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Overview

• Who is SpareBank1 SMN?
• What is the Model factory?
• Why did we create it?
• What can it do?
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About SpareBank1 SMN

• Part of the SpareBank1-alliance
‐The SpareBank1 alliance is the third biggest bank in norway

• SMN is the regional bank for Central Norway
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250 000 

retail banking 
customers

42 offices17 000 

Customers in 
business sector



Most complete financial house in Norway

MarketsAccounting

Financing

Debt collection Payments

Real estate

InsurancePension

Saving and 
investments

With sustainability, presence, digital solutions and regional and local
knowledge as our foundation



Five strategic priorities leading up to 2023

Create «One SMN»
Increase digitalisation and 

use of insight

Take the lead in the

development of Norway’s

savings banks

Integrate sustainability into

the business

Take advantage of the the

power in our ownership

model

› Strengthened customer

offering and distribution

› Simplification and 

streamlining

› Attractive jobs

› Ensure relevance

› New digital solutions

› New revenue streams

› Streamlining

› Cooperation as a 

competitive advantage

› Growth

› Sustainable development

› Reduce risk

› Realize business 

opportunities

› The region’s development

and value cration

› Pride and commitment

› Strengthened position
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Why create a model factory?
Most models never 
make it into production
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Our analytical life cycle
was fragmented

Large number of
models required
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The Analytical Life Cycle
• The analytical life cycle used to be quite fragmented – and 

hard to document well
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Adobe Campaign

SAS VAEnterprise miner

Enterprise Guide

Enterprise Guide, 
Visual Statistics

Enterprise 
miner, 

Excel, EG

Edit 
SAS

batch

• And scary to change – If it ain’t broke, don’t fix it
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Making big data managable
• More than 40 different products/product catergories
• Each product can have dozens of data points that need

variables
‐Some customers can have multiple of the same product

• Resulting in a dataset of between 1500 and 2000 variables
• …and then a new product is launched, requiring a new batch 

of variables, and triggering a need to retrain all 40 models
• How can we safely change the datasets for training and 

scoring and keep track of all the changes?
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Two important features of our rig
• Datasets for building models and scoring are built from specific

date ranges instead of querying a wide table with data aggregated
by each month or year
‐E.g. 30 days before customer purchased product
‐Avoids problems with data leakage while still being relevant in relation
to the date of purchase

• Instead of adding columns to one big wide table, we develop code
for aggregating data in a given time interval
‐In a sense, we are treating feature engineering from raw data sources
as the first step in our score code
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Flexible Analytical Base Tables (ABTs)

• Primary ABT
‐Wide dataset used to build
models and score models in 
production

‐Consists of several different 
secondary ABTs

‐One record per customer
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• Secondary ABT
‐Code that generates aggregated
data for a given subject matter 
or data source – e.g. card
transactions, insurance, CRM-
data

‐Multiple different versions can
exist to test different 
aggregations of the same data 
source
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Creating an ABT with new data

• A primary ABT can consist of several secondary ABTs
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Transactions_v1

Transactions_v2

Products_v1

CRM_v1

ABT_PMD_v1

ABT_PMD_v2
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Creating an ABT with new data

• And if a new version or completely new secondary ABT is created, 
a new primary ABT for scoring and production can be deployed
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Transactions_v1

Transactions_v2

Products_v1

CRM_v1

ABT_PMD_v1

ABT_PMD_v2

ABT_PMD_v3

CRM_v2
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Data is built based on date range

Customer_id Sample_dt

123456 01DEC2019

123457 15MAR2021

123458 29JUN2019

123459 12DEC2020
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Customer_id Event_dt Event_cd

123456 01JAN2020 PhoneCall_BS

123456 12JAN2020 CreditCard_FK

123456 28FEB2020 HouseMortage_MIS

123456 15JUN2020 HouseMortage_C

Customer Events

ABT for training and production

Transactions_v1

Products_v1

Insurance_v1

Customer_id TransIn_amt TransOut_amt

123456 51212 45021

123457 35168 12648

123458 98523 36562

123459 12684 20185

Customer_id DebetCard_flg Savings_flg

123456 1 0

123457 1 1

123458 1 0

123459 0 0

Customer_id Life_flg Life_amt

123456 1 1000000

123457 1 800000

123458 1 500000

123459 0 .

id v1 v2 v3 v4 v5 v6

1 51212 45021 1 0 1 1000000

2 35168 12648 1 1 1 800000

3 98523 36562 1 0 1 500000

4 12684 20185 0 0 0 .

Secondary-ABTs

Sample date

ABT_PMD_v1
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Why create a model factory?
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Entire Analytical Life 
Cycle in one interface

Self-documenting

Automated version
control and history for 
models and datasets

Easy and fast deployment
of ABTs and models

Complete self-service 
without involving IT 
and DWH 

Allow A/B-testing of
both models and ABTs



I N T E R N

What is the Model Factory
• A framework for the Analytical

Life Cycle
• Built around an in-house web 

application based on Centric
Innovation’s Report Portal 
(Rapportportal)

• A SQL database at the core
• Uses SAS Stored Processes, SAS 

programs and the VIYA API to 
create datasets and build models

• Keeps track of both models, 
scoring data and training data
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What is the Model Factory
A framework for the Analytical Life Cycle
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In-house web application
SQL database

SAS 9.4 Stored Processes
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Current scope of Model Factory

40-50 models in 
production

17

13 Scondary ABTs

3 Primary ABTs

Mainly next best offer 
models for retail

banking

Probability of Loan 
Default

Probability of
answering marketing

phonecall

Probability of Churn

Inbound

Outbound

CRM

Mobile Bank

Internett Bank

SMS

Email

Phonecall
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What can it do?

• I will demonstrate what our Analytical life cycle looks like for a 
novel request
‐ A new predictive model is requested from the business side
‐ For an outcome we don’t yet have a variable for
‐ That requires aggregation of a new data source as addtional
input

• And show how our model factory allows us to solve this case 
in a matter of hours
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A novel request

• Marketing wants a prediction for how likely it is that a 
customer will answer the phone, so an outbound campaign
can spend less time on calls that won’t even be answered

• We have new CRM data that has not yet been included in an 
ABT, including data on how often the customer is in contact
through different channels
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On the to-do-list:

• A new event needs to be defined – answering a call
• A new code for secondary ABT needs to be developed for 

aggregating CRM data 
• New primary ABT including the new columns from the new data 

source needs to be put into production
• Create training data 
• Train model
• Model needs to be put into production – including sending score to 

Marketing (Adobe Campaign) and CRM (Microsoft Dynamics)

20



I N T E R N

Defining a new event

• The event is defined as recieving and answering a call
• The non-event is defined as having recieved but not answered

a call
• DI-studio job for customer events is edited and redeployed
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New code for aggregating CRM-data

• One of our data scientists develop a new ABT-code using a 
code template in Enterprise Guide/SAS Studio or in DI-Studio 
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Live Demo
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To round things off

• (Almost) all of the Analytical Life Cycle in one web application
• Any model created through the application is by nature ready

to be deployed to production
• A new model, for a new target/outcome, using new data can

be put in production in a few hours
• Automated versioning, monitoring and documentation

reduces human error and workload
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Not so live demo
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Deploying a new secondary-ABT
• Enter path to program 

file
• Give name and 

description
• Press «Register»
• Code is validated
• Naming conventions are

checked
• Check if all variables 

have labels
• Duplicate column names

checked
• Automatic versioning
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Creating a primary ABT with new
data

• Give a description of the
new primary ABT

• Select which of the
secondary ABTs to 
include. Eg. CRM_v1 and  
Transactions_v2

• Press «Create new ABT»
• New primary ABT table

is created and ready for 
creating traing data and 
for scoring in production
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Put a new primary ABT in production

• To set a new ABT 
in production, 
simply change the
production flag to 
1
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Navigate from Administration to 
Model factory
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Create a new training dataset for the
new target event

• Create a new
Sample

• The new event for 
«Answer call» is 
automatically
available from the
dropdown list
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Create a new training dataset for the
new target event

• Select which ABT 
to use

• Select start date of
the data sample –
usually three years
prior to today
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Create a new training dataset for the
new target event

• Some targets have 
business rules

• E.g. BSU (Youth
Savings for House) 
has to be under 
the age of 34

• Press «create
sample»
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What happens under the hood?
• The SAS program populates a table with all customers who

had a phonecall
• Sample date is set to x number of days before phonecall
• A macro starts up one remote session for each secondary ABT 

so each program runs in parallell (some programs can take
close to an hour and would run for hours if run in sequence)

• The new data sample is saved and automatically versioned
• Information about the data sample is added to the SQL 

database
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Sample data is inspected in Sample 
Overview

• All samples are stored
in the database, with
all relevant 
parameters such as 
sample date range, 
number of 1/0 in 
target variable, 
business rules, etc

• If all is well, a new
model can be created

34
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Create a new model in SAS VIYA

• Select which data 
sample to use
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Create a new model in SAS VIYA

• Select which VIYA 
Model Studio 
template to use
(list is populated
throug VIYA API)
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Create a new model in SAS VIYA
• Possible to adjust

advanced
parameters, just like 
in SAS VIYA

• E.g. missing percent
cutoff, partitioning
etc.

• Run model to send 
API request to SAS 
VIYA
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Under the hood:
• An API request is sent to SAS VIYA
• In essence duplicating the same API 

request that is made when using the
application in browser

38



I N T E R N

Create a new model in SAS VIYA

• New models are
created in Model 
Studio through API

• Open Model 
Studio in SAS VIYA 
to select the new
model project
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Adjust the pipeline

40

• Adjustments to 
the pipeline can be 
made

• A new pipeline can
be saved and 
instantly available
in the Model 
Factory application
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Create a new model in SAS VIYA

• The user inspects
the model, tweaks
the pipeline and 
decides which
model to deploy
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Create a new model in SAS VIYA

• Model is Published
to CAS (Cloud
Analytics Service)
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Putting a model into production

• Select which
variable in Adobe 
Campaign to 
assign score to

• Set production
flag to 1

• Select date for 
starting or 
disabling model
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Monitor scoring
• All models are

automatically
monitored after
beeing put in 
production

• Here we see that
average scores had
a sudden change on
the first of
September
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Monitor performance

• We monitor how
well the new model
actually performes

• If the new model
does better than the
model in production, 
the new model can
replace the old 
model
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Monitor data drift
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Score distribution
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To round things off

• (Almost) all of the Analytical Life Cycle in one web application
• Any model created through the application is by nature ready

to be deployed to production
• A new model, for a new target/outcome, using new data can

be put in production in a few hours
• Automated versioning, monitoring and documentation

reduces human error and workload
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Appendix A – data 
structure
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Traditional data structure
• ABT with one line per customer, per time unit (often per month) 

for 2-3 years
• Pros: 

‐Easy to draw sample for analysis
• Cons:

‐Not very granular – purchase could be at any time within the month
‐Data must be sampled in previous period – which could be anywhere
from one day to 31 days before

‐To avoid data leakage, you often have to sample data an additional
period previously, thus 30-60 days before the purchase

‐Alternatively one line per day, which will lead to other challenges, 
inlcuding huge tables (1 GB per day, for 4 years requires apr. 17 TB)
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Traditional data structure
Mars April Mai Juni
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Traditional data structure
Mars April Mai Juni
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Traditional data structure
Mars April Mai Juni
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Our data structure
• We look at the exact date of the purchase
• Generate a «period» for the last month prior to purchase
• Aggregates data in given time period intervall (sum of

spending, number of logins on mobile, etc)
• Compare to group that did not purchase, each customer

sampled on a random date in the same time interval (e.g. last 
three years)

• Adjustable buffer zone between data of purchase and data 
sample period
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Our data structure
Mars April Mai Juni
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Our data structure

• The system is built around
‐Kunde_id (Customer Id)
‐Hendelsesdato (Event date, could be date of purchase, loan
default, churn, etc.)

• Any new ABT can be set in production as long as you have a 
sample date and a customer id
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Event/action table

• Creating a new model based on a new
event/action only requires the new
action being defined and added to the
actions-table. 

• The dataset for the new action can then
be generated from a selection of ABTs
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