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§ Health Insurance Industry — current usage of predictive models:
* Mortality/Morbidity Predictions
* Pricing and Risk Assessment
 Marketing (lead generation)
* Policyholder Retention

§ Eocus: Need for predictive modelling in health insurance claims:
* ldentify and Reduce Claims Leakage
* Prevent Claims Fraud
* Actions to Improve Customer Health
* Reduce Claim Processing Time
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§ Claims leakage is the difference between the actual claim payment made and the amount
that should have been paid if leading practices were applied in handling that claim

* Leakage is caused by deviations from established industry standards/leading practices
 Leakage can be controlled by identifying claims that are at highest risk of leakage...
* And taking specific, timely actions that can materially affect the claims outcomes

Other - Leakage dimensions
variation *  Assignment
. Coverage
} Leakage . Investigation
Ident'f'ed . Evaluation
. Medical Management
Model e Disability Management

Supervision

Prediction N
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§ EXxposure to Long Term Disability (LTD) — Root Cause of Leakage — Claim Assignment:

* A short term disability claim converted (bridged) to LTD
 This LTD exposure on it was not recognized till too late
* The severity was much higher than it should have been

» This could have been avoided if the LTD exposure was identified early in the life of the
claim, and LTD adjuster was involved to take actions for reducing the claim severity

§ Getting the claimant back to work — Root Cause of Leakage — Disability Management:

* A claimant was expected to Return to Work (RTW) in 2 weeks
 The claimant did not RTW citing lack of recovery, and instead returned after 2 months

* Upon review, it was found that claimant could have returned to work much earlier
» RTW assistance/vocational rehab should have been provided at the right time
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§ Identifying disability claim fraud — Root Cause of Leakage — Investigation:
A long term disability claim was caused by soft tissue injury

* Claimant had subjective complaints of pain, was never at home to receive calls from
insurer, and the physician was not in the same geographical region as the claimant

* Long absence from work — no investigation conducted till 2 years

* Finally upon investigation it was found that claimant had taken up another job and still
continued to claim benefits fraudulently — could avoid by timely desktop investigation

§ Timely clinical engagement — Root Cause of Leakage — Medical Management:

A short term disability claim was caused by soft tissue injury

RTW consultants were engaged to help the claimant — with target RTW in 1 month

* Claim remained open beyond 6 months: later it is found that claimant had comorbidity
* Old RTW plans unsuitable — efforts redirected — successful RTW to different occupation
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§ Machine Learning models can help identify those claims that are at the high risk of
leakage (such as the examples above) at the early stages of these claims
§ These predictive models can help reduce the risk of leakage by estimating:
* Auto-adjudication potential and the complexity of a claim
* Probability of Fraud, Waste and Abuse on claim
* Probability of the claimant returning to work
* Expected claim duration and variability around the duration

§ With the amount of data available today, health insurance claims have hundreds of
features such as diagnosis codes, procedure codes, co-morbidities, physician codes, etc.

§ Machine Learning Algorithms are best suited to pick up complex (and often hidden)
interactions between features, while not over-fitting the models to these features
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§ Use of Machine Learning for estimating claim complexity:

* Claim complexity models are built to identify the top 20% of claims which drive 80%
of the severity, where timely actions can have a material effect on claims outcomes

« The model predicts the probability that a claim would be complex, using claim info at
First Notice of Loss (FNOL). Claims with low potential complexity are auto-adjudicated

§ Auto-Adjudication:

Low
* Reduce/eliminate adjuster “touch” on low complexity claims con|1p_|exity
claims
 Thereby reducing expenses and, more importantly (minirkrll)al
touc

* Focusing adjuster efforts on the ‘actionable’ claims Critical

claims
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§ Variables available at First Notice of Loss (FNOL): .
 Major Diagnosis Category
« Medical Procedure Code Diagnosis

» Physician Degree Code . Q .

) Empl_oyr!nen_t Tenure Occupation Surgery
* Hospitalization Flag

e Salary of claimant

C U |J A
« Occupation Class . .

* Prognosis Flag
Tenure -
« Surgery Flag . Prognosis

e And more...

Hospitalization
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§ Logistic Regression explored to predict complexity Intercept (Base Risk) (0.94)
§ This is a good technique because of simplicity, but... Musculoskeletal Disorder Claims | 0.37
§ Difficult to capture complex interactions. Example: Hospitalization Flag = "Yes" 0.36
8 Tal-ale. shows C-om_pl-ex Claim p_r_edlcted as “Simple” Other Coefficients. 0.22
§ This |s-d-ue to individual coefficients: | ~ loum of Coefficients 0.01
* Individual effects do not reflect the true claim profile _ "
_ _ . . [Predicted Probability (Complex) | 50%
* Tree-based interactions required to model the profile 5 TG 50
§ This highlights the need to model variable interactions: o exty el
* Difficult within a GLM framework Complexity Flag = Chitoff Score &0
Predicted Outcome Simple

* Requires extensive data analysis

« Need for a tree based framework Actual Claim Outcome Complex
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§ Tree-based models (e.g. CART) can be “greedy” to maximize accuracy, G

§ And hence tree-based techniques can over-fit models to “noise”

§ This is where Random Forests help:
' ' i letal?
« Models all variable interactions Musculoskeleta o Q
'

* Optimizes variable importance

Simple

* Bagging — RF does not over-fit

* Improves the model accuracy Hospitalization Flag? o 0

v v

* Finds “needles in a haystack Simple Complex
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§ The model results of GLM and RF were compared

» Random Forest improves accuracy ratio by 4.8%

+ 5%

90%
* This is expected due to reasons outlined above 30%
L 70%
* But it is not sufficient to just compare results 5:1 50%
= 50%
* Need to understand why RF performed better @ 0%
O 30%
« Cannot accept ML predictions like a Black Box E 20%
10%
+ Deep dive analysis into the 2 algorithms below 0%

Random

Forest
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Max Depth: 1 Max Depth: 2

§ Random Forest model performed better than GLM because:
1. Max. Depth: Max. number of splits in tree
* Higher depth captures complex interactions
* Gives RF more teeth to optimize accuracy
* Very high depth can over-train trees/model
* Over-fitting avoided by sampling (bagging)
* Average prediction by large number of trees

* More robust than using a single tree/model

4 — 8 June 2018, www.ica2018.org
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2. Variable Importance: Random Forests optimize variable importance:
* Input variables considered for every node split are a random subset of all variables

* “m?” variables selected at random out of total “p” — this reduces bias towards most
influential factors and allows secondary factors to play a role in models

Variable Importance - GLM Variable Importance — Random Forest
Occupation D Occupation
Diagnosis Code | Salary Band )
| Employment Tenure | { | Physician Degree] )
Salary Band ) Diagnosis Code )
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§ Despite its weaknesses, industry practitioners prefer GLMs:
* Interpretability: Easier to interpret scores and coefficients
* Implementation: Trees have tons of complex, nested rules
§ This inspired our research into techniques to improve GLMs:
* How can we capture interaction between critical variables?
* How can we optimize variable importance simultaneously?
§ Led to research into “micro-clustering” to solve both problems

§ Micro-clustering incorporates tree-based techniques into GLMs

4 — 8 June 2018, www.ica2018.org



_'Jn_
Case Study 1 — What is Micro-clustering? [EEE-?E.!}“'
BERLIN 2018

§ Micro-clustering starts by identifying the most important variables across which
interactions will matter - this requires a blend of judgment as well as statistical analysis
(drop term plots in ordinary GLMs, variable importance plots in Random Forests)

§ Create combinations using these variables — these can be 2 way, 3 way or even 4 way
combinations (depends on levels), make sure each combination has enough observations

§ Determine threshold for “enough” observations — if levels already have few observations,
group them using binning / clustering techniques. We have now partly replicated a “tree”

§ But calculating a separate coefficient for each level of these new “combination” variables
will make the GLM complicated - many levels within “combinations” will lose significance

§ Hence, calculate the metric(s) that make combinations similar to each other (e.g. % of
complex claims) and group the levels into “micro-clusters” based on these metrics

4 — 8 June 2018, www.ica2018.org
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Diagnosis Category Complexity % Hospitalization Flag Complexity % Surgery Flag Complexity %
Pregnancy & Delivery _ Hospitalization= N Surgery =N
Circulatory System 9% Hospitalization = Blank 14% % Surgery = Blank 13%
Skin Disorders 14% Hospitalization =Y _ Surgery =Y
Musculoskeletal System _
Combination Variable Complexity % Micro-Cluster
Pregnancy & Delivery, No Hospitalization, No Surgery - 1 - Low Complexity
Pregnancy & Delivery, Hospitalization, No Surgery 1 - Low Complexity Cluster 1
Musculoskeletal System, No Hospitalization, No Surgery 5% 1 -Low Complexity
Skin Disorders, No Hospitalization, No Surgery 7% 1-Low Complexity
Skin Disorders, Hospitalization, No Surgery 12% 2 - Medium Complexity
Skin Disorders, Hospitalization, Surgery 15% 2 - Medium Complexity
Pregnancy & Delivery, Hospitalization, Surgery 22% 3 - High Complexity

Musculoskeletal System, Hospitalization, No Surgery - 3 - High Complexity Cluster 3

Musculoskeletal System, Hospitalization, Surgery 3 - High Complexity

4 — 8 June 2018, www.ica2018.org




— AN
Case Study 1 — Micro-clustering — Results m}]
BERLIN 2018

§ Micro-cluster has highest variable importance in both GLM and Random Forest
§ Variable Importance: Rank order between GLM and Random Forest improves

Variable Importance: GLM with Micro-cluster Variable Importance: RF with Micro-cluster

Microcluster (MMM vicrociuster T

Diagnosis Code l > Diagnosis Code l

v

Occupation - Occupation -
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§ Use of Micro-clusters improves accuracy for both GLM and Random Forest
§ “Micro-cluster” variables bridge the gap between GLM and Random Forest
Comparison of Results across Models

85%
. 5 % 84% —>

0 69%
o 64%_—
70%
60%
50%
40%
30%
20%
10%

0%

Accuracy Ratio

GLM without RF without GLM with RF with Micro-
Micro-Clusters Micro-Clusters Micro-Clusters Clusters
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§ Use of Machine Learning for Claims Fraud Detection:

« Interaction of suspicion flags Feature(f) Feature(f)

* E.g.: subjective complaints... e e T L

* And delay in claim submission

* RF captures these interactions

« This improves the accuracy: Pucl) Pl

e From 60% in GLM to 80% in RF 5

« GLM with Micro-Clusters: 78% pein =Y nel)
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Case Study 3 — Claim Duration

Estimate severity and variability around severity
Also estimate probability of “bridging” to LTD
Use of “observation” weights: based on costs
False positive costs $600 per claim

(i.e. Cost of assigning LTD adjuster)

False negative costs $7200 / claim

(i.e. Cost of leakage from LTD claim)

Use of “micro-clusters” within Neural Networks

And comparison of results to Multinomial GLMs

$50,000
545,000
540,000
£35,000
$30,000
£25,000
$20,000
£15,000
510,000
55,000
50
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Use of Machine Learning for controlling claims leakage by estimating LTD exposure:

Duration

) I

Claim 1 {Low Variability} Claim 2 (High Variability)
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§ Machine Learning for predicting Return-to-Work likelihood:
* Probability of Return to work within expected timeframe
* Interactions: Diagnosis, Age, etc. Predicted Return to Work Probability
» Help prioritize RTW assistance... I @
« Towards the optimal outcomes g 36%] |
§ Conclusion: Machine Learning algorithms can: ciaim 2 || : (]
* Help identify claims at highest risk of leakage S I '

* As well as help identify key drivers of the risk |
Low  Threshold High

» This helps take actions to affect claim outcomes

* This also helps identify key risk factors, which helps in health insurance underwriting
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