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Abstract

Finding a suitable insurance policy could be difficult due to the variety of insurance plans
and biased agents. In this paper, we demonstrated how we tackled this problem by developing a
web application that could recommend insurance plans based on the input data. The recommender
system used various models to output characteristics of a life insurance policy. Then, it calculated
a similarity between a policy with those attributes and the current policy. Finally, it recommended

5 most similar insurance plans.

Insurance recommender system (Insurex) is a web-based application which is designed and
developed for recommending insurance plans for users. The system estimates the patterns similarity
between insurance packages’ properties and user’s preferences. The recommender mechanism
mainly employs several techniques from machine learning in order to calculate, analyze, and predict
the properties of insurance packages by matching with input user preferences. After finishing the
calculation, the system provides a list of recommend insurance plans to users via the web
application. It also displays the premium, sum assured, and the detail of each insurance plan. In
addition, the system supports both main plan and rider plan in order to recommend appropriate

insurance plans to users.
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2.4. MII38UIVBUATDN (Machine Learning)
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2.4.1. Supervised Learning
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Am | hungry?
Ye/ w
Have | 255 ? Go to sleep
Yes No
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2) Random Forest
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2) Precision
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3) Recall
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TP
Recall= ———
TP+FN
relevant elements
1
How many selected
false negatives true negatives items are relevant?
@

Precision = ——

true positives false positives

Recall = ——
- ‘

selected elements I ‘

51U 2.11 mnilszneumiaaS1an A 1MIMA Precision #a2 Recall
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4) F-Measure
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Precision+Recall

5) Accuracy
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6) Top-K Precision
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2.4.2. Unsupervised Learning
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2.4.3. Reinforcement Learning
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2.5. 52UVUUZIN (Recommender System)
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) fansedlagriien1ud1 (Memory Based)
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Item-based filtering

3N 2.15 HANMIMNNUVBITZUVNUZHMVVAAN T I3

® Aansoelagr 1Y (User-Based Filtering)
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2) ﬁﬂﬂiﬂ\ﬂﬂﬂﬁ%ﬁﬂllﬂ‘ﬂiﬁﬁﬂﬂ (Model Based)
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2.6. MINUIIVIINVDYA (Data Collection)
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2.8.1. Standardizing Data
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2.8.2. Feature Engineering
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2.8.3. Feature Selection
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1) Correlated Feature
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2) Dimensionality Reduction
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2.9, m'ﬁmswmaua (Data Analysis)
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Addressing class imbalance problems of ML via SMOTE: svithesising new dots between existing dots
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2.11. malulag il

2.11.1. Python
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User Info

(2

Yo o & Ay Yo v ) v o F 2 i
l¥dmsunudeyan lasunnuihnsendeya diznoudreneauiae liaegla n.1
L. A v o 9 1 g’/
userid A9 TI’Tﬁ@]'JU,V]L!GU@Qm%}iuﬂ1ﬁﬂ3@ﬂﬂlﬂga!ma$ﬂﬁﬁ
1 g a
gender A9 1WA LUK 910 (male) g WA (female)
A
age 19 ©1¢
1 <3| [}

maritalStatus A9 a91ug wiuily Taa (single), ¥4 & (marriage), CRAERR (divorced) 1oy

nine (widowed)
A a A (] ]
smoke A9 Wi]@ﬂiﬁﬂﬂ']ﬁq‘].luﬂﬁ LL‘]J\‘IHJL! 531] (yes) e hliJLﬂEJ (no)
gl; {PEe 1 g}.z 1 [ 4
jobRate Am YU BN lunt Intmasduiluseaui 1
Y v
premiumBudget Ao wtbodseiunansatse ladedl
{isWholeLife, isSaving, isAnnuity, isCriticallllness, isAccident, isincome, isHostital } Ao M3
o @ I 1 [l 1

donthmnemssinlsziu Huyadu mingnidensziinuiv 1 lugnideniiauilu o

{wholeLifeScore,  savingScore,  annuityScore, criticallllnessScore,  accidentScore,
incomeScore, hospitalScore} 19 AziHUANNTIANVBILAazITIe inimsdendnue

9
= v S 1

] <
Azuuuazliaaa 1-10 vin lulimsgnidenszlianilu o

userid gender age maritalStatus  smoke  jobRate  premiumBudget iswholelife isSaving isAnnuity | isCriticallliness  isAccdent  isIncome  isHospital
) male 10  snge o 1 1000 1 0 e %t o F o 0 0
31 female 60 single yes 1 45000 1 0 0 0 0 0
32 female 60 single yes 1 45000 1 1 0 0 0 0 0
33 female 13 single ne 1 1000 1 0 i} 0 ] 0 0
34 male 34 marriage yes 1 20000 1 0 1] 0 1 0 0

gﬂﬁ 0.1 User Info Table

Recommended Plan
) [ ] A o @ o .
T¥dmsunudeyalszianmsuuziiumuilsziu Taogniy userid ¥991519 User Info
v d 4 [ {
Usznoudienodmine Tt dagili n.2
9
id ﬁ’ﬁ] Wﬁmgmummmmuzﬁmwuﬂﬁzﬂmmazﬂia
LA v vq ¥ ' Y g . A A o o ¢
userid A9 514@’@’3“1/11«!"]]’0\‘1Qiﬂf&luﬂﬁﬂi’aﬂlmazﬂﬂ 131 foreign key Ni¥ounUADANY

userid 31NM13 19 User Info
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v { ) I v o 1 J £
rec_plan_1-5 An unuilsziufszuuuuziinifudoyalugiuun JSON Asfiedene il

{

"coverageDetail": [

"SURUAUGIZA 500%",
"ANATOIGATIYA 500%"
1,

"keyString": "key-ESPAY10",

"other": "",

"plan": [

"ESPAY 10"

I,

"premiumPaymentPeriod": "5 1 &
"title: "uiiAY 5 AR L
"totalPremium": "1500 U1N"
s
{
"coverageDetail": [
"AuAT0IFIANT oNTURUAY 20 T,
"SURUANGIEA 330%",

"AUATOIGAGIGA 300%"

1,

"keyString": "key-E20EEXCPB",
"other": "",

"plan": [

"E20EEXCPB"

]7

"premiumPaymentPeriod": "20 1l "

Y 2a Y v Aa A ~
"ﬂllﬂi@\?“lﬂ@Wi@iJTlJNuﬂu 10 TJ",
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"title": "uiiaY e i 2",
"totalPremium": "1500 UIN"

s

{

"coverageDetail": [
"qunsosFIansonsuRuau 153,
"SURUANFIEA 203%",
"AUATOIGAGIYA 200%"

1,

"keyString": "key-E7PAY 15",
"other": "",

"plan": [

"E7PAY 15"

I,

"premiumPaymentPeriod": "7 ?J",

"tide": "itAY sz T 3,

"totalPremium": "1500 UIN"

!,
{

"coverageDetail": [
"AuAT09FIANTONTURUAY 20 T,
"SURUANGIYR 188%",
"AUATOIGAGIYA 154%"

1,

"keyString": "key-ESPAY20",

"other": "",

"plan": [

"ESPAY20"

I,

"premiumPaymentPeriod": "8 il "

< 1Y) {
"title": "UWAYUTLAUN 4",
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"totalPremium": "1500 UIN"

},
{

"coverageDetail": [

Y aa 9 v a A =
"ANATOIFIAWIDNTUNUAU 42 ‘ll",
"SURUAUGITA 445%",
"AUATOIGAGIYA 200%"

1,
"keyString": "key-E445",
"Other": HH’
"plan”: [
"E445"
1,
"premiumPaymentPeriod": "21 U,
. < o A
"title": "uWAsEAUN 5",

"totalPremium": "1500 VIN"

H
d  wend reepent () \recplnd . recpan3 | (recpand __ recplens
1 18 {"plan™; "ANSMART55",... {plan™ PROWLNP%,.. {'plan™ "PROLP80"... {'plan™ "PROLP70", ... {'plan™ "ANSMART&0"...
2 21 {"plan”; "ANSMARTS5", ... {plan”™: "ANSMARTS... {plan™; PROWLNP... {’plan™: "PROLP80D", ... -~ {"plan™: "PROLP70", ",
3 22 {plan™ PROWLNP", ... {plan™: "PROLPE0%, ... {plan™ PROLPTO"... {plan™ "ESPAY10% "... {"plan™: "E7PAY15", 0
4 23 [plan™ PROWLNP", "... {plan™; "PROLP80", ... {plan™ PROLP70"... {'plan™ ESPAY10%, "... {plan™: "E7PAY15", o
5 24 plan™ "PROWLNP®, ©... {plan™ "PROLP80", ... {plan™ "PROLP70"... {plan™ "ESPAY10", "... {"plan™ "E7PAY15", "0
A
gﬂ‘ﬂ 1.2 Recommended Plan Table
Protection
Y o v I Y @ Py = 1% A 1Y v 7
Gl,c]fﬁ'lﬂ'i‘ULﬂUGUfJEaLLWU‘]J5$ﬂu‘ﬂiglﬂﬂﬂuﬂﬁ@\‘]ﬂaﬂﬂcﬁw ﬂﬂgﬂ“ﬂ .3 ﬂﬁ%ﬂﬂ‘ﬂﬂ?ﬂﬂ@aﬂu
P}
el

planid fi® s aAMNULNUITLAU
A d‘ (%
plan_name A9 FOUNUTZAU
9
payment_period A9 5E8zIATIY

diviend Ao NuTuma A1 ludRuTurazunude 0 S1azuNUdIY 1
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9 v 9 v
min_sumassured A9 S1AURUNULTZAUTUM i lilmsfvuadudazunudie -1

9
° a o 1 o Y Y
max_sumassured A0 $1UURUNUIsZAUgIga wn lulimstvuaiugegaazunuaie -

1
. = Y oA o @ Y
min_coverage age f19 mqﬂlu@mmmmmﬂizﬂu%
A A o v Y
max_coverage age f19 61@@@@ﬂﬂﬁ1u1iﬂﬂ1ﬂi$ﬂu1ﬂ
LAy = o
coverage_period 19 flUATOIDIDIYNNIHUA
planid plan_name payment_period  dividend min_sumassured max_sumassured ~min_coverage_age max_COVErage_age —coverage_period
101 PROLP70 70 0 500000 -l 18 60 70
102 PROLPS0 80 Q 500000 -1 18 60 80
103 PROCID10 10 0 200000 4999999 0 65 99
104 PROCID20 20 0 200000 4999959 0 65 99
105 PROCID1OP 10 0 5000000 15000000 i) 65 99
g‘lj‘ﬁ 1.3 Protection table
Endowment
o (7 ] [ @ J { v
lddmsunudeyaunuilsziulszmnazduning a1l n.4 dszneudisneduil
4
ao 'l
. A v v
planid A9 FHAAMNUIANULTENU
= d‘ [
plan_name fi® FoUNUsZNU
Y
payment_period Ao seeznatsiie
coverage period Ao S$S$L361ﬂ1iﬁmﬂiﬂi
Yy v
total cashback Ao JATUIIUANTINAIAY
. A g o A o @ Y
min_coverage_age f19 81gUUA ‘I/Iﬁmﬁmfﬂ‘ﬂizﬂuhlﬂ
A A o v 4
max_coverage age f19 @1@@@@@%61N159%1ﬂi$ﬂuqﬂ
coverage end 19 ANUANATOIFIGA
Y i Y v
min_sumassured o éﬁmaumunuﬂszﬂuwﬁw Win ldlmsmvuatudazunuaie -1
9
max_sumassured Ao '1)°1mumuvguﬂﬁzﬂuqqqﬂ mﬂ"lnﬁmﬁﬂmumuqqqmmmuﬁ’w -
1

. A o [ Yo a A
cashback times 19 Suauaselums IasuRuay

plan_name  payment_period coverage_period total_cashback min_coverage_age max_coverage_age coverage_end min_sum_assured max_sum_assured cashback_time:
ESPAY10 5 10 5 16 60 5 20000 1000000 9

E7PAY15 7 15 203 0 n 2 100000 -1 8
ESPAY20 8 20 1.88 1] 0 154 100000 1 10
E1SPAY25 15 25 144 1] n 135 100000 1 24
E15PAY30 15 30 178 ] ol 15 100000 -1 29
E20EEXCPB 20 20 3.3 0 ] 3 100000 1 5
EH45 21 42 4.45 1] 57 2 100000 1 2

gﬂﬁ N.4 Endowment Table
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Annuity

o v < @ o @ { v J 4
l¥dmsunudeyaunusgiulszinnihng asgii n.s dsznoudeneauiae 11
planid fi® s aAMNULNUITLAU

A d‘ (%
plan_name A9 FoUNULTZAU

'
A 9 o Aa o

pension_age start ﬁ’e) DIYLTUAUIVNUVIUY
Y
pension_age end Ao 22YAUFANITIVRUUIUIY
. A [ a ) 4‘ Yo T A A v A [
pension rate A9 ammu‘ummm"lmm@ﬂmamuuunuﬂﬁzﬂu

g

=

coverage until age Ao fi’uﬂimﬁ)ummq
. A o dy [T
pay_until age f1® "If’lizl‘]_lﬁl‘ﬂi&:ﬂuﬂﬂmq
v i 9 v
min_sumassured Ao S1IMRUNUYsEAUTLA i ldTmsfmuadudazunudie -1
. A d & A o @ Y
min_coverage_age A0 01gUUMATT0l52A 0 ]A

A A o v oy
max_coverage age 10 mqqqummmmﬂixﬂu%

planid | plan_name pension_age_start  pension_age end pension_rate  coverage_untl_age  pay_unti_age min_sumassured min_coverage_age = max_coverage_age

301
302
303
304
305

ANBD85 &0 85 0.1 &0 60 100000 30 55
ANFDX 60 85 0.0625 50 60 200000 20 55
ANSMARTSS 55 90 0.15 55 55 100000 20 50
ANSMARTS0 60 90 0.15 60 o0 100000 20 50

ANSMARTE5 65 90 0.15 65 65 100000 20 50

gﬂﬁ 7.5 Annuity Table

ProPackage

o [ < < [ [ A a o {
TgdmFwmnvdeyauinlsziuquaseinaoadundondyyuiuan aegii n.6

Y
sznoualunaduiiae 1l

planid Ao sHaAMNULHUTE AU

A ﬁl [
plan_name 19 FouruUsENU

' v
o = o

Y
min_coverage age v DIUUMNAINIOTTzAU ]S

A P o v Y
max_coverage age f1® mqqqawmmmmﬂizﬂu%

Q

{PROWLNP, PRO10FORS0, PRO20PLP, PROLC} fie U5ziuduninsnanaduiigniaiiu

Y & a Y I a o A 1 A g
gaunulszin minlugainiilsenusglidoyailuRuyuilseiuiuduou Tifidu -1

= [

{AHC, ADB/RCC, ADD/RCC, WP, ECIR, H&S, HB} fio dayyuinuaniigniailugaimu

u q

[ a =~

Y
Usziu mnlugainidsziuziiveyailutunulseuimiveu lifidh -1
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plan_id plan_name min_coverage_age max_coverage_sge AHC ADBRCC ADD/RCC PROWLNP PROIOFORB0 PROZ0PLP  PROLC WP ECIR H&s HB

501
502
503
504
505

PROHG1 16 55 100000 100000 1 75000 -1 -1 - 0 -1 1000 400
PROHG2 16 55 300000 300000 1 75000 1 1 2200 600
PROHG3 16 55 400000 400000 -1 75000 1 1 2800 800
PROHGVIP 16 55 700000 1000000 1 75000 -1 -1 4000 1000
PROHGS1 16 55 100000 100000 1 100000 1 1 1000 400

517 n.6 ProPackage Table

o A
oo oo
[

Rider

v I 9

) @ @ A a @ { [
T¥dmSunudoyaunuilsziulszinndyaunudy degii n.7 Uszneudlrenodu

EY)
4

ao i

planid Ao sHaAAMNUIHLTE Y

A A o
plan_name 7B Fouruilsziu
plan_type 719 Uszinnupsdaynunuia

A Y Yy 19 9 [
coverage_type 19 Uszinnvesnnuduases laun quaseslsnitonss (@), yaresioiu

HazMINBINGIUIA (5) 1Ay ﬁummqﬂ’ﬁmﬂ (6)

plm;id plan_-n;m;e—pla-n_ty!pe coi.-'eu-rage_type

/401 AHC 1 4
%02 CP 1 4
403 . are 1 4
04 . cIC 1 4
405 /\CIT 2 4

iﬂﬁ 0.7 Rider Table

U

Cashback for Endowment

[

o v I a [ o d { v d
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no plan_name policy_year cashback_rate coverage_rate
1 ESPAY10 1 0 1
2 ESPAY10 2 0.04 2
3 ESPAY10 3 0.04 3
4 ESPAY 10 4 0.04 4
5 ESPAY10 5 0.04 5
6 ESPAY10 6 0.04 5
7 ESPAY10 7 0.04 5
8 ESPAY10 8 0.04 5
] ESPAY10 9 0.04 5
10 ESPAY10 10 4,68 5

gﬂﬁ 1.8 Cashback for En Table

Critical Illness
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{AHC, CIP, CIPG, ECIR, PBCI, CIC, CIT} flo dyy unuanNasounay 1snadna vin
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TsaunSomzerlignaty 1 1
msshdniiiasandaulsauaiaan 1 1
Lsanaasdannladuisnesmenisaiuiaan 2 1
nstaaaandanuiila 2 1
msdatsrauiilamemsaiunaanias 2 1
msinm isanaamaanuningasadehianisla 2 1
mislarsasnsataudaniunaamband Ing 2 1

317 0.9 Critical Iliness Table
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JobRate
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317 n.10 JobRate Table

job_id thainame engname level
101 HusSnisszauge CEO 1
102 WeasfAamseuaing Large Business Owner 1
103 wand Docter 1
104 waua Nurse 1
105 UTEWETUIA Male MNurse 1





