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Agenda

• Intro of the team

• Agile ways of working and terminology

• Big data and tools for it

• Early warnings model

• Usage cases of transaction data

• Q&A
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Intro to the team

Risk Data Scientists chapter Early Warning and Transaction Data Insights squad

Today in the call



4Market shares as of end-2020

Danske Bank

22,376 employees

in 13 countries 
Sweden
1837
5% 

Norway
1859
6% 

Denmark
1871
26%

Finland
1887
10% 

Market share, 
lending

Established in 
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What are the key structures of the BWoW?

SQUAD

• Empowered
• Persistent
• Cross-functional
• Aligned with business/ 

customer purpose

• Collection of Squads that work 
to address a similar business/ 
customer purpose

TRIBE
• Deep expertise embedded fully 

into the Feature and Component 
Squads

• Carry the standards of expertise 
mastery 

CHAPTER

CENTER OF 

EXCELLENCE

• Scarce resources with deep 
expertise not embedded 
permanently in the Feature 
and Component Squads

SEGMENT

• Formulate priorities at theme level
• Provide segment customer insight 

to tribes for  prioritizations
• Articulate local segment needs
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The agile way of working
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Why? (1/2)

Traditional data sources are backwards looking

Balance sheet Mortality tables Claims triangles
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Why? (2/2)

Forward looking data used for portfolio approach and not single names
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Data Flow - Overall

Very Big Data (Updated monthly right now)

TE table
(transaction enrichment)

Classifier models

DK/NO/SE/FI (labelling

models)

Raw Data 
(payment systems)

AA

Not as Big Data

SQL Aggregations
These are smaller so they can be viewed

in tableau

AA

• Transaction level (billions of transactions) 

• Since 2016

• Daily productionized table

• Only DB transactions

• C.a 40 payment types

Caveats:

• No labels 

• Lacklustre counterparty coverage (43% DK, 19% FI, 

31% NO, 9% SE)

• Only coverage for Danske Bank clients

• Changes to enrich data applied back in time

• Correction transactions applied

• Same as TE but country and inflow/outflow specific

• These have labels (over 15 per country)

• Labels can be social benefits, salary, pension, 

gambling etc

• Inflow classifiers for DK/FI/NO/SE retail customers

• AA also developed an outflow classifier, but we can 

only use the data after model owners have been 

appointed

Caveats:

• The labels come from a machine learning model, so 

there might be inaccuracies (eg what is included)

• Same caveats from TE table apply

https://www.google.com/url?sa=i&url=https://crgroup.com/tableau/&psig=AOvVaw1FeZSUtDybnmR_bucAKkqf&ust=1591784822210000&source=images&cd=vfe&ved=0CAIQjRxqFwoTCICE4tnC9OkCFQAAAAAdAAAAABAF
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In essence, what can we do?
We want to combine transaction (and external data) with all the other slices of the pie and reveal potential warning signs 

Financial statements

Customer information 
(where do clients live? How 

long have they been with the 
bank? What business unit or 

regnr takes care of them? 
Who is their advisor? What 

industry are they in?)

Risk event data
(does the client have an 

inability to repay debt? Does 
the client have reminder 1? 

Does the client have 
forbearance? Is the client 

bankrupt?)

Credit data (Ratings, 
Exposure, Impairments, 

Utilisation, Collateral, 
Migrations, NPL, everything 

you would find in a credit 
report) 

Profitability data (ROAC, 
Allocated Capital, Profit, 

Income, etc)

Macro Data and sector 
specific data from 

Macrobond/Moody’s/Bloo
mberg

Stock Prices and equity 
statistics on certain listed 

companies

Credit application data

Whatever other data the bank 
has that you can think of

Transaction data
and relevant inflow 

classifiers; Account balance 
data

We have a melting pot of data What is in the transaction data pie slice?

- We have every transaction on customer level split by currency, facility, 

inflow/outflow, KNID, as well as the underlying account balances on the 

bank accounts

- We also have some labels coming from the payment systems that place all 

this data on one big platform called Hadoop

- Because those labels are covering very little, Advanced Analytics is making

machine learning models that classify the transactions into a type (eg is it 

salary/ quick loans/ government packages/ mobilepay/ credit card) etc. 

Limitations

- We are learning about the data as we go; As the data improves, changes

that apply historically are made

- We need to involve stakeholders in sense checking

- We need to clear with legal what we are allowed to show/not show 

(aggregations are ok in principle, but customer level data has a lot of 

caveats from an ethical perspective)
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MCS Other

Data 
ware-
house

Data prep

Version 
control

Unit 
testing

Technical 
documentation

Web 
service

Data 
structureData 

structure

PROJECT 
SCOPE

Best 
coding 

practice

Model infrastructure

Model

Building models which fit into designed framework…
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Version 
control

Unit 
testing

Web 
service

Data 
structureData 

structure
Deployment

DEV -> 
TEST/SYST 

-> PROD

PROJECT 
SCOPE

Micro service

Best 
coding 

practice

Technical 
documentation

Model

Data prep

Model infrastructure

MCS Other

Data 
ware-
house
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Model Infrastructure
From development to deployment

Start Version 
controlingDevelop Local test Build Release EndDocumentation Unit testing

Containerising the 
development 
environment

Development Fit for production Deployment

Web service

https://www.google.com/url?sa=i&rct=j&q=&esrc=s&source=images&cd=&ved=2ahUKEwjnhcrM-KjdAhWSiaYKHSLpAKUQjRx6BAgBEAU&url=https://en.wikipedia.org/wiki/OpenShift&psig=AOvVaw044Tcgab0ayQQ3TjqkWE6r&ust=1536411385215070
https://www.google.com/url?sa=i&rct=j&q=&esrc=s&source=images&cd=&ved=2ahUKEwjt_fSd96jdAhVBuywKHagNCFQQjRx6BAgBEAU&url=https://medium.com/@fidelvti/first-steps-with-docker-54cff8fe78f3&psig=AOvVaw2AT7JoCzI8QSHbjrRse9RW&ust=1536411023671573


Early Warning
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Early Warning Model

A B6 months

Customer 
information 

data

Behavioural
data

Credit, risk
data

Profit data Transaction 
data

100 + features

corporates

The Early Warning Model

Danske Bank systems
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WCM

CORE19

Target and features

WCRM

CORE9

Downgrade of PD score was chosen as target variable for capturing deteriorating customers 

Training data A         B

12 months 6 months

To avoid seasonal bias training dataset is constructed from different time periods
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Selected model – XGBOOST (gradient boosting decision tree) algorithm

- Boosting is an ensemble technique where new models are added to correct the errors made by existing models

- Difference between Gradient boosting and random forest: GBT build trees one at a time, where each new tree helps to correct  errors made 

by previously trained tree. RFs train each tree independently, using a random sample of the data.

Abbreviation Model name
Mean ROC-AUC 

score

LR Logistic regression 0.628083

KNN K Neighbors Classifier 0.551441

DT Decision Tree Classifier 0.578554 

RF Random Forest Classifier 0.668644

XGB Gradient Boosting Classifier 0.800645
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WCM

CORE19

WCRM

CORE9ID Predictor Estimation period (average)

1 Number of transactions with bad customers 12 months

2 Days in the bank Last month

3 Average exposure Last 12 months

4 Volume of transactions with bad customers Last 12 months

5 Excess amount Last 12 months

6 Exposure amount Last month

7 Volatility of monthly number of outgoing transactions Last 12 months

8 Utilization share Last 12 months

9 Average leasing exposure Last 12 months

10 Volatility of monthly amount of outgoing transactions Last 12 months

11 Average return on allocated capital Last 12 months

12 Delinquency (0 – 5 days) Last 12 months

13 Excess amount Last month

14 Volatility of excess amount Last 12 months

15 Number of accounts Last 12 months

Customer 
information data

Behavioural data

Credit, risk data

Profit data

Transaction data

Most important model features



19

Features contribution to the prediction

- To explain the prediction produced by the model we have used LIME to show features contributions

- Features can have either positive (increase the probability) or negative (decrease the probability) to the prediction

Case 1: prediction = 0,2563

Feature name Actual value of this features Impact to the prediction

Delinquent amount 31-60 days 22194,27 0,10977

Average monthly amount of incoming 

transactions (6 months)
5143,6 0,08064

Average monthly amount of incoming 

transactions (1 months)
11,5 0,04427

…. …
…

Delinquent amount 91+ days 0 -0,02133

Average exposure utilization (6 

months)
0,199 -0,01756

… … …

0,2563 (prediction) = -0,0587 (negative contribution) + 0,30624 (positive contribution) + 0,008801 (bias)



Some Analytical User Cases
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Some examples of the use of transaction data in reports and analytics

Tracking employment of clients 

employed in vulnerable industries

Using the labels from inflow classifier models 

to identify salaried employees

Monitoring of cross border incoming 

transactions as an export proxy

Identifying COVID-19 affected subindustries 

by monitoring cross border movements

Brexit sensitivity monitoring through 

counterparty and currency identifiers

Identifying subportfolios and companies that 

are UK dependent

Looking at corporate clients that have a 

high likelihood of downgrading to B

Using machine learning to develop an early 

warning model based on transaction data

Identifying weak and vulnerable 

segments in the corporate segment

Identifying clients that have seen a decrease 

in incoming transactions

Identifying tax deferrals within certain 

industries using transaction text field 

Identifying industries more likely to postpone 

tax or receive government benefits

Identifying vulnerabilities in the retail 

portfolio

Looking into clients that are 

receiving/applying for social benefits

Monitoring spending patterns of 

customers on interest only

Identifying whether weak segments have a 

propensity for overconsumption or saving



Exports
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Reporting and monitoring

Monitoring of cross boarder transaction as a proxy for 
exports has continuously been included in many different
internal setups. 

For now monitoring is mostly stand-alone one-pagers and 
not fully incorporated in the reports as exports are deemed 
to have a significant interest present due to the pandemic. 

Data validation and usability 

Data has been validated against national statistics and 
shows similar trends in most industries. The cross country 
transaction amounts are different from the reported export 
levels why this can only be used as a proxy for export 
development and not reflecting exact export amounts. 

This also means, that the further we drill down into specific 
segments, sub industries or companies uncertainty will 
increase risk of false conclusions.

Cross Border Incoming Transactions
Quarterly Moving Average: 2018-present
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Most industry cross boarder transactions are normalizing after dip in summer 2020
Quarterly Moving Average: 2018-present

All Industries Sectors with minimal impact from Covid lockdown

Sector representative of all industries: good recovery from 2020 lockdown Sectors which have not recovered

Key messages

• The total volume of transactions using a quarterly 
moving average. The overall trend was increasing 
from 2018 into the first few months of 2020. There 
was then a sharp decline that had its nadir in 
August 2020. Since then there has been a very 
robust recovery

• March sees a recovery in exports, with increases in 
all Nordic countries. Monthly developments are 
higher in all industries as a result. Both cross border 
transactions and non-cross border transactions 
have seen a pick-up, a lot of it due to Easter holidays 
increasing consumption

• Consumer Goods and Retailing had a smaller  dip in 
Q3 2020, but have since experienced strong 
growth that has propelled them far beyond pre 
lockdown levels – perhaps a result of more online 
trading

• Transportation is very representative of the portfolio 
as a whole. A sharp decline in Q3 2020 , but a good 
recovery since

• 2 industries that still seem to be operating at lower 
levels are Hotels, Restaurants & Leisure, and 
Shipping, Oil & Gas. These industries saw a typical 
sharp decline in Q3 2020, but have since failed to 
recover to pre lockdown levels. Hotels , Restaurants 
& Leisure have seasonal variations with peak 
business being in the summer months, and this 
trend still prevailed in 2020, but at a lower base 
level.



Tax
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Key Messages
Country and Portfolio Level:
Figures shown below are insights from Danske 
Bank transaction data on portfolio level. We use 
transactions with skat or moms in the text field as 
a proxy. 

Overall, in the portfolio, we see that last year had 

less transaction volume pertaining to transactions 
we identified as tax, and less companies have 
them. The decline is moderate and it has a lot to 
do with activity slowdown (less revenue resulting 
in lower tax paid). 

The postponements have a lot to do with 
permissive regulation and we have observed that 
even traditionally well performing companies 

have taken advantage of the tax postponement to 
garner extra liquidity. 

Volume-wise, the development in terms of lowered 
tax outflow is mainly visible in capital goods, 
commercial property, hotels, restaurants and 
leisure, pharma and medical devices and shipping, 
oil and gas. 

In terms of number of companies paying tax less, 
apart from utilities and infrastructure, 
commercial property and pharma, the 
development is visible in every industry, primarily 
in automotive, retailing, transportation, consumer 
goods, hotels, restaurants and leisure. 

Tax Analysis

*Note: Figures shown below are insights from Danske Bank transaction data on portfolio level. We use transactions with skat or moms in the text field as a proxy. 
The year on year volume and change is shown in figures below. 



SME
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SME Transaction Data Insights

• Note: The analysis covers SME clients in Denmark. Outliers are not excluded. 
• 1) We take DK SMEs with exposure below DKK100m as of Jan 2021 that fit the SME definition and are not part of Other Commercials, Financials, Personal Customers or Public Institutions.
• 2) For the tax analysis, we take into account clients that have had a payment between April 1st 2019 and end of March 2020, but they have not exhibited that behaviour in the following year. 
• 3) Transactions with bad customers are transactions where the counterparty is a Danske Bank client rated B. Netflow represents inflow minus outflow. 
• 4) Export dependent companies are companies that on a monthly basis have had at least 30% of their inflow coming from cross border activities. 

Insights from transaction data
• Industries receiving the biggest payouts (top 15) from Erhvervstyrelsen include Hotels, 

Restaurants and Leisure, Services, Retailing, Social Services, Consumer Goods, 

Transportation. If we are to break it down further: the top 5 sub-industries are Restaurants, 

Leisure, Trade Consumer Discretionary, Professional Services, and Hotels.

• Looking at the aforementioned industries, we observe the most visible drop in inflow is in 

Hotels, Leisure, Non Profit Associations, Restaurants and Consumer Discretionary. Cross 

border inflow has declined the most within Hotels, Passenger Transport, Leisure, Media, 

Health and Social Care



Danish employment insights
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Key messages

• Number of customers receiving monthly salary has stabilized

following the lowest point in May and increasing since in trend.

Figures do not include seasonal adjustment

• Dagpenge has lowered since the highest point in July, but we

have seen a sudden increase in December.

• In terms of government packages, there has been a slowdown

since summer, but a slight upswing in December. Industries

most favoured by these packages have been Hotels,

Restaurants and Leisure, Services, and Retailing.

Number of customers receiving “Dagpenge” per month 

Government packages* by industry

*Note: Government packages are included in the analysis when: they are sent by Erhvervstyrelsen through Erhvervstyrelsen's Danske Bank accounts. The analysis does not include other institutions or 
Erhvervstyrelsen's transfers through non-Danske Bank accounts.
*Note: Government packages is including all types of government packages; Salary compensation, fixed cost etc.

Number of customers receiving salary per month**

Government packages* development since covid19

Customers receiving “dagpenge” experiencing an increase in 

December



Spending Monitor
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