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What are the key structures of the BWoW?

e Formulate priorities at theme level

é % é é * Provide segment customer insight

to tribes for prioritizations
D * Articulate local segment needs
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* Deep expertise embedded fully

o
o
o
o
o

TRIBE >

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

¢ Empowered

¢ Persistent

e Cross-functional

¢ Aligned with business/
customer purpose
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into the Feature and Component
Squads

e Carry the standards of expertise
mastery

<€ CENTEROF

EXCELLENCE

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



The agile way of working

Brefing from
customers and
other
stakeholders

Sprint <V |
planning
% Product Backlog h::r;c::; t In;r;g;esr:al
= Backlog refinement




Why? (1/2)

Traditional data sources are backwards looking

[Company Name] —— Age : Age ‘ Age |
Balance Sheet ‘ : i g a
(USD § mill 0 100000 3T 96921 74 66882
ot 1 99305 38 96767 75 64561
2 99256 39 96600 7% 62091 Development year
4 1 7 7
pers i B o = U/W year 1 2 3 4 5 6 7 8 9 10 11 12
Cash 167,971 181,210 183715 211,069 239,550 5 99176 2 96010 79 53833 2001 29 66 155 228 280 309 333 355 373 3 376 372
Accounts Receivable 5,100 5,904 6567 7117 7,536 '; gg:jg ﬁ ;ggg g‘: igg;i 2002 30 67 112 164 203 239 267 274 298 304 310
Prapaid expenses 4,806 5513 5170 5508 5682 8 99124 45 95268 82 44475 2003 29 74 128 198 274 311 374 421 424 428
invenry o i . o o 4l 2004| 41 111 231 387 477 580 613 591 642
Total current assets 185,682 202,228 205,277 234715 264,112 :? :gg:; :; zg;g :: 33;5;: 2005 30 92 137 205 291 340 374 393
Property & Equipment 45,500 42,350 40145 38,602 37,521 1§ 3307; ;9 9;975 a;; 21;14 2006 1" 37 67 102 173 233 250
1 05 0 93591 8 7799
Goodwill 3,580 3,460 3910 3,870 3,850 89033 51 93180 8 2564 2007 10 40 90 129 195 250
Total Assets 234,762 248.038 249332 277187 305,483
15 98998 52 92141 89 21443 2008 24 49 85 121 181
bil 16 98950 53 92270 90 18472 2009 28 71 110 176
Liabilities 17 98891 54 91762 91 15685
Current liabilities: 18 98622 55 91211 2 131 2010 18 34 54
Accounts Payable 3902 4800 a9t 5265 5671 el % Soeo7 % 2011 25 212
Accrued expenses 1,320 1,541 1662 1,865 1,899 20 98664 57 89347 94 8690 2012 42
Unearned revenue 1,540 1,560 1,853 1,952 1,724 LA 58 89226 95 6871
Total current liabilities 6,762 7,901 8427 9,082 9,294 g ggggg zz ggz;; :g ig}g
2 98295 61 86681 98 2959 link ratios: 318 177 153 135 120 110 104 106 1.01 1.02 099
Long-term debt 50,000 50,000 30000 30,000 30,000 R RS~ - _—
Other long-term liabilities 5,526 5,872 5,565 6,051 5,909 2 98111 63 84620 100 1477
Total Liabilities 62,288 63,773 43,992 45,133 45,203 27 98022 64 83465 101 997
8 979m 65 82224 102 650
29 o784 66 80916 103 410
Shareholder's Equity
Equity Capital 170,000 170,000 170,000 170.000 170,000 30 97750 67 79530 104 248
3N o762 68 78054 105 144
Retained Eamings 2474 14,265 35340 62.053 90.280 2 o7549 69 76478 106 81
shareholder’s Equity 172,474 184,265 205340 232,05 260,280 3 9ram 70 74794 107 43
Total Liabilities & Shareholder's Equity 234,762 248,038 249,332 277,187 305,483 u a2 Ly =001 e 2
35 97199 2 71092 109 1
Check 0.000 0.000 0.000 0.000 0.000 36 97065 73 69056 110 9
Balance sheet Mortality tables Claims triangles



anske

Why? (2/2)

Forward looking data used for portfolio approach and not single names

Economic forecast

Macro forecast. Scandinavia

Private  Public = Fixed  Ex- Im-  Infla- Wags Unem-  Public Public Current
Vear GDP' cons.t cons.! imv.!  ports’ ports’ tion' growth' ploym®  budget®  debt® scc?
Denmark 2020 37 31 -12 o8 -88 S=1-1 o4 25 a7z 35 a34a 74
2021 23 30 185 31 36 a7 o8 20 437 -19 413 €3
34 36 04 38 72 6.4 12 18 38 12 415 7.7
Sweden 2020 32 a7 02 14 55 BB o8 20 83 30 330 53
2021 33 38 24 a1l =] 76 12 18 83 -28 400 51
26 30 15 27 33 39 o8 18 73 -10 380 51
- Norway 2020 33 75 17 56 Z0  -120 13 20 50 - - -
Nordic Outlook 2021 40 an 20 10 58 &0 @5 23 33 : : :
33 55 20 20 as 6.0 a1 25 26 - - -

Economic andfinancial trends
Macro forecast. Euroland

Private  Public  Fixed  Ex Im-  Infla-  Wage Unem-  Public Public Current
« Danmark: recovery postponed Year GDP' cons.t cons.! ime!  ports’ ports’  tion'  growth' ploym®  budget®  debt® acc?
New restrictions biting in the winter months

Eurosres 2020 70 88 08 137 81 105 03 -10 20 B8 1017 26

2021 43 a5 32 12 131 106 11 1D EE) B2 1021 2E

34 53 18 21 35 a3z 11 10 26 44 1023 28

Germany 2020 53 53 a5 37 -lo2 -8B os a1 42 50 712 60

2021 40 2 41 28 138 108 12 18 42 -40 70.1 E3

a2 33 1.4 21 33 a3z 13 an 37 a5 690 61

Finland 2020 -33 a0 [ila} 25 -l00 -80 o3 19 78 -80 686 06

K 2021 22 =5 15 20 50 50 10 25 80 -a.1 710 -0

+ Norway: 2021 set to be a really good year 28 27 10 30 6.0 50 15 25 72 -24 708 -0.6

Strony n housing market pave the way for rate hike in the fall
Macro forecast. Global

Private  Public = Fied  Ex- Im-  Infla-  Wage Unem-  Public Public Current
* Finland: mid-summer recovery et | == = | = | === | i= | 0= | o | o | e | =
bad than feared andr v is set to resume this year
usa -34 38 o8 24  -137 107 12 a6 8.1 -160 1264
2081 33 a8 1.4 a6 17 B8 16 20 65 -l22 1323
38 a3 21 a3 20 38 16 23 53 72 1319
asofidanskebank com "
China 2020 17 15 - 30 - - 30 75 - -11.9 - 06
2081 92 30 - 10.0 - - 20 70 - 118 - 04
55 70 - 40 - - 25 70 - 109 - 04
UK 2020 -111 -la4 -85 -128 -125 -21.1 os 20 ada -190 1081 -20
2021 52 az2 a0 B2 B4 61 16 12 a8 77 1083 -38
63 a3 21 118 53 82 15 16 a6 -a5 1083 36
Japan 2020 56 7.0 18 57 128 75 02 - 28 - - -
2021 =27 24 18 -10 8.1 15 03 - 27 - - -
25 27 11 37 53 30 06 - 25 - - -

Sources: OECD and Danake Bark. 1) % y/y. 2] % contribution to GO growth. 3) % of labour force. 4] % of GOP.

Impartant disclasures and certifications are contained fram paga 36 of this report.
- R




Data Flow - Overall

Raw Data

(payment systems)

N~

Very Big Data (Updated monthly right now])

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)

Classifier models

DK/NO/SE/FI (iabeling

models)

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

Only coverage for Danske Bank clients Caveats:

Changes to enrich data applied back in time
Correction transactions applied

The labels come from a machine learning model, so
there might be inaccuracies (eg what is included)
Same caveats from TE table apply

Not as Big Data

SQL Aggregations

These are smaller so they can be viewed
in tableau

~


https://www.google.com/url?sa=i&url=https://crgroup.com/tableau/&psig=AOvVaw1FeZSUtDybnmR_bucAKkqf&ust=1591784822210000&source=images&cd=vfe&ved=0CAIQjRxqFwoTCICE4tnC9OkCFQAAAAAdAAAAABAF

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

We have a melting pot of data

What is in the transaction data pie slice?

Transaction data
and relevant inflow
classifiers; Account balance
data

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?)

Whatever other data the bank
has that you can think of

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 application data

Credit data (Ratings,
Exposure, Impairments,
Utilisation, Collateral,
Migrations, NPL, everything
you would find in a credit
report)

Stock Prices and equity
statistics on certain listed
companies

Macro Data and sector
specific data from
Macrobond/Moody’'s/Bloo
mberg

Profitability data (ROAC,
Allocated Capital, Profit,
Income, etc)

= 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)

10



Model infrastructure

PROJECT
Data prep SCOPE

\ersion

Data control

ware-

- house _
\. 5
ata :) — C Technical
structure »” documentation
&
2
&
PR
&
&
PR
&

Building models which fit into designed framework. ..

11




Model infrastructure

PROJECT
Data prep SCOPE

Data
house

\Version
control

Micro service

-

Technical
documentation

Data :)
structure




Model Infrastructure

From development to deployment

Development Fit for production Deployment
Containerising the
Start Version development
Develop Local test controling Documentation Unit testing Web service environment Build Release  End

;l

[ g g ]

2 2 ) — — —

& Ol .

@TDD Flask dOC er’ OPENSHIFT

)"
3
ol

]

Bitbucket

$
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Early Warning Model

The Early Warning Model

Danske Bank systems

T

6 months

corporates

|

100 + features

Customer
information
data

Behavioural Credit, risk
data data

Transaction
data

Profit data

15



Target and features

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

16



Selected model - XGBOOST (gradient boosting decision tree) algorithm

Algorithm Comparison

0.85 o 3
Abbrevigtion ~ Model name Mean ROC-AUC

0580 %I score

075 | LR Logistic regression 0.628083

070 4 KNN K Neighbors Classifier 0.551441

0.65 | i % DT Decision Tree Classifier 0.578554

0.6 1 o RF Random Forest Classifier 0.668644

] EO XGB Gradient Boosting Classifier 0.800645

LR KNN DT RF XGB

- 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.

Tree 1 Tree 2

Transactions with bad

customers, volume > Delinquency days > 30
ImDKK
Yes I MNo Yas I Mo
= Decrease in - H e = Dropin average
transaction gvrﬁgil;if; last gl:ljhsatlon share > ingaing
inflow : transactions
¥es 1 Mo Yes 1 No Yees 1 Mo Yes 1 No

17



Most important model features

ID
Customer ;
information data
2
&
Credit, risk data 4
5
6
Behavioural data d
8
9
. 10
Profit data
11
12
13
Transaction data 14
15

Predictor

Number of transactions with bad customers

Days in the bank

Average exposure

Volume of transactions with bad customers

Excess amount

Exposure amount

Volatility of monthly number of outgoing transactions
Utilization share

Average leasing exposure

Volatility of monthly amount of outgoing transactions
Average return on allocated capital

Delinquency (0 - 5 days)

Excess amount

Volatility of excess amount

Number of accounts

Estimation period (average)

12 months
Last month
Last 12 months
Last 12 months
Last 12 months
Last month
Last 12 months
Last 12 months
Last 12 months
Last 12 months
Last 12 months
Last 12 months
Last month

Last 12 months

Last 12 months

18



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 2219427 0,10977

Average monthly amount of incoming

transactions (6 months) 51436 ot
Average monthly amount of incoming
transactions (1 months) 11,5 Oz
Delinquent amount 91+ days 0 -0,02133
Average exposure utilization (6 0,199 001756

months)

0,2563 (prediction) = -0,0587 (negative contribution) + 0,50624 (positive contribution) + 0,008801 (bias)

W tn_neg_amount_std_12m > 83919457 _ m 6600,50 < daysinthebank_max <= B0B85,75
m 763450,10< ton_amount_with_bad_est_12m <= msaldo_dkk_stddev <= 3393,58

2548689,05
W exposure_mean <= 1377460,08 W customer_on_watch_flag_sum <=0,00

B customer_on_watch_flag_sum <=0,00

S h
m daysinthebank_max <=3433 00

B n_cnt_with_bad_cst_12m > 66,75

-005 -004 -0,03 -002 -001 1] 0,01 0,02 003 0,04 0,05 -0,05 0 0,05 0,1 0,15 0,2 0,25

19



Some Analytical User Cases



Some examples of the use of transaction data in reports and analytics

Tracking employment of clients
employed in vulnerable industries

Exposure to customers employed inindustries

Hatels W restevrzms [l Leisure Share of Portfolio [Dec): 1.7%
1067755 105107103
1021015 5-55"10.0-98-0.8 =100 93 gg 8K
21 20 20 24 24 53

20 20 1s 20 BE el oy

Exposure, DKKbn
Number of Customers [Households)

a a m a a a a a =] a a a a o o -
- - Ll o N o Lt o N o o o o o o o
8 3 8 5 » 8 8 ¥ 53 3§ 8 38 8 &
O z o a3 © 249 3 32 T4 w0 9 z a A

Monitoring of cross border incoming
transactions as an export proxy

Using the labels from inflow classifier models
to identify salaried employees

Identifying weak and vulnerable
segments in the corporate segment

Industry Split. Cross Border Incorming 2021 vs 2020
Transactions. 2021 vs 2020 ¥TD growth, ¥TD growth
rmonthly To%
ame l
10% ‘
20% 20
% %
® L]
20%
0% L
- L
an%
R poEso®5opoid

Brexit sensitivity monitoring through
counterparty and currency identifiers

Looking at corporate clients that have a
high likelihood of downgrading to B

Decreased Inflow

2030% | |3080% [eosox [ <eo% Shere of portfofio:  Under
development
45 48 A5 | 19%
41 41 iy, 41 42
4 37 37738
5
¢
H
Fl
H
o o
§ § ¢ 8 § g ?. g g
) 5 4 5 3 ] H F
& s & § L | Z 0

Exposure to customers with an average & monthinflow at lesst 20% lawer than same period ane year earlier.

Identifying COVID-19 affected subindustries
by monitoring cross border movements

Identifying tax deferrals within certain
mdustrles using transaction text field

9% ﬂ
A & |
vy v A 4
1] 4
E. // /
2
g
B
B
i
8 a5
=
i
&
I
02-18 0E-18 1018 02-19 06-19 10-19 Oe-20 0e-20 1020

Exposure with risk of downgrading from A to B; EURbn

Shareof portiolio  23%

L] a o
a u
3

g
z 3

o
o
nmmllE

04 0%
o4 04 04 04 04
H 03 03 03
g 03 0%
£ - g2
i 02 02 ;
o2
: EyE
0.1
=l | l
)
3
H
2 z

=]

4@
c
]
5

Jun20
)20
Aug20
Sep20
Oct20

]
a
Expasure to A-rated customers with +30% predicted probability of migrating to B-rating within & months. Examples of

some of the most important Grivers of the model are: Number of transactions with bad customers!, Days in the bark'
‘Average exposure [last 12 manthe, Excess amaunt’ Vdlatiity of monthly number of outgaing transactione etc.

Identifying clients that have seen a decrease
in incoming transactions

o
P

e

[+
:‘j||| |||| i §ed¢
ill i

Ot e

@
‘ ¢ £eg
¢ B g (g
m. woal Rl 14¢
H III FHE Il e
888 (40K £4g8 ceed i AT
I I ol ik ala 1 s

Identifying subportfolios and companies that
are UK dependent

Identifying vulnerabilities in the retail
portfolio

Using machine learning to develop an early
warning model based on transaction data

Monitoring spending patterns of
customers on interest only

Identifying industries more likely to postpone
tax or receive government benefits

Recipients of Social Benefits; EURbn

BWcics Woscr [fjor Wozos s wPD Shere of portfofio 63%
1.u1

10 'Dﬂﬂgng

e &= 08 05 05 05 05.05.05 e -
H ey 07 07

¢

5

g os

g

i}

00 o e i i o o e i R N oo
"o ODODO0OOOMmMO00006 000 0
__________ TRAaRARLRA A
c o zEg 3 ¥eFo3UCELLEZEDYE D
TEg33388388823233348

pox of min SOOEUR pr. month and min S0% of income [in arder ta
proxy unemgloyment bensits]

Exposure by ratio of overspending

A
30%

20%

=0
g3
N

Shera of exposure
]

&#
Jan20
Fab 20
Apr20
Jun 20
ul 20
Auga
Sep 20
oct20
Nov 2
Dac i
Jen21

(Overcpandingintarvels.
<o0% [l <soz M <sox W <zo: W <ioox: [l >100%

Looking into clients that are
receiving/applying for social benefits

Identifying whether weak segments have a
propensity for overconsumption or saving

21
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Cross Border Incoming Transactions

Cross Border Incoming Transactions, Page 1 _,w-

Reporting and monitoring A

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

Quarterly MWS”LM:S?hmnvm;m s?gl!::wE&D‘ED
For now monitoring is mostly stand-alone one-pagers and oo = - - . P
not fully incorporated in the reports as exports are deemed N ——

to have a significant interest present due to the pandemic.

Share of Cross Border Incoming Trensactions

SR ETE4SPaTEINIBATEAFRATEN

Data validation and usability - : fh

Data has been validated against national statistics and f B ol
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.

i fteeusi

il |I'\

This also means, that the further we drill down into specific
segments, sub industries or companies uncertainty will
increase risk of false conclusions.
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Most industry cross boarder transactions are normalizing after dip in summer 2020

All Industries

Sectors with minimal impact from Covid lockdown

Key messages

1300M
Consumer goods
1250M 220M = Retailing
1200M
200M
1150M
1100M 18om
1050M 160M
4 4
1000M
=] 2 1a0m
950M
900M 120M
850M 100M
800M
80M
750M
700M 60M
Janl8 May1l8 Sepl8 Janl9 MaylS Sepl9 Jan20 May20 Sep20 Jan21 ‘ Janl8 Mayl8 Sepl8 Janl9 MaylS9 SeplS Jan 20

Sector representative of all industries: good recovery from 2020 lockdown

= Transportation
95M
90M
//\'-

/ \
¥ asm /
a / \

80M d
ff‘
A "
75M / —\
v N
Janl8 Mayl8 Sepl8 Janl9 MaylS SeplS Jan 20

May 20

Sep 20

Jan21

Sectors which have not recovered

= Hotels, restaurants and leisure
60M ® Shipping, Oil & Gas

55M
50M

45M

DKK

40M
35M
30M

25M

Jan18 May18 Sep 18 Jan 19 May 19 Sep 19 Jan 20

. 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.
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. o . . . . . . IBEEI Y Bank
*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.

Tax Analysis

Value of Identified Tax Outflows, Volume, DKK [percentages represent YoY change in volume) Overall tax outflow
development
@ @ 8 = 5 C 4 =) o g w 4 ﬁ o -5 o g
s 8 | B | fg B8 By 4Bl Be|cmpogEs BB 2| % (3. %5 B2l B | % s Lovlossazos
2 £ 5 o ES a 3o 255 —E Fo= B a'FE T = z w 23 o @ T 7 .
2008 % Ef Ga3 BB B3 5% GMe eip 2EF 3 | 3 8% 3 B o ... Countryand Portfolio Level:
< 2 K] 8 8% = s | = & P o £ 8 = 2 S5¢ Figures shown below are insights from Danske
a0t Bank transaction data on portfolio level. We use
107 ﬁ transactions with skat or moms in the text field as
e m a proxy.
mn
ar o 30T
g Overall, in the portfolio, we see that last year had
&T ” - § less transaction volume pertaining to transactions
& 2 2 & 3 - | K = we identified as tax, and less companies have
o 1~ y n = o o .
ar o § e FEme 5 1@ them. The decline is moderate and it has a lot to
£e £X © SR . 2R é 2 Er o do with activity slowdown (less revenue resulting
1 1 . s H Lo o .
e §R B8U 7 g N e e S So Mg in lower tax paid).
T EIE | LR | i i
oo o T .
or I ="l = 0l [ or The postponements have a lot to do with
0D oOOoOo0ODoODoOo0OoOoOo0DomODODOo0DOoOOQOODONHOODNOODONOODODO DO OoOONDOODOODOOODNMOoDODOoONDOOoOoOoDNOoODODOOoOoDoaDoD i3] m [w] . . .
DoalooMoocoloodoodloooooBooBooBooaoDBDo0ooo0A0o00o00DD 8008000 B = o permissive regulation and we have observed that
(VI VI o ¥ A A o VI VAV A A ¥ ¥ VI I W ¥ I VI O A ¥ I T T o VI ¥ I o VI o VI T A ¥ o WV T VT I N I VI o VO o T B4 ¥ 1] 41} 41}

even traditionally well performing companies
DKK [percentages represent YoVY change in volume] Overall CVR with tax have taken advantage of the tax postponement to

CVRs identified as having had tax outflows, Nr.

g | g |2 4 - | s e F ¢ ¢ | outflowdevelopment  gqrper extra liquidity.
@ @ o = cC @ [ @ o = o o u = o e p = =1
3 b= 8 b & fns Em mE‘lﬁ §uw oG u ¥ A 5 ] a z ES F-} Eﬁ
= =] [ ag D=T o @ L2 w E [ egd ) = o md LW a o & =]
: 5 T ES | 222 | 23 | 523 | §E | E8s |34 | BE E 2 cd e g g 5E 2.4% i i
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SME Transaction Data Insights

Payouts from Erhvervstyrelsen, DKK, L12M
14%
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Transaction volumes per industry
DiffinCB  Diff in Total

2019 2020
inflow YoY  inflow YoVY

CBS E:n;ﬂow Totallgl:ﬂow CBS% CBS BI:ﬂow TotaIBIrr:ﬂow CBS%
Education 110 4293 26% 132 4357 3.0% 17.9% 15%
Professional services 370 164.9 22.4% 546 188.0 29.0% 29._4,95 _
Consumer staples 88 126.2 6.9% 88 1325 6.7% -4.1% | 5.
Machinery 303 1116 27.2% 283 1058 26.7% 1.7% 51%
IT- services 120 68.0 17.7% 131 81.0 16.1% -8.6% _
Commercial services 0s 615 15% 0s 643 15% | 46%
Non-profit associations 38 63.1 6.2% 43 51.0 8.5%
Consumer discretionary 122 535 22.7% 108 451 24.3%
Trade Consumer discretionary 59 420 14.0% 69 510 136%
Passenger transport 14 468 3.0% 0s 448 10% -4.4%
Media 24 254 8.3% 33 284 115%
Leisure 3.1 228 13.4% 18 163 112% _
Health and social care 01 176 0.8% 01 17.7 0.7% 0.7%
Restaurants 01 141 0.7% 02 118 2.0%
Hotels 15 85 18.1% 02 5.0 3.9% - -

Note: The analysis covers SME clients in Denmark. Outliers are not excluded.

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

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.
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Customers receiving “dagpenge” experiencing an increase in
December

Key messages o o o w
Number of customers receiving salary per month Number of customers receiving “Dagpenge” per month

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 soox

Dagpenge Recipients, Nr

a0
201

Salary Recipients. Nr-

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.

Government packages* development since covid1l9 Government packages* by industry
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*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.
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*Note: Government packages is including all types of government packages; Salary compensation, fixed cost etc.
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Research papers by different teams in the bank

It rant Rusesrch — Garral Markat Conditions

Spending Monitor

08 Apnl 2021

Ash Wednesday breaks spending records

&  Danish card and MohilePay spending, up to the week ending on 4 Aprl shows spending
at around 5% above normal levels. However, there are major distortions io the data with
this release. First, last week was Easter, which led fo shops having closed for the
holsdays { Thursday, Friday. Sunday and this weeks Monday). Companed to Easter 2019
spending kst week was up by 11%. However, last week also had pay day — unlike the
Easter week of 2019.

& Orerall spending over Easter looks strong, considering that many restaurants, hotels,

hasrdressers, department stores and the likes where sbll forced closed. This is largely
due o very strong sales in retailing from Monday 1o Wednesday, with Wednesday last
week showing the strongest retail sales yet, when discounting Black Friday in both 2019
and 2020,

&« Spemding got a further lift from the pay out of holiday back-pay. which started to rall

out last week. So far, DKK30bn has been applied for (before taxces).

&  The next few weeks the reopening will move along, having been kicked off on Tuesday

with the reopening of bxindressers, maszage parlours etc. on 21 April we get a further
reopening of restaurants for out-door service, and shoppmg malls. Despate restrctions,
we expect ihis io grve a furiber lifi o spending.

Diifferances intiming of Esster and pay day effects distorts the data, but cverall
Eastor spanding was strong, lockdown maasures considered
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Figure 2: Evolution of aggregate spending in Denmark and Sweden. The higure shows the
evolution of aggregate spending in Denmark and Sweden from 2 January to 5 April 202). Red lines show
the evolution of spending in 2020 as a percentage of daily avers
same series for the same weekday in 2019, ie., 364 days earbier. The dash vertical line denotes 11 March,
when the Danish government announced the Jockdown. Shaded red regions highlight the drop in spending
in both countries at thi point in time.

e spending in 2019, Grey lines show the

%Daily average spending (2019), by country:

Denmark Denmark

shutdawn
begns

150

2020

100

Jan Feb Mar Apr
Sweden
150
100
50
Jan : Mar Apr

*2019 values at same

anske

Pandemic, Shutdown and Consumer Spending: Lessons

from Scandinavian Policy Responses to COVID-197

Asger Lan ANDERSEN (University of Copenhagen and CEBI)

“mil Toft HANSEN {University of Copenhagen and CEBI)
JOHANNESER rsity of Copenhagen and CEBI)

Adam SHERIDAN (University of Copenhagen and CEBI)

May 12, 2020

Abstract

This paper uses transaction data from a large bank in Scandinavia to estimate the effect
of soeial distancing laws on consumer spending in the COVID-19 pandemic. The analysis
expluit | experiment to disentangle the effects of the virus and the las aiming
Denmzrk and Sweden wore similarly exposed to the pandemic but only
Denmark imposed significant restrictions on social and economic activities. We estimate
that aggregate spending dropped by around 25 percent in Sweden and, as a result of

that social distancing reinfiorces the nduced drop in spending for individuals with
low health risk but attenuates it for individuals with high health risk by lowering the
averall prevalence of the virus in the society
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