriate comparison or benchmark, a single 

number (i.e., 6,024,000 total traffi c accidents) holds very little 

value on its own. 

    Executive Briefi ng    

$
Identifi cation

Evaluation

Case Management

RecoveryClose

mentIdd

Investigation
Accident Questionnaires• 
Phone Calls• 
Specifi c Accident Types:• 

Case Management
Case Scoring• 
Case Specialization• 
Text Analytics• 

Identifi cation
ICD-9 Code fl ags• 
Dollar Thresholds• 
Data Mining:• 

Third-Party Data • 
Sources
ISO ClaimSearch• 
State Worker’s • 
Compensation 
Boards
Civil Litigation • 
Databases
Episodic • 
Treatment 
Groups
CPT Codes• 
DRG Codes• 

Motor Vehicle Accidents• 
Medical Malpractice• 
Product Liability• 

Premise Liability• 
Workers Compensation• 
Other Torts• 

Metrics Development• 
ICD-9 Code Analysis• 

Optimization
Settlement Ratio Analysis• 
Analyst Performance Analysis• 

Subrogation Case Lifecycle

Traffi c Crash Victims Killed in 2006 Injured in 2006 Killed in 2007 Injured in 2007
% Killed 

Change YoY
% Injured 

Change YoY

Drivers 22,830 1,666,000 21,647 1,571,000 -5.46% -6.05%

Passengers 9,156 709,000 8,657 692,000 -5.76% -2.46%

Motorcycle Riders 4,810 88,000 5,154 103,000 6.67% 14.56%

Pedestrians 4,784 61,000 4,654 70,000 -2.79% 12.86%

Pedal Cyclists 733 44,000 698 43,000 -5.01% -2.33%

Unknown 289 7,000 249 11,000 -16.06% 36.36%

Totals 42,602 2,575,000 41,059 2,490,000 -3.76% -3.41%
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When we add data that allows us to make a comparison, the 

subsequent questions to “how many motor vehicle traffi c 

crashes occurred in the United States in 2007” provide a 

deeper level of insight as well as an opportunity to affect 

change that may save lives. Extracted data is only as good as 

the logic used to gather it. 

Analytics Defi ned
Analytics is defi ned as “the science of analysis.” Analytics 

is the extensive use of data, statistical and quantitative 

analysis, explanatory and predictive models, and fact-based 

management to drive decisions and actions. Analytics are a 

subset of what has come to be called business intelligence: 

a set of technologies and processes that use data to 

understand and analyze business performance.3 

The business intelligence questions being answered with 

analytics are typically: “why is this happening, what will 

happen next, and what is the optimal outcome?” But before 

one gets to those higher level questions, often we must start 

with more basic investigative questions around “who” and 

“what.” Common analyses include:

Descriptive Analysis – Describes a data point’s behavior by 

relating it to the “central tendency” of the data sample. This 

answers the questions of “what happened, how many, how 

often, and where?” Descriptive statistics enable the business 

to “benchmark” or standardize their measurements to 

determine whether increases or decreases are occurring and 

what they mean to their business processes and the impact 

on results. Common measures of central tendency include:

Mean – • The sum of the observations divided by the 

number of observations. This provides an “average” of 

paid claims per subrogation case, for example. 

Median – • The middle observation in ranked list of 

observations – exactly half of the observations are below 

and the other half are above.

Mode – • The most frequently occurring observation.

Trend Analysis – Gathers information to spot trends or 

patterns in the data. The data used can be actual counts, 

averages, or transformed variables used to represent the 

data in a meaningful way. Trend analysis helps create a 

context and relationship between seemingly independent 

3. Davenport, T. H. & Harris, J. G. Competing on Analytics: The New 
Science of Winning. Boston: Harvard Business School Press, Boston, 
2007.

data points and gives a picture of behavior or performance 

over time that will help to inform business decision makers. 

Correlations – A measure of the proportional relationship 

between two variables. A -1.00 is a perfect negative 

correlation (as one variable goes up, the other goes down) 

and a +1.00 is a perfect positive correlation (both variables 

move in the same direction). A correlation does not mean 

causation, but a well-designed experimental study allows 

for the inference of causation. Correlations can be extremely 

useful in an examination of how different case variables 

affect each other – like which investigative activities have the 

greatest infl uence on recoveries.

Predictive Analysis – Uses historical data to determine the 

likelihood of future behavior. Examples of the techniques 

used to perform predictive analysis are: linear regression 

models; logistic regression; time series models; survival or 

duration analysis; classifi cation and regression trees; and 

machine learning techniques such as neural networks. One 

of the most well-known applications of predictive analysis 

is credit scoring, used by the fi nancial sector to predict 

whether creditors will repay their debt. There are applications 

for credit scoring in subrogation, but instead of predicting 

whether a debt will be paid, it is used to predict the outcome 

or quality of the claims under investigation. 

Data Mining – Data mining is another vital component 

of case identifi cation and information gathering and has 

become a standard within the industry. The defi nition of Data 

Mining is hard to pin down in that the multiple defi nitions 

focus on what it is ⎯ from the process of sorting through 

large amounts of data and picking out relevant information 

to the science of extracting useful information from large 

data sets or databases4 ⎯ with less focus on the practical 

application of “how” it can be applied to a specifi c business 

scenario in a meaningful way. 

Science vs. Art
The Case for Science – Science involves rigor and 

discipline, validity and reliability, as well as the testing of 

hypotheses. Utilizing a scientifi c method of investigation and 

introducing both independent and dependent variables into 

our study enable us to attribute a change to a specifi c set of 

variables that have been manipulated. 

4. Hand, D., Mannila, H., & Smyth, P. (2001). Principles of Data 
Mining. MIT Press, Cambridge, MA.
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Advanced analytic techniques, such as statistical analysis, 

data mining, and predictive analytics, allow researchers to 

draw conclusions from the data and facilitate the forecasting 

of results and the optimization of processes. For example, 

many subrogation teams use an accident questionnaire that 

is sent to the member to get additional information about 

whether an accident occurred and whether a third party 

is liable for the cost of the medical claims paid out by the 

health plan. Suppose we would like to change the content of 

the accident questionnaire – what types of questions would 

we need to ask (and answer) to assure ourselves that we 

would be making the best decision? Some of the questions 

we might ask could include:

What are the independent variables (the variables being • 

changed)?

What are the dependent variables (the variables being • 

measured)?

What sample size should be used to have enough power • 

to detect an effect?

How should the sample be selected to ensure the results • 

can be generalized to a larger population?

How are the results to be measured?• 

Is there a baseline or benchmark to be used?• 

An important component within the science of data analysis 

is trying to avoid decisions based on human assumption. 

The human mind tends to suffer from a number of well-

documented cognitive failings and biases that distort our 

ability to predict accurately. We tend to give too much weight 

to unusual events that seem salient. In context after context, 

decision makers who wave off the statistical predictions 

tend to make poorer decisions than a statistical model.5 

These human limitations make it important to automate 

components of the data extraction and analysis processes to 

produce consistent results.

A 2004 Opinion Research Corporation survey of executives 

found a clear opportunity to automate and improve 

decisions. Operational decisions were high-impact, but only 

a fraction had been automated, and maintenance costs and 

time to market were real problems. Specifi cally, the fi ndings 

included the following:

5. Ayers, I. Super Crunchers: Why Thinking-By-Numbers Is The New 
Way To Be Smart. New York: Bantam Dell, 2007.

More than 90 percent felt that front-line operational • 

decisions affected profi tability

About half had not yet automated about 25 percent • 

of these decisions and nearly 80 percent still lacked 

automation for more than half of them.

Making the right decisions with a high degree of • 

accuracy and precision was very important to more 

than 90 percent of respondents. More than 60 percent 

also rated consistency of decision-making and effective 

management as important.

85 percent expressed diffi culty in changing decision-• 

making criteria in their systems, with more than 50 

percent saying it took months to get business changes 

implemented in production.

60 percent felt that automated decisions were carried • 

out inconsistently or they were forced to deal with 

redundant logic in multiple systems to prevent this 

problem.

70 percent of chief information offi cers/chief technology • 

offi cers (CIOs/CTOs) didn’t believe they were getting 

the most value they could from their data. The most 

common reason was that their inability to blend 

business rules with data prevented them from 

maximizing the value of their data.

Using data to validate and automate decision-making can 

provide a consistency and reliability that cannot be achieved 

with human decision-making alone. Additionally, automating 

processes or tasks can increase effi ciency and productivity, 

freeing your decision-makers to focus their attention on 

activities that have an impact on maximizing results.

The Case for Art – Art is creative. It can be spontaneous, 

but also fl exible and organic. It is infl uenced by the 

characteristics of the artist and is an expression of what 

is important and salient to that person. Knowing what 

questions to ask can be a science unto itself. Business 

experience and acumen, as well as intuition, play an 

important role in designing both the questions to be 

answered with your data and knowing which follow-up 

questions to ask once you have your data. In the accident 

questionnaire study mentioned previously, some of the 

questions that lend themselves to artistry are:

Are there generational differences in response rates?• 

What personality styles are more likely to respond to a • 

questionnaire?



www.ingenix.comPage 6

How many questionnaires should be sent for optimal • 

response?

Are there regional differences in the answers received?• 

What affect would the change have on members’ • 

response rates?

What affect would the change have on whether a case is • 

considered for additional investigation or litigation?

Is the direction (positive or negative) of the change an • 

important consideration? 

Would either outcome be acceptable (or unacceptable)?• 

Social science methods, such as the use of control and 

experimental groups, can be used to determine the effect 

of a change in business process prior to implementing 

that change on a larger scale. This allows the business to 

conduct an experimental study to determine the real impact 

before incurring any of the costs associated with making 

that change. By testing hypotheses and using real results to 

inform our decision-making, negative impacts are mitigated 

and the real value of a proposed change can be assessed 

more accurately.

Conducting a well-designed study of a particular business 

problem is critical to providing the correct context for your 

results. Both business (art) and analytics teams (science) must 

work together to provide the greatest impact, as the person 

providing the data may not have the complete operational 

picture. A typical study usually has the following components:

Defi ne the Problem Statement or Question – • What 

is being measured? Why is it important? What is the data 

going to be used for?

Population – • Determine the appropriate sample size to 

ensure reliability and validity of results as well as having 

enough power to detect an effect (if there is one).

Data Extraction – • Determine the fi lters and parameters 

required to obtain the optimal data set.

Data Scrubbing – • “Sanitizing” the data by replacing 

or removing missing values, determining a strategy for 

handling outliers.

Summary Statistics - • Measures of central tendency 

that describe your entire data set.

Descriptive Statistics - • Correlations or trend analysis.

Predictive Statistics - • Regression techniques; time-

series modeling, neural networks.

Pilot/Test Results – • Conduct a pilot study, ideally with 

experimental and control groups, to determine if the 

change implemented produces measurable, statistically 

signifi cant results.

Implementation – • Make changes to code or reports; 

if process changes are required, training may also be 

necessary.

Documentation – • What analyses were conducted? 

What was found? How were the results utilized, can the 

analysis be used again in a different study?

Evaluation – • Are the results consistent over time?

Once your analysis is underway, it is important to continue to 

ask these additional questions:

Have all nuisance variables been controlled? • 

Are the calculations correct?• 

Is the data correct?• 

What should you do with outliers? Are they real outliers • 

or extreme data points?

Are your assumptions correct?• 

Are there other variables exerting an infl uence on the • 

results?

Making informed decisions is diffi cult enough. Add the 

availability of terabytes of data, multiple data sources, and 

ambiguity to the equation and the decision-making process 

becomes even more complex. Humans, or “experts,” are 

still required to make decisions about the factors studied 

and what they mean, both qualitatively and quantitatively. 

Several studies report the most accurate way to exploit 

traditional expertise is to add the expert evaluation as a 

factor in the statistical algorithm.6 

Combining Science and Art
Combining your algorithms and equations (science) with 

traditional expertise (art) produces the best results. In a 

survey conducted by Teradata in 2004, 75 percent of the 

senior executives of top U.S. companies said that the 

number of daily decisions has increased over the past 

year, and more than 50 percent said that decisions are 

more complex this year than last year. The overwhelming 

6. Ayers, I. Super Crunchers: Why Thinking-By-Numbers Is The New 
Way To Be Smart. New York: Bantam Dell, 2007.
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majority of respondents – more than 70 percent – said that 

poor decision-making is a serious problem for businesses. 

The top casualties of poor decision-making are profi ts, 

company reputation, long-term growth, employee morale, 

productivity, and revenue.

Just because you have numbers or statistics to support your 

analysis, it does not automatically mean you have “good” 

or meaningful numbers. It is the responsibility of people to 

use critical thinking skills to evaluate the data for validity 

and reliability. We should not take information at face value. 

Results should make us ask “who, what, when, where, why 

and how” questions.

In our motor vehicle traffi c crash examples earlier, some 

of the additional questions that we should ask to better 

understand the data include: 

What does the data mean?• 

Why did the number of motor vehicle traffi c accidents • 

decrease from 2006 to 2007?

What factors contributed to the change? • 

What other factors might have caused the decrease • 

in fatalities year over year, even with an increase in 

motorcycle fatalities? 

Do all areas of the country show the same trends? • 

Did all areas of the country have the same rate of • 

increase in motorcycle fatalities and injuries?

In the context of subrogation, there are many factors that 

infl uence the outcome of a case. As mentioned previously, 

contract language, state and federal law, as well as insurance 

coverage play an important role in whether a case will 

result in a recovery or not. The ability to fully investigate 

a subrogation case is often dependent upon a member’s 

response to an accident questionnaire. Many factors can affect 

whether the investigator will receive a response, including 

personal characteristics and socioeconomic factors. 

Personal characteristics include things such as age, education 

and gender. Socioeconomic factors include income, regional 

unemployment rates and community involvement. For 

example, Medicaid populations tend to be lower income, 

more transient and typically have a lower response rate. In 

contrast, Medicare populations are often older, often retired 

and typically have a higher response rate. Additionally, there 

may be a generational effect that has an impact on whether a 

response will be received or not. For the fi rst time in history, 

we have four generations in the work force at the same time. 

Those four generations are:

Traditionalists: •  ......................... Born before 1946

Baby Boomers: •  ........................ Born 1946 – 1964

Generation Xers: •  ..................... Born 1965 – 1981

Generation Y or Millenials: •  ..... Born 1982 – 2000

Traditionalists tend to be loyal, feel it is important to “pay 

their dues” and may be more likely to respond simply 

because they were requested to respond. Baby boomers 

tend to be optimistic, idealistic and don’t share the same 

company “loyalty” as a traditionalist. Generation Xers 

tend to be skeptical, self-reliant and impatient. Generation 

Y or millenials tend to be realistic and have a sense of 

entitlement.7 

All of these factors – personal characteristics, socioeconomic 

factors, generational differences, and many more – can exert 

an infl uence on our data when they occur independently. 

When these factors are combined, they may have another 

effect entirely. Analytics can facilitate the discovery of 

previously unknown relationships within our data. There 

should never be a shortage of questions to ask ourselves or 

about our processes, such as:

How can we improve case detection?• 

How can we maximize subrogation recoveries?• 

What factors infl uence response rates?• 

What characteristics of a case would improve open • 

rates?

Which metrics would drive improved analyst • 

performance?

Which process improvements are most likely to increase • 

revenue?

A subrogation case lifecycle brings a nuance to the 

application of analytical decision-making that is not present 

in many other types of businesses. Because the lifecycle of 

a case is dependent upon many external factors, such as 

court schedules and attorneys, it becomes imperative that 

we create tools and methodologies that allow the business 

to get ahead of the case lifecycle in order to make timely 

decisions that have a positive impact on results. 

7. Lancaster, L & Stillman, D. Generation Gaps. Twin Cities 

Business Monthly, Jan. 2002.
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Maximizing Subrogation Results
Health care subrogation is in a position to impact health 

care in a dramatic – and positive – way. Analytics can 

have a powerful role in any organization, from proactively 

monitoring client results for problems and addressing 

issues before they become a cause for attrition, to 

retroactively mining data for patterns and additional revenue 

opportunities. 

Analytics, both descriptive and predictive, are a necessity 

to ensure that decisions are based on more than intuition 

or a good idea. The leakage of social science methods from 

academics to the world of on-the-ground decision-making 

has had a tremendous impact on decision-making in the 

business world.8 It is diffi cult to prove to ourselves that a 

change in our subrogation processes is prudent when the 

results often cannot be measured for many months. Using 

well-designed experimental studies - in combination with 

historical data - to make an educated decision based on the 

probability of an outcome, places the business operations 

manager in a more tenable position.

As you can see, the use of data mining, analytics, and 

predictive modeling isn’t the solution, it’s just the start. The 

best subrogation teams will differentiate themselves in the 

marketplace with their ability to combine advanced analytics 

techniques, statistics, predictive modeling, and automation 

(science) with expert knowledge, intuition, experimental 

design and interpretation of results (art) to maximize their 

results. 

8. Ayers, I. Super Crunchers: Why Thinking-By-Numbers Is The New 
Way To Be Smart. New York: Bantam Dell, 2007.
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