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ANOTACIJA

Lai apdro$inasanas produkti darbotos veiksmigi, viens no butiskakajiem faktoriem ir
apdroSinasana risku izvertéSana. Viena no risku izveértéSanas sastavdalam ir iesp&jamo
apdroSinasanas atlidzibas apmeéra prognoz€Sana, balstoties gan uz apdroSinata objekta
raksturlielumiem, gan klienta parametriem un v&sturi.

Saja darba tika apskatitas dzilo neironu tiklu tehnologiju pielietojums apdroginasanas
atlidzibu summu novértésana un balstoties uz transportlidzeklu apdrosSinasanas atlidzibu
datiem, tika izveidots un apmacits dzilo neironu tikla modelis. Tika izveidots risinajums, ar
kura palidzibu var prognozét apdrosinasanas atlidzibu rezervju lielumu nakamajiem periodiem,
izmantojot klienta un apdrosinasanas objekta datus. Transportlidzeklu apdroSinasana tika
izvE€l&ta tapec, ka tai ir pieejama pietickami liela datu kopa.

Darba gaita tika veikta datu analize un priekSapstrade, pazimju vektoru izveide, modela
trengSana un iegiito rezultatu analize. P&tot ieglitos rezultatus, tika konstatets, ka vairuma
gadijumu zaud&jumu funkcija dilst gan izmantojot trenina, gan testa datu kopas, bet iegiitas
prognozes konvergé uz datu kopas vidéjam vértibam, kas norada, ka datu kopas apmérs ir
nepietiekams.

S1 darba rezultati varés tik izmantoti ka viena no sastavdalam talakai apdro§inasanas
atlidzibu rezervju noteikSanai un atlidzibas lieluma prognozeSanai.

Atslégvardi: apdrosinasana, zaud&jumu atlidzibas, dzila masinmaciSanas, tensorflow,

regresija, klasifikacija



ABSTRACT

The theme of master thesis: Motor insurance claims prediction using deep neural networks

For insurance products to work successfully, one of the most important factors is the
insurance risk assessment. One of the components of risk assessment is forecasting the amount
of possible insurance indemnity based on both the characteristics of the insured object and the
customer's parameters and history.

In a Master thesis (MA thesis), the use of deep neural network technologies in the
estimation of insurance claims amounts was analyzed and a deep neural network model was
developed and trained based on vehicle insurance data. A solution was created to predict the
size of insurance claims reserves for future periods using customer and insurance object data.
Vehicle insurance was chosen because it has enough data available.

In the course of the MA thesis, data analysis and preprocessing, creation of feature
vectors, model training and analysis of the obtained results were performed. By the results
obtained in research, it was found that in most cases the loss function decreases both through
training and test data sets, but the resulting predictions converge to the average values in the
dataset, indicating that the size of the dataset is insufficient.

The results of this MA thesis will be used as one of the components for further
determination of insurance claims reserves and forecasting the amount of remuneration.

Keywords: insurance, loss compensation, deep machine learning, tensorflow,

regression, classification



AUTOREFERATS
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APZIMEJUMU SARAKSTS

Al — maksligais intelekts (Artificial Intelligence)

API — lietojumprogrammu saskarne (Application Programming Interface)
IDE - integréta izstrades vide (Integrated Development Environment)

0T — lietu internets (Internet of Things)

CPU — centralais procesors (Central processing unit)

GPU - grafiskais procesors (Graphics processing unit)

DNN — dzilie neironu tikli (Deep Neural Networks)

RNN — rekurentie neironu tikli (Recurrent Neural Networks)

ER — Entitiju relacijas

SQL - strukturéta vaicajumu valoda

LTAB - Latvijas Transportlidzeklu apdroSinaSanas birojs

OCTA — Sauszemes transportlidzekla Tpasnieka civiltiesiskas atbildibas obligata apdroSinasana
KASKO - Brivpratiga sauszemes transportlidzeklu apdros§inasana

CSNg — celu satiksmes negadijums

BM — apdrosinaSanas bonus-malus klase/sisteéma

ATVK - administrativo teritoriju un teritorialo vienibu klasifikators

KPI — izpildes pamat raditaji (Key Performance Indicator)

GLM - visparinatais linearais modelis (General Linear Model)

IBNR — pieteikto bet neizmaksato atlidzibu rezerve (Incurred But Not Reported Reserve)



IEVADS

Sobrid dazadas aktudlas masdienu tehnologijas sak bitiski mainit apdrosinasanas
nozari. Tadas tehnologijas ka makonskaitlosana, lietu internets (IoT), telematikas sistémas,
globalas pozicion€Sanas sistemas (GPS), mobilie talruni, digitalas platformas, droni,
“blockchain”, maksligais intelekts piedava jaunus veidus un iesp€jas ka vadit un novertét
apdroSinamos riskus, sadarboties ar klientiem, samazinat izdevumus un palielinat efektivitati.
Sis tehnologijas paver arf iespg&ju radit jaunus apdro§inasanas produktus, servisus un biznesa
modelus. Péc Acenture “Technology Vision 2017”[1] pétijuma datiem, 87% respondentu
uzskata, ka tehnologiju attistiba notick ne vairs lineara, bet gan eksponenciala veida.

Apdrosinasanas industrijas biznesa modela pamata ir riski, bet datu tehnologijas butiski
maina So risku izvertéSanas metodes, jo ir pieejami arvien jauni veidi ka iegiit, apkopot un
analiz&t datus. P&c “International Data Corporation” [1] pétijuma , ik p&c diviem gadiem, datu
apjoms pasaulé dubultojas.

Jau Sobrid eksisté neskaitami datu avoti, kas uzkraj pakalpojumu lietotaju datus reala
laika, tada veida laujot arvien labak aprékinat un parvaldit riskus. Apdro$inataji sak izmantot
So pieaugoso datu apjomu, lai samazinatu nezinamo skaitu savos riska modelos, tada veida
samazinot riskus un zaud€jumus, personaliz€jot prémiju aprékinus un piedavajot jaunus
produktus un pakalpojumus.

Lietu internets ir labs piem&rs ka jaunie datu avoti nodro$ina iesp&ju sakt apdrosinasanas
nozares transformaciju. Lietu internet ir visdazadakas ierices, kas ir saslégtas vienota tikla un
Sie mezgli lauj uzraudzit, uzkrat un dalities ar datiem interneta. So iekartu skaits nemitigi pieaug
un to skaits 2020. gada tiek prognozéts vairak ka 20 miljardi. Sis tikla saslegtas iekartas ir gan
vied ierices, gan maju un transportlidzeklu dro§ibas sisteémas, gan virtuves iekartas, gan
kameras, gan sensori (piem. termostati, Udens noplides, u.c.) un daudzi citi. Butisks
izaicinajums ir efektiva datu apjoma izmantoSana praktiski lietojamos risinajumos un
platformas.

Arvien pieaugosais viedtalrunu skaits ka art lietotaju pakalpojumu iegades paradumu
maina dod iesp&ju ieviest jaunus risindjumus, kas nodroSina labaku lietoSanas pieredzi,
informacijas pieeju un pielagojamibu ka tradicionalie apdroSinasanas pakalpojumu sniegSanas
kanali, P&c Munich RE prognozém Error! Reference source not found., 2020. gada tieSsaistes p
ardoSanas apjoms pieaugs par 25%. Lidz ar daliSanas ekonomikas pieaugumu un S§is
ekonomikas parstavju (tadu ka Airbnb, Uber, u.c.) popularitates kapumu, pieaug ari

nepiecieSamiba ieviest “p&c pieprasijuma’” apdroSinaSanas produktus un platformas. Piemérs ir



apdro§inasanas kompanija “Trov” (https://trov.com/), kas nodroSina  kustama ipasuma
apdroSinasanu uz loti Tsiem terminiem.

Ja salidzinam tehnologijas, kas eksist&ja kaut vai dazus gadus iepriek$ un to, kas ir
tagad, var secinat, ka tas klust arvien interaktivakas. Tadas tehnologijas ka skarienjutigie ekrani,
“jaukta” realitate, dabiskas valodas apstrades procesi, kliist arvien cilvékam draudzigaki.
Izmantojot konteksta analizi, att€lu atpaziSanu un dzilas masinmaciSanas algoritmus, STm
tehnologijam ir paradijusies iesp&ja macities, kas lauj tas gan personificét, gan pielagot dazadu
industriju vajadzibam.

Vesturiski apdrosinaSanas industrija nav bijusi lidere ar lietotdja pieredzi saistito
inovaciju joma. Sobrid, 1idz ar Al tehnologiju iendk$anu, §T konservativa pieeja biitiski mainas.
Piem@ram Al var tikt pielietots zaud€jumu regul€Sanas procesa. Ja esoSaja apdroSinasanas
zaud@jumu regul@Sanas procesa ir iesaistiti daudz darbinieku, tad izmantojot Al un citas
tehnologijas var automatiz&t gan zaud&jumu pieteikSanas, gan zaudéjumu apméra noteiksanas,
gan komunikacijas procesus. Otrs bitisks aspekts zaudejumu regul€Sanas procesa ir
krapniecisku darbibu identificé$ana. Sobrid krapnieciskas darbibas, apdrosinasanas industrijai,
izmaksa vairak ka 40 miljardus ASV dolarus gada. Al algoritmi var identificét datu modelus
un identificét krapnieciskas darbibas. TreSais virziens, kur piedalas Al ir: aktuar aprékini,

precizi risku aprékini un apdroSinasanas piedavajumu personifikacija.


https://trov.com/

1. TRANSPORTLIDZEKLU APDROSINASANAS ATLIDZIBU
REGULESANA

Lai gan apdroSinasanas nozare ir diezgan konservativa, dzilo neironu tiklu pielietojums
apdros§inasanas industrija var€tu biit loti plass. Viena pielietojumu loks ir [idzigs citam biznesa
nozarém, tas ir dokumentu atpaziSana, klasifikacija un digitalizacija, virtualo asistentu
pielietojumi gan klientu apkalpoSana, gan komunicg€jot ar uzneémuma sadarbibas partneriem un
icksgjiem darbiniekiem, procesu automatizacija un automatisko lémumu pienemsanas sistému
ievieSana. Otra pielietojumu sfera ir tiesi saistita ar apdroSinasanas sabiedribu pamatdarbibu.
Tas ir, apdroSinasanas risku izvert€Sana, lai noteiktu péc iesp€jas precizaku un uzn€mumam
pelnu nesosu apdrosinasanas prémiju, zaudéjumu pieteikumu apstrades procesa automatizacija,
apdro$inasanas krapniecibas draudu prognoz€Sana un novérSana, apdrosSinasanas risku
parvaldiba.

Dzilas maSinmaciSanas izmantoSanas pielietojums ir iesp&jams, sakot no atlidzibu
pieteikuma registréSanas lidz pat pilnigai atlidzibu lietas noreguléSanai. Vairakas
apdro$inasanas kompanijas ir sakusas atlidzibu regul€Sanas procesu automatizaciju, tadejadi
uzlabojot klientu apmierinatibas limeni un samazinot atlidzibu lietu noregul&Sanas laiku.
Masinmacisanas prognozeéSanas modeli lauj optimizet atlidzibu izmaksas, ka ar7 arvien precizak
noteikt atlidzibu rezervju lielumu, kas lauj samazinat uznémuma rezervéto (iesaldéto) finansu

lidzeklu apjomu.

1.1. Zaudéjumu pieteikumu apstrades process

Saja darba es apskatiu divus apdrosinasanas veidus, kur apdroSinatais objekts ir
transportlidzeklis veidi.

KASKO, kas ir brivpratiga transportlidzeklu apdroSinasana pret tadiem riskiem ka zadziba,
transportlidzekla bojajumi vai bojaeja, vgjstiklu bojajumi, transportlidzeklu aizvietoSana, u.c.
Dazadam apdroSinasanas kompanijam, apdroSinasanas liguma ieklautie riski var atskirties. Visi
iesp&jamie riski un nosacijumi ir atrunati, katras apdroSinasanas sabiedribas apdroSinaSanas
veida noteikumos.

OCTA 1ir obligata civiltiesiska transportlidzeklu apdroSinasana, kas nozimé, ka Saja
apdroSinasanas veida, tiks atlidzinati zaud€jumi otrajai pusei par polises 1pasniek nodarito
kait€§jumi. Ari S$aja apdroSinaSanas veida apdroSinatais objekts ir transportlidzeklis.
Apdrosinatie riski ir noteikti likuma Error! Reference source not found. un tie ietver gan t
ransportlidzeklu bojajumu un bojaejas riskus, gan personu veselibai nodarita kait&juma risku,

u.c.
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1.1.1. Apdrosinasanas gadijumu pieteikSana

Apdrosinasanas sabiedribas izstrada arvien jaunus veidus ka pieteikt atlidzibu pieteikumus.
So pasakumu mérkis ir savakt péc iesp&jas precizakus un kvalitativakus datus, lai nodroginatu
pec iespgjas kvalitativaku klientu apkalpoSanas procesu un nodroSinatu atlidzibu lieluma
novértésanu, ka art nodrosinatu apdrosinasanas risku noveértésanu nakamajiem apdroSinasanas
ligumiem, lai noteiktu atbilstosu apdrogina$anas prémiju. So datu apkopo$ana un aprekinu
precizitate ir svariga, lai no vienas puses neaizbiedétu klientus ar lielam apdroSinaSanas
iemaksam, bet no otras puses, ja aprékinata apdroSinasanas prémija ir par mazu, lai neraditu
zaud@jumus uznémumam. Vacot informaciju par apdroSinaSanas gadijumiem, apdroSinaSanas
uznémumiem ir jamekl€ kompromiss starp datu detalizaciju un nepiecieSamo laiku, kas
vajadzigs klientiem, lai sniegtu So informaciju. Atskiriba no banku biznesa, kur klients atrodas
nepartraukta mijiedarbiba ar banku, veicot maksajumus, apdroSinaSanas procesa klients griezas

pie apdrosinataja, galvenokart, tikai sledzot ligumu un pieprasot zaudéjumu atlidzibu.

Klients Banka Klients
Apdrosinasanas A ) Karteéjo maksajumu ) Zaudéjumu
liguma slégsana veiksana regulésanas proces

y

Atlidzibas izmaksa |[€—— D ——"

Apdrosinasanas
liguma atjaunosana

1.1. att. ApdroSinasanas process no klienta skatu punkta

Lidz ar to ir apdroSinatajiem ir svarigi, tajos procesa posmos, kuros klients ir pieejams,
savakt nepiecieSamo informaciju, iegit atgriezenisko saiti un vienlaicigi nodro§inatu augstu
klientu apkalpoSanas kvalitati. Lai sasniegtu So mérki, apdroSinasanas uznémumiem ir javeido
procesuali un tehnologiski risinajumi, gan veicot pieejamo datu analizi un apstradi, gan veidojot
saskarnes ar treSo pusSu piedavatajiem servisiem, pieméram, LTAB un CSDD datu bazes,
Lursoft uznémumu registrs, u.c. Lidz ar to apdro$inasanas gadijuma pieteikSana var notikt
dazados veidos, gan klatiené - aizpildot pieteikumu, gan attalinati — izmantojot mobilas vai

timekla aplikacijas , vai izmantojot apdroSinataja zvanu centra pakalpojumus.
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1.1.2. Zaudejumu pieteikumu registréSana izmantojot saskanoto pazinojumu

Saskanotais pazinojums ir standartiz€ta veidlapa, kura tiek aprakstiti celu satiksmes
negadijuma apstakli Error! Reference source not found.. Sis veidlapas darbojas vairak ka 20 E
iropas valstis. Saskanotais pazinojums sastav no divam veidlapam, kuras aizpilda abi celu
satiksmes negadijuma dalibnieki. Atbilstosi LTAB datiem Error! Reference source not f
ound.Error! Reference source not found., vairak ka 64% negadijumu tiek pieteikti,
izmantojot saskanoto pazinojumu. Kopa ir jaaizpilda 15 punkti un jaapliecina ar parakstu.
Saskanotais pazinojums lauj fiksét negadijuma apstaklus bez celu policijas iesaistes, kas lauj
ekonomét celu satiksmes negadijumu laiku. So pieteikuma formu drikst izmantot, ja CSNg ir
iesaistiti tikai 2 transportlidzekli, nav cietu$as personas, nav cietusi treSo personu manta un
negadijuma iesaistitie transportlidzekli drikst un var turpinat celu pasu spekiem.

SASKANOTAIS PAZINOJUMS PAR CELU SATIKSMES NEGADDUMU. 12 ps

o dotums | Loks [ Motk viets | View . . . .. .. ... [N ievainotie, iesk. viegl sevanotos
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Ta ka veidlapa ir standartiz€ta, tad tas digitalizacijai ir iesp&ja, ar augstu precizitati,
izmantot att€lu atpaziSanas maSinmacisanas algoritmus. Celu satiksmes negadijumu
apstakli pazinojuma tiek fikseti grafiska zim&juma veida ar aprakstu teksta forma, lidz ar to
ir nepiecieSams izmantot ar1 tekstu atpaziSanas algoritmus. Ja celu satiksmes negadijums
noticis arzemées, tad viena no veidlapam var bt aizpildita kada no Eiropas valstu valodam.
Saja gadfjuma ir jaizmanto gan attéla un teksta atpaziSana, un tulko$ana. Visas §Ts
problémas ir iespgja risinat ar dzilas masinmaciSanas algoritmiem, tada veida nodrosinot
datu apstrades automatizaciju.

Sakot ar 2018. gada novembri ir pieejama mobila aplikacija, lai aizpilditu saskanota
pazinojuma datus. Tada veida jau lielaka dala datu tiek iegiita strukturéta veida, bet faktiskie
transportlidzeklu bojajumi tiek iesniegti attelu veida. Sobrid lielakoties %o attélu informacija
tiek apstradata manuali. Automatiz€t So procesu ir liels izaicinajums, bet tas biitiski
paatrinatu zaud€juma regul@Sanas procesu, taupitu cilvék resursus un paaugstinatu klientu

apmierinatibas Itmeni.

1.1.3. Zaudeéjumu pieteikumu registreSana zvanu centra

Vel viena iespgja pieteikt zaud&jumu, ir uznémuma zvanu centra. Sarunas laika zvanu
centra specialistam, atbilstoSi izstradatajiem vedniem, ir nepiecieSams iegiit sekojosu
informaciju:

e Identificet klientu

e Personas vards, uzvards un personas kods

e dzimSanas datums nerezidentam personam

e Celu satiksmes negadijuma datums, laiks un vieta

o [esaistitie transportlidzekli

o Registracijas numurs
o Apliecibas numurs
o Marka, modelis, $asijas numurs arvalstis registrétiem transportlidzekliem

e Notikuma apstakli

e ApdroSinasanas polises numurs (nav obligati)

Pilna pieteikuma informacija ir pieejama audio informacijas veida, Iidz ar to datu apstradé
ir iesp€jams izmantot virtualos asistentus un audio datu analizi un atpaziSanu. Tada veida ir
iespgjams gan automatizét zaud€jumu pieteikSanas procesu, gan uzkrat un analizét klientu
apkalposanas kvalitates datus. Sada prakse jau tiek lietota viena no lielakajam apdrosinasanas
kompanijam pasaulé Munich Re grupa, dazos pilotprojektos Error! Reference source not f

ound.Error! Reference source not found.Error! Reference source not found.
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1.1.4. Zaudejumu pieteikumu registreSanas citas iespejas

Prakse, apdrosinasanas uznémumi izmanto kompleksas metodes ka savakt datus, gan
klatieng, gan attalinati, gan verbali, gan izmantojot tehnologiskus rikus. Turpmak $aja darba
tiks izmantoti jau apkopoti un dal&ji strukturti dati par celu satiksmes negadijumiem Latvija

vairak ka 10 gadu perioda.

1.2. Krapniecibas gadijumu noteikSana

Apdrosinasanas nozarg, viena no jomam, kurai tiek pieversta liela uzmaniba, ir krapniecibas
novérSana. Krapnieciba ietekmé ne tikai apdroSinasanas uznémumus, bet ar1 apdroSinataju
klientus, jo krapniecibas gadijjumu limenis ietekm& ari apdro$inasanas prémiju pieaugumu.
Apdrosinasana, krapnieciba var notikt loti daudzos apdrosinasanas procesa posmos — gan risku
izvertesanas laika, gan liguma izdoSanas procesa, gan veicot maksajumus, gan piesakot un
regulgjot zaud@umus. To var veikt gan klienti, gan apdroSinaSanas starpnieki, brokeri,
darbinieki ka arT treSo pusu pakalpojumu sniedzgji — tadi ka transportlidzeklu remont servisi,
vertetaji, u.c. Apdrosinasana, draudus var iedalit 2 grupas, kuriem p&c savas biitibas ir pilnigi
dazada daba. Oportinistiska krapnieciba — tos parasti rada privatas personas, kurai ir radusies
iesp&ja iegiit augstaku zaud&juma novertejumu, piemeram ieglstot augstaku remontdarbu tami.
Sie krap3anas gadijumi parasti ir vienkarsi un raditie zaudgjumi salidzinosi zemi. Otra grupa ir
profesionala krapnieciba, kur darbiba tiek veikta organizétas grupas un veérsta uzreiz pret
vairakiem uznpémumiem. Lai gan krapSanas gadijumu skaits Saja grupa ir zemaks, toties izkrapta
summa viena incidenta ir krietni lielaka.

Salidzinot ar citiem apdroSinasanas veidiem, transportlidzeklu apdro$inaSana, krapniecibai
tiek pieversta 1pasi liela nozime. Aptuveni viena treSdala no datizraces un prognoze€josas
modeléSanas pielietojumiem finanSu draudu monitorésanas joma, tiek izmantota
transportlidzeklu apdrosinasana [6] A. Abdallah,M.A.Maarof, A. Zainal, Fraud detection
system: a survey, Journal of Network and Computer Applications 68 (2016) 90-113.
https://datubazes.lanet.lv:2076/science/article/pii/S1084804516300571

[7] EW.T. Ngai, Y. Hu, Y.H.Wong, Y. Chen, X. Sun, The application of data mining
techniques in financial fraud detection: a classification framework and an academic review
of literature, Decision Support Systems 50 (3) (2011) 559-569.
https://datubazes.lanet.lv:2076/science/article/pii/S0167923610001302
[8] Vipula Rawte, G Anuradha 2015 International Conference on Communication,

Information & Computing Technology (ICCICT), Jan. 16-17
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https://www.researchgate.net/publication/282538462_Fraud_detection_in_health_insurance_u
sing_data_mining_techniques
[9] FRISS [Tiessaite] https://knowledge.friss.com/survey-insurance-fraud-2019
https://www.friss.com/resources/
[10] Y. Wang, W. Xu, Leveraging deep learning with LDA-based text analytics to detect
automobile insurance fraud, Decision Support Systems 105 (2018) 87-95
https://datubazes.lanet.lv:2076/science/article/pii/S0167923617302130
[11] Ibiwoye, A., Ajibola, O. O. E. and Sogunro, A. B. 2012. Artificial Neural
Network Model for Predicting Insurance Insolvency, International Journal of
Management and Business Research, 2(1) 59- 68.
. Biezak sastopamie krapniecibas veidi ir:
e Maksligi veidotas transportlidzeklu zadzibas
e Negadijuma apstaklu viltoSana, siidzibu iesniegSana, nepatiesu zaudéjuma apmeéra
noradisana pieteikuma, lai no apdro$inasanas gadijuma gutu lielaku labumu ne ka ir
patiesie zaud&jumi
e Pieprasit atlidzibu par treSo pusu atbildibu
e Sadarbiba ar apdroSinasanas starpniekiem un brokeriem, lai veidotu viltotus
zaud€juma pieteikumus
Apdrosinasanas industrija tiek pielietotas vairakas pamat metodes, lai atklatu krapniecibas
gadijumus ka arf, lai tos novérstu nakotné. [8] Vipula Rawte, G Anuradha 2015
International Conference on Communication, Information & Computing Technology
(ICCICT), Jan. 16-17
https://www.researchgate.net/publication/282538462_Fraud_detection_in_health_insurance_u
sing_data_mining_techniques
[9] FRISS [Tiessaite] https://knowledge.friss.com/survey-insurance-fraud-2019
https://www.friss.com/resources/
[10] Y. Wang, W. Xu, Leveraging deep learning with LDA-based text analytics to detect
automobile insurance fraud, Decision Support Systems 105 (2018) 87-95
https://datubazes.lanet.lv:2076/science/article/pii/S0167923617302130
[11] Ibiwoye, A., Ajibola, O. O. E. and Sogunro, A. B. 2012. Artificial Neural
Network Model for Predicting Insurance Insolvency, International Journal of
Management and Business Research, 2(1) 59- 68.
. Ta ka neeksiste viena labaka metode, prakse tick izmantotas vairakas metodes kopa ka

komplekss risinajums.
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1.2.1. Biznesa nosacijumu parbaudes

Uz nosactjumu parbaudem balstitas sist€émas parbauda transakciju atbilstibu ieprieks
definétiem likumiem vai algoritmiem. Ja kads no likumiem nostrada, tad atrasta transakcija tiek
atziméta ka aizdomiga. Pieméram, ja kada noteikta laika vieniba, atlidzibu skaits uz vienu
klientu vai apdrosinato objektu parsniedz noteiktu slieksni, tad objekts, klients vai transakcija
var tik markéta ka aizdomiga un talak var tikt veiktas vai nu automatiskas vai manualas, risku
mazinasanas procesa paredzetas darbibas. Sis metodes prieksrociba ir tas vienkar$iba, jo
nosactjumi ir stingri definéti, tos ir salidzinoS$i viegli saprast. Marketas transakcijas ir viegli
atrast izmantojot datu bazu mekléanas iesp&jas. Sis metodes trikums ir lielais, nepareizi
detekteto krapniecibas gadijumu skaits, ka ar tas, ka parbauzu nosactjumi ir balstiti uz pagatnes
datiem un tada veida ir gruti atklat jaunus krapniecibas veidus. Neskatoties uz §1s metodes
trikumiem, biznesa nosacijumu parbaudes ir pietickami labas, pamat aizsardzibas

nodroS$inasanai.

1.2.2. Anomaliju atklasana

Lai atklatu anomalijas, kas liecina par krapSanas gadijumiem, ir janosaka uzdevumu,
procesu, notikumu izpildes pamat raditaji (KPI). Janodefiné raditaju sliekSni normalas
uzvedibas situacijas. Ja kada raditaja slieksnis tiek parkapts, tas tiek uzskatits par anomaliju un
attiecigi tiek mark@ts sistéma vai nositits manualam parbaudem. Sadas pieejas prieksrociba ir
tas, ka to ir salidzinosi viegli ieviest. Ja vajadzigie sliek$ni un pamat raditaji ir noteikti, sistéma
var darboties automatiska reZima un zaudéjumu specialistu uzdevums ir sekot Iidzi atklatajam
anomalijam un rikoties atbilstosi noteiktajam procediiram. Sarezgitaka §is pieejas dala ir noteikt
indikatorus, ko mérit, noteikt pareizus sliek$nus, lai noteiktu anomalijas, bet taja pasa laika, lai
minimizeétu nepareizi noteikto incidentu skaitu. Nosakot sliekSnus par augstu, netiks noteikti
potencialie krapniecibas gadijumi, savukart nosakot tos par zemu, tiks téréti resursi, lai izskatitu
nepareizi noteiktos krapniecibas gadijumus. Anomaliju atklaSana bieZi tiek lietotas divi analizes
veidi: profilésanas modeli, kur tiek izveidoti personu vai grupu uzvedibas modeli balstoties uz
vesturiskajiem datiem un p&c tam tiek pielietoti uz aktualajiem datiem. Otra pieeja ir klasteru

noteik$ana.

1.2.3. Prognozejosa modelesana

Pedejos gados apdroSinasanas uznému arvien vairak sak veidot datu prognozeSanas
modelus, lai risinatu dazadus, ar apdrosinasanas problémam saistitus, jautajumus. Viens no
veidiem ka veidot $adus modelus ir izmantojot masinmaciSanas metodes. MaSinmaciSanas

metodém ir vairakas prieksrocibas salidzinot ar citam pieejam. Viena no tam ir atrums. Ta ka
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liela dala no operacijam notiek tieSsaiste, ir svarigi pienemt lémumus atrak ka sekundes laika
un katras transakcijas vai operacijas laika ir svarigi pienemt l€mumu par krapniecibas gadijuma
iesp&jamibu. Apmacits masSinmacisanas modelis spgj to paveikt bez manualas iesaistes. Ir
janem vera arf tas, ka ir jaapstrada ne tikai strukturéti dati, bet arT tekstuala informacija, audio
dati, ka ar1 vizuala informacija, pieméram transportlidzeklu bojajumi dazados laika brizos.

Zemak redzamaja attéla ir redzams visparéjs krapniecibas noteiksanas ietvars.

Data Preprocess Text Mining
Topic-Word
Text Data Split Text ikl
o Latent Matrix
Chinese Word -
B X Dirichlet
Segmentation

Adlocation

Topical

Featres
Vehicle
Insurance
Claims Structural Data Model
. . Gienerated Dieep Neural
(- |
Humenc st Numeric Features Networks

]

et S . Detection
Categorical ] GLI.IL[;(I..U (_lm. I.Iul Model
Data Categorical Feature Encoding

1.3. att. DNN ietvars apdrosinasanas krapniecibas noteik§anai [10]

Otra priekSrociba ir mérogojamiba. Ta ka datu apjoms nemitigi aug, modela veiktsp&ju ir
iesp€jams nepartraukti uzlabot. AtSkiriba no uz likumiem un nosacijumiem balstitam sist€émam,
ar masinmaciSanas modeliem ir iesp€ja visparinat Sos noteikumus uz visu datu kopu ka art
piemérot to jaunam transakcijam. Tre$a joma ir efektivitates palielinasana, jo maSinmaciSanas
modelis veikt datu analizi tie$a laika reZima bez cilvék resursu iesaistes. Neparraudzitie
masSinmaciSanas modeli nodrosina nepartrauktu modela analizi un uzlaboSanu, tad€jadi nevajag
manuali veidot jaunus nosacijumus un incidentu detektéSanas likumus.

Modela izveides process sastav no vairakam dalam [11] . Galvenas no tam ir: Datu
iegiiSana un apstrade, trenina, testa un validacijas datu kopu izveide un paSa modela izstrade.
Bitiski 1 pieveérst uzmanibu datu nepilnibam un klidam. Ja tas netiek izslégtas no modela, tas
ietekmé izstradata modela veiktsp&ju. Veidojot modeli ir jarisina divu veidu uzdevumi:
regresijas un klasifikacija. Parasti regresijas uzdevumus var risinat ar klasifikacijas uzdevumu
risinasanas metodém, ievieSot ciparisku vertibu intervalus un izveidojot klases. Pieméram, ja
skatamies apdroSinasanas atlidzibu summas un gribam prognozet nakotnes vertibas, tad varam
tas sadalit intervalos:

e Lidz 300 Eur
e 300-1000 Eur
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e 1000-10000 Eur

e Vairak par 10000 Eur
Rezultata tiek iegutas 4 klases:

e [ Mazas atlidzibas

e [l Vidgjas atlidzibas

e [II Lielas atlidzibas

e [V Loti lielas atlidzibas

Liela noztmé tam cik labi darbosies modelis ir modela pazimju (features) izveidei un izvélei.
Ir butiski izvEl&ties tas pazimes, kas pec iesp&jas labak raksturo apskatamo problému. Pazimju
izveide ir iterativs process. Kas sastav no datu noveért€Sanas, pazimju izveides un izvéles,
modela rezultatu analizes. Ja iegltais rezultats nav apmierinoss, tad iepriek$ ming&tais process
tiek atkartots. Pazimju izvele galvenokart darbojas ka filtréSana, kuras rezultata tiek atmestie
datu atribuiti, kas mazina modela veiktsp&ju [11] . Izskir vairakus modela pazimju izvéles
veidus.

Pazimju skaita palielinaSana - tas nozim&, ka modelis tiek darbinats ar vienu izvéletu
pazimi, talak tiek izverteti modela rezultati un pazimju skaits palielinats. To dara tikmé&r kamer
ir sasniegts vélamais modela veiktsp&jas Itmenis vai arT turpmakus uzlabojumus vairs neizdodas
iegtt.

Otrs veids ir pazimju izslég8ana. Tas darbojas tada veida, ka modelis sakotngji darbojas ar
visam izvélétajam pazimeém, talak tiek novertéti modela darbibas rezultati un pazimju skaits
tiek samazinats, kamér modela darbibas rezultati ir vislabakie.

Lai izveletos labakas modela pazimes var izmantota ar klasiskas masinmaciSanas metodes,
pieméram galveno komponentu analizi (PCA). Ar Sis metodes palidzibu, sakotngjie
daudzdimensiju dati tiek parversti uz mazaku dimensiju skaitu un tiek izveéletas tas dimensijas,
kuras vislabak apraksta datu dispersiju.

Datu sagatavoSana un analize, datu kopu izveide, modela izstrade, pazimju izvéle un

veiktsp€jas uzlabosana tiks apskatita talaka darba gaita.
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1.3. Apdrosinasanas risku novertejums

Risku izveértéSana ir visu apdroSinasanas uznémumu pamat nodarbosanas. No ta cik
kvalitativi tiek veikts Sis uzdevums tiesa veida ir atkarigs cik lielu pelnu giis apdrosinatajs. Ir
paSsaprotami, ka ir nepiecieSams veikt gan apdroSinamo objektu selekciju, gan apdro$inamo
risku izveli, ka ar1 janosaka klienta/objekta riska limenis. Pretéja gadijuma tie klienti, kas
neizraisa zaud&jumus biis spiesti maksat lielaku apdroS§inasanas prémiju neka vajadzetu un
visdrizak paries pie citiem apdroSinasanas uzp€mumiem, kuriem prémijas aprékins ir
izsmalcinataks.

Apdros$inasanas industrija pasta divi galvenie parametri, kuri nosaka klienta Iimeni. Tie ir
atlidzibu vai apdro$inasanas gadijumu biezums un apdroSinasanas atlidzibu lielums. Ja, zinot
apdro§inama objekta, iesaistito personu, argjo apstaklu faktorus, izdotos prognozet ar
pietickami augstu precizitati atlidzibu biezumu un lielumu, tas lautu klientiem piedavat paSus
optimalakos nosacijumus, ka arf izvairities no parak augsta riska objektiem un personam vai ar1
iniciét parapdrosinasanas procesu.

Ar risku parametru novértésanu un aprékiniem apdro$inasanas uznémumos nodarbojas
aktuari, kuri izmanto dazadas metodes un rikus. Lielakaja dala gadijumu, aktuaru risinatas
problémas var reducét uz regresiju problému risinaSanu, kuras savukart var veikt ar

masinmacisanas palidzibu.

1.3.1. Istermina apdroSinasanas ligumu preémiju aprekinasana

Nedzivibas apdroSinasana parasti liguma ilgums ir 12 ménesi. Protams ir apdroSinaSanas
veidi, kuros tiek izmantoti daudzgadigie Iigumi, bet raugoties no apdroSinasanas tehnikas
viedokla, biezi vien katrs nakamais gads ir iepriek§§a liguma atjaunojums. Istermina
apdroSinasanas ligumi ir tadi ligumi, kuru ilgums ir mazaks neka 1 gads — sakot no vienas dienas
lidz pat vairakiem ménesiem. Sadu ligumu prémiju aprékinasana tiek izmantots visparinatais
linearais modelis (GLM) [12] , kur atlidzibu biezuma noteikSanai tiek izmantota Puasona
regresija [12] , bet atlidzibu lieluma noteik$anai Gamma regresija. leejas pazimju vektors Siem
modeliem biezi vien satur apdroSindjuma némeéja dzimS$anas datus, dzimumu, dzivesvietas
adreses informaciju, transportlidzekla parametrus (marka, modelis, dzingja tilpums, jauda, u.c.).
Ka izejas dati Siem modeliem ir vai nu aprékinata apdroSinasanas prémija vai ar1 prognozetais

atlidzibu lielums un/vai biezums
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1.3.2. IBNR rezervju noteikSana

Apdrosinasanas uznémumos aktuari uzdevums ir rékinat pieteikto, bet vél neizmaksato
atlidzibu rezerves (IBNR). IBNR tiek rékinats prognoz€jot potencialos apdroSinasanas
zaudéjumus un tas lauj apdroSinatajam rezervét finanSu lidzeklus, lai nodroSinatu
apdro$inasanas atlidzibu izmaksas, tadejadi riipgjoties, lai uzn€mums butu maksatsp&jigs.
IBNR aprekinos tiek izmantots Baiesa hierarhiskais modelis un vispargjie jaukta tipa linearie
modeli [13] , Chain-ladder metode [14] Galvenie ieejas parametri Siem modeliem ir
apdroSinasanas negadijuma datums, zaud&juma pieteikuma datums, apdrosSinasanas liguma
veids, raditais zaudéjuma apmers iepriek$ejos laika posmos. Modela rezultats ir prognozetais
atlidzibu lielums talakajos laika posmos. IBNR rezervju aprékinasana ir regresijas uzdevums
un skatoties no datu viedokla, tie ir izkartoti trijstira veida (sk. 1.1. tabula). Augsgjais trijstaris

ir zinamie dati, bet apaksgjais — tas kas japrognoze

1.1. tabula
Atlidzibu datu paraugs
Atlidzibu gads Atlidzibu izmaksas (pa gadiem)
1 2 3 4 5 6

2010 5000 7000 11000 12000 13500 15000
2011 4500 6900 9000 11000 13600
2012 5100 8000 9500 12100
2013 5200 7900 12000
2014 5100 8100
2015 6000

Ja klasiskas IBNR aprekinasanas metodes izmanto apdroSinasanas atlidzibu kumulativos
lielumus, tad dzilie neironu tikli lauj risinat IBNR aprékinu problémas, [15] nemot véra katru
individualu atlidzibu gadijumu. Viena no pieejam ir DeepTriangle [15] . Sis neironu ftikla
modelis tika veidots par pamatu npemot apdroSinasanas atlidzibu datus no 50 ASV
apdro$inasanas kompanijam. Atlidzibu pieteikumu periods bija no 1988 - 1997 gadam,
atlidzibu izmaksas 1998-2006 gadam. Dati satur informaciju par 4 apdroSinasanas biznesa

linjjam
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St tikla arhitektiira satur tadus komponentus, ka “embedding” slani, kura tiek ickodati
apdros§inasanas kompaniju kodi, GRU (Gated recurrent units) komponente, kas ir rekurento

neironu tiklu sastavdala, FC — pilniba saistito neironu slanis.

Repeat ] — | times

’ ; < Paid
R - Q [ FC LOSS>
Claims
o b S e ()
| J
J _ O Distributed across I — 1 time

steps

Paid loss and case
reserves history

Company code

1.4.att. DeepTriangle arhitektiira [15]

Ka ieejas dati, papildus apdroSinasanas uznpémuma kodam, ir izmaksatas apdroSinaSanas
atlidzibas un apdroS§inasanas rezervju dati, bet ka izejas dati ir planotas izmaksatas un
aprekinatas, bet vel neizmaksatas atlidzibas. Sim tiklam ir daudz uzdevumu arhitektira, kura
galvenais uzdevums ir prognozét izmaksajamas atlidzibas un papildus noteikt vajadzigas

rezerves katra laika posma.
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2. APDROSINASANAS ATLIDZIBU DATU APSRADE UN ANALIZE

2.1. Datu avota apraksts

Darba izmantotie dati tika iegiliti no Latvijas transportlidzeklu apdroS$inasanas biroja
(LTAB) datu bazes. LTAB ir apvienojis visas apdrosinasanas sabiedribas, kuram ir tiesibas
veikt sauszemes transportlidzeklu 1pasnieku civiltiesiskas atbildibas obligato apdroSinaSanu
Latvija. Datus S$aja datubazé iezino Latvijas apdro$inasanas kompanijas un dati satur
informaciju par noslégtajiem un partrauktajiem apdroSinasanas ligumiem, par celu satiksmes
negadijumiem, par tajos iesaistitajiem transportlidzekliem, par celu policijas protokoliem,
saskanotajiem pazinojumiem, zaudéjumu pieteikumiem, par lémumu pienemsanas procesu, u.c.
dati. Darba tiek izmatoti dati, kuri iegiti par periodu no 2008. gada 1. janvara lidz 2019. gada

1. janvarim

2.1.1. Datu bazes ER diagramma

Diagramma ir aprakstitas tas entitijas un atribaiti, kuri tiek izmantoti $aja darba

ClaimEvent
L0

claimEventDate

FK objectinsurediD

Productinsured
. S
PK 1D .
, Objectinsured
1.n
Contract FK contractiD 1on Prx 1D o
- 1 | 1 [
Pex 0 FK objectiD -
vehicleRegNo
olicyNo roductType
policy P! yp vehicleCertNo
i remium
policyType B vehicleChassisNo
i suminsured
beginDate vehicleReleaseYear
endDate :
vehicleMake
o.n
FK policyHolderld :
J vehicleModel
Customer
vehicleFullMass
L
1
vehiclePower
birth Date
vehicleFuelType
isLegalPerson
vehicleOwnerlD
residenceCountry
vehicleHolderlD

ClaimDecision

| GO

FK beneficiarylD

FK claimEventlD

decisioDate

decisionSum

2.1 att. ER diagramma
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2.1.2. Datu dimensiju un faktu tabulas

Saja darba izmantotie dati atrodas vairakas dimensiju un faktu tabulas. Kopuma tika
izmantots viens datu filtracijas nosacijums, 8 datu dimensiju tabulas un 4 datu faktu tabulas.
Galvenas izmantotas datu noliktavas dimensijas ir ApdroSinasanas liguma datu dimensija,
kas satur pamatinformaciju par noslégtajiem apdrosinasanas Iigumiem, pieméram, liguma
izdoSanas datums, sakuma datums, apdroSinasanas Iiguma ilgums dienas, U.cC.
Apdrosinataja datu dimensija satur datus par apdrosinasanas uznémumu, tadus ka kods,
nosaukums, registracijas nr. u.c. Personu datu dimensija ir sagrup&ta 4 dalas un satur datus
gan par transportlidzekla 1paSnieku, gan turétaju, gan BM klases aprékina subjektu ka art
par transportlidzekla vaditaju. Transportlidzekla vadataja dimensiju var izmantot tikai kopa
apdro$inasanas zaudgjuma pieteikuma un cietuso vainigo objektu datiem, jo citas entitijas
tos nesatur. Personu datu dimensijas satur tadus datu atribiitus, ka personas vards, uzvards,
identifikators, dzimums, adreses dati, u.c. Transportlidzeklu datu dimensija satur
apdroSinasanas liguma objekta datus, ka arT celu satiksmes negadijuma iesaistito
transportlidzeklu datus. Sie dati satur tadus atribiitus ka transportlidzekla marka, modelis,
izlaiduma gads, identifikators, pilna masa u.c. Celu satiksmes negadijumu dati satur
informaciju par negadijuma datumu, laiku, vietu ka arf ir ietverta negadijuma apraksts briva
teksta veida. Zaud&umu pieteikumu un [émumu dimensijas nodroSina datu atlasiSanu par
zaud€juma pieteikuma un l€émuma datumu un laiku ka ari klasifikatoriem. Maksajuma
dimensija ir ieklauti tadi dati ka maksajuma veids, datums, numurs, u.c.

Saja darba tiek izmantotas 4 faktu tabulas: Celu satiksmes negadijumi, atlidzibu
rezerves, Lémumi un Maksajumi. Visas §1s faktu tabulas satur datus par skaitu, valiitu un
attiecigas summas noraditaja valiita

Dati no dimensiju un faktu tabulam tiek filtréti balstoties uz celu satiksmes negadijuma

notikuma datumu un laiku.
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2.1.3. Datu lauki

Darba izmantotie datu lauki iedaliti tris grupas. Ar apdrosinasanas ligumu saistitie datu lauki:
e AAS nosaukums
e BM subjekta adreses ATVK kods
e BM subjekta dzimSanas datums
e BM subjekta ISN
e BM subjekta personas veids
e Liguma noslégsanas kanals
e Polises ilgums (dienas)
e Polises sakuma datums
Otra grupa ir transportlidzekla un ta vaditaja dati:
e ISN
e Izlaides gads
¢ Dzingja tilpums cm?2
e Deguvielas tips
e Dzingja jauda

e Pilna masa

e Krasa

e Marka

e Modelis

e TRL kods

TreSaja grupa ir ietverti ar celu satiksmes negadijumu un atlidzibu izmaksam saistitie dati:

e CSNg apraksts

e CSNg datums

e CSNg iemesls

e L&muma pienemsanas datums
e Irilgtermina lieta

e Pieteikuma datums

e Pieteikuma ID

e [émuma veids

e CSNg novada ATVK kods

e Rezerves summa (EUR)

e Lémuma summa (EUR)
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2.2. Datu analizé izmantotie riki

Dati tika ieglti, izmantojot SAP BusinessObjects datu noliktavas risinajumu. Tika
izmantota sist€mas versija 4.2. Datu pareiziba un atbilstiba tika parbaudita veicot SQL
vaicajumus no Oracle 12c¢ datubazes. Dati tika iegiiti izmantojot Oracle veidoto riku SQL
developer versija 18.3. Datu transformacijam tika izmantots Pentaho Data integration riks
versija 8.0. Pentaho risinajums tika izmantots, lai veiktu datu priekSapstradi un transformacijas.

Izmantoto ETL skriptu shemu var apliikot attéla.

L;l 1 Sanem datus no datu bazes IJ
—

Table input\\

;D 1 Anonimizé laukus

Add a check\s\mm\
A
e l_q—IA—%‘ Nonem nevajadzigos simbolus un tuk3umus |J
Numbe ran\ gsm Stnng operations
"

BN

",

AthidzTbu summu sagrupgsana pa intenaliem J

Ef: Atstaj tikal vajadzigos datu laukus |7J

E}_‘—@ Ei;:_uj Select value B

Microsoft Excel Output Group by Sort rows A

.

Papildus statistiku izveide un izvade J E"ﬂ i datu fila izveide CSV formata J

PP

Text file output
2.2.att. Datu transformaciju shéma
Talak datu apstrade un masinmacisanas modela izveide tika veikta izmantojot Python
programmésanas valodu Python. Python valoda tika izv€l&ta, jo ta satur lielu skaitu dazadu datu

analizg un apstrad€ izmantojamo biblioteku ka ari atbalsta Tensorflow ietvara izmanto$anu.
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2.3. Datu aizsardziba un maskeSana

Lai apdroSinasanas uznémumi varétu klientiem sniegt apdroSinasanas pakalpojumus, tiem
ir nepiecieSami klientu personas dati. Klientu personas dati tiek apstradati, lai varétu piedavat
labakos apdroSinasanas risinajumus, izpildit apdroS§inasanas ligumos un izpildit juridiskas
prasibas. Personas datu aizsardziba ir viena no apdro$inataju prioritatém un tapéc tie nodrosina
Klientu personas datu konfidencialitati saskana ar likuma prasibam un, apstradajot klientu

personas datus, tiek pielietoti dazadi organizatoriskie un tehniskie pasakumi.

2.3.1. Likumi un regulas

Personu datu aizsardzibas principus Latvija nosaka Fizisko personu datu apstrades likums,
kas nosaka Visparigas datu aizsardzibas regulas (GDPR) pieméroSanu Latvija. Regulas
piemérosana tika uzsakta 2018. gada 25. maija un ta defin€ vienotus personu datu aizsardzibas
principus Eiropas savieniba. Regula nosaka vienotus nosacijumus personas datu aizsardzibai,
kas attiecinami uz apstradi, uzturéSanu, nodoSanu citiem uznp€mumiem un arhivéSanu, un
vienotus noteikumus visam kompanijam, neskatoties uz to registracijas valsti. Uznémumiem,
kuri neievéro §1s likuma normas var tikt piemérotas ievérojamas soda sankcijas, 11dz ar to
apdro$inatajiem veicot automatizaciju riipigi jaizverte riski, kas saistiti ar datu apstradi. Laba
zina, ka lai apmacitu neironu tiklus vai arT izmantot masSinmaciSanas algoritmus ir pietieckami

izmantot kod€tu datus, kuros ir saglabatas datu 1paSibas, pieméram unikalitate.
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2.3.2. Datu maskesana

Datu maskésanas tehnologijas nodro$ina to aizsardzibu pret nesankcionétu lietosanu, tada
veida, ka datu sensitivas pazimes tiek nonemtas, bet dati tomé&r saglaba savas strukturalas
pasibas. Praksg tick lictotas dazadas datu maskéSanas metodes [16] .

e KripteSana - dati tiek kripteti ar kadu no kripté€Sanas algoritmiem
e Simbolu maini$ana - datu lauka teksta simboli tiek samainiti vietam
e AizvietoSana - datu lauku vertibas aizvietota ar citam vertibam

Piecjamaja datu bazé atrodas aktuali dati ne vecaki par 2008. gada 01. janvari. Tiek
izmantoti tikai ar transportlidzeklu apdroSinaSanas veidiem saistitie apdroSinasanas ligumu,
zaud&jumu reguléSanas un personu dati Personas dati, péc kuriem var identificét personu, ka
arT apdroSinasanas liguma dati, p&c kuriem var identificét ligumu tiek masketi. Lauku vertibu
mask&sanai tiek izmantota kript€Sanas un aizvieto$anas metode. Dati tiek kriptéti ar SHA-256

algoritms - lauku vértibas tiek zaud@tas, bet vertibas unikalitate tiek saglabata.

2.1. tabula
Maskétie datu lauki
Lauks Darbiba
Juridiskas personas nosaukums Anonimizgets
Vards Anonimizets
Uzvards Anonimizéts
E-pasts Anonimizgts

DzimSanas datums

Fiziskas personas kods / Juridiskas
personas identifikators

Transportlidzekla Identifikators
Transportlidzekla registracijas Nr.

Transportlidzekla registracijas
apliecibas Nr.

Transportlidzekla Sasijas Nr.

Anonimiz€ts - tiek atstata tikai ménesa un gada
informacija, diena tiek aizvietota ar 01
(pieméram 1993.08.23 aizvietots ar 1993.08.01)

Anonimizéts

Nemainits
Aizvietots ar identifikatoru

Aizvietots ar identifikatoru

Aizvietots ar identifikatoru
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2.4. Datu kvalitates novertéjums un apstrade
2.4.1. Datu lauku selekcija

Darba izmantotie dati satur 49 datu kolonas un 618737 datu rindas. Analiz&jot datus tika
secinats, daudzi lauki satur nozimigu skaitu nan vértibas. (3. 3. pielikums. Datu kolonu
python tipi un netuksas vértibas), tapec $os laukus nav nozimes izmantot talaka modela
apmaciba. Janem vera, ka datu kopa satur ne tikai jau izmaksatas apdrosinasanas atlidzibas,
bet arT tadus zaud€jumu pieteikumus, kas vel nav izmaksati vai ar1, kuros tika pienemts
lémums atteikt zaud@jumu atlidzinaSanu. Lidz ar to no datu kopas tika iznemti visi tie
ieraksti, kas satur nan veértibas. Izmaksato atlidzibu summas datu faila tika glabatas ka
teksts, kas saturgja tukSumus un ka decimalais atdalitajs tika lietots komats, tapec Sie dati
tika modificeti, nonemot tukSumus un tika veikta datu konvertacija uz float64 datu tipu.
Orginalie lauku nosaukumi satur tukSumus un ta ka Tensorflow estimatoru bibliotékas ir
ierobezojumi uz tukSumu lietoSanu lauku nosaukumos, tapéc tie ir aizvietoti ar angliskajiem

nosaukumiem.

Sudzibu skaits; Bridinajumu
99.64% skaits; 91.98%

CSNg iemesls -

Soda punktu
1; 99.49%

skaits; 91.98%

Aktivo soda
punktu skaits
87.41%

CSNg iemesls -
2; 99.97%

2.3. att. TukSo vertibu ipatsvars datos

Apskatot atseviskus laukus secinaju, ka lauks “AAS kods” satur tikai vienu veértibu -
“Cits apdros$inatajs”, tapéc Sis lauks turpmak netiks nemts véra. Laukiem “CSNg iemesls -
1” “CSNg iemesls - 2” un “CSNg iemesls - 3” vairak ka 99% vértibas ir tuksas. Sie lauki
satur negadijuma aprakstu briva teksta forma un ta ka Saja darba nav ietverta atlidzibu
pieteikuma savaktas tekstualas informacijas analize, tapéc Sie lauki tika iznemti no

apstradajamas datu kopas.
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Nemot véra augstak minét, turpmak pétijuma tiks izmantoti sekojosi datu lauki:
"Lémuma summa (EUR)", "Marka", "Modelis", "Izlaides gads", "Pilna masa", "Dzing&ja
jauda", "Krasa”, "TRL kods", "BM subjekta dzim$anas datums", "BM subjekta dzimums”,
"BM subjekta personas veids”, "BM subjekta adreses ATVK kods"”, "CSNg datums",
"CSNg novada ATVK kods", "ACCIDENT_ATVK", "Pieteikuma datums"”, "Polises
izdoSanas datums", "Polises sakuma datums", "Polises ilgums (dienas)", "Lémuma veids”.
Ta ka ne visas Python un Tensorflow ietvara bibliotekas atbalsta nosaukumus unicode
kodg&juma un tukSuma zimes, tapéc izmantotie datu lauki tika parsaukti izmantojot angliskos
nosaukumus un tukSuma zimes aizvietojot ar pasvitrojuma zimes simbolu (sk. 2.2. tabula)
Datu lauku nozimi skatit 0. 2. pielikums. Datu noliktavas datu lauku apkopojums.

2.2. tabula

Datu lauku nosaukumu kartéSana

Originalais nosaukums Jaunais nosaukums
Lémuma summa (EUR) DECISION_SUM_EUR
Marka VEHICLE_MAKE
Modelis VEHICLE_MODEL
Izlaides gads VEHICLE_ISSUE_YEAR
Pilna masa VEHICLE_FULL_MASS
Dzingja jauda VEHICLE_POWER
Krasa VEHICLE_COLOR
TRL kods VEHICLE_CODE
BM subjekta dzimSanas datums BM_BIRTH_DATE
BM subjekta dzimums BM_GENDER
BM subjekta personas veids BM_PERSON_TYPE
BM subjekta adreses ATVK kods BM_PERSON_ATVK
CSNg datums ACCIDENT_DATE
CSNg novada ATVK kods ACCIDENT_ATVK
Pieteikuma datums ACCIDENT_REPORTING_DATE
Polises izdoSanas datums POLICY_ISSUE_DATE
Polises sakuma datums POLICY_BEGIN_DATE
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Originalais nosaukums Jaunais nosaukums
Polises ilgums (dienas) POLICY_LENGTH

Lémuma veids DECISION_TYPE

2.4.2. Datu lauku apstrade

2.4.2.1. Datumu lauki
Apskatot datumu laukus, izradijas, ka dazados datumu laukos datumi tiek glabati dazada
formata, piemeéram “%d.%m.%Y” un “%y.%d.%m”, kur %d - ménesa diena att€lota ar divam
zim&m, %m - meénesis, kas att€lots ar divam zimém, %Y - gads, att€lot ka Cetrciparu skaitlis.
%y - gads, att€lots ka divciparu skaitlis. Ta ka datumu lauki no datu faila ir ieladéti ka teksts
tie tika konvertéti uz datuma formatu. Lai $os datuma laukus varétu izmantot pazimju vektoros,
lai apmacitu gan regresijas, gan klasifikacijas neironu tikla modelos, $ie lauki tika sadaliti ka
atseviski skaitlu tipa lauki, kas satur gada, méneSa un dienas informaciju. Piem&ram, lauks
“ACCIDENT DATE”, kas satur apdroSinasanas negadijuma datumu, tika sadalits trTs
atseviskos  laukos  “ACCIDENT DATE YEAR”, “ACCIDENT DATE MONTH”,

“ACCIDENT DATE DAY”.

24.2.2.  Skaitlu tipa datu lauki
Teksta laukiem, tadiem ka transportlidzekla masa, izlaides gads, transportlidzekla jauda,
atlidzibu summa un ATVK informaciju saturosie lauki, kuri péc savas nozimes satur skaitliskas
vertibas, tika izdzestas tukSuma zimes un aizvietots decimalais atdalitajs ar punktu un veértibas
konvertétas uz skaitlu tipu.
2.4.2.3.  Kategorizétie datu lauki
Talak tika analizeti datu lauki, kas satur kategorizetus datus. Tie ir transportlidzekla
marka, modelis, krasa, LTAB kods, BM subjekta dzimums, Lémuma veids un BM subjekta
personas tips. Lai talak butu iesp&jams veidot pazimju kolonas ir svarigi saprast kadas vertibas
Sie lauki satur un kadas un cik lielas grupas tas dalas. Ka ar1 ir bitiski zinat null veértibu
Ipatsvaru, lai var€tu izvertét vai Sie dati ir vispar lietojami talaka darba izpilde.
2.4.24.  Transportlidzekla marka
Transportlidzeklu markas lauks VEHICLE_MAKE satur 1519 dazadas veértibas, dala no
tam gan ir saistita ar klidainu datu ievadi vai ari datu apmainas un datu konvertacijas
problemam starp apdro$inataju, LTAB un CSDD, ka pieméram “SKDA”, “SKODA”,
“SIUKODA”. So nepareizo vértibu Tpatsvars ir loti neliels — mazaks ka 0.5% un tas batiski
neietekme kopé&jo datu kvalitati. Null vertibu Ipatsvars Sajos datos ir mazaks ka 1,4%.
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2.4.2.5.  Transportlidzekla modelis
Transportlidzekla modela lauks VEHICLE MODEL satur 7142 dazadas modelu
vertibas. Null vértibu 1patsvars datos ir aptuveni 3%. Lielako ietekmi uz null vérttbam un
nekorektam modelu veértibam veido ieraksti, kas ir sanemti par traktortehniku. Tas ir
izskaidrojams ar to, ka traktortehnikas un lauksaimniecibas tehnikas dati tiek parraudziti nevis
CSDD, bet Valsts tehniskas uzraudzibas agenttiras datu bazes, kur tiek izmantoti atSkirigi
tehniskie risinajumi, kas vesturiski ir ietekmg€jusi ar1 datu kvalitati.
2.4.2.6.  Transportlidzekla krasa
Transportlidzekla krasas lauks VEHICLE COLOR satur 322 dazadus ierakstus, bet
datu kvalitate ir augsta, jo dati ir veidoti atbilstosi CSDD datu bazgé esoSajam krasu
Klasifikatoram. Null ierakstu skaits sasniedz 8%, bet tas ir saistits ar traktortehnikas un

lauksaimniecibas tehnikas registra datu kvalitati.

2.4.2.7.  Transportlidzekla kods
Transportlidzekla koda lauks satur informaciju par to pie kadas transportlidzeklu grupas
transportlidzeklis pieder - vieglais, kravas, traktortehnika, motocikls, u.t.t. Ka arT tiek nemta
véra transportlidzekla kravnesiba un jauda. Sis klasifikators ir izstradats LTAB un apstiprinats
ar Ministru kabineta noteikumiem Nr.801 “Noteikumi par sauszemes transportlidzeklu
ipaSnieku civiltiesiskas atbildibas obligatas apdroSinasanas informacijas sist€émas darbibai
nepiecieSamo datu apjomu un veidiem, datu ievades, apmainas un izmantoSanas kartibu”. Ta
ka Sis lauks ir obligats datu apmaina ar LTAB tad null vértibu datos nav un visas vértibas ir
atbilstosi klasifikatoram. Kopgjais grupu skaits ir 59.
2.4.2.8. BM subjekta dzimums
BM subjekta dzimumu lauks satur tris iesp&jamas vertibas “S” - sieviete, “V” — virietis,
“n/z” — vertiba nav zinama. Null vértibu 1patsvars ir aptuveni ~0,8%. Dzimumu sadalijumu

2.3. tabula

BM subjekta dzimumu sadalijums

Dzimums Skaits
S 143732
\Y 262282
n/z 206995
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2.4.2.9. BM subjekta personas tips
BM subjekta personas tipa lauks BM_PERSON_TYPE satur datus par juridisku un
fizisku personu sadalijumu. Lauks satur tekstualas vertibas: “(nav zinams)*, “Fiziska persona”,
“Juridiska persona”. Null vértibu ipatsvars ir loti zems - mazaks par 0.8%

BM_PERSON_TYPE
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2.4. att. Personas tipu sadalijums

2.4.2.10. Leémuma veids
Atlidzibu 1émuma veida lauks DECISION TYPE satur datus par pienemtajiem [émuma
veidiem — Izmaksa, Atteikums, Norékinu korekcijas. Sis lauks ir obligats LTAB datu bazé lidz
ar to nesatur null veértibas. Kopgjais [émuma veidu skaits ir 14, no kuriem lielakie ir “Izmaksa”

un “Atteikums” (sk. 2.5. att. Lemuma veidu sadalijums)

Periodiska izmaksa (tikai personai) 1 992
Pakalpojums (serviss) B 36428
Norékinu korekcija 14

Noilgums ! 791
Lémuma maina #2651
Lémuma anulédana 1374
Lietas parsatisana # 4914
Lietas izbeig$ana #8124
lzmaksa A 442832
Dalé&ja izmaksa ! 430
Atteikums B 32248
Apnems3anas veikt izmaksu @ 31965
Regresa lietas administré3anas izmaksas V224
Lietas administré$anas izmaksas P 4846

0 100000 200000 300000 400000

2.5. att. Léemuma veidu sadalijums
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24.2.11. Atlidzibu summa
Lai varStu izmantot apdroSinasanas atlidzibu summas klasifikacijas uzdevumu

risinaSana, tika izmantots atlidzibu sadalijjuma dati un izveidots papildus lauks

“SUM_INTERVALS”.

Histogramma Histogramma log
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2.6. att. Atlidzibu summu histogrammas

Aplikojot atlidzibu izmaksu datus tika konstatéts, ka 7734 atlidzibam izmaksu summa
ir 0 Eur, kas nozimg, ka vai nu tie ir [lémumi atteikt atlidzibu izmaksas vai ari datu kltdas. 11861
atlidzibam izmaksajama atlidzibu summa neparsniedza 20 Eur, kas nozimé ka Sie ieraksti satur
kludainus datus, transakcijas par savstarpgjiem norékiniem starp apdros$inasanas sabiedribam
vai citu atlidzibu izmaksu summu korekcijas. Kopuma aplikojot vairak ka 546 tikstoSus
ierakstu vidgja atlidzibu summa bija 1050 Eur, bet standart novirze 5014. Aplikojot kvantiles,
var redzet, ka 75% datu apdroSinasanas atlidzibas neparsniedz 10000 Eur, lai gan maksimala
summa sasniedz 2M Eur. No datu histogrammam (sk. 2.6. att. Atlidzibu summu
histogrammas), gan uz normalas, gan logaritmiskas skalas var redz&t, ka atlidzibu summas
lielakoties sakartojas robezas lidz aptuveni 10000 Eur. Par&jos datus varétu uzskatit par

1zlecgjiem. Talak lielaku uzmanibu pieversu tiesi atlidzibam Iidz 10000 Eur .

10000

8000 4

6000 4

4000 4

2000

2.7. att. Atlidzibu summu kastveida diagramma
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Skatoties atlidzibu summu kastveida diarammu (sk. 2.7. att. Atlidzibu summu
kastveida diagramma) var redzét, ka lielaka dala atlidzibu ir sadalitas intervala lidz 2000 Eur.
ST informacija ir batiska, lai talak veidotu atlidzibu summu klases. Ir janem véra arT tas, ka dati
ir apkopoti sakot no 2008 gada un ka vieni no apdroSinaSanas atlidzibu ietekmé&josajiem
faktoriem ir transportlidzeklu rezerves dalu izmaksas un servisu darba stundu likmes. Sos
faktorus ietekmé gan inflacija, gan kopé&ja ekonomiska situacija, gan dzives limena izmainas.
ST darba mérkis nebija ekonomisko parametru analize, 1idz ar to, lai samazinatu ekonomisko
faktoru ietekmi, apmacot modelus, pétijums tika veikts gan ar visu datu kopu, gan ar
atseviSskam datu kopam, kas tika sadalitas pa gadu intervaliem. Sikak tas tiks apskatits turpmaka

darba gaita.

2.4.3. Datu korelaciju analize

Sakaribu analize starp datiem ir biitiska, lai noteiktu kadas pazimju kopas visvairak ietekmé
apdro$inasanas atlidzibu lielumu. Lai iegtitu vispar&ju priekSstatu vai pastav linearas sakaribas
starp datiem tika izveidotas korelaciju matricu intensitates kartes. (sk. 4. pielikums. Korelacijas
koeficientu intensitates kartes). Tika izmantoti divi korelaciju veidi [17] Introduction to
Correlation [Tiessaite]
https://www.datascience.com/learn-data-science/fundamentals/introduction-to-correlation-
python-data-science
[18] Tensorflow Premade Estimators

https://www.tensorflow.org/guide/premade_estimators— Pirsona korelacijas koeficients un
Spirmana ranka korelacijas koeficients. Pirsona korelaciju koeficients parada linearas sakaribas
starp datiem, savukart Spirmana ranka koeficients rada vai ir monotonas sakaribas starp datiem/
Pétot datu kopas par dazadiem laika intervaliem, nekadas butiskas linearas sakaribas starp
datiem netika noveérotas. Lielaka lineara ietekme uz datiem bija 1émuma veidam, bet tas ir
logiski izskaidrojams ar to, ka [émumiem ar tipu “Izmaksa” ir lielaka izmaksajamo summu

vertibas neka pargjiem tipiem.
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2.8. att. Korelaciju intensitates karte

3. ESTIMATORU IZVEIDE IZMANTOJOT TENSORFLOW
IETVARU

Tensorflow ir atvérta koda programmatiira, ar kuras palidzibu var izstradat un attistit
dazadus masSinmaciSanas modelus, tai skaita ar1 dzilos neironu tiklus. Tensorflow ietvara ir
izveidotas lietotagjam draudzigas masinmaciSanas bibliotékas, pieméram TfLearn [18]
Tensorflow Premade Estimators
https://www.tensorflow.org/guide/premade_estimators

un Keras. Tensorflow ietvars nodroSina dazadu arhitektiiru izmantoSanu, lai apmacitu un
lietotu dzilas maSinmaciSanas modelus. Tensorflow lauj izmantot gan CPU, gan GPU
aprékinus, ka arT lietot to uz mobilajam iericeém. Tensorflow API versija 1.13 atbalsta tadas
programmgésanas valodas, ka Python, C++, Java, Go, u.c., bet tikai Python tiek nodro$inata
izstradataju API stabilitates garantijas. Tensorflow API sastav no vairakiem Itmeniem —
augstakie Itmeni ir ar lielaku abstrakcijas Iimeni, lidz ar to ir vieglak lietojami, bet mazak

konfigurgjami.
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3.1. att. Tensorflow API arhitektiira [19]

Saja darba tiek lietoti dazadi API limeni, bet liclakais uzsvars tiek likts uz Tensorflow
Estimatoru pakotni tf.estimator.*. Sis pakotnes izveides mérkis bija izveidot viegli
konfigurgjamus un izvietojamus maSinmaciSanas modelus, kurus var izpildit izmantojot
dazadas arhitektiiras aparatiiru un vides. Galvenas estimatoru pakotnes priekSrocibas ir:

- lespgja izpildit gan uz lokalam darbstacijam vai serveriem, gan attalinatos un sadalitos

datu centros

- lespgja izpildit modelus izmantojot CPU, GPU un TPU arhitektiras

- atvieglo iesp€ju vairakiem modela izstradatajiem stradat pie vienas implementacijas

- lauj rakstit intuitivi saprotamu programmatiiras pirmkodu

- modela izveides posmi ir secigi un strukturéti (grafa, izveide, mainigo inicializ€Sana,

datu ielade, klidu apstrade, u.t.t.)

3.1. Estimatoru pakotnes arhitektiara

Tensorflow pakotne tf.estimator.Estimator jau satur izstradatus gan klasifikacijas gan
regresijas modelus. Uz $o modelu bazes var loti atri veidot un konfigurét savus modelus. STs
estimatoru pakotnes ipasibas tiek izmantotas $aja darba un Sikak tiks aprakstits nakamajas
nodalas. Estimatoru interfeiss satur tris pamat metodes: apmaciba — train, testé€$ana/precizitates

novértéSana — evaluate un parbaude/reala darbiba/prognozésana — predict.
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3.2. att. Estimatoru objekta uzbiive [19]

Estimatoru pakotne satur gan linearos gan dzilas masinmacisanas modelus, bet atkariba modela
veida tam var izmantot jau gatavas parametru vai metoZzu kopas, lai konfigurétu modeli.
Pieméram:
- feature_columns - datu pazimju lauku saraksts
- hidden_units - neironu tikla slépto Iimenu skaits un neironu skaits tajos, pieméram
[128,64,16] norada, ka tikls sastav no 3 neironu slaniem, kur pirmaja ir 128 neironu,
otraja ir 64 neironi un tresaja 16 neironi
- optimizer — optimizatora veids, pieméram Adagrad, Adam, vai cits
- activation_fn - aktivacijas funkcija, kas tiks pielietota katra Iliment, pieméram relu
- input_fn - datu kopas gan pazimém gan rezultata laukiem
Veicot modela apmacibu, visa modela informacija ik pa laikam tiek saglabata, 11dz ar to ir

iesp&jams to ieladet atkartoti neveicot visa modela parapmacibu.
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3.2. lIebuvétie estimatori

Tensorflow ietvars satur jau ieprieks izveidotu estimatoru objektus - tris klasifikatoru
estimatorus un tris estimatorus regresiju veikSanai DNN Classifier, Linear Classifier, DNN
Linear Combined Classifier, DNN Regressor, Linear Regressor, DNN Linear Combined

Regressor.

tf.estimator.Estimator > Custom Estimators
Instantiates

A

Subclasses

DNNClassifier DNNRegressor

LinearClassifier LinearRegressor

DNNLinearCombinedClassifer DNNLinearCombinedRegressor

Pre-made Estimators

3.3. att. Estimatoru klases[19]

DNNCalssifier un DNNRegressor ir predefinéts dzilo neironu tikla modelis, kuram var
veikt konfiguraciju noradot optimizatoru, aktivacijas funkcijas, slépto [imenu un neironu skaitu.
No implementacijas viedokla abi §ie modeli ir gandriz identiski, klasifikatora modulis mégina
noteikt jeb prognozét diskrétas vertibas jeb klases, bet regresora objekts prognozé absoliitas
nepartrauktas vertibas. Linearais klasifikators un linearais regresors izmanto klasiskas
masinmaci$anas metodes, lai risinatu regresijas un klasifikacijas uzdevumus. DNN linearie
kombingtie modeli ietver abas metodes viena metodg, tas nozimé, ka dazas pazimes izmanto

linearas metodes bet citas dzilos neironu tiklus.
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3.3. Pazimju kolonas
3.3.1. Skaitlu pazimju kolona

Tensorflow ietvara estimatoru pakotng ir izveidotas vairaki pazimju kolonu veidi. Pamat
kolonas veids ir Skaitlu tipa kolona tf.feature_column.numeric_column. Sis kolonas veids ir
paredzets, lai ietvertu modeli skaitliskas datu lauku veértibas, ja nav nepiecieSams ka savadak
tas grupét vai sadalit kategorijas. P& noklus€juma $7 tipa kolona satur vienu veértibu nevis
vektorus. Saja darba $T tip kolonas tika izmantotas, lai apstradatu tadus datu laukus, ka datumu

gada, ménesa un dienas informaciju.

3.3.2. Intervalu pazimju kolona

Ir situacijas, kad ir nepiecieSams apskatit nevis karu skaitlisko vértibu atseviski bet gan
sagrupéta veida. Intervala pazimju kolonu veids ir paredz&ts, lai cipariska satura datus sadalitu
“grozos”, balstoties uz skaitlu intervaliem. Piem&ram, $aja darba ka pazimju kolona tika
izmantota transportlidzekla jaudas dati. Datu lauks - VEHICLE POWER. Datu vértibas ir
robezas no 2 — 3301. Katrai jaudas vertibai atbilst ne parak liels piemeru skaits, it seviski ja

nem véra ka datu kopa tiek dalita 3 dalas ( trenina, testa un parbaudes).

Transportlidzekla jauda

Grozs | Grozs 1l Grozs 11 Grozs IV Grozs V

050 kW 51 - 120 kW 121 — 250 kW 121 — 250 kW > 251 kW

3.4. att. Transportlidzekla jaudas sadalijums grozos

Sis kolonas informacija tiek attélota ka vektors un $aja pieméra tas sastavés no 5 elementiem:

- Grozs | [1,0,0,0,0]
- Grozsll [0,1,0,0,0]
- Grozs I [0,0,1,0,0]

- Grozs IV [0,0,0,1,0]
- GrozsV [0,0,0,0,1]
Sada veida modelim ir iespéja iemacities ne tikai vienu vértibu, bet 5 vértibas uzreiz un tas lauj

modeli ietvert ne tikai linearas sakaribas.
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3.3.3. Kategoriju identitates pazimju kolona

Kategoriju identitates pazimju kolona tf.feature_column.categorical_column_with_identity
ir specials intervala pazimju kolonas veids, kura katrs intervals tiek att€lots ka unikals vesels
skaitlis. Piem&ram, ja apskatam personas dzimumu datu lauku “BM_GENDER?”, tas sastav no
3 vertibam: “S”, “V”, “(n/z)”, tad §is vertibas var aizvietot ar skaitliem 1 -“S”, 2 - “V”un 3 -
“(n/z)” . Talak jau vertibas tiks izmantotas Iidzigi intervala pazimju kolonam, kur vértibas tiek
kodgtas izmantojot “one-hot” kod&jumu:

- 14§ [1,0,0]

- 2-%V” [0,1,0]

- 3-“(n/z)” [0,0,1]

3.3.4. Kategoriju vardnicas pazimju kolona

Kategoriju vardnicas pazimju kolona ir lidziga ka identitates pazimju kolona. Vieniga
atSkiriba ir, ka kategoriju informacija tiek kodeta automatiski, izmantojot vardnicu. Vardnicu
var noradit divos veidos:

- ka sarakstu - tf.feature_column.categorical_column_with_vocabulary_list

- ka failu - tf.feature_column.categorical_column_with_vocabulary file

Piem&ram:
gender_feature_column = tf.feature_column.categorical_column_with_vocabulary_list(

key=feature_name_from_input_fn, vocabulary_list=["S", "V", "(n/z)"])
3.3.5. Hash pazimju kolona

Ja dati satur parak daudz kategoriju, tad var gadities, ka pastav tehniski ierobezojumi,
pieméram atminas, tapec var izmantot hash pazimju kolonu
tf.feature column.categorical column with hash bucket. Katrai datu klasei tiek sar€kinata
hash atsléga un, ja intervalu skaits ir mazaks neka vienado hash atslégu skaits, tad vairakas
kategorijas tiek ievietotas viena intervala. Tada veida ir iesp€ams pazaudét kategoriju
informaciju, bet tas lauj ietaupit ka nav 1pasi japeta visas iesp&jamas datu klases. Tas ir Tpasi
svarigi situacijas, kad dati modela apmacibas laika papildinas un arvien veidojas jaunas datu

klases. Saja darba tas tiek izmantos transportlidzeklu marku un modelu ievieto$anai modeli.

3.3.6. Kombineéta pazimju kolona

Kombinéta pazimju kolona tf.feature_column.crossed_column lauj savietot vairakas datu
pazimes viena. Saja darba §is kolonas veids netiek izmantots, bet to varétu lietot lai apvienotu

viena pazime, piemeram transportlidzekla marku un modeli.
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4. APDROSINASANAS ATLIDZIBU SUMMU UN REZERVJU
PROGNOZESANA

Lai varétu veikt korektu apdrosinamo risku izveértéSanu un klientam piedavat maksimali
precizu un personaliz&tu apdro$inasanas prémijas piedavajumu, ka art nodro§inatu uznémuma
maksatspeju, uzkrajot rezerves un biitiski ir pietieckami precizi prognozet iespéjama zaudéjuma
iestaganas iesp&jamibu ka arf novertet ta apjomu. Saja nodala ir aprakstits ka $is uzdevums tika
veikts izmantojot gan klasiskas masinmacisanas metodes, gan dzilos neironu tiklus. Saja darba
es risinaju vairakus uzdevumus.

Pirmais bija apskatot visu datu kopu, atbilstosi izv€l€tajam apdroSinaSanas objekta
(transportlidzeklis/persona) pazimém prognozét apdroSinaSanas atlidzibas lielumu vai ari
noteikt apdroSinasanas atlidzibas intervalu, kura ar vislielako varbutibu var€tu atrasties
apdro$inasanas gadijuma atlidziba citam objektam.

Otrais bija apskatot datus par iepriek$jiem gadiem, noteikt kadas atlidzibas varetu bt
nakamajos gados.

TreSais uzdevums bija prognoz&t apdros$inasanas atlidzibas 1€mumu (izmaksa,
atteikums, regress, u.t.t.), izmantojot apdroSinaSanas objekta, negadijuma parametru un

atlidzibas summas datus.

4.1. lzstrades vide

Izstradajot risinajumu tiks izmantotas vairakas Tensorflow konfiguracijas, kuras tiks
ievietotas Docker konteinerT, ka ar1 lokala instalacija, jo GPU konfiguracija docker konteiner1
windows operétajsisttma netiek atbalstita. Docker konfiguracija tiks izmantota modela

programmeésanas procesa, bet lokala konfiguracija modela apmacibai.

4.1.1. Docker konteinera izveide

CPU

1) Instalé DockerToolbox https://www.docker.com/products/docker-toolbox

2) lIzveido Dockerfile, kur raksta konteinera izveidei vajadzigas darbibas

3) lzveido konteineri docker build -t tensorflow-cpu-1.4 -f
D:/work/Tensorflow/Dockerfile D:/work/Tensorflow

4) levieto konteineri publiska repozitorija, lai varétu piekliit no citam darbstacijam
docker login
docker tag tensorflow-cpu-1.4 imapet/repo:tensorflow-cpu-1.4
docker push imapet/repo:tensorflow-cpu-1.4

5) Palaist docker
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docker login (gadijumos, ja repozitorijs nav publisks)

docker run -it -p 8888:8888 imapet/repo:tensorflow-cpu-1.4

GPU

Lai izmantotu docker ar GPU atbalstu, jaizmanto nvidia-docker utilita, bet ta uz

Windows platformas nav pieejama.

4.1.2. Lokala instalacija

1) Instale CUDA 8, jo Tensorflow 1.4 neatbalsta jaunakas CUDA versijas

https://developer.nvidia.com/cuda-80-ga2-download-archive

2) Instale CuDNN 6.0 https://developer.nvidia.com/rdp/cudnn-download (Jaregistr&jas

NVIDIA)

3) Papildina PATH vides mainigo ar bibliotekas atrasanas vietu

4) Instalé Python 3.6 https://www.python.org/downloads/release/python-363/
5) Papildina PATH vides mainigo ar C:\Program Files\Python36\Scripts

6) Instale Tensorflow
pip3 install --upgrade tensorflow
pip3 install --upgrade tensorflow-gpu
7) Parbauda vai instalacija ir pareiza

4.1. tabula

Python programma

Rezultats

import tensorflow
as tf

hello =
tf.constant("Hello,
TensorFlow!")
sess = tf.Session()

print(sess.run(hello)

)

2017-11-19 16:57:46.454781.: I C:\tf_jenkins\windows-
gpu\PY\36\tensorflow\core\common_runtime\gpu\gpu_device.cc:103
0] Fonus device 0 with properties:

name: GeForce GTX 1080 Ti major: 6 minor: 1
memoryClockRate(GHz): 1.683

pciBusID: 0000:01:00.0

totalMemory: 11.00GiB freeMemory: 9.10GiB

2017-11-19 16:57:46.455037: I C:\tf_jenkins\windows-
gpu\PY\36\tensorflow\core\common_runtime
\gpu\gpu_device.cc:1120] Creating TensorFlow device
(/device:GPU:0) -> (device: 0, name: GeForce GTX 1080 Ti, pci bus
id: 0000:01:00.0, compute capability: 6.1)

b'Hello, TensorFlow!
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4.2. Rezervju aprékina un atlidzibu datu prognozésanas modelu
konfiguracijas programmatiira
Darba ietvaros uz Tensorflow pamata tika izveidots risinajums ar kura palidzibu var veikt
dazadu arhitektiiru tiklu apmacibu, ir viegli veikt modelu parametrizaciju visiem tiklu veidiem,
ka ar1 hiperparametru optimizaciju. Ir iesp€ja ari iegiitos rezultatus ierakstit failos, lai vélak
biitu erti tos salidzinat. Programmatiras pirmkodu skatit 10. pielikums. Rezervju aprékina

modelu un konfiguracijas pirmkods

4.2.1. Konfiguracija

Modulis Configurations.py ir atbildigs par modela konfiguracijas ievadi. Saja moduli tiek
definétas piedefinétas konfiguracijas.
Klase Configuration satur vienu konfiguracijas ierakstu. Funkcija get_config(index = 0)

atgriez vienu konfiguracijas objektu p&c noradita indeksa.

4.2.2. Datu ieldade un pirmsapstrade

Modulis InsuranceDataset.py nodroSina datu ieladi no teksta failiem un to sagatavoSanu
ieladei masinmacisanas modelos. Funkcija load dataset from file ieladé datus no noradita
faila un izveido datu kolonu nosaukumus. Funkcija clean and fix data veic datu laboSanu,
nederigo ierakstu dz&éSanu, datu tipu konvertaciju un nevajadzigo kolonu izmesanu. Funkcija
get datasets with labels atgriez testa, trenina un validacijas testa kopas. Katru kopu veido
kortezs, kur pirma vertiba ir dati, bet otra vertiba ir mekl€jamas/ mérka vertibas (labels). Ar

parametriem var noradit cik procentuali lielas veidot Sis kopas.

4.2.3. Modela izveide un konfiguréeSana

Modulis ModelFactory.py nodro§ina sisteémas parametru iestatiSanu, modelu izveidi,
konfiguréSanu un izpildi. Funkcija create_model nodroSina modela izveidi atbilstosi uzdotajam
konfiguracijas parametram. Funkcija run_model nodroSina parametra noradita modela izpildi,
rezultatu apkopoSanu un izvadi teksta faila. Funkcija create features columns nodroSina
pazimju kolonu izveidi. Izveide tiek veikta atbilsto$i nodotajam pazimju kolonu nosaukuma
parametram, kura noradits, kuri datu lauki bius pazimju kolonas modeli. Funkcija
print_field_statistics nodroSina parametra noradita datu lauka statistiku, histogrammu un kastu
diagrammas izvadi uz ekrana. Funkcija calculate features importance veic izvéléto pazimju
kolonu svariguma izvert€§jumu ar Pirsona un Spirmana korelaciju matricam un hi2 testu

palidzibu.
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4.2.4. MaSinmaciSanas modeli

Risinajuma ir ietverti 6 konfigurgjami masinmaciSanas modeli. Divos no tiem ir
implementéti lineari klasifikacijas un regresijas modeli — LinearRegressor.py un
LinearClassifier.py. Par€jos modelos ir izmantoti dzilo neironu tiklu arhitektura.
DNNRegressor.py satur dzilo neironu tiklu regresijas modeli, DNNClassifier.py - dzilo
neironu tiklu klasifikacijas modelis. Lai varétu salidzinat pec iespgjas dazadaku tiklu
arhitektiru, tika izveidots arT dzilo rekurento tiklu modelis klasifikacijas uzdevumu veikSanai
RNNClassifier.py. Visi modeli satur vienu funkciju run_model, kas satur gandriz identiskus
parametrus un nodroSina modela apmacibu, testeéSanu un validaciju, ka arT izpildes datu vaksanu

talakai analizei.

4.2. tabula
run_model funkcijas parametri
Parametrs
DNN DNN RNN Linear Linear
classifier regressor classifier classifier regressor
feature_columns X X X X X
train_dataset X X X X X
test _dataset X X X X X
model_dir X X X X X
hidden_units X X X - -
optimizer X X X X X
activation_fn X X - - -
dropout X X - - -
batch_size X X X X X
num_epochs X X X X X
steps X X X X X
label_vocabulary X - - X -
norm_factor - X X - X
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4.3. Pazimju kolonu izvéle un konfiguracija

Pazimju izvele ir viena no biutiskakajam veicamajam darbibam, kas nozimigi var
ietekmé&t modela darbibas veiktsp&ju. Nesvarigu pazimju ieklauSana modeli butiski samazina
modela precizitati. Pareiza pazimju izvéle lauj samazinat trokSnu limeni datos un samazina
modela parpielagojamibu, palielina modela precizitati un uzlabo apmacibas laiku. Janem véra,
ka datu kopa tika ieklauti dati par 10 gadu lielu periodu un saja laika gan ekonomiskie, gan
socialie apstakli, gan apdroSinasanas sabiedribu tehniskie risinajumi un ar to saistitie datu
kvalitates jautajumi atstaja iespaidu gan uz apdro$inasanas industrijas attistibu, gan zaudéjumu
regul@Sanas procesu un apméru. Tapéc lai mazinatu So apstaklu ietekmi, testi tika veikti gan uz
visu datu kopu gan sadalot datus pa dalam. Pirmais kriterijs bija sadalit datus péc
apdro$inasanas Iiguma izdoSanas gada - nemot ierakstus jaunakus par 2013 gadu, p&c tam
jaunakus par 2015 gadu un 2018 gadu un jaunakus. Otrs kriterijs bija lémumu pienemsSanas
veids. Lielako Tpatsvaru sastada dati ar status “Izmaksa” un ”Atteikums”. TreSais kriterijs bija
transportlidzekla veids. Ta ka dati tiek sanemti no divam iestadém CSDD - par vieglajiem un
kravas transportlidzekliem un VTUA - par traktortehniku un lauksaimniecibas tehniku. Izdariju
uz pieredzi balstitu pienémumu, ka VTUA dati satur mazak precizu informaciju, tad tika
izmantota datu kopa tikai par vieglajiem transportlidzekliem. Otrs pienémums bija, ka jauni
transportlidzekli garantijas laika tiek remontéti dileru servisos, kur servisa izmaksas ir lielakas
neka citos servisos. L1dz ar to tika izveidota datu kopa ar vieglajiem transportlidzekliem, kuri
negadijuma bridi nav vecaki par 3 gadiem.

Kopuma tika izveidotas 24 pazimes, kuras aprakstitas zemak redzamaja tabula. Pirms
veidot pazimju kolonas tika veikta datu analize lai saprastu cik daudz grupas jeb klases, katrs
lauks satur. Pazimju kolonu aprakstus skatit.

Saja darba tika izmantotas tris metodes, lai noskaidrotu perspektivakas pazimes, kuras
varétu lietot modela apmaciba. Pirma metode, kas tika izmantota bija Pirsona korelaciju
matrica, lai noteiktu cik stipras linearas sakaribas pastav starp datiem, bet otra - Spirmana ranku

korelacijas, lai noskaidrotu vai pastav monotonas sakaribas starp datiem.
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VEHICLE_FULL_MASS
ACCIDENT_DATE_YEAR

ACCIDENT_DATE_MONTH

POLICY_BEGIN_DATE_YEAR
POLICY_ISSUE_DATE_DAY
POLICY_ISSUE_DATE_YEAR
POLICY_ISSUE_DATE_MONTH
BM_BIRTH_DATE_MONTH
POLICY_BEGIN_DATE_MONTH
POLICY_BEGIN_DATE_DAY

ACCIDENT_REPORTING_DATE_YEAR

4.1. att. Korelaciju intensitates karte atlidzibu summas laukam
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Visas Korelaciju matricu intensitates kartes var redzét 4. pielikums. Korelacijas

koeficientu intensitates kartes. Analiz€jot iegiitos rezultatus nevargja novérot biitiskas

sakaribas starp Atlidzibu summu, Iémuma veidu un apdro§inata objekta un personas datiem (sk.

4.1. att.).

Tresa metode, kura tika izmantota bija, pazimju atlase izmantojot HT

2 testu. Hi? testu

izmanto statistika, lai noteiktu divu notikumu neatkaribu. Zemak ir redzamas atrastas 10 labakas

pazimes.

Pazime
ACCIDENT_ATVK
BM_PERSON_ATVK
VEHICLE_FULL_MASS
DECISION_TYPE
VEHICLE_MODEL
POLICY_LENGTH
VEHICLE_POWER
VEHICLE_COLOR
VEHICLE_MAKE
POLICY_ISSUE_DATE_DAY
BM_BIRTH_DATE_DAY
BM_GENDER

BM_BIRTH_DATE_MONTH

Pazimju izveles rezultati

1.475935e+08
2.077594e+07
1.635025e+05
8.286063e+03
5.811626e+03
1.999617e+03
1.431514e+03
5.153533e+02
3.505691e+02
9.554305e+01
3.238225e+01
3.997003e+01
3.238225e+01

4.3. tabula

Rezultats

Tikls tika apmacits gan ar visam pazimju kolonam gan top 7 pazimém. legttos rezultatus

var redzet 6. pielikums. Neironu tikla modelu zaud&jumu funkcijas rezultati.
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4.4. Neironu tikla konfiguracija

P&tfjuma laika tika eksperiment@ts ar dazada platuma un dziluma tikliem, ka arT tika
izmantoti dazadi optimizatora un izmantotas dazadas 1pasibu kolonu kombinacijas. Vispargjo

neironu tikla shému (Sk. 4.2. att. Neironu tikls)
pry yer:
- - R ON -
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4.2. att. Neironu tikls

Neironu tikla modela izveidei tika izmantota tensorflow pakotne tf.estimator un taja
ietilpstosas klases: DNNRegressor un DNNClassifier, un eksperimentalo klasi RNNClassifier.
Si klase piedava gatavu neironu tikla implementaciju, kuru iesp&jams parametrizét. Modelu

parametrus sk. 4.4. tabula.

4.4, tabula
Modelu inicializacijas parametri
Parametra nosaukums Parametra apraksts
hidden_units Masivs, kura var noradit katra sléptaja Iimeni esoSo neironu

skaitu, piem&ram [64, 32, 8] — norada, ka ir definéti 3 neironu

Itmeni, kur pirmaja ir definéti 64, otraja - 32, bet treSaja 8 neironi

feature_columns leejas datu pazimju kolonu dati

model_dir Direktorija, kura tiek glabati ar modela izpildi saistitie dati -

parametri, grafi, u.c.

label_dimension Regresijas mérka kolonnu skaits, péc noklusgjuma 1
weight_column Pazimju kolonu svari
optimizer Izmantotais optimizatora, péc nokluséjuma tiek izmantots

Adagrad optimizatora

activation_fn Aktivizacijas funkcija, péc noklus€juma tiek izmantota RELU

dropout “Dropout” varbutibas vértiba
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4.5. Modelu pielietoSana un rezultati

Saja darba tika apskatiti gan regresijas gan klasifikacijas uzdevumi, kuru mérkis bija
noteikt iesp&jamo apdroSinaSanas atlidzibu summu un summu intervalu nakamajiem
periodiem. Atlidzibu rezerves tika noteiktas izveidojot un izmantojot dazadus neironu tiklu
modelus, pielietojot dazadus hiperparametrus, izvéloties vai nu visas vai top 7 pazimju kolonu
grupas. Veicot modela apmacibu tika izmantotas randomizgetas trenina un testa datu kopas.

Tiklu apmaciba tika sakta izmantojot Adam optimizatoru un relu aktivacijas funkciju,
ka arT ar loti nelielu neironu skaitu viena limeni, izmantojot visas pazimju kolonas. Sakotngji
apmaciba tika veikta modeli ieslédzot tikai vienu slépto limeni, izmantojot nelielu neironu
skaitu. “dropout” vértiba tika noradita 0.1 Pakapeniski tika palielinats gan neironu skaits, gan
slépto limenu skaits. Palielinot Itmenu skaitu uz, zaud&jumu funkcijas rezultati uzlabojas, bet

izmantojot tiklu dzilaku par 4 rezultati vairak neuzlabojas (sk. 4.5. tabula)

4.5. tabula
Slepto Iimenu konfiguracija | Vidgja kluda uz testa kopas (p&c 20000 soliem)
[64] 0.225
[64, 32] 0.17
[128, 64, 32] 0.067
[32, 16, 2048, 16] 0.037
[32, 12, 8, 16] 0.024
[4096, 4096] 828.1
[4096, 2048, 2048, 16] 3227.5
[512, 256, 8] 0.0489
[512, 128, 128, 256] 0.0318
[32, 12, 8, 16, 12] 0.066

Tika noveérots, ka liela neironu skaita izmantoSana neuzlabo zaud&umu funkcijas
rezultatu un modelis macas butiski lénak - pie viena un ta pasa apmacibas solu skaita
zaud€jumu funkcijas rezultats ir sliktaks. [zmantojot lielu neironu skaitu viens apmacibas solis
aizn@ma krietni ilgaku laiku (sk. 4.3. att. Apmacibas sola ilgums izmantojot dazada lieluma
tiklus). Lidz ar to turpmakaja darba gaita tika izmantots neironu tikls, kur§ satur 4 sléptos

slanus un neironu skaits neparsniedz 64.
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global_step/sec [40G&, 40%g] (22, 12, &, lg]
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4.3. att. Apmacibas sola ilgums izmantojot dazada lieluma tiklus

Mainot optimizatorus un maciSanas soli, butiskas izmainas modelu darbibas rezulta
netika novérotas, bet visstabilakie rezultati, kad zaudéjuma funkcija konverggja vismierigak un
taja pasa laika netika zaud&ts apmacibas atrums, tika iegiiti izmantojot macisanas soli 0.01.

Ta ka pieejamas datu kopas izmérs bija ierobezots tika nolemts neizmantot parak lielu
“batch” izmeru. Vislabakie raditaji tika iegiiti izmantojot “batch size” parametra vertibu 8. (sk.
8. pielikums. Zaud&jumu noteiksanas klasifikacijas un regresijas rezultati).

Mainot “dropout” vértibas, tam nebija bitiska ietekme uz gala rezultatu, bet tomér bija
noverojams neliels uzlabojums. Turpmakie izsaukumi tika veikti, izmantojot pilnu datu kopu,
kas satur datus kop§ 2008 gada. legiitie dati nebija iepriecino$i, jo gan regresijas, gan
klasifikacijas rezultati konverggja uz datu kopas vidéjam vertibam, kas varétu liecinat par datu
kopas nepietickamibu, kvalitates problémam. Rezultatu neietekm&ja ari apmacibas ilguma
palielinasana un hiperparametru izmainas. (Sk. 8. pielikums. Zaud&umu noteikSanas
klasifikacijas un regresijas rezultati).

Apskatot konvergences uz vértibam problému tika veikti eksperimenti ar aktivacijas

funkcijam [20]

4.4. att. ELU, RELU, LEAKY RELU salidzinajums
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Izmantojot leaky RELU funkciju konvergence uz vidéjam vértibam tika novérsta. To var
izskaidrot ar to, ka RELU pienem vértibas sakot no 0 un ja nozimiga dala gradientu ir negativa,
tas var novest, ka liela dala neironu ir “mirusi”, tas ir modelis uzskata, ka So neironu svaru
vertibu maina rezultatu neuzlabos. Atskiriba no RELU, leaky RELU lauj izmantot arT nelielu
negativu vertibu intervalu, kas augstak minéto problému risina.

Salidzinot linearo un dzilo neironu tikla modeli, vargja secinat, ka neironu tikla modelis
strada nedaudz labak( sk. 4.7. tabula), tomér ar $o rezultatu jabiit uzmanigiem, jo p&tijuma laika,
neironu tikla modela optimizacijai tika veltita krietni lielaka uzmaniba neka linearajam
modelim. Uz visu datu kopu veiktie testi apliecinaja, ka rezultatos nav butiskas starpibas starp
lineariem un dzilo neironu tiklu modeliem.

4.6. tabula

DNN modela un Lineara regresijas modela zaudéjumu funkcijas rezultata salidzinajums

Linears modelis DNN modelis
Zaud&jumu 0.0391 0.0241
funkcijas rezultati | 0.0652 0.0311
uz testa datu kopas | 0.0401 0.0264
0.0451 0.0244
0.0397 0.0275

Salidzinot abu modelu maciSanas atrumu, japiemin, ka abi modeli darbojas 11dzigi un
abos gadijumos zaud€jumu funkcijas rezultatus ieguva 1000 lidz 2000 solu laika un visa pargja
apmacibas laika rezultati palika nemainigi.

Veicot klasifikacijas uzdevumu tika salidzinati divi neironu tikla veidi - DNN modelis
un rekurento dzilo neironu tikla modelis un linearais klasifikacijas. Veicot apmacibu uz visiem
datu kopas datiem tika iegiiti Iidzigi rezultati ka regresijas gadijuma.

4.7. tabula

RNN un DNN Klasifikacijas tiklu zaudéjumu funkcijas rezultata salidzinajums

RNN modelis DNN modelis
Zaud&jumu 2.124 2.119
funkcijas rezultati | 2.396 2.438
uz testa datu kopas | 2.439 2.237

2.401 2.279

2.133 2.439
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Bitiskas atSkiribas apmacibu rezultatos netika noverotas, bet var redzet ka RNN tikls
strada nedaudz labak. Bet jebkura gadijuma iegtitie rezultati nebija parliecinosi. Salidzinot abu
tiklu apmacibas ilgumu, vargja novért ka RNN tikls izmantoja biitiski vairak resursus un
apmaciba aiznéma vairakas reizes lielaku laiku. Pieméram, ja DNN tikla ar 3 sléptajiem
limeniem un nelielu neironu skaitu [128, 64, 16], 100 solu apmaciba aiznéma 0.8 sekundes,
tad tadas pasas konfiguracijas RNN modeli tas aiznéma 0.4 sekundes. Palielinot slanu skaitu
un butiski palielinot neironu skaitu uz [4096, 128, 64, 16], vargja novérot ka RNN modela
apmacibas laiks 100 soliem kluva vél 1énaks - attiecigi 11.2 pret 37.2 sekundém.

Analizgjot klasifikacijas rezultatus, tie bija slikti jo precizitate bija tikai 20%. RNN un
DNN tikli darbojas ar lidzigu precizitati, bet linearais modelis nedaudz sliktak. (sk. 4.5 att.

Klasifikacijas precizitates salidzinajums)

DMNN RMNN Linear
0.205 0.208
015 0.204 017
0.2
0.185 015
0.196
0175
0192 0.13

0.165 0188

0.155 0.184 0
5k 10k 15k 20k 25k 30k 0 sk 10k 15k 20k 25k 30K D 5k 10k 15k 20k 25k 30k

4.5 att. Klasifikacijas precizitates salidzinajums

No augstak minétajiem rezultatiem tika secinats, ka lai iegttu lietojamu rezultatu ir
nepiecieSams atbrivoties no izléc€jiem datos ka ar1 izmest nesvarigos ierakstus vai arT iznemt
tas datu apakskopas, kas satur loti mazu ierakstu skaitu, pieméram specifiskus transportlidzekla
modelus, ka arf ierakstus, kas attiecas maz lietotiem atlidzibu lémumu datiem. Ta ka datu kopa
satur datus par daudziem gadiem un Sie dati tika veésturiski ieglti no apdroSinaSanas
sabiedribam un uzkrati izmantojot dazadus tehnologiskos risinajumus ka ari apdrosinasanas
atlidzibu izmaksu Iimenis un servisa pakalpojumu izcenojumi ir kapusi, tade] tika izmantoti dati
tikai par pédgjiem paris gadiem. Vel tika nemts véra apsvérums, ka transportlidzekli tiek
remont€ti gan autoriz€tos dileru servisos, gan parastos servisos, kur izmaksu Itmenis butiski
atSkiras, tapec tika pienemts lémums, ka tiks apskatiti transportlidzekli, kuru vecums
negadijuma bridi neparsniedza 3 gadus. No datiem tika iznemti atlidzibu summu izl&cgji —
apdroSinajumu atlidzibu summas, kas parsniedz 10000 Eur. Rezultata datu kopa tika butiski
samazinata.

legiitie rezultati klasifikacijas un regresijas algoritmiem biitiski uzlabojas (sk. 7.

pielikums. Modelu treninu un testu rezultat).
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5. SECINAJUMI

P&dgja laika Tensorflow ietvara attistiba, dazado API atbalsts un prekonfiguréto estimatoru
izstrade ir batiski atvieglojusi dzilo neironu tiklu izmantoSanu un integréSanu biznesa
aplikacijas.

Biitiska loma kvalitativu estimatoru izveid€ ir datu apjomam un datu kvalitatei. Personas
datu aizsardzibas regul&juma ievieSana Eiropas Savieniba, biitiski samazina pieejamo datu
apjomu, ko var€tu uzkrat un izmantot neironu tiklu modelu apmacibai. Biezi vien ir
nepiecieSsams izmantot konkréta industrija picejamos datus, $ados gadijumos izmantot tikai
Latvijas apdroSinasanas tirgii pieecjamos datus ir nepictickami, jo tad ir jaizmanto dati, kas ir
iegiti daudzu gadu garuma un ir gruti nodroSinat to viendabigumu. Starptautiskam
korporacijam vai valstim ar lielu biznesa transakciju skaitu ir prieksrocibas, jo ir iesp&ja iegt
krietni lielaka apjoma datus, bet neskatoties uz to tapat ir janem véra tirgus specifiskie apstakli.

Liela nozime datu apstrad€ un analize ir izleéc€jiem. Risinot regresijas uzdevumus dzilie
neironu tikli konvergg uz §im vértibam. Samazinot izl€c€ju ietekmi un dispersijas datos izdevas
butiski uzlabot modelu veiktsp&ju.

Izmantoto pazimju skaits modelu precizitati butiski neietekmé&ja. Zaudéjumu funkcija
atgrieza lidzigus rezultatus gan izmantojot visas pazimju kolonas, gan tikai svarigakas kolonas.
Bet nebiitisko pazimju atmeSana tomér var but biitiska, lai samazinatu modela apmacibas laiku.

Izveidotajiem modeliem zaud&jumu funkcija dilst gan izmantojot trenina, gan testa datu
kopam, kas norada, ka izveidotie modeli darbojas. Izmantojot relu, elu, selu, sigmoid, tanh
aktivacijas funkcijas un dazadus modela parametrus, zaud&umu funkcijas rezultati butiski
nemainijas, bet iegiitas prognozes konvergéja uz datu kopas vidéjam vértibam, kas norada, ka
datu kopas apmérs bija nepietiekams. Eksperiment&jot ar aktivacijas funkcijam konvergenci uz
datu kopas vidéjam veértibam izdevas noveérst izmantojot tikai leaky relu funkciju.

Tadu modela konfiguracijas parametru maina, ka slanu skaits, neironu skaits sléptajos
slanos, hiperparametru optimizacija neatstaja biitisku ietekmi uz kopgjiem modelu darbibas
rezultatiem. Vislabakos rezultatus izdevas iegiit izmantot tiklu ar 4 sléptajiem slaniem, kur
neironu skaits ir mazaks par 100.

Slépto slanu un neironu skaita palielinasana tajos butiski ietekm& apmacibu ilgumu, bet
modela veiktsp&ja prognoz€jot apdrosinasanas atlidzibu datus neuzlabojas. Seviski liels
apmacibu ilguma un izmantoto dator resursu picaugums bija vérojams rekurentajiem neironu
tikliem. Lai gan rezultats bija tikai nedaudz labaks, tomér ir verts turpinat pétijumus ka

optimizet rekurento tiklu darbibu prognozeSanas uzdevumu veikSanai.
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PIELIKUMI

1. pielikums. Datu noliktavas dimensiju un faktu tabulu apkopojums

Nosaukums

Laikaposms no - lidz

Nosaukums
Ligums

Apdrosinatajs

Persona

Transportlidzeklis
CSNg
Zaudgjumu pieteikums

Lémums

Maksajums

Nosaukums
CSNg
ZP rezerves

Leémums

Maksajums

Filtri
Apraksts

Dimensiju un faktu tabulas min&to notikumu datumu
intervali. Tiek izmantots datu filtréSanai no datu noliktavas

Dimensijas
Apraksts
Apdrosinasanas liguma dati

Apdrosinataja, kurs noslédzis ligumu vai regulgjis
zaud@jumus, dati

Apdros§inasanas procesa iesasitito personu datu.
Transportlidzekla TpaSnieks, turétajs vaditajs, BM subjekts

Transportlidzelu dati
Dati par celu satiksmes negadijumu
Dati apdro$inasanas zaud&jumu pieteikumu

Dati par [éemumiem, kas pienemti apr apdroSinasanas
atlidzibas izmaksu

Dati par maksajumime, kas veikti par apdroSinaSanas
zaud€jumu pieteikumu

Fakti
Apraksts
Dati par celu satiksmes negadijumu
Dati par registrétajam apdrosinasanas atlidzibu rezervém

Dati par [éemumiem, kas pienemti apr apdroSinasanas
atlidzibas izmaksu

Dati par maksajumime, kas veikti par apdrosinaSanas
zaud&jumu pieteikumu
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2. pielikums. Datu noliktavas datu lauku apkopojums

Lauka nosaukums

AAS nosaukums

BM subjekta adreses ATVK

kods

BM subjekta dzimSanas

datums

BM subjekta dzimums

BM subjekta ISN

BM subjekta personas veids

Liguma noslégSanas kanals

Ir arzemju polise

Liguma veids (kods)

Polises ilgums (dienas)

Polises izdoSanas datums

Polises sakuma datums

ISN

Izlaides gads

Dzingja tilpums cm?2

Degvielas tips

Apraksts

Apdros$inaSanas sabiedribas
nosaukums

Personas, kurai tika veikts BM
aprekins, ATVK klasifikatora kods

Personas, kurai tika veikts BM
aprekins, dzimsanas datums

Personas, kurai tika veikts BM

aprekins, dzimums

Personas, kurai tika veikts BM
aprekins, sist€émas ieks€js
identifikators

Personas, kurai tika veikts BM
aprékins, personas tips

Vai Iigums noslegts klatieng vai
attalinati

Polise deriga arpus LV teritorijas

Apdrosinasanas liguma veida kods

Apdrosinasanas liguma ilgums
dienas
ApdrosinasSanas liguma izdoSanas

datums

Apdros$inasanas liguma sakuma
datums

Transportlidzekla identifikacijas nr.

CSDD datu baze
Transportlidzekla razoSanas gads

Transportlidzekla dzingja tilpums
cm?

Transportlidzekla degvielas tips
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Datu piemérs

"Cits apdros$inatajs'

""010000"

"18.12.1921"

IlVll
IISII
"n/z

"2 697 516"

"Fiziska persona"
"Juridiska persona

(n/z)
Klatiene (Latvija)

Distances sazina

Ja
Ne

'(n/z)"'S"'Z''R"'A

185
365

04.07.2008

04.07.2008

12335654543

2015
1960
'(n/z)' 'Dizeldegviela’

'Benzins' 'Benzins un
gaze' 'Gaze'



Lauka nosaukums

Dzingja jauda

Pilna masa

Krasa

Marka
Modelis

TRL kods

TRL vaditajs.Aktivo
bridinajumu skaits

Dim -
Transportlidzeklis. Aktivo
soda punktu skaits
Vaditaja ISN

Vaditaja adreses ATVK
kods

Vaditaja dzimums

Vaditaja dzimSanas datums

CSNg apraksts

CSNg datums

CSNg iemesls - 1

Apraksts

Transportlidzekla dzingja jauda kw

Transportlidzekla pilna masa kg

Transportlidzekla krasa

Transportlidzekla marka
Transportlidzekla modelis

Transportlidzekla kods atbilstosi
LTAB klasifikatoram

Transportl, celu policija registréto
aktivo bridinajumu skaits

Personas, kurai tika veikts BM
aprekins, celu policija registréto
soda punktu skaits

Vaditaja identifikators

Vaditaja adreses ATVK kods

Vaditaja dzimums

Vaditaja dzimSanas datums

Celu satiksmes negadijuma
apraksts. Apraksts var saturét
neadijuma vietas adresi, apstaklus
un zaud€jumu regulésanas
specialistu komentarus

Celu satiksmes negadijuma datums

Celu satiksmes negadijuma iemesls
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Datu piemeérs

'Dizeldegviela un
gaze' 'Elektriba’

74
105

'Roza un vairakkrasu'
'Gaisi zila un
vairakkrasu' '"Tums§i
peléka un zila'
SACNIA DAF

318 X5

V3I''v2l 'v4l K1l

34454654564
010000

llVll
"S"
"n/z"

04.07.1992

"SKRIVERI,
SOSEJA A6 77 KM."

"09.11.2010"

'KRUST. PARBR.
NOTEIK.
NEIEVEROSANA'
'TOSLU MAINAS
NOT.
NEIEVEROSANA'



Lauka nosaukums

Lémuma pienemSanas
datums

Pieteikuma datums

Pieteikuma ID

Lémuma veids

CSNg novada ATVK kods

CSNg skaits

Rezerves summa (EUR)

Lémuma summa (EUR)

Apraksts

Lémuma, par apdroSinasanas
atlidzibas izmaksu pienemsanas
datums

Zaudgjuma pieteikuma datums

Zaud&juma pieteikuma
identifikators

Lémuma veids

Celu satiksmes negadijuma ATVK
kods

Celu satiksmes negadijuma skaits

Apdrosinasanas IBNR rezerves
lielums

Apdrosinasanas atlidzibas summa
EUR
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Datu piemeérs

'VADITAJA
NEUZMANIBA'
'KUSTIBA
ATPAKALGAITA'
'NENOSKAIDROTS
IEMESLS'

01.06.2010

01.06.2010

'lzmaksa’ 'Atteikums'
'Apnemsanas veikt
izmaksu'
'Pakalpojums
(serviss)'

940000

1
2339,71

1 262 318,12



3. pielikums. Datu kolonu python tipi un netuksas vertibas

AAS kods

BM subjekta adreses ATVK kods
BM subjekta dzimSanas datums

BM subjekta dzimums

BM subjekta ISN

BM subjekta personas veids
CSNg apraksts

CSNg datums

CSNg iemesls - 1

CSNg iemesls - 2

CSNg iemesls - 3

Degvielas tips

618737 non-null object
613916 non-null object
411630 non-null object
613916 non-null object
613916 non-null object
613783 non-null object
612702 non-null object
618737 non-null object
3165 non-null object
158 non-null object
5 non-null object
615546 non-null object

Dim - Transportlidzeklis. Aktivo soda punktu skaits 77909 non-null float64

Dzingja jauda

Dzingja tilpums cm2

Ir arzemju polise

Ir ilgtermina lieta

ISN

Izlaides gads

Krasa

Lémuma pienemsanas datums
Leémuma veids

Liguma noslégSanas kanals
Liguma veids (kods)
Marka

Modelis

Pieteikuma datums
Pieteikuma ID

Pilna masa

Polises ilgums (dienas)
Polises izdoSanas datums

Polises sakuma datums

TRL BM subjekts.Aktivo bridinajumu skaits

445995 non-null object
447585 non-null object

618737 non-null object

618737 non-null int64

582874 non-null object

585837 non-null object
568370 non-null object
618737 non-null object
618737 non-null object
564354 non-null object
618737 non-null object
610533 non-null object
599862 non-null object
618737 non-null object
618737 non-null object
578740 non-null object
564354 non-null float64
618737 non-null object
618737 non-null object
613916 non-null float64
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TRL BM subjekts. Aktivo soda punktu skaits 613916 non-null float64

TRL kods

618737 non-null object

TRL vaditajs.Aktivo bridinajumu skaits 415669 non-null float64

Vaditaja adreses ATVK kods
Vaditaja dzimsanas datums
Vaditaja dzimums

Vaditaja ISN

CSNg novada ATVK kods
Valsts kods

Bridinajumu skaits

CSNg skaits

Iepriekseja rezerves summa (EUR)
Lémuma summa (EUR)
Rezerves summa (EUR)
Soda punktu skaits

Stdzibu skaits

415669 non-null object
384564 non-null object
415669 non-null object
415669 non-null object
557058 non-null object
618715 non-null object
49626 non-null float64
582837 non-null float64
600918 non-null object
546101 non-null object
600918 non-null object
49626 non-null float64
2242 non-null float64
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4. pielikums. Korelacijas koeficientu intensitates kartes

Pirsona korelaciju matrica datiem sakot no 2008 gada
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Spirmana ranku korelaciju matrica datiem sakot no 2008 gada

DECISION_SUM_EUR

POLICY_BEGIN_DATE_DAY S8

POLICY_BEGIN_DATE_YEAR
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Spirmana ranku korelaciju matrica datiem sakot no 2016 gada
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5. pielikums. Izpildes grafi

concat init

Comst global_step G005 -
s 3 ’dm TR growp deps
init_1
v proup_deps
weighted loss 4
i BORREE
\ \‘ —TTCD
i
H init 2
H v proup_deps..
i
'
: init_all_ta...
i e group_deps..
2
V
1
H B group_de...
[ e mit 2 e
[ it b D
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weighted loss

64




6. pielikums. Neironu tikla modelu zaudéjumu funkcijas rezultati

DNN regresija

Parametri

Vertiba

optimizer

AdamOptimizer
(learning_rate=0.001)

Train

de+4 () eval_Test
activation_fn | tf.nn.Irelu ﬂ
hidden_units | [32, 12, 8, 16] =
num_epochs | 10 -
batch_size | 8 =
0 o}
15k 20k 25k 30k
features | Visas
Videja klada (trenina dati): | 0.022
Vidéja kluda (testa dati): | 0.024
Parametri Vértiba
optimizer | AdamOptimizer
(learning_rate=0.001) | ,__, rain
activation_fn | tf.nn.Irelu O evelTest
hidden_units | [32, 12, 8, 16] ced
num_epochs | 10 1e+4
batch_size | 8
0 — )
15k 20k 25k 30K
features | Top 7
Videja kliuda (trenina dati): | 0.021
Videja klada (testa dati): | 0.023
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DNN Klasifikacija

Parametri Vértiba

optimizer | AdamOptimizer

(learning_rate=0.001)

activation_fn | tf.nn.Irelu

hidden_units | [32, 12, 8, 16]

num_epochs | 10

batch_size | 8

50

40

30

Train

() eval_Test

features | Visas

Videja klada (trenina dati):

2.09

Vidéja kluda (testa dati):

211

Parametri Veértiba

optimizer | AdamOptimizer

(learning_rate=0.001)

activation_fn | tf.nn.Irelu

hidden_units | [32, 12, 8, 16]

num_epochs | 10

batch_size | 8

12

10K

15k

Train

() eval_Test

20k 25k 30K

features | Top 7

Videja kluda (trenina dati):

2.13

Vidéja klada (testa dati):

2.11
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Lineara regresija

Parametri

Vertiba

optimizer

FtrlOptimizer
(learning_rate=0.001)

activation_fn

() Train
() eval_Test

hidden_units 1
num_epochs | 10 ;
batch_size | 8
0 15k 20k 25k 30k
features | Visas
Videja kliuda (trenina dati): | 0.0403
Vidéja kluda (testa dati): | 0.03988
Parametri Veértiba
optimizer | FtrlOptimizer 01 O) Train
(learning_rate=0.001) | ;s O eval_Test
activation_fn 0.06
hidden_units 0.04
num_epochs | 10 0.02
batch_size | 8 o
10k 15k 20k 25k 30k
features | Top 7
Vidéja kliida (trenina dati): | 0.02918
Vidéja kluda (testa dati): | 0.02862
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Lineara klasifikacija

Parametri Veértiba
optimizer FtrIOr-)timizer_ i O Train
(learning_rate=0.001) = O eval_Test
activation_fn
- 15
hidden_units 1
num_epochs | 10 5
batch_size | 8 0
20k 25k 30k
features | Visas
Vidéja kliida (trenina dati): | 2.511
Vidéja kluda (testa dati): | 2.526
Parametri Vértiba
optimizer | FtrlOptimizer O) Train
: 25 '
(learning_rate=0.001)
_ - () eval_Test
activation_fn
15
hidden_units
10
num_epochs | 10 .
batch_size | 8 0
20k 25k 30k
features | Top 7
Vidéja kliida (trenina dati): | 2.0104
Vidgja kluda (testa dati): | 2.0004
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RNN klasifikacija

Parametri Veértiba
optimizer | AdamOptimizer 224 Train
(learning_rate=0.001) | 222 () eval_Test
22
hidden_units | [32, 12, 8, 16] ;E
num_epochs | 10 2:14
batch_size | 8 212 -9
0 5k 10k 15k 20k 25k 30k
features | Visas
Vidéja kliida (trenina dati): | 2.10
Videja kluda (testa dati): | 2.124
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7. pielikums. Modelu treninu un testu rezultatu piemeéri

DNN regresija

Vehicle_make Vehicle_model Fact Predicted value
OPEL ASTRA CARAVAN 1000 | 942.0041739940643
MAZDA 6 1000 | 942.0575201511383
SAAB 9-3 300 | 1154.7528207302094
AUDI 80 AVANT 400 | 1040.8033430576324
BMW 730 200 | 974.3083268404007
MERCEDES BENZ A200 400 | 942.0181810855865
AUDI A4 AVANT 300 998.571515083313
VOLVO S80 400 | 942.0693665742874
RENAULT MEGANE 400 | 1110.3277653455734
VW PASSAT 400 | 1130.414456129074
TOYOTA AVENSIS 200 | 942.0615434646606
VOLVO S70 200 | 942.0393407344818
LAND ROVER DISCOVERY 400 | 1130.3721368312836
AUDI A4 1000 | 1006.8584233522415
OPEL MERIVA 1000 | 1149.3314802646637
AUDI 100 1000 | 941.9744461774826
OPEL ASTRA 500 | 941.9869631528854
AUDI A4 300 | 1003.3150017261505
FORD TRANSIT 1000 | 1111.6157472133636
OPEL MERIVA 300 | 1111.4880442619324
MAZDA 626 500 | 1040.603592991829
MAZDA 626 300 | 941.9748187065125
AUDI A3 1000 | 974.2172807455063
MITSUBISHI GALANT 1000 | 942.0285373926163
VOLVO S80 300 | 1114.4005507230759
DNN Kklasifikacija
Vehicle Vehicle Fact Predicted | Accuracy
make model value
MERCEDES BENZ VANEO 2000 1000 | 0.0
OPEL ASTRA CARAVAN 1000 1000 | 1.0
VW PASSAT VARIANT 2000 1000 | 0.0
AUDI A4 AVANT 1000 1000 | 1.0
OPEL VECTRA CARAVAN 400 1000 | 0.0
BMW 520 200 1000 | 0.0
LEXUS IS 250 300 1000 | 0.0
FORD ESCORT 4000 1000 | 0.0
BMW 530 1000 1000 | 1.0
MERCEDES BENZ CLK 270 1000 1000 | 1.0
AUDI A4 200 1000 | 0.0

70




BMW 520 1000 1000 | 1.0

AUDI 80 AVANT 300 1000 | 0.0

OPEL ASTRA 1000 1000 | 1.0

AUDI RS6 500 1000 | 0.0
BMW 320 1000 1000 | 1.0

VW PASSAT VARIANT 200 1000 | 0.0

AUDI COUPE 1000 1000 | 1.0
VOLVO S60 200 1000 | 0.0

OPEL ASTRA 1000 1000 | 1.0

AUDI A3 1000 1000 | 1.0
TOYOTA LAND CRUISER 1000 1000 | 1.0

VW SHARAN 200 1000 | 0.0
FORD FOCUS 1000 1000 | 1.0

OPEL VECTRA 1000 1000 | 1.0

Lineara regresija

Vehicle_make Vehicle_model Fact Predicted_value
VOLVO V70 200 | 522.6939171552658
SAAB 9000 200 | 3605.274260044098
A KODA OCTAVIA 400 | 3922.0809936523438
TOYOTA RAV4 1000 | 938.1448477506638
BMW X5 1000 | 1064.7592693567276
FORD S-MAX 1000 | 963.0353003740311
OPEL ZAFIRA 1000 | 993.6515986919403
VW PASSAT VARIANT 200 | 947.0710158348083
VW TOURAN 4000 | 499.5045065879822
MERCEDES BENZ 310 200 | 953.7083655595779
AUDI A4 AVANT 2000 | 605.1024794578552
PEUGEOT 307 400 | 562.5804886221886
TOYOTA COROLLA 3000 | 1444.382518529892
MERCEDES BENZ ML 270 500 994.633361697197
AUDI A6 AVANT 400 | 2435.1145327091217
VW PASSAT VARIANT 200 | 948.1484442949295
VW SHARAN 2000 | 940.8960491418839
MERCEDES BENZ ML 270 400 | 4220.423102378845
VW PASSAT VARIANT 400 | 1124.9875277280807
RENAULT LAGUNA 4000 | 3216.968774795532
OPEL VECTRA CARAVAN 300 | 897.3030000925064
CITROEN Cc3 200 | 927.1508455276489
VOLVO V70 400 | 1113.2419109344482
OPEL ZAFIRA 10000 | 3344.1954851150513
SEAT TOLEDO 4000 | 1502.8975903987885

71




Lineara klasifikacija

Vehicle_make Vehicle_model Fact Predicted_value Accuracy

PORSCHE CAYENNE 500 1000 0.0
TOYOTA COROLLA 100 200 0.0
VW JETTA 10000 200 0.0
VW GOLF VARIANT 100 200 0.0
BMW 530 2000 200 0.0
VOLVO V70 200 200 1.0
VW POLO 200 200 1.0
AUDI A4 400 200 0.0
MAZDA MPV 300 200 0.0
PEUGEOT 405 1000 200 0.0
PONTIAC GRAND PRIX 500 400 0.0
BMW 318 2000 200 0.0
SAAB 9-5 300 200 0.0
FORD FIESTA 500 200 0.0
VOLVO V70 1000 200 0.0
FORD MONDEO 300 200 0.0
OPEL ASTRA 1000 200 0.0
VOLVO V70 1000 400 0.0
HONDA CIVIC 1000 200 0.0
LAND ROVER DISCOVERY 100 200 0.0
VW SHARAN 400 200 0.0
AUDI A6 1000 1000 1.0
CITROEN C3 400 200 0.0
MAZDA 626 400 200 0.0
VOLVO XC70 300 200 0.0
HONDA CIVIC 200 200 1.0
VW PASSAT VARIANT 300 200 0.0
MERCEDES BENZ SPRINTER 311 200 400 0.0
BMW 523 200 200 1.0
MAZDA PREMACY 1000 200 0.0
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8. pielikums. Zaudéjumu noteikSanas klasifikacijas un regresijas rezultati

Model type Epochs | Steps Batch Optimizer Layers Activation Dropout | Loss train Loss test Features
max size (unnormalized) | (unnormalized) | count
DNNRegressor 2 5000 64 | AdagradOptimizer(learning_rate=0.1) [32, 16, 16, 8] tf.nn.relu 0.15 5849.085399 3338.945193 2
DNNRegressor 2 5000 64 | AdagradOptimizer(learning_rate=0.1) [32, 16, 16, 8] tf.nn.relu 0.15 4022.465165 7256.49447 2
DNNRegressor 2 5000 64 | AdagradOptimizer(learning_rate=0.1) [32, 16, 16, 8] tf.nn.relu 0.15 5227.855201 4528.007509 2
DNNRegressor 2 5000 64 | AdagradOptimizer(learning_rate=0.1) [32, 16, 16, 8] tf.nn.relu 0.15 5510.356516 4493.253737 2
DNNRegressor 2 5000 64 | AdagradOptimizer(learning_rate=0.1) [32, 16, 16, 8] tf.nn.relu 0.15 4067.834726 4402.827239 2
DNNRegressor 2 5000 64 | AdagradOptimizer(learning_rate=0.1) [32, 16, 16, 8] tf.nn.relu 0.15 4149.332586 4126.76756 2
DNNRegressor 10 | 500000 64 | AdagradOptimizer(learning_rate=0.1) [32, 16, 16, 8] tf.nn.relu 0.15 5596.82803 3069.408249 2
DNNRegressor 10 | 500000 64 | AdagradOptimizer(learning_rate=0.1) [32, 16, 16, 8] tf.nn.relu 0.15 5568.104345 3759.449694 2
DNNRegressor 10 | 500000 64 | AdagradOptimizer(learning_rate=0.1) [32, 16, 16, 8] tf.nn.relu 0.15 4491.746876 3472.428113 2
DNNRegressor 10 | 500000 64 | AdagradOptimizer(learning_rate=0.1) [32, 16, 16, 8] tf.nn.relu 0.15 3593.621293 5668.6377 2
DNNRegressor 10 | 500000 64 | AdagradOptimizer(learning_rate=0.1) [32, 16, 16, 8] tf.nn.relu 0.15 5626.698894 3971.9701 2
DNNRegressor 10 | 500000 64 | AdagradOptimizer(learning_rate=0.1) [32, 16, 16, 8] tf.nn.relu 0.15 3503.849501 7732.971927 2
DNNRegressor 10 | 500000 64 | AdagradOptimizer(learning_rate=0.1) [32, 16, 16, 8] tf.nn.relu 0.1 5836.828591 3145.157548 3
DNNRegressor 10 | 500000 64 | AdagradOptimizer(learning_rate=0.1) [32, 16, 16, 8] tf.nn.relu 0.1 4564.562191 6291.172228 3
DNNRegressor 10 | 500000 64 | AdagradOptimizer(learning_rate=0.1) [32, 16, 16, 8] tf.nn.relu 0.1 4750.060421 5889.038631 3
DNNRegressor 5 | 500000 64 | AdagradOptimizer(learning_rate=0.1) [32, 16, 16, 8] tf.nn.relu 0.1 5153.057927 4800.145414 4
DNNRegressor 5 | 500000 64 | AdagradOptimizer(learning_rate=0.1) [32, 16, 16, 8] tf.nn.relu 0.1 5333.95688 4466.200846 4
DNNRegressor 5 | 500000 64 | AdagradOptimizer(learning_rate=0.1) [32, 16, 16, 8] tf.nn.relu 0.1 4402.473623 2518.629985 4
DNNRegressor 5 | 500000 64 | AdagradOptimizer(learning_rate=0.1) [32, 16, 16, 8] tf.nn.relu 0.1 3967.144499 7167.51478 4
DNNRegressor 5 | 500000 64 | AdagradOptimizer(learning_rate=0.1) [32, 16, 16, 8] tf.nn.relu 0.1 5296.526782 4428.120115 4
DNNRegressor 5 | 500000 64 | AdagradOptimizer(learning_rate=0.1) [32, 16, 16, 8] tf.nn.relu 0.1 4081.048962 4369.230117 4
DNNRegressor 10 | 500000 64 | AdagradOptimizer(learning_rate=0.1) [32, 16, 16, 8] tf.nn.relu 0.1 3821.181996 7309.80561 6
DNNRegressor 10 | 500000 64 | AdagradOptimizer(learning_rate=0.1) [32, 16, 16, 8] tf.nn.relu 0.1 5277.544697 5132.223296 6
DNNRegressor 10 | 500000 64 | AdagradOptimizer(learning_rate=0.1) [32, 16, 16, 8] tf.nn.relu 0.1 3516.269608 7522.426898 6
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DNNRegressor 10 | 500000 64 | AdagradOptimizer(learning_rate=0.1) [32, 16, 16, 8] tf.nn.relu 0.1 5129.302475 4553.223258 7
DNNRegressor 10 | 500000 64 | AdagradOptimizer(learning_rate=0.1) [32, 16, 16, 8] tf.nn.relu 0.1 5559.440028 4522.908076 7
DNNRegressor 10 | 500000 64 | AdagradOptimizer(learning_rate=0.1) [32, 16, 16, 8] tf.nn.relu 0.1 5875.303545 3508.558844 7
DNNRegressor 5 | 200000 4 | AdagradOptimizer(learning_rate=0.1) [32, 16, 16, 8] tf.nn.relu 0.1 5191.227447 4017.045211 19
DNNRegressor 5 | 200000 4 | AdagradOptimizer(learning_rate=0.1) [32, 16, 16, 8] tf.nn.relu 0.1 5107.021525 5657.782416 19
DNNRegressor 5 | 200000 4 | AdagradOptimizer(learning_rate=0.1) [32, 16, 16, 8] tf.nn.relu 0.1 5438.58765 4578.037925 19
DNNRegressor 5 | 200000 4 | AdagradOptimizer(learning_rate=0.1) [32, 16, 16, 8] tf.nn.relu 0.1 5432.805984 4405.314461 19
DNNRegressor 5 | 200000 4 | AdagradOptimizer(learning_rate=0.1) [32, 16, 16, 8] tf.nn.relu 0.1 5751.739389 3945.970603 7
DNNRegressor 5 | 200000 4 | AdagradOptimizer(learning_rate=0.1) [32, 16, 16, 8] tf.nn.relu 0.1 4420.090723 6811.979742 7
DNNRegressor 5 | 200000 4 | AdagradOptimizer(learning_rate=0.1) [32, 16, 16, 8] tf.nn.relu 0.1 5119.701749 5176.582077 7
DNNRegressor 5 | 200000 4 | AdagradOptimizer(learning_rate=0.1) [32, 16, 16, 8] tf.nn.relu 0.1 3993.894201 7422.674839 7
DNNRegressor 5 | 200000 4 | AdagradOptimizer(learning_rate=0.1) [32, 16, 16, 8] tf.nn.relu 0.1 5787.110323 2502.046731 7
DNNRegressor 5 | 200000 4 | AdagradOptimizer(learning_rate=0.1) [32, 16, 16, 8] tf.nn.relu 0.1 5498.995657 4123.697769 7
DNNRegressor 5 | 200000 4 | AdagradOptimizer(learning_rate=0.01) [32, 16, 16, 8] tf.nn.relu 0.1 5275.889921 4701.638833 19
DNNRegressor 5 | 200000 4 | AdagradOptimizer(learning_rate=0.01) [32, 16, 16, 8] tf.nn.relu 0.1 4186.443324 4731.871721 19
DNNRegressor 5 | 200000 4 | AdadeltaOptimizer(learning_rate=0.1) [32, 16, 16, 8] tf.nn.relu 0.1 4142.446117 7210.963141 19
DNNRegressor 5 | 200000 4 | AdadeltaOptimizer(learning_rate=0.1) [32, 16, 16, 8] tf.nn.relu 0.1 5494.944915 4747.771292 19
DNNRegressor 5 | 200000 4 | AdadeltaOptimizer(learning_rate=0.01) [32, 16, 16, 8] tf.nn.relu 0.1 6403.23824 6200.413214 19
DNNRegressor 6 | 300000 4 | AdamOptimizer(learning_rate=0.01) [128, 64, 16,8] | tf.nn.relu 0.1 4310.387087 6678.699621 19
DNNRegressor 6 | 300000 4 | AdamOptimizer(learning_rate=0.01) [128, 64, 16, 8] | tf.nn.relu 0.1 4238.760609 6422.810201 19
DNNRegressor 6 | 500000 4 | AdamOptimizer(learning_rate=0.01) [128, 64, 16,8] | tf.nn.relu 0.25 4605.672287 6229.660317 19
DNNRegressor 6 | 500000 4 | AdamOptimizer(learning_rate=0.01) [128, 64, 16, 8] | tf.nn.sigmoid 0.1 5398.865358 4929.229298 19
LinearReggressor 6 | 500000 4 | tf.train.FtrlOptimizer(learning_rate=0.1) 4965.177361 5298.567622 19
LinearReggressor 5| 10000 4 | tf.train.FtrlOptimizer(learning_rate=0.1) 5782.461555 3985.353051 19
LinearReggressor 5| 10000 4 | tf.train.FtrlOptimizer(learning_rate=0.1) 5355.95317 4986.24519 19
LinearReggressor 5| 30000 4 | tf.train.FtrlOptimizer(learning_rate=0.1) 4288.921277 4896.062193 19
LinearReggressor 5| 50000 4 | tf.train.FtrlOptimizer(learning_rate=0.1) 4134.936654 7233.305389 19
LinearReggressor 5| 30000 4 | tf.train. AdamOptimizer(learning_rate=0.01) 15344.11485 114545.2914 19
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9. pielikums. Pazimju kolonu konfiguracija

Datu lauks

Tips un parametri

VEHICLE_MAKE

Tips: tf.feature_column.embedding_column
hash_bucket_size = 1500

VEHICLE_MODEL

Tips: tf.feature_column.indicator_column
hash_bucket_size = 7000

VEHICLE_COLOR

Tips: tf.feature_column.indicator_column
hash_bucket_size = 322

VEHICLE_CODE

Tips: tf.feature_column.indicator_column
hash_bucket_size = 60

VEHICLE_FULL_MASS

Tips: tf.feature_column.bucketized_column
boundaries = No 0 Iidz 50000 ar soli 500

VEHICLE_ISSUE_YEAR

Tips: tf.feature_column.bucketized_column
boundaries = No 1900 lidz 2025 ar soli 5

VEHICLE_POWER

Tips: tf.feature_column.bucketized_column
boundaries = No 0 Iidz 5000 ar soli 80

POLICY_LENGTH

Tips: tf.feature_column.bucketized_column
boundaries = No 1900 lidz 2025 ar soli 5

BM_GENDER

Tips: tf.feature_column.indicator_column

vocabulary_list=["S", "V", "n/z"]

BM_PERSON_TYPE

Tips: tf.feature_column.indicator_column
vocabulary list=["(nav zinams)", "Fiziska

persona”, "Juridiska persona"]

BM_PERSON_ATVK

Tips: tf.feature_column.numeric_column

ACCIDENT_ATVK

Tips: tf.feature_column.numeric_column

BM_BIRTH_DATE_YEAR

Tips: tf.feature_column.numeric_column

BM_BIRTH_DATE_MONTH

Tips: tf.feature_column.numeric_column

BM_BIRTH_DATE_DAY

Tips: tf.feature_column.numeric_column

ACCIDENT_DATE_YEAR

Tips: tf.feature_column.numeric_column

ACCIDENT_DATE_MONTH

Tips: tf.feature_column.numeric_column

ACCIDENT_DATE_DAY

Tips: tf.feature_column.numeric_column

POLICY_ISSUE_DATE_YEAR

Tips: tf.feature_column.numeric_column

POLICY_BEGIN_DATE_MONTH

Tips: tf.feature_column.numeric_column
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POLICY_BEGIN_DATE_DAY

Tips: tf.feature_column.numeric_column

ACCIDENT_REPORTING_DATE_YEAR

Tips: tf.feature_column.numeric_column

DECISION_TYPE

Tips: tf.feature_column.indicator_column
vocabulary list = ["Lietas administré$anas
izmaksas",
"Regresa lietas
administréSanas izmaksas",
"ApnemsSanas veikt
izmaksu",
"Atteikums",
"Dal&ja izmaksa",
"lzmaksa",
"Lietas izbeigSana",
"Lietas parsutisana",
"Lémuma anuléSana",
"Lémuma maina",
"Noilgums",
"Norekinu korekcija",
"Pakalpojums (serviss)",
"Periodiska izmaksa

(tikai personai)”]
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10. pielikums. Rezervju aprékina modelu un konfiguracijas pirmkods

Main.py

import ModelFactory as f
import Configurations as c

0 config - FULL FEATURES LIST

1 config - BIG NEURON count

2 config - ONE FEATURE NEXT YEAR SUM PREDICTION

3 config - DECISION TYPE PREDICTION

4 config - The same as 1 with regular NEURON count
5 config - For RNN network

config = f.create_model (c.get_config() [5])

- run DNN regressor

- run Linear regressor

- run DNN classifier

run Baseline classifier

- run Linear classifier

- run DNN Linear Combined Regression
- run RNN Classifier

NousWwN KR
|

f run model(model 1d = 1, config = config, norm factor = 1000)
P W F = con

Configurations.py

import tensorflow as tf

class Configuration:
feature column_names = []
feature_columns = []
train_dataset = None
test_dataset = None
predict dataset = None

hidden_units = []
optimizer_dnn_regression = None
optimizer dnn _classifier = None
optimizer linear_ regression = None
optimizer linear classifier = None
activation_fn = None

dropout = None

batch_size = None

num_epochs = None

steps = None

label_vocabulary=[]
label column_name = None

split _datasets by issue_year = False
for_rnn = False

def get_config(i
config list

c = Configuration()

c.feature_column_names = ["VEHICLE MAKE", "VEHICLE MODEL", "VEHICLE FULL MASS", "VEHICLE ISSUE_YEAR",
"VEHICLE POWER", "VEHICLE_COLOR", "VEHICLE_CODE",
"BM_GENDER", "BM_PERSON ' TYPE" "BM_PERSON_! ATVK"
"BM BIRTH_DATE_: YEAR" "BM BIRTH_] DATE MONTH" "BM_BIRTH_DATE_DAY",
"ACCIDENT | DATE_YEAR" "ACCIDENT DATE MONTH" "ACCIDENT DATE ] DAY"
"POLICY_ ISSUE DATE_ YEAR", "POLICY ISSUE DATE_MONTH", "POLICY ISSUE DATE DAY",

"POLICY BEGIN DATE_YEAR", "POLICY BEGIN DATE_MONTH", "POLICY BEGIN_DATE DAY",
"POLICY LENGTH", "ACCIDENT REPORTING DATE YEAR", "DECISION TYPE", "ACCIDENT ATVK",
"RESERVE_SUM"

1

c.hidden_units = [128, 64, 16, 8]

c.optimizer dnn_regression = tf.train.AdamOptimizer (learning rate=0.01
c.optimizer linear_regression = tf.train.FtrlOptimizer (learning rate=0.01)
c.optimizer_dnn_classifier = c.optimizer_dnn_regression

c.optimizer baseline classifier = c.optimizer_ linear_ regression
c.optimizer_ linear_ classifier = c.optimizer_linear_regression
c.activation_fn = tf.nn.relu

c.dropout = 0.1

c.batch_size = 16

c.num_epochs = 5

c.steps = 1000

Q

.label vocabulary = [0, 50, 100, 200, 300, 400, 500, 1000, 2000, 3000, 4000, 5000, 10000, 100000000]
.label column_name = "SUM INTERVALS"

aQ

config list.append(c)

c = Configuration|()



c.feature_column_names = ["VEHICLE MODEL", "BM GENDER", "VEHICLE_ FULL MASS", "BM BIRTH DATE_ YEAR"]
c.hidden_units = [4096, 128]

c.optimizer dnn_regression = tf.train.AdamOptimizer (learning rate=0.01
c.optimizer linear regression = tf.train.FtrlOptimizer (learning rate=0.01)

c.optimizer dnn_classifier = c.optimizer_dnn_regression

c.optimizer baseline classifier = c.optimizer_ linear_ regression

c.optimizer linear classifier = c.optimizer linear regression

c.activation_fn = tf.nn.relu

c.dropout = 0.2

c.batch_size = 4

c.num_epochs = 5

c.steps = 6000

c.label vocabulary = [0, 50, 100, 200, 300, 400, 500, 1000, 2000, 3000, 4000, 5000, 10000, 100000000
c.label column_name = "SUM_ INTERVALS"

config list.append(c)

config FE? XT YEAF DI

2 g
= Configuration()

c

c.feature column names = ["VEHICLE MODEL"]

c.hidden_units = [128, 64, 16, 8]

c.optimizer_dnn_regression = tf.train.AdamOptimizer (learning rate=0.01
c.optimizer linear regression = tf.train.FtrlOptimizer (learning rate=0.01)
c.optimizer dnn_classifier = c.optimizer dnn_regression

c.optimizer baseline classifier = c.optimizer linear regression
c.optimizer linear classifier = c.optimizer_ linear_ regression
c.activation_fn = tf.nn.relu

c.dropout = 0.2

c.batch_size = 4

c.num_epochs = 5

c.steps = 30000

c.label vocabulary = [0, 50, 100, 200, 300, 400, 500, 1000, 2000, 3000, 4000, 5000, 10000, 100000000
c.label column_name = "SUM INTERVALS"

config list.append(c)

.activation_fn = tf.nn.relu
.dropout = 0.2
.batch_size = 4
.num_epochs = 5
.steps = 30000

#

#

c

c.feature_column_names = ["VEHICLE MODEL", "DECISION_ SUM EUR"]
c.hidden_units = [128, 64, 16, 8]

c.optimizer dnn_regression = tf.train.AdamOptimizer (learning rate=0.01
c.optimizer linear_ regression = tf.train.FtrlOptimizer (learning rate=0.01)
c.optimizer dnn_classifier = c.optimizer dnn_regression

c.optimizer baseline classifier = c.optimizer linear regression
c.optimizer linear classifier = c.optimizer_ linear regression

c

c

c

c

c

c.label vocabulary = ["Lietas administré&sanas izmaksas",

"Regresa lietas administrésanas izmaksas",

"ApnemSanas veikt izmaksu",

"Atteikums",

"Daléja izmaksa",

"Izmaksa",

"Lietas izbeigSana",

"Lietas parsatisana",

"Lémuma anulés$ana",

"Lémuma maina",

"Noilgums",

"Norékinu korekcija",

"Pakalpojums (serviss)",

"Periodiska izmaksa (tikai personai)"]
c.label column_name = "DECISION_TYPE"

config list.append(c)

#

c

c.feature_column_names = ["VEHICLE MODEL", "BM GENDER", "VEHICLE_FULL_MASS", "BM BIRTH DATE_ YEAR"]
c.hidden_units = [128, 64, 16]

c.optimizer dnn_regression = tf.train.AdamOptimizer (learning rate=0.01

c.optimizer linear_regression = tf.train.FtrlOptimizer (learning rate=0.01)
c.optimizer_dnn_classifier = c.optimizer_dnn_regression

c.optimizer baseline classifier = c.optimizer_ linear_ regression

c.optimizer_ linear classifier = c.optimizer_linear_regression

c.activation_fn = tf.nn.relu

c.dropout = 0.2

c.batch_size = 4

c.num_epochs = 5

c.steps = 6000

c.label_vocabulary = [0, 50, 100, 200, 300, 400, 500, 1000, 2000, 3000, 4000, 5000, 10000, 100000000
c.label column_name = "SUM_INTERVALS"

config_list.append(c)

= Configuration|()

.feature_column_names = ["VEHICLE_MAKE"]
.hidden_units = [128, 64, 16]
.hidden_units = [4096, 128, 64]

.optimizer linear regression = tf.train.FtrlOptimizer (learning rate=0.01)
.optimizer dnn classifier = c.optimizer dnn_regression

.optimizer baseline classifier = c.optimizer_ linear regression
.optimizer linear classifier = c.optimizer_ linear_ regression

4
c
c
(e}
c
c.optimizer dnn_regression = tf.train.AdamOptimizer (learning rate=0.01
c
c
c
c
c.activation_fn = tf.nn.relu
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.dropout = 0.1
.batch_size = 4
.num_epochs = 5
.steps = 10000

a

.label vocabulary = [0, 50, 100, 200, 300, 400, 500, 1000, 2000, 3000, 4000, 5000, 10000, 100000000]
.label column_name = "SUM INTERVALS"

Q

c.split_datasets_by issue_year = False
c.for_rnn = True

config list.append(c)

[iiizdddzaaddsasddaasddaassdaasdssansdsaassdassddaasddsasassasasssasdssasstsassdasasdsasddsasadsaaasssaadd
6 config - CUSTOM FEATURES LIST

.

c Configuration ()

c.feature_column_names = ["ACCIDENT ATVK", "BM PERSON_ATVK", "VEHICLE FULL MASS", "DECISION_TYPE"]
c.hidden_units = [128, 64, 16, 8]

c.optimizer dnn_regression = tf.train.AdamOptimizer (learning rate=0.01
c.optimizer linear regression = tf.train.FtrlOptimizer (learning rate=0.01

c.optimizer dnn_classifier = c.optimizer dnn_regression

c.optimizer baseline classifier = c.optimizer linear regression

c.optimizer linear classifier = c.optimizer_ linear_ regression

c.activation_fn = tf.nn.relu

c.dropout = 0.2

c.batch_size = 4

c.num_epochs = 5

c.steps = 30000

c.label vocabulary = [0, 50, 100, 200, 300, 400, 500, 1000, 2000, 3000, 4000, 5000, 10000, 100000000]
c.label column_name = "SUM_INTERVALS"

c.split_datasets_by_ issue_year = True

c.for_rnn = False

config list.append(c)

tHt###H A A igagadaadaddadaddadiadsadadzadaasdsad ittt st adtasadssd
# 7 config - CUSTOM
c = Configuration()

#c.feature col M PERSON ATVK",
#c.feature col = I MODEL", "VEHIC F
c.feature column_names = ["VEHICLE MAKE "VEHICLE_MODEL", "VEHICLE_FULL_! MASS" "VEHICLE_ISSUE_YEAR",
"VEHICLE_POWER" "VEHICLE_COLOR", "VEHICLE_CODE",
"BM_GENDER", "BM PERSON TYPE", "BM PERSON_ATVK"
"BM BIRTH DATE ' YEAR" "BM BIRTH ] DATE MONTH" "BM BIRTH DATE_DAY",
"ACCIDENT DATE YEAR" "ACCIDENT DATE_MONTH", "ACCIDENT DATE DAY",
"POLICY_ ISSUE DATE YEAR "POLICY ISSUE DATE MONTH", "POLICY ISSUE DATE DAY",
"POLICY BEGIN DATE YEAR" "POLICY BEGIN DATE 1 . MONTH", "POLICY BEGIN DATE DAY",
"POLICY_ LENGTH", "ACCIDENT REPORTING DATE_YEAR", "DECISION_ TYPE", "ACCIDENT ATVK"
"RESERVE_SUM"

c.hidden unlts =
#c.hidde
#c.optimizer dnn ssion

]
f.train.AdamOptimizer (learning rate=0.001)

c.optimizer dnn_regression = tf.train.ProximalAdagradOptimizer (
learning_rate=0.1,
11_regularization_ strength=0.001

)

c.optimizer dnn_regression = lambda: tf.train.AdamOptimizer (
learning rate=tf.train.exponential decay(

learning_rate=0.1,

global_step=tf.train.get_global_step(),

decay_steps=10000,

decay_rate=0.96))
c.optimizer linear regression = tf.train.FtrlOptimizer (learning rate=0.01)
c.optimizer dnn_classifier = c.optimizer dnn_regression
c.optimizer baseline classifier = c.optimizer_ linear_ regression
c.optimizer linear classifier = c.optimizer linear regression
c.activation_fn = tf.nn.relu
c.dropout = 0.1
c.batch_size = 8
c.num_epochs = 10
c.steps = 20000
c.label vocabulary = [0, 50, 100, 200, 300, 400, 500, 1000, 2000, 3000, 4000, 5000, 10000, 100000000
c.label _column_name = "SUM INTERVALS"
c.split_datasets_by_ issue_year = False
c.for_rnn = False

config list.append(c)

"VEHICLE MODEL", "VEHICLE FULL MASS","ACCIDENT ATVK", "BM PERSON ATVK",

"VEHICLE_MAKE", "VEHICLE_MODEL", "VEHICLE_FULL_MASS", "VEHICLE_ISSUE_YEAR",

"VEHICLE POWER", "VEHICLE_COLOR", "VEHICLE_CODE",

"BM_GENDER", "BM_PERSON ' TYPE" "BM_PERSON_! ATVK"

"BM BIRTH_DATE_: YEAR" "BM BIRTH_] DATE MONTH" "BM_BIRTH_DATE_DAY",

"ACCIDENT DATE YEAR" "ACCIDENT DATE MONTH" "ACCIDENT DATE ] DAY"

"POLICY_. ISSUE DATE YEAR" "POLICY ISSUE DATE_MONTH", "POLICY ISSUE_DATE DAY",

"POLICY BEGIN DATE YEAR" "POLICY BEGIN DATE MONTH", "POLICY BEGIN DATE DAY",

"POLICY LENGTH" "ACCIDENT REPORTING DATE YEAR" "DECISION_TYPE" "ACCIDENT ATVK", RESERVE SUM"
]

c.hidden_units = [32, 12, 8, 16]
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c.optimizer dnn_regression = tf.train.AdamOptimizer (learning rate=0.001
c.optimizer linear regression = tf.train.FtrlOptimizer (learning rate=0.001
c.optimizer dnn_classifier = c.optimizer dnn_regression

c.optimizer baseline classifier = c.optimizer_ linear_ regression
c.optimizer linear classifier = c.optimizer_ linear_ regression
c.activation_fn = tf.nn.relu

c.dropout = 0.1

c.batch_size = 8

c.num_epochs = 10

c.steps = 20000

c.label _vocabulary = [0, 50, 100, 200, 300, 400, 500, 1000, 2000, 3000, 4000, 5000, 10000, 100000000
c.label column_name = "SUM_INTERVALS"

c.split_datasets_by_ issue_year = False

c.for_rnn = False

config list.append(c)

return config list

ModelFactory.py

import os

import shutil as sh
import pandas as pd
import tensorflow as tf
import numpy as np

import matplotlib.pyplot as plt
import seaborn as sns

import DNNRegressor as re

import LinearRegressor as lire

import DNNClassifier as cl

import BaselineClassifier as blcl

import LinearClassifier as licl

import DNNLinearCombinedRegressor as combre
import RNNClassifier as rnncl

import InsuranceDataset as ds

FILE_DIR = os.getcwd() + "\\..\\resources\data\\"
DATASET_FILE_PATH = FILE DIR + "md_data.csv"

DELIMITER = ","

MODEL_DIR = "../model"
pd.set_option("display.max_rows", 100)
pd.set_option("display.max_columns", 100)

pd.setioption("display.widzh", None)
pd.set_option("max_colwidth", 150)

# Enak fe

tf.logging.set_;erbosity(tf.logging.INFO)
#tf tf. .

tf 1

verbos

def create_model (config) :

wn

load pandas dataframe from csv
i

df = ds.load dataset from file(data file path=DATASET FILE PATH, delimiter=DELIMITER)

feature columns

config.feature_columns = create_ features_columns(feature column_names=config.feature_column_names, for_rnn =
config.for_rnn)

df = ds.clean_and fix data(data_frame=df, feature column_names=config.feature_column_names,
label column_names=[config.label column_name], label vocabulary=config.label vocabulary)

Filter data

# keep last X yeasr only
df = df[df["POLICY_ISSUE DATE_YEAR"] >=2009
import scipy.stats as stats

< and C
df = df[df["DECISION_SUM EUR"] > 50]
= df [df ["DECISION_SUM EUR"] < 10000]

—n

F

#drop c fe

zeros

EYPE"].lsln(["Izmaksa"])]

print statistics

MASS™)



calculate_features_importance (data=df.copy(), feature column_names = config.feature_ column_names, label column name =
config.label column_name)

Debug

print_nan_records (df)

get data sets for tensorflow
(config.train_dataset, config.test dataset, config.predict dataset) = ds.get_datasets_with labels(df,
config.label column_name,
predict_fraction = 0.1, train fraction=0.7, seed=None, split_datasets_by issue_year =
config.split_datasets_by issue_year)
return config

def run_model (model_id, config, norm factor):
# delete model c , Co: 1t f
sh.rmtree (MODEL_DIR, ignore_ errors=True)

f you

predict_results = []

# run I bdel
if model_id 1:
predict_results = re.run_model (feature columns = config.feature_columns, train dataset = config.train dataset,
test_dataset=config.test_dataset, predict dataset=config.predict_dataset,

model dir=MODEL_DIR,
hidden_units=config.hidden_units, optimizer=config.optimizer dnn_regression,
activation_fn=config.activation_fn, dropout=config.dropout,
batch_size=config.batch_size, num_epochs=config.num epochs, steps=config.steps,
norm_factor=norm_factor)

predict_results = lire.run_model (feature columns=config.feature_columns, train dataset=config.train_dataset,
test_dataset=config.test dataset, predict dataset=config.predict_dataset,
model_ dir=MODEL_DIR,
optimizer=config.optimizer linear regression,
batch_size=config.batch_size, num_epochs=config.num epochs, steps=config.steps,
norm_factor=norm_factor)

I\ cl er
if model id == :
predict_results = cl.run _model (feature columns=config.feature columns, train dataset=config.train dataset,
test_dataset=config.test_dataset, predict dataset=config.predict_ dataset,
model dir=MODEL_DIR,

hidden_units=config.hidden_units, optimizer=config.optimizer dnn_classifier,
activation_fn=config.activation_fn, dropout=config.dropout,
batch_size=config.batch_size, num_epochs=config.num epochs, steps=config.steps,
label_vocabulary = config.label vocabulary)

#Ba ine 2
if model id 4
predict_results = blcl.run _model (train_dataset = config.train_dataset,
test_dataset=config.test_dataset, predict dataset=config.predict_dataset,

model dir=MODEL_DIR,
optimizer=config.optimizer baseline_classifier,
batch_size=config.batch_size, num_epochs=config.num epochs, steps=config.steps,
label_vocabulary = config.label vocabulary)

if model id == 5:

predict_results = licl.run_model (feature columns = config.feature_columns,
train_dataset=config.train_dataset,
test_dataset=config.test_dataset, predict dataset=config.predict_dataset,
model dir=MODEL_DIR,
optimizer=config.optimizer linear classifier,
batch_size=config.batch_size, num_epochs=config.num epochs
steps=config.steps,
label_vocabulary=config.label vocabulary)

# n DN

n model

# L inearC

if model_id == 6

predict_results = combre.run_model (feature columns = config.feature columns, train_ dataset = config.train_dataset,
test_dataset=config.test_dataset, predict dataset=config.predict_dataset,

nedRegres

model_dir=MODEL_DIR,
hidden_units=config.hidden_units, optimizer=config.optimizer dnn_regression,
activation fn=config.activation fn, dropout=config.dropout,
batchisize;config.batchisize, namiepochs=config.numﬁepochs, steps=config.steps,
norm_factor=norm_factor)

clas
if model_id 7z

predict_results = rnncl.run_model (feature columns=config.feature columns, train dataset=config.train dataset,
test_dataset=config.test_dataset, predict dataset=config.predict_dataset,

model dir=MODEL_DIR,
hidden_units=config.hidden_units, optimizer=config.optimizer dnn_classifier,
batch_size=config.batch_size, num_epochs=config.num epochs, steps=config.steps,
label_vocabulary = config.label vocabulary)

Generate prediction output

arr_results = np.empty((0, 9))

for i, prediction in enumerate (predict_results):
vehicle make = config.predict_dataset[0].iloc[i] ["VEHICLE MAKE"]
vehicle model = config.predict_dataset[0].iloc[i] ["VEHICLE_ MODEL"]

reserve_sum = None
if "RESERVE SUM" in config.predict_dataset[0]:
reserve_sum = config.predict_dataset[0].iloc[i] ["RESERVE_SUM"]

fact = config.predict dataset[1].iloc[i]
prediction item = 0

accuracy = 0

probability = 0
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accuracy_error = 0
predicted value = None
additional info = None

#Regre

if "predictions" in prediction:
predicted value = norm_factor * prediction["predictions"][0]
accuracy = predicted_value/float(configAPredict_dataset[l].iloc[i])

fiers
if "probabilities" in prediction:

predicted value = prediction["classes"][0].decode ()

class_id = prediction["class_ids"]

accuracy = 1 if fact predicted value else 0

probability = prediction["probabilities"] [class_id][0]

additional info = "[" + ' '.join("{:.2f}".format (x) for x in prediction["probabilities"]) + "] " +
str(config.label vocabulary)

accuracy_error = abs(l - accuracy)

if i< 500000:
arr_results = np.append(arr=arr_results,
values=[[vehicle make, vehicle model, reserve_sum, fact, predicted value,
accuracy, probability, accuracy_error, additional info]],
axis =0

)

df_results_types= {
"Vehicle make":str,
"Vehicle model":str,
"Reserve_sum":float,
"Fact":str,
"Predicted_value":str,
"Accuracy":float,
"Probability":float,
"Accuracy_error":float,
"Additional_info":str
}
df _results = pd.DataFrame(data=arr_results, columns=["Vehicle_make", "Vehicle model", "Reserve sum", "Fact",
"Predicted value", "Accuracy", "Probability", "Accuracy error", "Additional_ info"])
df results = df results.astype(df results_types)

print (df_results)
print (df_results.describe())

#export
df results.to_csv(path_or buf=FILE DIR+"result model "+str(model id)+".csv", sep=DELIMITER)

for_rnn = False):

feature_columns = []
from tensorflow.contrib.feature_column import sequence categorical column_with_ hash_bucket
from tensorflow.contrib.feature column import sequence_categorical column_with identity

# 1d tor d n should be the
if "VEHICLE MAKE" in feature_column_names:
if for_rnn == True:
feature_column_vehiclemake = tf.feature_column.embedding column (
sequence_categorical column_with hash _bucket (key="VEHICLE_MAKE", hash bucket_ size=1500),dimension=6)
else:
feature_column_vehiclemake = tf.feature_column.embedding column (
tf.feature_column.categorical column_with_ hash bucket (key="VEHICLE_MAKE", hash bucket size=1500), dimension=6)
feature_columns.append (feature_column_vehiclemake)

root of the r

# L
if "VEHICLE MODEL" in feature_column_names:
if for_rnn == True:
feature_column_vehiclemodel = tf.feature column.embedding_column (
sequence_categorical_column_with_hash_bucket (key="VEHICLE _MODEL", hash bucket size=7000),dimension=9)
else:
feature_column_vehiclemodel = tf.feature column.indicator_column (
tf.feature_column.categorical column_with_hash_bucket (
key="VEHICLE_MODEL", hash_bucket_ size=7000)
)

feature_columns.append (feature_column_vehiclemodel)

COLOR
if "VEHICLE COLOR" in feature_column_names:
feature_column_vehiclecolor = tf.feature_column.indicator_column (
tf.feature_column.categorical column_with_hash_bucket (
key="VEHICLE_COLOR", hash_bucket_size=322)
)

feature_columns.append (feature_column_vehiclecolor)

if "VEHICLE CODE" in feature_ column_names:
feature_column_vehiclecode = tf.feature column.indicator_column (
tf.feature_column.categorical column_with_hash_bucket (
key="VEHICLE_CODE", hash_bucket_size=60)
)
feature_columns.append (feature_column_vehiclecode)

ICLE

if

if for_rnn == True:
feature_column_vehiclefullmass = tf.feature column.embedding_ column (
sequence categorical column with identity(
key="VEHICLE FULL_MASS", B
num_buckets=100000) ,dimension=10)

else:
feature_column_vehiclefullmass = tf.feature column.bucketized column (
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source_column=tf.feature_ column.numeric_column (key="VEHICLE_ FULL_MASS"),
boundaries=np.arange (0, 50000, 500).tolist())
feature_columns.append(feature_ column_vehiclefullmass)

# VEHICLE ISSUE YEAR
if "VEHICLE ISSUE_YEAR" in feature_column_names:
feature_column_vehiclereleaseyear = tf.feature_column.bucketized column(

source_column=tf.feature_column.numeric_column (key="VEHICLE_ISSUE YEAR"),
boundaries=np.arange (1900, 2025, 5).tolist())
feature_columns.append (feature column_vehiclereleaseyear)

H

LE POWER
if "VEHICLE POWER" in feature_column_names:
feature_column_vehiclepower = tf.feature_column.bucketized column (
source_column=tf.feature_column.numeric_column (key="VEHICLE_POWER"),
boundaries=np.arange (0, 5000, 80).tolist())
feature_columns.append (feature_column_vehiclepower)

# PC

if "POLIEY_LENGTH" in feature_column_names:
feature_column_policylength = tf.feature_column.bucketized column (
source_column=tf.feature column.numeric_column (key="POLICY LENGTH"),
boundaries=np.arange (0, 400, 15).tolist())
feature_columns.append (feature_column_policylength)

if

R
"BM_GENDER" in feature_column_names:
feature_column_bmgender = tf.feature column.indicator_column (
tf.feature column.categorical column_with vocabulary list(
key="BM_GENDER", vocabulary list=["S", "V", "n/z"])
)

feature_ columns.append(feature column_bmgender)

feature_column_bmpersontype = tf.feature_column.indicator_column (
tf.feature_column.categorical column_with_vocabulary list(

key="BM PERSON_TYPE", vocabulary list=["\(nav zinams\)", "Fiziska persona", "Juridiska persona"])

)

feature_columns.append (feature_column_bmpersontype)

# ! 1 T

if "BM PERSON_ATVK" in feature_column_names:
feature_column_bmpersonatvk= tf.feature_column.numeric_column (key="BM PERSON_ATVK")
feature columns.append(feature column_ bmpersonatvk)

it fy
if "ACCIDENT ATVK" in feature_column_names:
feature_column_accidentatvk = tf.feature_column.numeric_column (key="ACCIDENT ATVK")
feature_columns.append (feature column_accidentatvk)

1 'H DATE YEAR
BM BIRTH DATE YEAR" in feature_column_names:

feature_column_birthdateyear = tf.feature_column.numeric_column (key="BM BIRTH DATE_YEAR")
feature_columns.append (feature_column_birthdateyear)

+ DA

if "BM BIRTH DATE MONTH" in feature_column_names:
feature_column_birthdatemonth = tf.feature_column.numeric_column (key="BM BIRTH_DATE_MONTH")

feature_columns.append (feature column_birthdatemonth)

M _BIRTH

TE DAY

if "BM BIRTH DATE DAY" in feature_ column_names:
feature_column_birthdateday = tf.feature_column.numeric_column (key="BM BIRTH_DATE DAY")
feature_columns.append (feature_column_birthdateday)

#

if "ACCIDENT DATE_ YEAR" in feature_column_names:
feature_column_accidentdateyear = tf.feature column.numeric_column (key="ACCIDENT DATE_YEAR")

feature_columns.append (feature column_accidentdateyear)

# 7

if "ACCIDENT_ DATE_MONTH" in feature_column_names:
feature_column_accidentdatemonth = tf.feature_column.numeric_column (key="ACCIDENT DATE MONTH")
feature_columns.append (feature column_accidentdatemonth)

A DAY
if "ACCIDENT DATE DAY" in feature_ column_names:
feature_column_accidentdateday = tf.feature_column.numeric_column (key="ACCIDENT DATE DAY")

feature_columns.append (feature column_accidentdateday)

# POLICY I: R
if "POLICY ISSUE DATE YEAR" in feature_ column_names:
feature_column_policyissuedateyear = tf.feature_column.numeric_column (key="POLICY ISSUE DATE YEAR")

feature_columns.append (feature_column_policyissuedateyear)

if "POLIEY_ISSUE_DATE_MONTH" in feature_column_names:
feature_column_policyissuedatemonth = tf.feature_column.numeric_column (key="POLICY ISSUE_DATE MONTH")
feature_columns.append (feature_column_policyissuedatemonth)

# POLICY I iy AY
if "POLICY ISSUE DATE DAY" in feature_column_names:
feature_column_policyissuedateday = tf.feature_column.numeric_column (key="POLICY_ ISSUE_DATE_DAY")

feature_columns.append (feature_column_policyissuedateday)

# POLICY ! .
if "POLICY_ BEGIN_DATE_YEAR" in feature_column_names:
feature_column_policybegindateyear = tf.feature_ column.numeric_column (key="POLICY BEGIN DATE YEAR")

feature_columns.append (feature_column_policybegindateyear)

CY BI AR

4 ,
if "POLIEY_BEGIN_DATE_MONTH" in feature_column_names:
feature_column_policybegindatemonth = tf.feature column.numeric_column (key="POLICY BEGIN_ DATE_ MONTH")

feature_columns.append (feature column_policybegindatemonth)
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CY B D. DAY
if "POLICY_BEGIN DATE_DAY" in feature_column_names:
feature_column_policybegindateday = tf.feature_ column.numeric_column (key="POLICY BEGIN_DATE_ DAY")
feature_columns.append (feature_column_policybegindateday)

ENT REPORTING DATE YEAR
if "ACCIDENT REPORTING DATE YEAR" in feature_column_names:
feature_column_policybegindateday = tf.feature_column.numeric_column (key="ACCIDENT REPORTING DATE_ YEAR")

feature_columns.append (feature_column_policybegindateday)

#
if "DECISION_TYPE" in feature_column_names:
feature_column_decisiontype = tf.feature column.indicator_column (
tf.feature column.categorical column with vocabulary list(
key="DECISION_TYPE",
vocabulary list=["Lietas administré&sanas izmaksas",
"Regresa lietas administrésSanas izmaksas",
"ApnemsSanas veikt izmaksu",
"Atteikums",
"Daléja izmaksa",
"Izmaksa",
"Lietas izbeigSana",
"Lietas parsatisana",
"Lémuma anulé&s$ana",
"Lémuma maina",
"Noilgums",
"Noré&kinu korekcija",
"Pakalpojums (serviss)",
"Periodiska izmaksa (tikai personai)"])

DECISION TYPE

)

feature_columns.append (feature_column_decisiontype)
# D)
if "DECISION_SUM EUR" in feature_column_names:

feature_column_decisionsumeur = tf.feature_column.numeric_column (key="DECISION_SUM EUR")

feature_columns.append (feature_column_decisionsumeur)

RESERVE_SUM" in feature column_names:
if for_rnn == True:
feature_column_reservesumeur = tf.feature_column.embedding_column (
sequence_categorical_column_with_ identity(
key="RESERVE_SUM",
num_buckets=10000000), dimension=5)
else:
feature_column_reservesumeur = tf.feature_ column.embedding column (
tf.feature_column.bucketized column (
source_column=tf.feature column.numeric_column (key="RESERVE_SUM")
boundaries=np.arange (0, 10000000, 100).tolist()), 13
)
feature columns.append(feature column_reservesumeur)

return feature_columns
def print nan records (df):

print ("\n\n###### print nan_records ######")
print (df.info())

# p data rows with nan values if exist
if df.isnull () .sum().sum() > O:
print ()
print ("Records with nan values:")
df nan_values = df[df.isnull().any(axis=1)]
print (df_nan_values)
print ()
else:

print ("No records with nan values")
print ("###### print nan records END ######\n")

def print_ field statistics(data, field name):
print ("\n\n######", field_name, "H######")
if field name in data:
print (data[field name].describe())
print (data.groupby([field name]) .count())
print ("Null values count:", data[field_name].isna().sum())

data.hist (column=field name, bins=50)
plt.title ("Histogramma")
plt.show()

data.hist (column=field name, log=True, bins=50)
plt.title ("Histogramma log")
plt.show ()

plt.boxplot (data[field name])

plt.show ()
else:

print ("Field ",field name, " IS NOT INCLUDED in dataset. Specify it as feature or label column.")
print ("###### END ######\n")

def calculate features_importance(data, feature_ column_names, label column_name) :
from sklearn.preprocessing import LabelEncoder

if 'VEHICLE MAKE' in data:

data['VEHICLE MAKE'] = LabelEncoder ().fit_ transform(data['VEHICLE MAKE'])
if 'VEHICLE MODEL' in data:

data['VEHICLE_MODEL'] = LabelEncoder().fit_transform(data['VEHICLE_MODEL'])
if 'VEHICLE COLOR' in data:

data['VEHICLE_COLOR'] = LabelEncoder().fit_transform(data['VEHICLE_COLOR'])
if 'VEHICLE CODE' in data:

data['VEHICLE CODE'] = LabelEncoder().fit_transform(data['VEHICLE CODE'])

if 'BM GENDER' in data:
data['BM_GENDER'] = LabelEncoder().fit_transform(data['BM_GENDER'])
if 'SUM INTERVALS' in data:
data['SUM_INTERVALS']=data["SUM_INTERVALS"].astype (float)
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if 'DECISION TYPE' in data:

data['DECISION_TYPE'] = LabelEncoder().fit transform(data['DECISION TYPE'])
if 'BM _PERSON TYPE' in data:
data['BM_PERSON TYPE'] = LabelEncoder().fit transform(data['BM PERSON TYPE'].astype(str))

X = data[feature_column_names]
y = data[label column_name] #
y = y.astype (int)

# get correl 1s heatmay each featu

corrmat = data.corr()

top_corr_features = corrmat.index

sns.set (font scale=1.1)

# plot hea P

plt.figure (figsize=(20, 20))

gl = sns.heatmap(data[top_corr_features].corr(method = 'pearson' ), annot=True, cmap="RdYlGn", annot_ kws={"size": 8})
plt.title('pearson')

plt.show ()

plt.figure (figsize=(20, 20))

g3 = sns.heatmap(data[top_corr_features].corr (method='spearman'), annot=True, cmap="RdY1lGn", annot_ kws={"size": 8})
plt.title('spearman')

plt.show ()

if len(data)>550000:
X = data[feature_column_names+[label column name]].iloc[500000: 550000,.
y = data[label column_name].iloc[500000:550000,-1] # target co
y =Y. astype(lnt)

from sklearn.feature_selection import SelectKBest
from sklearn.feature_selection import chi2
bestfeatures = SelectKBest (score_func=chi2, k='all')
fit = bestfeatures.fit (X, y)

dfscores = pd.DataFrame (fit.scores_)
dfcolumns = pd. DataFrame(X columns)

# concat two d. ] for better vi

featureScores = pd. concat([dfcolumns, dfscores], axis=1)
featureScores.columns = ['Specs', 'Score'] i
print (featureScores.nlargest (24, 'Score'))

from sklearn.ensemble import ExtraTreesClassifier
model = ExtraTreesClassifier ()
model.fit (X, y)

prlnt(model feature_importances_)
of feature
feat_importances = pd.Series(model.feature_importances_, index=X.columns)
feat_importances.nlargest (20) .plot (kind='barh')

plt.show ()

ortances

InsuranceDataset.py

import pandas as pd
import os
import numpy as np

def load dataset_ from file(data_ file path, delimiter):

# C ck data f jo}
if not os.path. exlsts(data file path):

th
th

print ("Data set file not exist: " + data_file path)
exit ()
else:
print (os.getcwd())
print ("Data set file is found: " + data_file path)

# Load data into pandas dataframe
df = pd.read csv(data_file path, sep=delimiter)

column_names_mapping = \
{
"Lémuma summa (EUR)":"DECISION_SUM EUR",
"Marka":"VEHICLE MAKE"
"Modelis": "V'EHICLE_MODEL" ,
"Izlaides gads":"VEHICLE_ ISSUE_YEAR",
"Pilna masa":"VEHICLE_FULL_MASS",
"Dzinéja jauda":"VEHICLE POWER",
"Krasa":"VEHICLE_COLOR",
"TRL kods":"VEHICLE CODE",
"BM subjekta dzimSanas datums":"BM BIRTH_DATE",
"BM subjekta dzimums":"BM_ GENDER",
"BM subjekta personas veids":"BM PERSON TYPE",
"BM subjekta adreses ATVK kods":"BM PERSON_ATVK"
"CSNg datums":"ACCIDENT DATE",
"CSNg novada ATVK kods":"ACCIDENT ATVK",
"Pieteikuma datums":"ACCIDENT REPORTING DATE",
"Polises izdoSanas datums":"POLICY ISSUE DATE",
"Polises sdkuma datums":"POLICY_ ] BEGIN DATE"
"Polises ilgums (dienés)":"POLICY_LENGTH"
"Lémuma veids":"DECISION_TYPE",
"Rezerves summa (EUR)": "RESERVE_SUM"

}

# rename col
df = df. rename(columns = column_names_mapping)

return df

def clean and fix data(data_frame, feature column_names = [], label column_names = [], label vocabulary = []):
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data_frame["BM BIRTH DATE"] = pd.to_datetime(data_frame["BM BIRTH DATE"], format="%d.%m.%Y", errors='coerce')
data_frame["BM _BIRTH_DATE_YEAR"] = data_frame["BM BIRTH_DATE"].dt.year

data_frame["BM ]I BIRTH DATE_MONTH"] = data_frame["BM BIRTH DATE"].dt.month

data_frame["BM BIRTH DATE DAY"] = data_frame["BM BIRTH DATE"].dt.day

data_frame["ACCIDENT_DATE"] = pd.to_datetime(data_frame["ACCIDENT DATE"], format="%d.%m.%Y", errors='coerce')
data_frame["ACCIDENT DATE YEAR"] = data_frame["ACCIDENT DATE"].dt.year

data_frame["ACCIDENT_DATE_MONTH"] = data_frame["ACCIDENT_DATE"].dt.month

data_frame["ACCIDENT_DATE_DAY"] = data_ frame["ACCIDENT DATE"].dt.day

data_frame["POLICY_ ISSUE_DATE"] = pd.to_datetime(data_frame["POLICY_ ISSUE DATE"], format="%d.%m.%Y", errors='coerce')
data_frame["POLICY_ ISSUE_DATE_YEAR"] = data_frame["POLICY_ISSUE_DATE"] dt.year

data_frame["POLICY_ ISSUE DATE . MONTH"] = data_frame["POLICY ISSUE DATE"].dt.month

dataiframe["POLICY_ISSUE_DATE_DA "] = data_frame["POLICY_ISSUE_DATE"].dt.day

data_frame["POLICY BEGIN DATE"] = pd.to datetlme(data frame ["POLICY BEGIN DATE"], format="%d.%m.%Y", errors='coerce')
data_frame["POLICY BEGIN DATE YEAR"] = data_frame["POLICY BEGIN DATE"].dt.year

data_frame["POLICY_] BEGIN DATE_MONTH"] = data_frame["POLICY BEGIN DATE"].dt.month

dataiframe["POLICY_BEGIN_DATE_DAY"] = data_frame["POLICY BEGIN DATE"].dt.day

data_frame["ACCIDENT_REPORTING_DATE"] = pd.to_datetime(data_frame["ACCIDENT REPORTING DATE"], format="%y.%d.%m",
errors='coerce')

data_frame["ACCIDENT REPORTING DATE YEAR"] = data_frame["ACCIDENT REPORTING DATE"].dt.year

data_frame ["ACCIDENT REPORTING DATE MONTH"] = data_frame["ACCIDENT REPORTING DATE"].dt.month

data_frame["ACCIDENT REPORTING DATE DAY"] = data_frame["ACCIDENT REPORTING DATE"].dt.day

convert feature column data types

# convert CLE FULL MASS

data_frame["VEHICLE_FULL MASS"
data_frame["VEHICLE_FULL MASS"
data_frame["VEHICLE_FULL MASS"
data_frame["VEHICLE_FULL MASS"

v,y

= data_frame["VEHICLE FULL MASS"].str.replace ( ,

= dataiframe["VEHICLE_FULL_MASS"].str.replace('\an', )
= data_frame["VEHICLE FULL MASS"].str.replace(',' .

= pd.to_numeric(data_frame["VEHICLE_FULL_MASS"])

’

]
1
]
1

CLE _ISSUE_YEAR
VEHICLE ISSUE_YEAR"

# convert
data_frame ] ( ,
dataiframe["VEHICLE_ISSUE_YEAR"] = data_frame["VEHICLE ISSUE_YEAR"].str.replace('\xa0', '')
data_frame["VEHICLE ISSUE YEAR"] = data_ frame["VEHICLE ISSUE YEAR"].str.replace(',6', '.')
data_frame["VEHICLE_ISSUE_YEAR"] = pd.to_numeric(data_frame["VEHICLE ISSUE_YEAR"])

v,y

= data_frame["VEHICLE ISSUE YEAR"].str.replace

POWER

VEHICLE POWER"

# convert
data_frame ] ].str.replace(' ', '")
data_frame["VEHICLE POWER"] = dataiframe["VEHICLE_POWER"].str.replace('\an' )
data:frame["VEHICLE_POWER"] = data_frame["VEHICLE POWER"].str.replace(',6', '.')
data_frame["VEHICLE_POWER"] = pd.to_numeric(data_frame["VEHICLE POWER"])

= data_frame ["VEHICLE POWER"

#convert Bl ERSON_ATVK

data_frame|[ BM_PERSON_ATVK"] = data_frame["BM_PERSON_ATVK"].replace('(n/z)', np.nan)
data_frame["BM PERSON ATVK"] = pd.to_numeric(data_frame["BM PERSON_ATVK"])

#convert ACC NT ATVK

data_frame["ACCIDENT ATVK"] = data_frame["ACCIDENT_ATVK"].replace('(n/z)', np.nan)
data_frame ["ACCIDENT_ATVK"] = pd.toinumeric(dataiframe["ACCIDENT_ATVK"])

# convert decison sums to number and remove nan

# remove e

data_frame["DECISION_SUM EUR"] = data_frame["DECISION SUM EUR"].str.replace(' ', '')

# remove unicode space

data_frame["DECISION_SUM EUR"] = dataiframe["DECISION_SUM_EUR"].str.replace('\an', D)
# change decimal separator to poi

data_frame["DECISION_SUM EUR"] .str.replace(',', "'.")

# convert to meric

data_frame["DECISION_SUM EUR"] = pd.toinumeric(dataiframe["DECISION_SUM_EUR"])

# convert
data frame["RESERVE SUM"] = data_frame ["RESERVE SUM"].str.replace(' ', '')

# remove unicode space

data frame["RESERVE , SUM"] = data _frame ["RESERVE SUM"].str.replace('\xa0', '')
# change dec I separator to point -

data_frame ["RESERVE SUM"] = data_frame["RESERVE_SUM"].str.replace(',', .

# convert to n
data frame["RESERVE SUM"] = pd.toinumeric(dataiframe["RESERVE_SUM"])

Il set 1

if(type(labelivocabulary[oj) int):
data_frame["SUM_INTERVALS"] = pd.IntervallIndex(pd.cut(data_frame["DECISION SUM EUR"], label vocabulary)).right
else:
data_frame["SUM_INTERVALS"] = pd.IntervallIndex(pd.cut(data_frame["DECISION SUM EUR"],
[0,1000,10000,100000000])) .right
#fix SION_TYPE
data_frame["DECISION TYPE"] = dataiframe["DECISION_TYPE"].str.replace('\\t', Y
data_frame["DECISION_TYPE"] = data_ frame["DECISION_TYPE"].str.strip()

#remowe incorrect
data_frame = data frame[data frame["VEHICLE MODEL"] ! THNZ']
data_frame = data_frame[data_frame["VEHICLE MODEL"] ! -]

es 0
data_frame[data_frame["RESERVE_SUM"] >= 0]

data_frame

Create final column set

aata
data_column_names=["VEHICLE MAKE", "VEHICLE MODEL","SUM_INTERVALS", "DECISION SUM EUR", "POLICY ISSUE_DATE_YEAR",
"DECISION_TYPE"]
all needed_column_names = list(set (feature column_names + label column_names + data_column_names))
df = data_frame[all needed_column_names]

# df

# drop rows with nan
df = df.dropna(subset = all _needed_column_names)

86



win
replace nan values
win

df = df.fillna(value={'VEHICLE MAKE':'', 'VEHICLE_MODEL':'', 'VEHICLE ISSUE_YEAR': 0,
'VEHICLE_FULL_MASS':0,'VEHICLE POWER':0,'BM GENDER':'n/z', 'BM PERSON TYPE':0,
'BM_BIRTH DATE YEAR':0,'BM BIRTH DATE_MONTH':0,'BM BIRTH DATE DAY':0})

adjust data types

if "VEHICLE FULL MASS" in all needed_column_names:

df ["VEHICLE FULL MASS"] = df["VEHICLE FULL MASS"].astype (int)
if "POLICY LENGTH" in all needed_column_names:

df ["POLICY_LENGTH"] = df["POLICY_ LENGTH"].astype (int)
if "VEHICLE ISSUE_YEAR" in all needed_column_names:

df ["VEHICLE ISSUE YEAR"] = df["VEHICLE ISSUE_YEAR"].astype (int)
if "VEHICLE POWER" in all needed column_names:

df ["VEHICLE POWER"] = df["VEHICLE POWER"].astype (int)
if "BM BIRTH DATE_YEAR" in all needed_column_names:

df ["BM_BIRTH DATE YEAR"] = df ["BM BIRTH DATE YEAR"].astype (int)
if "SUM INTERVALS" in all needed column_names:

df ["SUM_INTERVALS"] = df["SUM INTERVALS"].astype (int).astype(str)

if "RESERVE SUM" in all needed_column_names:
df ["RESERVE_SUM"] = df["RESERVE_SUM"] .astype (int)

return df

def get datasets_with_labels(data_frame, label column_name, predict fraction = 0.1, train_fraction = 0.7, seed = None,
split datasets by issue_year = False):

cate and retu 1 and

wn

ffle the data and
np.random. seed (seed)

/predict dat:

if split datasets_by issue_year == True:

predict_dataset = data_frame[data_frame["POLICY ISSUE_DATE_YEAR"] >=2018
else:

predict_dataset = data_frame.sample (frac=predict_ fraction, random state=seed)

tmp_dataset = data_frame.drop (predict_dataset.index)
train_dataset = tmp_dataset.sample (frac=train_fraction, random_ state=seed)
test_dataset = tmp_dataset.drop(train_dataset.index)

# get label c mn

train_label train_dataset.pop(label column_name)
test_label = test dataset.pop(label column_name)
predict_label = predict dataset.pop(label column_name)

return (train_dataset,train_label), (test_dataset, test_ label), (predict_dataset, predict_label)

DNNRegressor.py

import tensorflow estimator as tf

soarboard from cmd: te

def run_model (feature_columns, train_ dataset, test_dataset, predict_dataset, model dir ,
hidden_units=[], optimizer=None,
activation_fn=None, dropout=None, batch_size=None, num epochs=None, steps=None,

norm_factor = None) :
o

create

wn

model = tf.estimator.DNNRegressor (
feature_columns=feature_columns,
hidden_units=hidden_units,
optimizer=optimizer,
activation fn=activation_fn,
dropout=dropout,
model_dir=model_dir, #

config = tf.estimator.RunConfig(
save_checkpoints_steps=500,
keep_checkpoint _max=10000 #

)

print ("Train dataset length:",len(train_dataset([0]))

- = model.train(
input_fn = tf.estimator.inputs.pandas_input_ fn(
x = train_dataset([0],
y = train_dataset[1l].astype(float) / norm_factor,
shuffle=True,
batch_size=batch_size,
num_epochs = num_epochs), steps = steps)
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from tensorflow.python.training import checkpoint management

for ckpt_file in checkpoint_management.get checkpoint_ state (checkpoint dir = model dir).all model checkpoint_ paths:
sult test = model.evaluate(input_ fn=tf.estimator.inputs.pandas_input_fn(

x=test_dataset[0],

y=test_dataset[l].astype(float) / norm_factor,

shuffle=False),

name="Test", checkpoint_ path=ckpt_ file)

eval

val result train = model.evaluate (input fn=tf.estimator.inputs.pandas_input_fn(
x=train_dataset[0],

y=train dataset[l].astype (float) / norm_factor,

shuffle=False), name="Train", checkpoint path=ckpt_file)

a te how the I -
_result train = model.evaluate (input fn = tf.estimator.inputs.pandas_input_fn(
x = train dataset[0],

y = train_dataset[1].astype(float) / norm factor ,

shuffle=False),

name = "Train Final")

eval

eval result test = model.evaluate(input fn = tf.estimator.inputs.pandas_input_ fn(
x = test_dataset[0],
y = test_dataset[1l].astype(float) / norm factor,
shuffle=False),
name = "Test Final")

# print 5. Avera 1 5, Average quadratic 5,
average_loss_train eval result train["average loss"]
average_loss_test = eval result test["average_ loss"]
print ("Average_loss raw: Train:{0} Test:{1l}".format (average_loss_train, average_loss_test))

print ("Average loss: Train:{0} Test:{1}".format (norm factor * average_loss_train ** 0.5, norm factor * average_loss_test

** 0.5))

predict_results = model.predict(
input fn=tf.estimator.inputs.pandas_input fn(x = predict_dataset[0], shuffle=False),
predict keys=None

)

return predict_results

LinearRegressor.py

import tensorflow_estimator as tf

def run_model (feature_columns, train dataset, test_dataset, predict_dataset, model dir ,
optimizer=None, batch_size=None, num_epochs=None, steps=None, norm_ factor = None):

cre.

wn

le moc

model = tf.estimator.LinearRegressor (
feature_columns = feature_columns,
optimizer=optimizer,
model dir= model dir, # none -

config = tf.estimator.RunConfig(
save_checkpoints_steps=500,
keep_checkpoint _max=10000 #

)
print ("Train dataset length:",len(train_dataset[0]))

it ain model

model.train(

input_fn = tf.estimator.inputs.pandas_input_fn(
x = train_dataset([0],
y = train_dataset[1l].astype(float) / norm_factor,
shuffle=True,
batch_size=batch_size,
num_epochs = num_epochs), steps = steps)

from tensorflow.python.training import checkpoint management
for ckpt_file in checkpoint_management.get_ checkpoint_state (checkpoint dir=model_dir).all _model_checkpoint_ paths:
eval result test = model.evaluate (input_ fn=tf.estimator.inputs.pandas_input_fn(
x=test_dataset[0],
y=test_dataset[1].astype(float) / norm_factor,
shuffle=False),
name="Test", checkpoint path=ckpt file)

eval result train = model.evaluate (input_fn=tf.estimator.inputs.pandas_input_fn(
x=train_dataset[0],
y=train_dataset([1].astype (float) / norm_factor,
shuffle=False), name="Train", checkpoint_path=ckpt_file)

set for last checkp

tf.estimator.inputs.pandas_input_fn(

# Evaluate how the model pe on
eval_result_train = model.evaluate (i
x=train_dataset[0],
y=train_dataset[1l].astype (float) / norm_factor,
shuffle=False),
name="Train Final")

eval result_test = model.evaluate (input_ fn=tf.estimator.inputs.pandas_input_fn(
x=test_dataset[0],
y=test_dataset[1l].astype (float) / norm_factor,
shuffle=False),
name="Test Final")

# ge ic 1

average_loss_train = evaliresultiﬁraln["average_loss
average_loss_test = eval result test["average_loss"]




print ("Average loss: Train:{0} Test:{1l}".format (norm factor * average_loss_train**0.5, norm_factor *
average_loss_test**0.5))

4pfcd
edict_ results = model.predict (
1nput7fn tf.estimator.inputs.pandas_input_ fn(x = predict_dataset[0], shuffle=False),
predict keys=None

)

return predict_results

DNNClassifier.py

import tensorflow_estimator as tf

def run _model (feature_ columns, train dataset, test dataset, predict dataset, model dir ,
hidden_units=None, optimizer=None,
activation_fn=None, dropout = None, batch_size=None, num epochs = None, steps = None,
label vocabulary = []):

win

create moc
wn

label vocabulary = [str(x) for x in label vocabulary]

model = tf.estimator.DNNClassifier (
feature_columns = feature_ columns,
hidden_units = hidden_units,
optimizer = optimizer,
label vocabulary = label vocabulary,

n_classes = len(label_vocabulary),
activation_fn = activation_fn,
dropout = dropout,

model dir= model dir, #

config = tf.estimator.RunConfig(
save_checkpoints_steps=1000,
keep_checkpoint max=10000 #

)

print ("Train dataset length:",len(train_dataset[0]))

model.train (
input_fn = tf.estimator.inputs.pandas_input_fn(
x = train_dataset([O0],
y = train dataset[1],
shuffle = True,
batch_size = batch_size,
num_epochs = num_epochs), steps = steps)

from tensorflow.python.training import checkpoint management
for ckpt file in checkpoint management.get_checkpoint_state(checkpoint dir = model dir).all model checkpoint_paths:
y 1t test = model.evaluate (input_fn=tf.estimator.inputs.pandas_input_fn(

x=test dataset[O]

y= test_dataset[ﬂ

shuffle=False),

name="Test", checkpoint path=ckpt_file)

1t train = model.evaluate (input_ fn=tf.estimator.inputs.pandas_input_fn(

x=train dataset[O]
y= traln_dataset[ﬂ
shuffle=False), name="Train", checkpoint_path=ckpt_file)

eval result_train = model. evaluate(lnput fn = tf.estimator.inputs.pandasiinputifn(
x = train_dataset([0],

y = train_dataset[1],

shuffle=False),

name = "Train Final")

eval result test = model.evaluate(input_ fn = tf.estimator.inputs.pandas_input_ fn(
x = test_dataset[0],
y = test_dataset[1],
shuffle=False),
name = "Test Final")

adratic 1

r loss, Average g 5
average_. loss _train = eval result _train["average_: loss“]
averageilossitest = evaliresultitest["average_loss"]

print ("Average loss: Train:{0} Test:{1}".format (average loss_train**0.5, average loss_test**0.5))

predlct results = model.predict (
input_ fn=tf.estimator.inputs.pandas_input_ fn(x = predict_dataset[0], shuffle=False),
predict_keys= None

)

return predict_results

RNNClassifier.py

import tensorflow estimator as tf

def run_model (feature_columns, train_dataset, test_dataset, predict_dataset, model dir ,
hidden units=None, optimizer=None, batch_size=None, num epochs = None, steps = None,
label vocabulary = []):

win
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create model
i

label vocabulary = [str(x) for x in label vocabulary]

from tensorflow estimator.contrib.estimator import RNNClassifier
model = RNNClassifier (

sequence_feature columns = feature_columns,

num_units = hidden_units,

cell type='lstm',

optimizer=optimizer,

label vocabulary=label vocabulary,

n_classes=len(label_vocabulary),

model dir=model dir, # none -

config = tf.estimator.RunConfig(
save_checkpoints_steps=1000,
keep checkpoint max=10000 #
) # none - used defai

)

print ("Train dataset length:",len(train_dataset[0]))

model.train(
input_fn = tf.estimator.inputs.pandas_input_fn(
x = train_dataset([0],
y = train_dataset([1],
shuffle = True,
batch_size = batch_size,
num_epochs = num_epochs), steps = steps)

from tensorflow.python.training import checkpoint management
for ckpt_file in checkpoint management.get checkpoint_ state (checkpoint dir=model dir).all model_ checkpoint paths:
eval result test = model.evaluate (input_ fn=tf.estimator.inputs.pandas_input_fn(
x=test_dataset[0],
y=test_dataset[1],
shuffle=False),
name="Test", checkpoint path=ckpt file)

eval result train = model.evaluate(input_fn=tf.estimator.inputs.pandas_input_fn(
x=train_dataset[0],
y=train_dataset[1],
shuffle=False), name="Train", checkpoint_ path=ckpt_ file)

eval result train = model
x=train_dataset[0],
y=train_dataset[1]
shuffle=False),
name="Train Final")

per gl t for a

evaluate (input_fn=tf.estimator.in

eval result test = model.evaluate (input_ fn=tf.estimator.inputs.pandas_input_fn(
x=test_dataset[0],
y=test_dataset([1],
shuffle=False),
name="Test Final")

# Average 1
average_loss_train = eval_result train["average_loss"]
average_loss_test = eval_ result_test["average_loss"]

print ("Average loss: Train:{0} Test:{1}".format (average_loss_train**0.5, average_ loss_test**0.5))

ss, Average

#pred
predict_results = model.predict(
input_fn=tf.estimator.inputs.pandas_input_ fn(x = predict_dataset[0], shuffle=False),
predict _keys= None
)

return predict_results

LinearClassifier.py

import tensorflow estimator as tf

def run_model (feature_columns, train_dataset, test_dataset, predict_dataset, model dir ,
optimizer=None, batch_size=None, num_epochs = None, steps = None,
label vocabulary = []):
mn -
create model
i

label_vocabulary = [str(x) for x in label_vocabulary]

model = tf.estimator.LinearClassifier (
feature_columns = feature_columns,
optimizer = optimizer,
label_vocabulary = label_vocabulary,
n_classes = len(label_vocabulary)
model dir= model dir, # nc

config = tf.estimator.RunConfig(
save_checkpoints_steps=500,
keep_checkpoint _max=10000 #

)

print ("Train dataset length:",len(train_dataset[0]))

#tra
model.train (
input_fn = tf.estimator.inputs.pandas_input_fn(
x = train dataset[0],

ain model
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y = train dataset[1],

shuffle = True,

batch_size = batch_size,

num_epochs = num_epochs), steps = steps)

from tensorflow.python.training import checkpoint management
for ckpt_ file in checkpoint management.get checkpoint_ state (checkpoint dir = model dir).all model checkpoint_ paths:
eval result test = model.evaluate(input_ fn=tf.estimator.inputs.pandas_input_fn(
x=test_dataset[0],
y=test dataset[1],
shuffle=False),
name="Test", checkpoint path=ckpt file)

1l result train = model.evaluate(input_ fn=tf.estimator.inputs.pandas_input_fn(
x=train_dataset[0],

y=train_dataset[1],

shuffle=False), name="Train", checkpoint_ path=ckpt_ file)

# Evaluate how the model perfc n test d
eval result_train = model.evaluate (input_fn
x = train_dataset([O0],

y = train dataset[1],

shuffle=False),

name = "Train Final")

set for t checkr c.
tf.estimator.inputs.pandas_input_fn(

eval result_test = model.evaluate(input_ fn = tf.estimator.inputs.pandas_input_fn(
x = test_dataset[0],
y = test_dataset([1],
shuffle=False),
name = "Test Final")

# print loss. Av E ag ic 1
average_loss_train eval result train["average loss"]
average_ loss_test = eval result test["average_ loss"]

print ("Average loss: Train:{0} Test:{1}".format (average_loss_train**0.5, average_ loss_test**0.5))

predict_results = model.predict(
input fn=tf.estimator.inputs.pandas_input fn(x = predict_dataset[0], shuffle=False),
predict_keys= None

)

return predict_results

91



DOKUMENTARA LAPA

Magistra darbs “Transportlidzeklu apdrosinasanas atlidzibu prognozéSana izmantojot

dzilos neironu tiklus” izstradats LU Datorikas fakultate.

Darba teksta galiga versija izgatavota 16.05.2019.

Ar savu parakstu apliecinu, ka petijums veikts patstavigi, izmantoti tikai taja noraditie

informacijas avoti un iesniegta darba elektroniska kopija atbilst izdrukai.

Autors: Imants Petrovs 16.05.2019

Ar savu parakstu apliecinu, ka esmu lasijis augstak minéto magistra darbu un atzistu to par
piemérotu/nepiemcérotu(nevajadzigo svitrot) aizstavésanai Latvijas Universitates

datorzinatnu magistrantiira.

Darba vaditaja: Dr.dat. Guntis Barzdin$ 16.05.2019

Darbs iesniegts magistratiiras sekretariata 20.05.20109.

Ar $o es apliecinu, ka darba elektroniska versija ir augSupieladéta LU informativaja sist€éma.

Studiju metodike:

Recenzents:

Darbs aizstavéts magistra gala parbaudijuma komisijas sedé

prot. Nr.

Komisijas sekretars:

92



