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Introduction

Link between Pest Detection & Data Analytics

OCTUS(»
OCTUSC

Source: Cotton on the Texas High Plains: Bollpests on the Radar | Source: File:Join data analytics training in noida by octustechnology-
Texas Row Crops Newsletter (agrilife.org) dbthzk1.jpg - Wikimedia Commons



https://agrilife.org/texasrowcrops/2016/09/02/cotton-on-the-texas-high-plains-bollworms-on-the-radar/
https://agrilife.org/texasrowcrops/2016/09/02/cotton-on-the-texas-high-plains-bollworms-on-the-radar/
https://commons.wikimedia.org/wiki/File:Join_data_analytics_training_in_noida_by_octustechnology-dbthzk1.jpg
https://commons.wikimedia.org/wiki/File:Join_data_analytics_training_in_noida_by_octustechnology-dbthzk1.jpg

Introduction
Origin of debugging

Source: Celebrating Grace Hopper and the Origins of Debugging |

Bugsnag Blog; Computer history museum

« "The terms "bug" and "debugging" are
popularly attributed to Admiral Grace Hopper
in the 1940s.”

* "While she was working on a Mark Il computer
at Harvard University, her associates
discovered a moth stuck in a relay and thereby
impeding operation, where upon she
remarked that they were "debugging" the
system.”

Source: Wikipedia


https://www.bugsnag.com/blog/celebrating-grace-hopper-and-the-origins-of-debugging

Introduction

Why are we looking into pest detection?

/AI /Machine learning space: |

« ChatGPT - Large language models
Generative Al

Transfer learning

Reinforcement learning

. -

How can we use some of
these in insurance?

from Al solutions in
non-insurance problems:
l.e. Pest Detection

Al solution in
Insurance



Introduction

Health Insurance as a Game: Who's in it?

Healthcare Providers

Insureds

-

~N

Insurance Companies

Agents

" INSURANCE




Introduction -

Monitoring Health Insurance

* In every game, someone needs to oversee that the players play by the rules

so that the game continues to be rewarding for

everyone
Scrutinize
using

technology

Source: A24's 'Everything Everywhere All at Once' explained - Los Angeles Times

(latimes.com)



https://www.latimes.com/entertainment-arts/movies/story/2022-04-14/everything-everywhere-all-at-once-explained-daniels-spoilers
https://www.latimes.com/entertainment-arts/movies/story/2022-04-14/everything-everywhere-all-at-once-explained-daniels-spoilers
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Pest Detection Project

Introduction

« Paper: 'Out-of-Distribution Image
Detection in Al-Based Pest
Management App’

« Aim: Pest management for cotton
farmers

« Partnership with between Harvard
University and an independent
nonprofit institute — Wadhwani Al

« Credits: Team and organizations
behind this collaboration

Out-of-Distribution Image Detection in AI-Based Pest Management App

Aloysius Lim "' Austin Nguyen ! Eric Helmold "' Erin Tomlinson ™' Molly Liu~' Weiwel Pan'
Jerome White” Soma Dhavala *
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Abstract

‘Our goal is to identify and implement one or
more effective solutions to the problem of out-of-
distribution (0OD) image detection in Wadhwani
AT's CottonAce pest management app, allowing
it to reject errant images with minimal process-
ing overhead. Our contributions to this work are
an exploration of supervised, unsupervised, and
self-supervised approaches for OOD detection.
We explore comvolutional autoencoders (CAEs)
jpaired with latent dimensional analy sis as our pri-
mary tzchnique for 00D detection. We also find
great potential in contrastive leaming approaches
1o circumvent the need for costly annofation and
‘handcrafted feature approaches which offer high
interpretability and low computational costs.

L. Introduction

‘Wadhwani Al is an independent. nonprofit institue devel-
oping Al-based solutions for underserved communities in
developing countries. One important area of focus is pest
management for cotton farmers. Cotton is the most impor-
tant fiber and a cash erop for India, providing about 6 million
farmers with a direct livelihood and 40-50 million people
work in the cotton trade. Small-holder farmers, contributing
75% of aggregate production, strugale with uncertainty in
crop yizlds and income. Cotton is exceptionally vulnerabke
1o pest attacks, with bollworms responsible for an estimaled
70% of all pest damage (White et al., 2022b; Dalmia et al.,
2020).
Wadhwani Al has developed a mobile phone application
called CottonAce that helps cotton farmers manage boll-
warm infestations in their fizlds. Bollworms are a pernicious
Jpest. requiring consiskent monitoring and expert decision-
"Equal contribution ' Harvard University, Institue for Applied
Computational Science (IACS) *Wadhwani Al Comespondence
o Aloysius Lim <aloysius_lim@ g harvard edu™, Austin Nguyen
< austinnguyen@g harvard edu>, Erin Tomlinson <erintomlin-
son@ g.harvard edu>-, Eric Helmold <ehelmold@g harvard edu>.
Molly Liu <chuyuclin@g harvard.edus

Proceedings of the 25" Imernarional Conference an Machine
Learning, PMLR 139, 2021. Copyright 2021 by the authons).

fr—

Figure 1. Example user-flow for the CottonAce pest management
app. Graphic created by app development team at Wadhwani AL

making to properly address. CottonAce app uses an Al
algorithm to identify and count bollworms in photos. and
then makes customized treatment recommendations to the
farmers based on wha it has found. This process is illus-
trated in Figure 1

A key challenge is gracefully handling photos that are out-
side of the expected domain. The app instructs users 1o
submit photos of bollworms on top of a blank, white sheet
of paper that fills the entire frame (White et al., 2022b).
Images that follow these guidelines are referred to as in-
distribution (ID). while those that do not are considered out-
of-distribution (O0D). Examples of 00D images include
both photos of bollworms taken under a relaxed interpre-
tation of the guidelines (e.g.. on soiled paper that does not
fill the frame), and photos that contain no bollworms at all
(e.g., lest images taken by new users experimenting with
the app’s functionality). In either case, the Al algorithm is
liable to make a mistake, and the app should abstain from
making a recommendation

The app’s ability o detect OOD images and abstain from
making a recommendation is critical. From a user-design
perspective, farmers can simply be prompied to retake and
resubmit the photo. From a broader perspective, however,
such actions have the potential to build farmers” trust and
dramatically mduce false infestation alerts, which have
been linked to several negalive outcomes, such as excessive
pesticide use, emotional distress, and early app abandon-
ment (White et al., 2022b).



Pest Detection Project -~

Worm Detection Project vs Medical Claims Management

Al-based Pest Management App T as k
.
A farmer or extension worker
empties the maths from the He then opens the app and The pests are detectad and An advisory s than generated on
captures 2 trap Images. courted from the Image upicaded. the app,

« |dentify photos that are abnormal
» Reject these abnormal photos

*lﬂu«unﬂ Al App Flow

Example user-flow for the CottonAce pest management
app. Graphic created by app development team at Wadhwani Al.



Pest Detection Project -~

Worm Detection Project vs Medical Claims Management
Examples of images: Trying to reject these

\'}*

In-distribution (ID) Edge case (EC) Out-of-distribution (OOD)
Followed all guidelines Reasonable attempt to Did not follow any

follow guidelines guidelines

Fraudulent



Pest Detection Project -~

Features engineering - Convolutional Autoencoder

Model compresses images and learn useful features for anomaly detection

Output

RGB Image

Layer 1
Dim: 131,072 [0.67x] Dim: 65 536 [0 33x] Dim: 16 384 [O 083x] Dim: 8 192 [0 042x] Dim: 2 048 [0 01x] Dim: 1, 024 [0 0052x] Dim: 256 [0 0013><]




Pest Detection Project

Supervised approach — When we use labelled data

« Convolutional Neural Network (CNN)

[e]¥]4.1V]4

Convolution

Pooling

Feature Extraction

Weighted Binary Cross Entropy Loss

wpL( X5, y;) ifyi=p

Lyeighted(Xisyi) =
weighted(Xs; Yi) {em,L(X;,y,-) ify, =n

j\r?l
=N

2| &

Wy =

Saliency Maps

True Label: ID

Interpretations:

Blue lights highlights why model identifies
this image as normal



Pest Detection Project -~
Unsupervised approach — When we use unlabeled data —

|dea: i

)

b Mi=(x-p) X' (x-p)

‘,;{ ¥ abnormal
i B

« Distance: Far away

* Probability: Low
probability that they
belong together




Pest Detection Project

Results - Example
Probability of belonging to normal image
CAE Whitened Density
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Pest Detection Project

Results - Accuracy

« Accuracy ~ 100% when we tested out on external datasets
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Anomaly Detection In Insurance

Introduction

« Image analysis techniques used in the pest project can be similarly adopted

RGB Image 123 e 321 RGB Image

[—

e Most common data format:

- Using as demonstration



Claim Anomaly Detection ~
Task

« Identifying abnormal claims

Abnormal

e Definition of abnormal claims .

etinitio image
_ Fraudulent? Not as clear-cut
_ Declined? - for abnormal vs

normal claims

- 'Suspicious’?
- 'Abused’?

20




Claim Anomaly Detection

Definition of abnormal claims?

“He went into shock after you
presented him with the hospital bills!”

=3 ”(?-;-

“That's terrible. | suggest
we keep him here for
another week just to be

safe.”

“Need to be hospitalized”

vs.

“Hospital has unoccupied beds”

Source: cartoonstock.com

21



Claim Anomaly Detection

Features engineering

Tabular data features:

* How many features do we typically
have?

- Claim admission date, inception date,
payment date, claim amount etc.

« Data strategy: Collect more data!
- Medical claim:

Hospital, doctor, prescription, ward class,
procedure type etc.

* Create potentially predictive
features using available data

- Historical claim count etc.

Image data features:
« 256 x 256 = 65536 features!

* ”

22



Claim Anomaly Detection

Features engineering — Using Large Language models

Tabular data features:

- Unstructured text
Use Natural Language Processing (NLP)

Claim Cause “Falling off

Description the bus”

Claim cause Vector =
Representation [0.01 ... 0.023]

Example NLP neural network architecture:

o) (we ) (wo ) @D (Cwe)
I ! i f

to vocab +

[ Classification Layer: Fully-connected layer + GELU + Norm ]

[ i I !
Lo ) (o J (o ) (o J (o ]
I I I I

Transformer encoder

embecdng | ! ! I !

(we ] [ we ] [ ws | s ] [ ws |

w1 w2 W3 Wi Ws

The BERT encoder.
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Claim Anomaly Detection

Supervised approach

 When claims are
- Declined or accepted
- Fraudulent or not
- Abuse or not

- Machine learning models can learn:

- features of claims associated with a fraudulent/declined/'abused’ claim

Claim reasons
etc.

Particular

Particular agents ROl

24



Claim Anomaly Detection

Unsupervised approach

« When claims are not labelled:
- No idea of which claims are fraudulent
- No idea of which claims are ‘abused’

- Distance: abnormal claim should be far away from a normal
claim

« Probability: abnormal claim should have a low probability of
belonging to normal claims

- Mahalanobis Distance (M)

|

Approach
used in cases
In next few
slides

25



Claim Anomaly Detection

Example of overuse: Length of hospital stay

« 17 days hospitalization for a common
cold?

 This simplified anomaly will be easy to
pick up even without using
sophisticated technology.

« What about for more
cases?

26
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Case Study 1:

Claim details:

Age: 50

Gender: male

Historical claim count: 0

Claim reason: right mature cystic
teratoma of ovary

How abnormal is this claim?

(D Start presenting to display the poll results on this slide.

27



Claim Anomaly Detection ~

Probability of belonging to normal claims
Example 1: Model Results

Claim

« Gender male RN Lowest

probability

« Claim reason: right mature cystic
teratoma of ovary

Out of 4000+

. claims
Interpretation:

Likelihood Shap value: Blue variables explains why the claim is an anomaly, and vice versa for red
higher = lower

'
[

207 A78277 1297 -797 -297 203 703 1,203 1,703 2,203 2,703
y L (O

onehot_female_diseased =10 . onehot_female_diseasel =1 ' icd_category = 3 ' num__ReinsurerAmount = -0.6483 ' num__BenefitTermYears = -0.105%

Claiming for a female related disease is a key driver

28
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Case Study 2:

Claim details:

Age: 46

Gender: female

Historical claim count: 37
Claim reason: digestive systems

How abnormal is this claim?

(D Start presenting to display the poll results on this slide.

29



Claim Anomaly Detection

Probability of belonging to normal claims

Example 2: Model Results

Claim 2 - °e
. . . . o C O e \
« High historical claim count = 37 Q

4th [owest

Model
« Claim reason: digestive systems © likelihood

08,004

Out of 4000+

Interpretation: claims

Likelihood Shap value: Blue variables explains why the claim is an anomaly, and vice versa for red

higher = lower
ik base value
o7 -453.88 o7 497 | 3.030 203 403 603 803 1,003
T T T T T T

0 (o (1 (CCCCa

'
| n

num__Prev_Cim_Cnt = 12.43) num__ ReinsurerAmount = -0.6493 ' num__BenefitTermYears = —0.1[155}. num__receive_reporiing_delay_days = -0.4706

High historical claim count is a key driver

30
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Case Study 3:

Claim details:

Age: 77

Gender: male

Historical claim count: 37
Claim reason: cancer

How abnormal is this claim?

(D Start presenting to display the poll results on this slide.

31



Claim Anomaly Detection

Model Results

Probability of belonging to normal claims

Claim 3 ®) OOQ OO
. . . @ Q
« High historical count = 37 (same A7
as claim 2) o MOdel lowest
. @ probability
« Ranked 257t vs 4th (claim 2) O QO ® O
_ Q Q
« Claim reason: Cancer
. Out of 4000+
Interpretation: :
claims
Likelihood Shap value: Blue variables explains why the claim is an anomaly, and vice versa for red
higher = lower
11114.38
) |{ { ({{{
1 ' num__ReinsurerAnjount = 0.5062 num__Prev_Cim_Cnt= 12.43 num__AttainadAge = 1.792 ' onehol_Age_Bandg. 76+ = 1 onehot_BenCode8 =0

Model has somehow learned that this is not as abnormal despite the high historical claim count

32
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Managing health insurance experience

Like seeing a doctor?

Ask for medical

Look at historical portfolio

history

experience

Examination

Scrutinize the experience

from examination

Investigate anomalies in experience

-

Diagnosis

Example: Claim abuse

p-

Take actions: Product design, claims

Treatment

{ Investigate findings

management etc.

L

34



Conclusion <~

Good management of health insurance

4 N\ N\ N\ ) Happy even in multi-verse

Source: Everything Everywhere All at Once - Wikipedia

|
Il
| iy

35



https://en.wikipedia.org/wiki/Everything_Everywhere_All_at_Once
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Q&A, Comments




Keep up with
latest industry trends...

Visit genre.com/perspective

Follow us on:

@ linkedin.com/company/gen-re 9 twitter.com/Gen_Re



https://twitter.com/Gen_Re
https://www.linkedin.com/company/gen-re
http://www.genre.com/knowledge/blog/?c=n

Proprietary Notice

The material contained in this presentation has been prepared solely for informational purposes
by Gen Re. The material is based on sources believed to be reliable and/or from proprietary data
developed by Gen Re, but we do not represent as to its accuracy, its completeness or its up-to-
dateness. In particular, this information does not constitute legal advice and cannot serve as a
substitute for such advice.

The content of the presentation is copyrighted. Reproduction or transmission is only permitted
with the prior consent of Gen Re.
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