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WELCOMING REMARKS ALL IN ONE DB UPDATE
LUDOVIC THEBAULT, EUROPEAN DATAWAREHOUSE LUDOVIC THEBAULT, EUROPEAN DATAWAREHOUSE

EDW RESEARCH PUBLICATIONS GAS UPDATE
LUDOVIC THEBAULT, EUROPEAN DATAWAREHOUSE USMAN JAMIL, EUROPEAN DATAWAREHOUSE

EBE UPDATE ENGAGE PROJECT ON MORTGAGE AND ENERGY EFFICIENCY
LUDOVIC THEBAULT, EUROPEAN DATAWAREHOUSE MICHELE COSTOLA, UNIVERSITÀ CA' FOSCARI VENEZIA

EDW AGGREGATE DATA ASSESSING AI USE FOR CAR FUEL CLASSIFICATION
LUDOVIC THEBAULT, EUROPEAN DATAWAREHOUSE INA KRAPP, LEIBNIZ INSTITUTE FOR FINANCIAL RESEARCH SAFE E.V.



UPCOMING EVENTS
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Events - European DataWarehouse

https://eurodw.eu/events/
https://eurodw.eu/events/
https://eurodw.eu/events/


UPCOMING EVENTS: H1 2026

DECEMBER 2025 6



UPCOMING EVENTS: H1 2026
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UPCOMING EVENTS: H1 2026
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EDW RESEARCH PUBLICATIONS
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RESEARCH SECTION
THIRD PARTY PUBLICATIONS USING OUR DATA: HTTPS://EURODW.EU/KNOWLEDGE/RESEARCH/
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Latest publications

• A Standardised Methodology to Calculate Vehicle

Emissions with CO2 (GAS-related publication)

• European Benchmarking Exercise (EBE) for Private

Securitisations: H1-2025 Results



ARCHIVED EVENTS
RECORDS AND SLIDES OF PAST WEBINARS: HTTPS://EURODW.EU/NEWS-EVENTS-AND-MULTIMEDIA/EVENTS/
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German securitisation event

• Download the slides of the 20 

November 2025 German Securitisation 

Event HERE

https://144375073.fs1.hubspotusercontent-eu1.net/hubfs/144375073/2025%20Securitisation%20Event%20Series/2025%20IPE%20Slide%20Decks/German%20Workshop%20November%202025_Final%20for%20Distribution.pdf


BLOG
SHORT ARTICLES ON CURRENT TOPICS: HTTPS://EURODW.EU/KNOWLEDGE/MAGAZINE//
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Latest publications

• Auto ABS in Focus: Comparing Loans vs Leases and 

Captives Non-Captives

https://eurodw.eu/knowledge/magazine/


BLOG
AUTO ABS IN FOCUS: EXCEL LIST ONLINE MENTIONING LEASES VS NON-LEASES AND CAPTIVES VS NON-CAPTIVES
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LIST OF RESEARCH PUBLICATIONS
OUR OWN PUBLICATIONS PLUS THIRD-PARTY RESEARCH: MEDIA LIBRARY - EUROPEAN DATAWAREHOUSE (EURODW.EU) 
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https://eurodw.eu/about-us/media-library/
https://eurodw.eu/about-us/media-library/
https://eurodw.eu/about-us/media-library/


LIST OF RESEARCH PUBLICATIONS
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EUROPEAN BENCHMARKING EXERCISE 
EBE POWERPOINT-PRESENTATION
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https://eurodw.eu/wp-content/uploads/EBE_2024-H2_Report_2025-09-18-final.pdf
https://eurodw.eu/wp-content/uploads/EBE_2024-H2_Report_2025-09-18-final.pdf
https://eurodw.eu/wp-content/uploads/EBE_2024-H2_Report_2025-09-18-final.pdf


EUROPEAN BENCHMARKING EXERCISE UPDATE
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RECENT PUBLICATIONS: H1-2025 EBE REPORT
REPORT ON PRIVATE SECURITISATIONS COAUTHORED BY EDW, AFME AND TSI 

• The report provides aggregated transaction-level data from 12 

banks across 6 European countries on a voluntary basis. 

• Its purpose is to enhance the quality and usefulness of disclosure 

in the private cash securitisation market, both ABCP and balance-

sheet financed in the EU and the UK. 

• Scope of the study:

• NOT private CLOs (collateralised Loan Obligations)

• NOT private NPL (nonperforming loans)

• NOT synthetic SRT deals (significant risk transfer)

• Private ABS only (most of which are used for ABCP collateral)
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RECENT PUBLICATIONS: H1-2025 EBE REPORT
REPORT ON PRIVATE SECURITISATIONS HIGHLIGHTS

Key highlights

• Private securitisations backed by trade receivables and auto loans/leases make up around 73% of the market, and if 

consumer loans and equipment leasing are included, the 4 asset classes together represent 87% of the market.

• Private securitisation markets are a key source of financing for the real economy. 

• The difference between the €82.6 billion of commitments and the €226.5 billion total assets size is because:

• Many large private securitisations are syndicated, with several commitments from several banks

• If one of the 12 reporting banks in the EBE reports a commitment of €100million for a deal with €2 billion in assets 
which none of the other 11 banks report, this will account for €100 million out of the €82.6 billion of commitments 
outstanding and for €2 billion in the €226.5 billion of total assets.

• The overall private securitisation market is currently estimated at €256.7bn of total market (inferred from the asset size of 

€226.5 billion, the credit enhancement and the asset utilisation rate)
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RECENT PUBLICATIONS: H1-2025 EBE REPORT
REPORT ON PRIVATE SECURITISATIONS CO-AUTHORED BY EDW, AFME AND TSI 
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RECENT PUBLICATIONS: H1-2024 EBE REPORT
REPORT ON PRIVATE SECURITISATIONS HIGHLIGHTS

Mostly ABCP, mostly STS…

• 85% of the volume is ABCP funded, 

64% of the transactions have the STS 

label… 
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RECENT PUBLICATIONS: H1-2024 EBE REPORT
REPORT ON PRIVATE SECURITISATIONS HIGHLIGHTS

Transaction ratings

• 82%+ of transaction ratings are 

above or equal to A
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RECENT PUBLICATIONS: H1-2025 EBE REPORT
REPORT ON PRIVATE SECURITISATIONS HIGHLIGHTS

Seller Ratings

• Whereas seller ratings are mostly 

much lower. Private securitisation 

allow the sellers to access funding 

more cheaply. 
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EDW AGGREGATE DATA 
(FROM ESMA ANNEX 12 AND ANNEX 14)
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ANNEX 12 AND ANNEX 14
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ANNEX 12 AND ANNEX 14
ANNEX 12 AND 14 ARE NON-LOAN LEVEL DATA 

Annex 12 contains investor report data such as:

• Reporting entity contacts (IVSS5,6,7)

• Risk retention method (IVSS8) and holder (IVSS9)

• Trigger ratios (IVSS12) and trigger information (IVSR fields)

• Interest collections (IVSS17), principal collections (IVSS16) 
and recoveries

• Annualised CPR (IVSS22) and CDR (IVSS27)

• Aggregate risk metrics, performance information, 
delinquency rates (IVSS38 – IVSS44)

• Position by position cash flow info (IVSF type fields)

Annex14 contains “Inside information or significant 

event information”

• Securitisation info fields (SESS field series) such as No 
longer STS (SESS3) Current waterfall type (SESS8), swap 
details (SESS17 – SESS24)

• Tranche level information, Tranche Name (SEST5), ISIN 
(SEST4)

• Attachment Point and credit enhancement related 
(SEST31 – SEST35)

• Account level info (SESA fields) and Counterparty level 
information (SESP1)…
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EDW DEAL REPORT – BASED ON ANNEX 12 (1)
EDW “DEAL REPORTS” ARE ACCESSIBLE IN EDITOR AND USE DATA FROM ANNEX 12
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EDW DEAL REPORT – BASED ON ANNEX 12 (2)
EDW “DEAL REPORTS” ARE ACCESSIBLE IN EDITOR AND USE DATA FROM ANNEX 12
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EDW DEAL REPORT – BASED ON ANNEX 12 (3)
EDW “DEAL REPORTS” ARE ACCESSIBLE IN EDITOR AND USE DATA FROM ANNEX 12
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EDW DEAL REPORT – BASED ON ANNEX 12 (4)
EDW “DEAL REPORTS” ARE ACCESSIBLE IN EDITOR AND USE DATA FROM ANNEX 12
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EDW DEAL REPORT – BASED ON ANNEX 12 (5)
EDW “DEAL REPORTS” ARE ACCESSIBLE IN EDITOR AND USE DATA FROM ANNEX 12
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EDW DEAL REPORT – BASED ON ANNEX 12 (6)
EDW “DEAL REPORTS” ARE ACCESSIBLE IN EDITOR AND USE DATA FROM ANNEX 12
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COUNTERPARTIES - FROM ANNEX 14 (1)
EDVANCE MAKES IT POSSIBLE TO SEE WHAT COUNTERPARTIES ARE LINKED TO A DEAL…
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COUNTERPARTIES - FROM ANNEX 14 (2)
OR WHAT DEALS ARE LINKED TO A SPECIFIC COUNTERPARTY ACTING IN A SPECIFIC ROLE.
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ATTACHMENT POINTS – FROM ANNEX 14 (1)
ATTACHMENT POINTS, ORIGINAL AND CURRENT ARE PART OF THE ANNEX 14 REPORTING, JUST AS 

Attachment points

• Refer to article 256 of EU Regulation 575/2013 
for definition of attachment points

• Attachment points have become a “talking 
point” lately, due to the “resilient securitisation” 
proposals…

• 579 deals have reported using Annex 14 in 
2025, 571 with an identified A Class 

• In 341 cases, the attachment point can be easily 
recalculated using available information, for 33 
deals, there are decimal point type errors 
(values 100 times smaller than should be), for 
another 33 ND values are displayed…

Calculation:
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Amount % of Total Attachment Point
Class A 500,000,000    74.07% 25.93%
Class B 32,500,000      4.81% 21.11%
Subordinated 142,500,000    21.11% 0.00%

675,000,000    100.00%

https://eur-lex.europa.eu/legal-content/EN/TXT/PDF/?uri=CELEX:02013R0575-20240709


ATTACHMENT POINTS – FROM ANNEX 14 (2)
STATISTICS FOR ATTACHMENT POINTS 

• Attachment points

• Using verified data for recent securitisations, looking at attachment point below the most “Junior senior” tranche (i.e. 
the A2 if there is an A1 and an A2)

• Some variations across deals and countries but generally…

• Around 12% for mortgages

• Around 13% for Auto

• Around 21% for consumer

• Around 24% for leases

• Around 27% for SME
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ATTACHMENT POINTS – FROM ANNEX 14 (3)
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ALL IN ONE DATABASE: USING A DATA SAMPLE..
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ECB VS ESMA VS FCA DATA AVAILABILITY
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STRUCTURE

DECEMBER 2025

COMPOSITION OF THE 
ALL IN ONE DATABASE

 ESMA Fields Populated With ECB Data

 ESMA Fields With no ECB Equivalent

 ECB Legacy Fields

 EDW Calculated Fields

 Fields That Cannot be Populated

Fields of the All in One Database

ESMA Fields ECB Legacy Fields
(no ESMA Equivalent)

Calculated Fields

WHEN ECB DATA IS 
IMPORTED IN THE ALL 
IN ONE DATABASE

 ESMA Fields Populated With ECB Data

 ESMA Fields With no ECB Equivalent

 ECB Legacy Fields

 EDW Calculated Fields

 Fields That Cannot be Populated

Fields of the All in One Database

ESMA Fields ECB Legacy Fields
(no ESMA Equivalent)

Calculated 

WHEN ESMA DATA IS 
IMPORTED IN THE ALL 
IN ONE DATABASE
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LIST OF CALCULATED FIELDS AS OF SEP. 2025 IN ECB ADJUSTED DATABASE 
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AUTO CONSUMER CREDIT CARDS LEASINGS RMBS SME

DATA_ORIGIN yes yes yes yes yes yes

EDCODE yes yes yes yes yes yes

Select_Unique yes yes yes yes yes yes

Sec_Id yes yes yes yes yes yes

PCD yes yes yes yes yes yes

GEO_1 yes yes yes yes yes yes

GEO_2 yes yes yes yes yes yes

GEO_3 yes yes yes yes yes yes

QTR_ED yes yes yes yes yes yes

COUNTRY_ED yes yes yes yes yes yes

Manufacturer yes - - - - -

Model yes - - - - -

Fuel_Type yes - - - - -

Year_Model yes - - - - -

Engine_size yes - - - - -

Vehicle_type yes - - - - -

Euro_Conversion_Factor yes yes yes yes yes yes

ED_Loan_ID To do To do To do To do To do To do

ED_Borrower_ID To do To do To do To do To do To do

Days in arrears proxy To do To do To do To do



DATA SAMPLE FROM AIO: SPANISH AND FRENCH AUTO LOANS
LIST ALL UPLOADS AVAILABLE IN THE TABLE BY DEAL ID, DATE AND DATA ORIGIN, SHOW SUM OF ASSETS
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SELECT 
       [EDCODE]
      ,[Sec_Id]
      ,[data_origin]
      ,[Select_Unique]
      ,[PCD]
      ,[QTR]
      ,[COUNTRY]
      ,sum(AUTL30) as Current_Bal

  FROM [res].[aio_aut_ES_FR_Trial]
  GROUP BY
       [EDCODE]
      ,[Sec_Id]
      ,[data_origin]
      ,[Select_Unique]
      ,[PCD]
      ,[QTR]
      ,[COUNTRY]
ORDER BY
       [EDCODE]
      ,[Sec_Id]
      ,[data_origin]
      ,[Select_Unique]
      ,[PCD]
      ,[QTR]
      ,[COUNTRY]

Statistics for Attachment Points 



DATA SAMPLE FROM AIO: SPANISH AND FRENCH AUTO LOANS
ONE OVERLAP PERIOD APPEARS FOR A DEAL, IT MAKES COMPARISONS POSSIBLE ESMA VS ECB
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DATA SAMPLE FROM AIO: SPANISH AND FRENCH AUTO LOANS
QUARTER FLAGS MAKE IT EASY TO SELECT ONE ENTRY PER QUARTER
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DATA SAMPLE FROM AIO: SPANISH AND FRENCH AUTO LOANS
FOCUSING ON THE OVERLAP...
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DATA SAMPLE FROM AIO: SPANISH AND FRENCH AUTO LOANS
WE CAN CHECK HOW THE REPORTING CHANGED WHEN SHIFTING FROM ECB TO ESMA
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SELECT top 1000 * 
  FROM [res].[aio_aut_ES_FR_Trial]
  WHERE EDCODE = 'AUTMFR000101100320122' AND PCD = '2021-08-31' AND  AUTL30 >0
  ORDER BY AUTL2,[data_origin] -- Exposure identifier



DATA SAMPLE FROM AIO: SPANISH AND FRENCH AUTO LOANS
GROUPING LOAN BY LOAN THE ENTRIES FOR THIS DEAL IN THIS PERIOD, COMPARING ECB TO ESMA...
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DATA SAMPLE FROM AIO: SPANISH AND FRENCH AUTO LOANS
THE ECB DATA...
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DATA SAMPLE FROM AIO: SPANISH AND FRENCH AUTO LOANS
THE ESMA DATA...
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DATA SAMPLE FROM AIO: SPANISH AND FRENCH AUTO LOANS
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DATA SAMPLE FROM AIO: SPANISH AND FRENCH AUTO LOANS
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DATA SAMPLE FROM AIO: SPANISH AND FRENCH AUTO LOANS
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DATA SAMPLE FROM AIO: SPANISH AND FRENCH AUTO LOANS
MODIFYING THE INITIAL QUERY TO HAVE ONLY ONE SUBMISSION PER DEAL AND PER QUARTER
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SELECT 
       [EDCODE]
      ,[Sec_Id]
      ,[data_origin]
      ,[Select_Unique]
      ,[PCD]
      ,[QTR]
      ,[COUNTRY]
      ,sum(AUTL30) as Current_Bal

  FROM [res].[aio_aut_ES_FR_Trial]
  GROUP BY
       [EDCODE]
      ,[Sec_Id]
      ,[data_origin]
      ,[Select_Unique]
      ,[PCD]
      ,[QTR]
      ,[COUNTRY]
ORDER BY
       [EDCODE]
      ,[Sec_Id]
      ,[data_origin]
      ,[Select_Unique]
      ,[PCD]
      ,[QTR]
      ,[COUNTRY]

SELECT 
       [EDCODE]
      ,[Sec_Id]
      ,[data_origin]
      ,[Select_Unique]
      ,[PCD]
      ,[QTR]
      ,[COUNTRY]
      ,sum(AUTL30) as Current_Bal

  FROM [res].[aio_aut_ES_FR_Trial]
  WHERE QTR IS NOT NULL AND Select_Unique = 1
  GROUP BY
       [EDCODE]
      ,[Sec_Id]
      ,[data_origin]
      ,[Select_Unique]
      ,[PCD]
      ,[QTR]
      ,[COUNTRY]
ORDER BY
       [EDCODE]
      ,[Sec_Id]
      ,[data_origin]
      ,[Select_Unique]
      ,[PCD]
      ,[QTR]
      ,[COUNTRY]



DATA SAMPLE FROM AIO: SPANISH AND FRENCH AUTO LOANS
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DATA SAMPLE FROM AIO: SPANISH AND FRENCH AUTO LOANS
MODIFICATION OF THE PREVIOUS QUERY TO SELECT SPECIFICALLY THE AMOUNT IN ARREARS
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SELECT 
       [EDCODE]
      ,[Sec_Id]
      ,[data_origin]
      ,[Select_Unique]
      ,[PCD]
      ,[QTR]
      ,[COUNTRY]
      ,sum(AUTL30) as Current_Bal

  FROM [res].[aio_aut_ES_FR_Trial]
  GROUP BY
       [EDCODE]
      ,[Sec_Id]
      ,[data_origin]
      ,[Select_Unique]
      ,[PCD]
      ,[QTR]
      ,[COUNTRY]
ORDER BY
       [EDCODE]
      ,[Sec_Id]
      ,[data_origin]
      ,[Select_Unique]
      ,[PCD]
      ,[QTR]
      ,[COUNTRY]

SELECT 
       [EDCODE]
      ,[Sec_Id]
      ,[data_origin]
      ,[Select_Unique]
      ,[PCD]
      ,[QTR]
      ,[COUNTRY]
      ,sum(AUTL30) as Current_Bal

  FROM [res].[aio_aut_ES_FR_Trial]
  WHERE QTR IS NOT NULL AND Select_Unique = 1
  GROUP BY
       [EDCODE]
      ,[Sec_Id]
      ,[data_origin]
      ,[Select_Unique]
      ,[PCD]
      ,[QTR]
      ,[COUNTRY]
ORDER BY
       [EDCODE]
      ,[Sec_Id]
      ,[data_origin]
      ,[Select_Unique]
      ,[PCD]
      ,[QTR]
      ,[COUNTRY]



DATA SAMPLE FROM AIO: SPANISH AND FRENCH AUTO LOANS
MERGING THE OUTPUT OF BOTH QUERIES TO SHOW THE ARREARS PER DEAL PER PERIOD
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EDCODE Sec_Id data_origin Select_UniquePCD QTR COUNTRY Current_Bal_total cbal arrears arrears %
AUTMFR000101100320122 96950001WI712W7PQG45N201201 ECB 1 2013-12-31 2013-Q4 FR 664,991,137           9,876,490          1.5%
AUTMFR000101100320122 96950001WI712W7PQG45N201201 ECB 1 2014-03-31 2014-Q1 FR 826,776,205           12,539,211        1.5%
AUTMFR000101100320122 96950001WI712W7PQG45N201201 ECB 1 2014-06-30 2014-Q2 FR 989,881,080           14,784,939        1.5%
AUTMFR000101100320122 96950001WI712W7PQG45N201201 ECB 1 2014-09-30 2014-Q3 FR 410,277,227           9,519,487          2.3%
AUTMFR000101100320122 96950001WI712W7PQG45N201201 ECB 1 2014-12-31 2014-Q4 FR 457,582,625           7,029,663          1.5%
AUTMFR000101100320122 96950001WI712W7PQG45N201201 ECB 1 2015-03-31 2015-Q1 FR 543,721,552           8,165,856          1.5%
AUTMFR000101100320122 96950001WI712W7PQG45N201201 ECB 1 2015-06-30 2015-Q2 FR 785,975,883           10,859,414        1.4%
AUTMFR000101100320122 96950001WI712W7PQG45N201201 ECB 1 2015-09-30 2015-Q3 FR 832,427,723           12,672,790        1.5%
AUTMFR000101100320122 96950001WI712W7PQG45N201201 ECB 1 2015-12-31 2015-Q4 FR 948,090,721           14,570,376        1.5%
AUTMFR000101100320122 96950001WI712W7PQG45N201201 ECB 1 2016-03-31 2016-Q1 FR 1,123,419,252        15,519,659        1.4%
AUTMFR000101100320122 96950001WI712W7PQG45N201201 ECB 1 2016-06-30 2016-Q2 FR 1,297,442,084        19,607,927        1.5%
AUTMFR000101100320122 96950001WI712W7PQG45N201201 ECB 1 2016-09-30 2016-Q3 FR 1,342,648,217        20,831,082        1.6%
AUTMFR000101100320122 96950001WI712W7PQG45N201201 ECB 1 2016-12-31 2016-Q4 FR 1,345,508,697        20,241,403        1.5%
AUTMFR000101100320122 96950001WI712W7PQG45N201201 ECB 1 2017-03-31 2017-Q1 FR 1,351,384,794        21,123,252        1.6%
AUTMFR000101100320122 96950001WI712W7PQG45N201201 ECB 1 2017-06-30 2017-Q2 FR 1,345,639,268        21,803,281        1.6%
AUTMFR000101100320122 96950001WI712W7PQG45N201201 ECB 1 2017-09-30 2017-Q3 FR 1,351,051,085        27,227,638        2.0%
AUTMFR000101100320122 96950001WI712W7PQG45N201201 ECB 1 2017-12-31 2017-Q4 FR 1,323,377,616        25,696,554        1.9%
AUTMFR000101100320122 96950001WI712W7PQG45N201201 ECB 1 2018-03-31 2018-Q1 FR 541,257,585           11,891,965        2.2%
AUTMFR000101100320122 96950001WI712W7PQG45N201201 ECB 1 2018-06-30 2018-Q2 FR 612,125,017           13,407,070        2.2%
AUTMFR000101100320122 96950001WI712W7PQG45N201201 ECB 1 2018-09-30 2018-Q3 FR 659,545,060           15,650,397        2.4%
AUTMFR000101100320122 96950001WI712W7PQG45N201201 ECB 1 2018-12-31 2018-Q4 FR 671,629,855           10,064,510        1.5%
AUTMFR000101100320122 96950001WI712W7PQG45N201201 ECB 1 2019-03-31 2019-Q1 FR 591,044,551           5,537,512          0.9%



DATA SAMPLE FROM AIO: SPANISH AND FRENCH AUTO LOANS
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GAS UPDATE
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LINKING AUTO ABS COLLATERAL TO CO2 EMISSIONS – 
INSIGHTS FROM GAS DATABASE
USMAN JAMIL, EUROPEAN DATAWAREHOUSE
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ALL IN ONE DATABASE: MERGING ECB AND ESMA DATA
MANAGING THE DISRUPTION: HISTORICAL DATA IS IN ECB FORMAT, RECENT DATA IS IN ESMA FORMAT
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MERGING ECB AND ESMA DATA (ALL-IN-ONE DATABASE)
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COMPOSITION OF THE 
ALL IN ONE DATABASE

 ESMA Fields Populated With ECB Data

 ESMA Fields With no ECB Equivalent

 ECB Legacy Fields

 EDW Calculated Fields

 Fields That Cannot be Populated

Fields of the All in One Database

ESMA Fields ECB Legacy Fields
(no ESMA Equivalent)

Calculated Fields

WHEN ECB DATA IS 
IMPORTED IN THE ALL 
IN ONE DATABASE

 ESMA Fields Populated With ECB Data

 ESMA Fields With no ECB Equivalent

 ECB Legacy Fields

 EDW Calculated Fields

 Fields That Cannot be Populated

Fields of the All in One Database

ESMA Fields ECB Legacy Fields
(no ESMA Equivalent)

Calculated 

WHEN ESMA DATA IS 
IMPORTED IN THE ALL 
IN ONE DATABASE



GAS DATABASE: LOAN-LEVEL DATA AND EEA DATA WITH EXPANDED FIELDS
A MORE COMPREHENSIVE DATABASE INCLUDING KEY FIELDS NEEDED FOR RELIABLE STATISTICAL ANALYSIS
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Loan-Level Data                                                   

ECB/ESMA 
Standard Fields 
(All in One DB)

Standardised Auto 
Attributes

EEA Data

EEA Fields (incl. 
CO2 Emissions)

Standardised Auto 
Attributes

Calculated 
Fields

Geographic 
Location

Fuel Type

Car Segment

Engine Size



MATCHING CO₂ EMISSIONS FOR CAR LOANS/LEASES WITH EDW DATA
95% OF LOANS/LEASES SUCCESSFULLY MATCHED WITH CO₂ EMISSIONS – INCLUDING ECB DATA
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EDW DATA

Standardised Manufacturer

Standardised Model

Implied Fuel

Country of Asset

Year of Registration

EEA DATA

Standardised Manufacturer

Standardised Model

Fuel 

Country

Year of Registration

CO2 EmissionsCO2 Emissions



KEY FIGURES
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> 48 mm
LOANS

> 450
DEALS

> 180
MANUFACTURERS

> 1,600
MODELS

> 1.2 bn
ROWS



SECURITISED PORTFOLIOS VS. EEA DATABASE: A REPRESENTATIVE SAMPLE
SUVS NOW REPRESENT A SHARPLY RISING SHARE OF ALL VEHICLES SOLD IN THE LAST FIVE YEARS
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SECURITISED PORTFOLIOS VS. EEA DATABASE: A REPRESENTATIVE SAMPLE
ELECTRIC VEHICLES NOW ACCOUNT FOR MORE THAN 10% OF ALL VEHICLES SOLD
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GERMANY VS. FRANCE - DIVERGING PATHS ON CO₂ EMISSIONS AND E.V. ADOPTION
THE GERMAN SLOWDOWN CONTRASTS WITH CONTINUED FRENCH PROGRESS
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WHAT ARE THE MOST POPULAR ELECTRIC VEHICLES IN GERMANY AND FRANCE?
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49,034

511

116,012

5.3%

23,432

185

41,347

5.5%

GERMANY – TESLA MODEL Y FRANCE – RENAULT ZOE
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WHAT ARE THE MOST POPULAR E.V. SEGMENTS IN GERMANY AND FRANCE?
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EV FINANCING PATTERNS: GERMANY VS. FRANCE
HIGH EARNERS REPRESENT GERMAN E.V. BUYERS WHILE FRENCH CONSUMERS OPT FOR AFFORDABLE MODELS
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Note: Only using data for employed borrowers with loans originated since 2020
Average CO₂ emissions of cars in g/km (WLTP standard)
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“GREENNESS” OF AUTO ABS
PROSPECTUS STARTED TO INCLUDE SUSTAINABILITY DATA FROM 2016
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Source: Latino, Pelizzon, Riedel, and Wang (2025)
Note: simulations are based EEA‘s vehicle data, matched on country, year of 
registration, manufacturer, model, and fuel type



MUTUAL FUND DEMAND

Main findings

• MFs value transparency about the fuel type distribution 

of underlying collateral

• green MFs tend to hold larger exposures to AutoABS that 

are more transparent or composed of a larger share of 

EVs

DECEMBER 2025 73



CREDIT RISK
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EV LOANS DEFAULT LESS, PARTICULARLY AMONG LOWER-INCOME BORROWERS



POTENTIAL SUSTAINABILITY PROXIES 
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CAN WE USE CAR LABELS AS SUSTAINABILITY PROXIES?

Note: The labels refer to Volkswagen T-Roc 1.5 TSI (2022-2024), with a fuel consumption of 6.1 l/100km and CO2 emissions of 138 g/km. Car label Rating 
heterogeneity of an SUV 
Source: Badenhoop and Riedel (2025)



VEHICLE IDENTIFIERS COULD BE A SOLUTION
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THE EUROPEAN COMMISSION AIMS TO REDUCE THE NUMBER OF FIELDS IN THE TEMPLATES BY AT LEAST 35%

Source: Lindner and Riedel (2025) 
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Motivation

• Buildings account for about 40% of EU final energy consumption
and 36% of energy-related CO2 emissions; around 75% of the
stock remains energy-inefficient.

• The revised EU 2030 energy-efficiency target requires a 11.7%
reduction in energy use, Reinforcing the policy focus on building
renovation.

• For lenders and investors, energy upgrades expand the mortgage
and retrofit financing market.

• Homebuyers increasingly value energy efficiency, affecting property
prices (discounts for inefficient homes) and mortgage credit risk
through energy costs.

• This analysis focuses on the link between energy efficiency,
property values, and mortgage credit risk.
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Background on Energy Efficiency and Mortgage Credit Risk

• In the Netherlands, mortgages backed by energy-efficient buildings
show lower default risk (Billio et al., 2022b).

• In Italy, higher EPC ratings are associated with lower mortgage
default probabilities (Billio et al., 2022a).

• In the UK, energy-efficient homes are linked to fewer mortgage
arrears (Guin et al., 2022).

• European evidence shows that energy efficiency is associated with
lower mortgage risk and higher collateral values (EEFIG, 2022).

• In France and the Netherlands, securitised mortgages on EPC
A–C properties exhibit lower cumulative delinquencies than
EPC F–G loans (Thebault and Jamil, 2024).

• At the EU level, green RMBS and loans backed by high-EPC
collateral show lower delinquency and default rates (Dragotto
et al., 2025).
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EE and the probability of default

Three main channels linking energy efficiency to default risk.
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Research questions and approach

• Study the relationship between energy efficiency (EPC) and
mortgage default risk, building on recent empirical evidence.

• Use loan- and collateral-level data from the European
DataWarehouse (EDW) covering France, the Netherlands, and
Rest of Europe over 2021–2025.

• Harmonise EPC labels and merge mortgage and collateral templates
into a single pan-European dataset.

• Quantify the effect of energy efficiency using portfolio analysis,
logit models for PD, and Cox models for time to default.

• Derive policy-relevant implications for sustainable finance and
disclosure practices (ESMA, EU Taxonomy).
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Data and sample

• Granular loan- and collateral-level data from the European
DataWarehouse (EDW), based on ESMA Annex II templates.

• Residential mortgage loans observed over 2021–2025 in three
regions: France, the Netherlands, and Rest of Europe (Belgium,
Austria, Portugal, Finland, Ireland, etc.).

• Loan (RREL) and collateral (RREC) templates merged using the
Original Underlying Exposure Identifier; duplicates and inactive loans
are removed, missing EPCs flagged.

• Final dataset includes about 531,000 loans and 14 million
loan-month observations. Defaults are rare (≈1.4%), defined as
90+ days past due.

• To address class imbalance, we construct a balanced sample: all
defaulted loans plus a 1:1 stratified sample of non-defaults (by
country and loan purpose).
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Mortgage portfolio by country

• Portfolio is concentrated in FR and NL (≈ 97% of loans).

• Overall default rate is low (≈ 1.4%), but there is strong
cross-country heterogeneity (e.g. Spain vs NL).

• In what follows, we focus on the Netherlands in the descriptive
statistics.

Country Non-default Default Total % of total

BE (Belgium) 2,929 (98.9%) 32 (1.1%) 2,961 0.6%
ES (Spain) 9,184 (87.8%) 1,276 (12.2%) 10,460 2.0%
FR (France) 392,474 (98.7%) 5,155 (1.3%) 397,629 74.7%
GB (United Kingdom) 3,833 (95.3%) 188 (4.7%) 4,021 0.8%
NL (Netherlands) 115,975 (99.3%) 808 (0.7%) 116,783 22.0%
Others 0 (0.0%) 120 (100.0%) 120 0.0%

Total 524,395 7,579 531,974 100%
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Energy efficiency distribution - Netherlands

• The Dutch mortgage portfolio shows a predominance of EPC A–C
properties, which together account for about 65% of loans.

• Default rates are very low across all EPC classes, with limited
variation and values generally below 1%.

EPC category Non-default (Cat%) Default (Cat%) Total % of total

A 30,038 (99.61%) 118 (0.39%) 30,156 25.84%
B 15,984 (99.37%) 101 (0.63%) 16,085 13.78%
C 29,068 (99.32%) 199 (0.68%) 29,267 25.08%
D 12,255 (99.40%) 74 (0.60%) 12,329 10.56%
E 8,144 (99.04%) 79 (0.96%) 8,223 7.05%
F 9,560 (99.13%) 84 (0.87%) 9,644 8.26%
G 10,876 (99.26%) 81 (0.74%) 10,957 9.39%
OTHER 47 (100.0%) 0 (0.0%) 47 0.04%

Total 115,972 736 116,708 100%
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Loan purpose - Netherlands

• Portfolio is dominated by purchase mortgages (PURC, 87% of
loans), with remortgages (RMRT) accounting for about 8%.

• Construction and renovation loans are small in volume, but still show
low default rates (all purposes below 2%).

• Slightly higher default rates for renovation and equity release hint
at somewhat riskier borrower profiles or project risk.

Purpose Non-default (Cat%) Default (Cat%) Total % of total

CNST (Construction) 2,831 (99.12%) 25 (0.88%) 2,856 2.45%
EQRE (Equity Release) 475 (98.14%) 9 (1.86%) 484 0.41%
PURC (Purchase) 101,412 (99.36%) 650 (0.64%) 102,062 87.39%
OTHR (Other) 269 (97.11%) 8 (2.89%) 277 0.24%
RENV (Renovation) 2,005 (98.72%) 26 (1.28%) 2,031 1.74%
RMRT (Remortgage) 8,983 (99.01%) 90 (0.99%) 9,073 7.77%

Total 115,975 808 116,783 100%
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Property type - Netherlands

• The Dutch portfolio is dominated by detached/semi-detached
houses (RHOS, 86% of loans).

• Flats/apartments (RFLT) represent about 14% of the book, while
partial-commercial properties (PCMM) are marginal.

• Default rates are low across all property types, with houses
performing slightly better than flats.

Property type Non-default (Cat%) Default (Cat%) Total % of total

PCMM (Partial commercial) 689 (100.0%) 0 (0.0%) 689 0.59%
RFLT (Flat / apartment) 16,046 (99.09%) 148 (0.91%) 16,194 13.87%
RHOS (House) 99,240 (99.37%) 633 (0.63%) 99,873 85.54%

Total 115,975 781 116,756 100%
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Employment status - Netherlands

• Most Dutch mortgages are to private-sector employees (EMUK,
about 70% of loans); self-employed (SFEM) and pensioners
(PNNR) together account for about ∼23%.

• Default rates are very low across all categories (all < 1%).

Employment status Non-default (Cat%) Default (Cat%) Total % of total

EMBL (Public sector) 0 (0.0%) 1 (100.0%) 1 0.00%
EMUK (Private sector) 81,595 (99.19%) 666 (0.81%) 82,261 70.44%
NOEM (No employment, legal entity) 1,732 (100.0%) 0 (0.0%) 1,732 1.48%
PNNR (Pensioner) 9,170 (99.66%) 31 (0.34%) 9,201 7.88%
SFEM (Self-employed) 17,782 (99.45%) 98 (0.55%) 17,880 15.31%
UNEM (Unemployed) 2,894 (99.86%) 4 (0.14%) 2,898 2.48%
OTHR (Other) 2,802 (99.72%) 8 (0.28%) 2,810 2.41%

Total 115,975 808 116,783 100%
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Financial characteristics - overall sample

• EE vs non-EE loans, by default status.
• Non-defaulted loans:

• EE borrowers have higher income (about €71k vs €56k).
• They exhibit lower initial DTI (about 31% vs 34%) and lower

current LTV (about 53% vs 60%).
• EE loans have slightly lower interest rates (1.77% vs 1.87%) and

shorter original maturities (about 264 vs 270 months).

• Defaulted loans:
• EE borrowers still display higher income (about €62k vs €43k) and

higher collateral values (about €174k vs €156k).
• EE loans are associated with slightly lower initial rates (2.35% vs

2.55%) and shorter maturities (about 263 vs 279 months).
• Despite starting from somewhat higher original LTVs (about 87%

vs 84%), EE loans default less frequently.
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Logit model

• We model the probability of default for loan i :

Pr(Defaulti = 1 | Xi ) = pi , Defaulti ∼ Bernoulli(pi )

• Logistic specification:

logit(pi ) = log

(
pi

1 − pi

)
= β0 + β1 EEi + X ′

i γ

where:

• EEi = Energy efficiency indicator (EPC value),
• Xi = controls for maturity–origination gap, property type,

employment status, income, interest-rate type, etc.

• We estimate two specifications:

• Model (1): with EE (β1 estimated),
• Model (2): without EE (benchmark).
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Logit regression results

Type Variable β (with EE) β (without EE)

Constant Constant −4.2857∗∗∗ −4.0139∗∗∗

(0.9618) (0.6308)
Energy efficiency EE (EPC value, RREC10) −0.6944∗∗∗ —

(0.1741)
Maturity–origination gap Maturity–origination date −0.8021∗ −0.7252∗

(0.4524) (0.4519)
Property type Residential flat / apartment 0.7908∗∗∗ 0.8818∗∗∗

(0.1377) (0.1353)
Multifamily house 0.4181∗∗ 0.3950∗∗

(0.1519) (0.1518)
Employment status Self–employed 1.1283∗∗∗ 1.1286∗∗∗

(0.3421) (0.3404)
No employment −0.6444∗∗ −0.6947∗∗

(0.2876) (0.2858)
Student 0.3929∗∗ 0.3806∗∗

(0.1828) (0.1821)
Other 1.5378∗∗∗ 1.5067∗∗∗

(0.4562) (0.4549)
Primary income Borrower annual income −0.2272∗∗∗ −0.2638∗∗∗

(0.0675) (0.0592)
Interest rate type Fixed with future periodic resets 0.8693∗∗∗ 0.8957∗∗∗

(0.2601) (0.2582)

Observations Balanced sample: all defaults + 1:1 stratified subsample of non-defaults

14 / 22



Effect of energy efficiency in the logit model

• Estimated coefficient on energy efficiency (model with EE):

β̂1 = −0.6944 (s.e. 0.1741, p < 0.001).

• Corresponding odds ratio:

exp(β̂1) ≈ 0.50.

• Holding all other loan and borrower characteristics constant,
energy-efficient loans have about 50% lower odds of default than
non–EE loans.

• In practical terms, if 20 out of 1,000 non–EE loans default, we would
expect roughly 10 out of 1,000 EE loans to default.

• The EE effect is highly statistically significant and stable across
specifications, with other coefficients remaining very similar when EE is
excluded.
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Does energy efficiency improve model fit?

• We compare two logit specifications estimated on the full sample
(256,603 loans; 350 defaults):

• Model with EE: includes the EPC-based energy efficiency indicator,
• Model without EE: excludes energy efficiency.

• Including energy efficiency improves model fit and discrimination,
even in a low-default environment.

Statistic With EE Without EE

Number of observations 256,603 256,603
Number of defaults 350 350
Pseudo-R2 0.0269 0.0172
AUC (ROC) 0.6841 0.6809
Log-likelihood -2587.4 -2613.2
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Cox proportional hazards model

• Let Ti denote the time (in months) until default for loan i . The survival
probability is

Si (t) = Pr(Ti > t),

i.e. the probability that the loan is still performing at time t.

• We model the default hazard (instantaneous default risk) as

hi (t) = h0(t) exp
(
β1 EEi + X ′

i γ
)
,

where:
• h0(t) captures the baseline default risk over time,
• EEi denotes the energy-efficiency category (Low, Medium, High,

Other),
• Xi includes loan and borrower controls (maturity, income,

employment status, property type, interest-rate type, etc.).

• Results are reported as hazard ratios:

exp(β1) < 1 ⇒ energy-efficient loans default more slowly over time.
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Survival by energy efficiency (Kaplan–Meier)

• Mortgages are grouped into four energy-efficiency classes: High (A–B),
Medium (C–D), Low (E–G), and Other.

• Kaplan–Meier curves show a clear ranking across groups: loans backed
by highly energy-efficient properties remain performing for longer,
followed by Medium and Low EE loans.

Median time to default
EE group Months

High 47
Medium 39
Low 29
Other 18

Kaplan–Meier survival curves by energy-efficiency class.
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Cox regression results

Type Variable (1) (2) (3) (4)

Energy efficiency (vs High EE)
Low EE 2.14∗∗∗ 1.98∗∗∗ 1.86∗∗∗ 1.43∗∗∗

Medium EE 1.27∗∗∗ 1.25∗∗∗ 1.24∗∗∗ 1.23∗∗∗

Other 4.71∗∗∗ 2.98∗∗∗ 3.54∗∗∗ 6.61∗∗∗

Loan characteristics
Original term 1.00∗∗∗ 1.00∗∗∗ 1.00∗∗∗

Current interest rate 1.22∗∗∗ 1.22∗∗∗ 1.26∗∗∗

Current loan-to-value 1.00∗∗∗ 1.00∗∗∗ 1.00∗∗∗

Debt-to-income ratio 1.00∗∗∗ 1.00∗∗∗ 1.00∗∗∗

Fixed effects
Year FE (vs 2021) No No Yes Yes
Country FE (vs BE) No No No Yes

Summary statistics
Observations 10,690 10,690 10,690 10,690
Events observed 5,345 5,345 5,345 5,345
C-index 0.61 0.65 0.67 0.69

Entries are hazard ratios (HRs). High EE (EPC A–B) is the reference
group.
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Conclusions and policy messages

• Energy efficiency is a relevant credit risk factor: mortgages backed by
more energy-efficient homes exhibit systematically lower default risk.

• Including EE information improves PD estimation, consistent with
borrowers facing lower energy costs, lower debt burdens, and stronger
repayment capacity.

• The relationship between EE and default risk is stable over time,
suggesting that energy performance captures a persistent dimension of
borrower creditworthiness.

• Building on the existing ESMA framework, more granular EE
information (e.g. EPC label, renovation year) could further support
investors in assessing the energy-efficiency composition of mortgage pools.

• Continued alignment of EE disclosures across ESMA, ESAs–ECB, the
EU Taxonomy and SFDR can help ensure consistent interpretation and
improve cross-country and cross-institution comparability of credit risk
and green exposure.
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Thank you for your attention.

21 / 22



References

Monica Billio, Michele Costola, Loriana Pelizzon, Francesco Portioli, Max Riedel, and Daniele
Vergari. Creditworthiness and buildings’ energy efficiency in the mortgage market. In
Climate Investing: New Strategies and Implementation Challenges, pages 325–346. ISTE
Ltd and John Wiley & Sons, Inc., London and Hoboken, 2022a.

Monica Billio, Michele Costola, Loriana Pelizzon, and Max Riedel. Buildings’ energy efficiency
and the probability of mortgage default: The dutch case. The Journal of Real Estate
Finance and Economics, 65(3):419–450, 2022b.

Massimo Dragotto, Alfonso Dufour, Samuele Segato, and Simone Varotto. Energy efficiency
and the default risk of securitised residential mortgages. ICMA Centre, Henley Business
School, 2025.

EEFIG. The quantitative relationship between energy efficiency improvements and lower
probability of default of associated loans and increased value of the underlying assets: Final
report on risk assessment. Technical report, European Commission, Directorate-General for
Energy, Luxembourg, 2022.

Benjamin Guin, Perttu Korhonen, and Sidharth Moktan. Risk differentials between green and
brown assets? Economics Letters, 213:110320, 2022.

Ludovic Thebault and Usman Jamil. Is energy efficiency credit relevant? In EMF Hypostat
2024, pages 11–16. 2024. European Mortgage Federation (EMF) article based on European
DataWarehouse loan-level data.

22 / 22



AI USE FOR CAR FUEL CLASSIFICATION
INA KRAPP, SAFE

DECEMBER 2025 102



CAN OUR GAS-CALCULATED FIELDS BE DONE MORE EFFICIENTLY WITH AI?
PRODUCING THE QUERIES THAT MADE GAS POSSIBLE WAS VERY TIME AND WORK INTENSIVE. CAN AI HELP?
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AI use for car fuel
classification

Leibniz Institute for Financial Research SAFE

Ina Krapp



Large language models:
• A recent, but widely used form of AI (ChatGPT, Gemini…)

• Very good in analyzing and replicating human speech
patterns (Chatbot) or programming

• Recent advantages in Image/Video Analysis and Generation

• Can we ask it what the fuel type a car uses?



The use case:
• Data: 329320 entries, manually created by the EDW

• Challenge: Infer fuel types from text like ‘3008 HYBRID4 2.0
HDI 163CH’ and year

AUTL54_model AUTL55_year_of_reg

207 1.6 HDI +ACC 2012

208 AFFAIRE 1.6 e- HDI 2014

3008 HYBRID4 2.0 HDI 163CH 2013

A1 1.4 TFSI 185CH S TRONIC 2011



How does AI work?
• AI programs are trained: A model is given input and output

and ‘figures out’ the patterns from training data

• This is a different approach from deterministic programs,
where the patterns are set explicitly

• AI is o�en used when rules are unknown - if we knew any
electric car’s name started with ‘Electric’, we would not need
AI

• The larger the number of parameters, the more precise can it
construct patterns - but the more expensive will it be to use



ChatGPT vs. BERT:



Costs of AI:
• Computing Power: AI typically runs on the graphics card -

expensive hardware increases speed considerably

• Skills: Programming AI is simpler now than a few years ago,
but still requires technical knowledge)

• Data: Large datasets are required to train AI

• Time: Training can take very long, applying the AI is typically
considerably faster



Training of modernBERT:

Model size Validation
Accuracy

Test
Accuracy

Training
Time

Prediction
Time

Base (0.1 B) 0.9795% 0.9796% 8H 25M
10S

20M 56S

Large (0.4 B) 0.9807% 0.9811% 22H
49M 26S

35M 56S



Accuracy by training time:



What types of errors occur?
• Precision: Is a car labeled ‘Electric’ really electric?

• Recall: If a car in the data is electric, was it labeled ‘Electric’?

• f1-score: Combines both measures

precision recall f1-score support

DIESEL 0.99 0.98 0.99 44,169

ELECTRIC 1.00 0.85 0.92 26

GAS 1.00 0.99 1.00 546

HYBRID 0.96 0.99 0.98 827

PETROL 0.96 0.98 0.97 20,201

PLUG-IN-HYBRID 0.98 0.97 0.97 95



Confusion Matrix: Which cars get
confused?

Pred:
DIESEL

Pred:
ELECTRIC

Pred:
GAS

Pred:
HYBRID

Pred:
PETROL

Pred: PLUG-
IN-HYBRID

Actual:
DIESEL

43,272 0 0 4 893 0

Actual:
ELECTRIC

2 22 0 0 1 1

Actual:
GAS

0 0 542 0 4 0

Actual:
HYBRID

0 0 0 821 6 0

Actual:
PETROL

303 0 0 26 19,871 1

Actual:
PLUG-IN-
HYBRID

0 0 0 0 3 92



Potential issues:
• The baseline problem: AI o�en is compared against the

manual data that is also used for training. What about errors
in the manual data?

• The error type problem: We might care more about some
types of errors than others

• In our case: If a car is electric or not may be more important
than if it uses Petrol or Diesel



Broader concerns:
• AI follows patterns - what if patterns change?

• AI may learn from previous years: A Tesla car is always
electric. What if Elon Musk decides to produce Petrol-based
cars starting next year?

• Different patterns between training data and application
data are possibly one of the most common reasons for AI
failure.

• Explainable AI (AI from which it can be seen how the
patterns were constructed) is still in its early stages
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PROXY DATA STUDIES
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PROXY DATA TO COMPLY WITH ARTICLE 22(1) FOR THE STS TRANSACTIONS 
EUROPEAN DATAWAREHOUSE CAN HELP YOUR ORGANISATION COMPLY WITH RELEVANT PERFORMANCE REQUIREMENTS

▪ With over 1300 transactions, EDW offers solutions for 

the issuers/originators/SSPEs to comply with the STS 

Requirements relating to transparency

▪ EDW can perform on-demand SQL queries to extract 

historical performance data from its database across 

asset classes for a period of at least five years. The 

performance data includes historical arrears, defaults for 

exposures similar to those being securitised.
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PROXY DATA PROCESS
5 STAGE PROCESS DESIGNED FOR DATA SET OPTIMISATION 
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INITIAL 

COMMUNICATION 

EDW and the client 
identify and discuss any 
extraordinary 
characteristics of the 
desired pool to be 
securitised. For 
instance: 

• Origination years

• Occupancy type

• Interest rate type

• Guarantee type etc.

DEALS 

SELECTION

EDW selects a list of 
deals based on:

• completeness of 
data

• results of data 
quality checks

• the pool 
characteristics 
discussed

The list of deals is then 
shared, and modified 
based on client 
feedback 

ADJUSTMENTS 

TO THE DATA 

Dataset from each 
selected deal is 
scrutinised further for 
quality

Any idiosyncratic 
reporting practices in a 
deal are adjusted to one 
standard. 

Any outlying results are 
investigated and 
discussed with the  
relevant EDW analyst 

FINAL PERF. 
DATASET

First generation EDQC 

launched

Rules based LLD 

analysis implemented 

for all asset classes

RESULT: 

PROXY DATA

PROXY LOANS 

SELECTION

A subset of the 

underlying loans (based 

on the characteristics 

portfolio to be 

securitised) from the 

selected deals are taken 

as proxy loans. 

Their historical 

performance data is 

compiled. 



PROXY LOANS SELECTION AND ADJUSTMENTS TO THE DATA
BESPOKE ADJUSTMENTS 

Prior to merging datasets from 

different deals, each dataset is 

scrutinised further for data quality. 

Examples include: loan Identifier 

changes, duplicate data, dropped 

loans, decimal point issues

Any idiosyncratic reporting 

practices of a unique deal are 

adjusted. Examples include: default 

definition, reporting of Months in 

Arrears, reporting of Inactive loans

Any out of the ordinary results are 

investigated and discussed with the 

relevant Deal Analyst (e.g. high 

repurchases, zero defaults etc.)

Investor Reports and other transaction 

documentation is referred to for 

reconciliation.

If needed, complementing statistics 

are included as part of the final 

performance dataset.
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PROXY DATA LOAN 
SELECTION SUBSET SAMPLE



RESULT: FINAL PROXY DATA SAMPLE
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RESULT: FINAL PROXY DATA SAMPLE
DYNAMIC ARREARS AND DEFAULTS
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RESULT: FINAL PROXY DATA SAMPLE
STATIC DEFAULT AND LOSS
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