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INTRODUCTION
The adoption and implementation of Machine Learning (ML) continues to progress and gather
momentum in the financial services sector, as it has in other sectors including agriculture, health,
and marketing. Within financial services, prominent areas of application have included credit risk
and the detection of money laundering and fraud.
The Institute of International Finance (IIF) has been analyzing financial institutions’ applications
of ML in credit risk through various surveys and research papers.1 Building on our 1st
comprehensive survey report in March 2018, this new report examines the continuing evolution
and progress over the last year and a half. 2
This refreshed study covered five broad topics relating to:3
•
•
•
•
•

state of maturity;
area(s) of application;
benefits;
challenges;
regulatory engagement.

Our study finds that the adoption of ML in credit risk modeling and management has increased
significantly in the last year, in particular with a sharp increase in the number of financial
institutions (FIs) running pilot projects with these techniques. Although the number of FIs using
ML in production has only risen modestly, the sophistication of these ML models has increased
significantly.
The breadth of application across customer segments has also progressed significantly. Whereas
applications were found in 2018 to be primarily for credit decisioning in retail portfolios, and also
with some credit monitoring in the large corporate segment, this year has seen a sharp increase
in usage for small and medium-sized enterprises (SME) portfolios.
Our study found that the adoption of these ML techniques delivers numerous benefits to FIs,
including improved model accuracy, overcoming data deficiencies and inconsistencies, and
discovery of new risk segments or patterns. The adoption of the technology also presents new
challenges, particularly those centered around supervisory understanding of or consent to use
new processes, difficulty explaining processes, IT-infrastructure-related problems, and lack of
appropriate talent.
As with our 1st Edition survey, IIF staff surveyed a globally diverse sample of 60 firms, including
52 of the same firms that participated in 2018.4 The relatively subtle sampling changes did not

Beyond the IIF credit risk surveys, other reports include IIF Machine Learning in Anti-Money Laundering,
Explainability in Predictive Modeling and Bias and Ethical Implications in Machine Learning.
1

This report presents an abbreviated public summary of the key themes of the IIF’s Machine Learning in Credit
Risk, 2nd Edition Detailed Report published on July 26, 2019. Distribution of that Detailed Report is limited to the
official sector (supervisory community) and the 60 financial institutions that participated in the survey.
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All figures and tables contained in this report are from our 2018 and 2019 survey results, unless otherwise stated.

IIF staff interviewed participant firms during the period of January to July 2019. While our survey and interviews
were framed to be representative on a firm-wide basis, it is acknowledged that there may be limitations in some
responses, given the scale of some of the participating firms, and the visibility of some individual interviewees.
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materially affect the overall results or any of the key trends presented in the report.5 The sample
of participants spanned multiple firms on all continents, and a broad spectrum of firms’ scale.6
Noting that there are some differing views in defining “machine learning,” a broad, inclusive scope
was applied for the purpose of this study, including approaches that conform to at least some of
the distinctive machine learning features.7

MATURITY LEVELS
In terms of maturity levels, there has been a significant increase in the number of firms that either
have ML models in production or active pilot projects. Additionally, if we observe just the group
of firms with pilot projects, we see an incredible surge compared to last year’s results.
As with 2018, our results again indicate that adoption is not exclusive to developed economies,
or to large firms (see Figure 1). Rather, maturity continues to be aligned to firms’ own business
strategy and innovation agenda.
Figure 1: Machine Learning Maturity Levels by Firm Size (Total Assets, USD)
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ML use for credit risk has risen sharply across all geographies over the past year. One particularly
interesting case is that of Japan, a region that in 2018 had little use of ML but has seen a drastic
increase in the number of pilot projects.
42% of FIs in our sample are now using ML in production, with a further 45% with ML in pilot
projects, and 10% planning to start using ML in the next 6-12 months (see Figure 2). Only 3% of
FIs in the sample (compared to 12% in 2018) have no plans to adopt machine learning in the credit
risk function in the foreseeable future.

The geographical composition of the 2019 sample (and changes relative to 2018) was United States 10 (an additional
2), Canada 5, South America 4, Euro Area 14 (an additional 1), Other Europe 7, Asia excluding Japan 3 (2 fewer),
Japan 6, Australia 5, and Middle East and Africa 6 (1 fewer).
5

The 60 participant firms include 16 with assets greater than $1t, 17 in the range of $500b to $1t, 14 in the range of
$150b to $500b, and 13 below $150b.
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See Appendix for a description of the four attributes of machine learning applied.
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Figure 2: Maturity Level in Application of ML (2018-2019)
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APPLICATION IN CREDIT RISK
The most common use and application cases of ML within credit risk are in the area of credit
scoring and decisioning (see Figure 3). FIs have moved away from using ML for regulatory areas
such as capital, stress testing, and provisioning, focusing ML application in areas such as credit
monitoring and for collections, restructuring, and recovering. Many FIs specified that existing
regulatory requirements do not always align with the direct application of ML as regulatory
models need to be simple, whereas ML models can be more difficult (although not impossible) to
interpret and explain.
Figure 3: Application of ML by Areas of Usage (2018-2019)
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Key models developed through ML have been grouped into two main categories: those that use
ML across multiple segments and products, and those that use ML for narrow segments and
products. The level of sophistication and complexity of the ML model used ranges from “lowerlayer ML use” (i.e., where ML is used specifically for a function in the model development
process), “full ML model use,” and “full ML model use, including the use of unstructured data.”
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FIs using ML across multiple segments and products are typically more mature in their use of ML
techniques, having both a longer period of usage and covering several functions of the credit risk
process (i.e., data cleaning/feature extraction, data exploration/segmentation, model
development, and model validation). Additionally, most of these FIs have expanded the use of ML
into additional portfolio types, such as SMEs or corporate portfolios.
FIs using ML in a narrow segment have more diversity in the level of sophistication, with several
firms using ML across several credit risk functions with more complex techniques, but with a
focus on only one segment or market, and others using ML only as a lower-layer ML use, primarily
for variable selection and segmentation.
Firms continue to use ML in the model validation function, developing benchmark or “challenger”
models built using competing modeling functions. However, its main function has been for model
development, in particular, for model building and variable selection. One key insight is that ML’s
analytical power has allowed FIs to filter through several more variables in search for significant
predictors.
The trend of focusing on existing retail portfolios continues, given that this is where most FIs
possess larger volumes of standardized, high-quality data. The number of FIs deploying models
in production for SME portfolios has risen drastically since 2018 (see Figure 4).
Figure 4: Application of ML by Portfolio Type (2018-2019)

28% started new
pilots
70%
60%
50%

2019

2018

23% in production,
a sharp increase
compared to 2018
22% new pilots
started

40%
30%
20%
10%
0%
Retail

SMEs

Corporate

Other non-retail

Another key insight is the increase in the number of FIs using natural language processing by
analyzing sources such as news feeds, annual reports, network analysis of supply chains, or social
media-sourced information—in particular, for models and pilots using ML for the development
of early-warning signals for the monitoring of deteriorating credit.

BENEFITS AND CHALLENGES
Our findings indicate relatively little change in the benefits identified across 2018 and 2019 (see
Figure 5).8

There were three benefit options that overlapped between the 2018 survey and 2019 survey: i) “increase model
accuracy”; ii) “more efficiency in model development process”; and iii) “overcoming data deficiencies and
inconsistencies.”
8
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Figure 5: Change in Share of Overall Respondents Selecting Key Benefit Options* (% change from 2018 to 2019)
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* The three benefit options that were listed in both the 2018 and 2019 surveys.

Key benefits include more accurate models, overcoming data deficiencies and inconsistencies, and
discovery of new risk segments or patterns (see Figure 6).
ML’s analytical power allows FIs to filter through many more variables and use them in a holistic
manner, enabling the extraction of greater predictive insights. Moreover, unlike with traditional
models where you need complete information, ML provides the ability to operate with incomplete
or inconsistent data. This allows firms leveraging ML to better extract insights from large data
sets that may contain deficiencies. Several institutions mentioned the ability of ML to develop
strongly predictive models even when using highly correlated, skewed data.
Another improved outcome of leveraging ML is its ability to develop a multitude of models,
number of targets, and variety of design constructs that allow FIs to identify complex patterns for
segments of the population and gain a greater granular understanding of these patterns, enabling
firms to expand services to new customer segments. Indeed, machine learning can be a powerful
force for financial inclusion and its potential is alluring.
Figure 6: Key Benefits of Applying ML Compared to Previously Used Approaches – Share of Respondents
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While the benefits have been reasonably stable, firms’ perceptions of their key challenges have
evolved over the past year, encountering more challenges as their knowledge and familiarity
with ML has increased (see Figure 7). Of the seven challenge options across both survey
editions, five were identified by more respondents this year.9
Figure 7: Change in Share of Overall Respondents Selecting Key Challenge Options * (% change from 2018 to 2019)
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* The seven challenge options that were listed in both the 2018 and 2019 surveys.

Some of the most common challenges this year include supervisory understanding of or consent
to use new processes, difficulty of explaining processes, IT infrastructure-related problems, and
lack of appropriately skilled staff (see Figure 8).
Figure 8: Key Challenges of Using ML Compared to Previously Used Approaches – Share of Respondents
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There were seven challenge options that overlapped between the 2018 survey and 2019 survey: i) “difficulty of
validating results”; ii) “governance issues”; iii) “supervisory understanding of or consent to use new processes”; iv) “lack
of support from key stakeholders”; v) “difficulty of explaining processes”; vi) “cost of implementing technology”; and
vii) “IT infrastructure-related problems.”
9
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Supervisory understanding of or consent to use new processes was a major challenge for FIs this
year. This increased focus is likely attributable in part to the developing awareness by FIs of their
regulators’ understanding and positions toward ML, thanks to the growing engagement between
the two groups on this subject. In fact, most of the FIs using ML in production have engaged their
supervisor in their application of ML in credit risk, an increase of by 56% in comparison to 2018.
Most of the FIs that have not yet engaged with their supervisor indicated they plan to do so in the
upcoming six months.
While interactions have been commonly described as “constructive,” there are nevertheless some
issues to overcome. Due to the significant potential and dramatic rise of ML in financial services,
combined with the steep learning curve of the technology, it is unsurprising that some supervisors
are backlogged and struggling to keep pace in this fast-moving space. This helps explain the
sentiment among some FIs that there is a lack of clear guidance by supervisors on issues such as
the level of “explainability” needed to deploy ML models into production.
FIs once again noted that explainability issues such as “black box” and complexity problems were
commonly understood as a primary concern for colleagues, auditors, and supervisors, with
associated apprehension about transparency, auditability, and interpretability of results.10
Results from both surveys seem to suggest that this challenge can at least partially be overcome
as FIs (and their supervisors) develop more maturity with the techniques, aided by a combination
of expert judgment, validation tools such as partial dependence plots, and by placing increased
emphasis on checking input data.
Data quality remains another major barrier to leveraging ML techniques for credit risk. Several
survey respondents indicated that it was their most important challenge, and some suggested it
to be an increasing problem. Key issues associated with data quality include multiple data sources
and formats and poor data quality such as incomplete or inaccurate data. Significantly, while
many firms identified data quality as a key challenge, some articulated that this is not a MLspecific issue, and applies also for traditional models.
IT infrastructure-related problems also ranked high among chief challenges. Executives explained
that over the years many FIs saw their IT systems updated incrementally as firms went through
mergers and acquisitions, and in many instances technology teams in different parts of the
organization address pain points independently. Such decentralized, incremental approaches
have often contributed to siloed systems, redundancies, and increased complexity. These legacy
IT systems hinder the ability of multinational FIs to aggregate data for use in reporting and
analysis and effectively leverage machine learning.
The legacy IT infrastructure of many FIs is not designed for cutting-edge techniques, limiting their
capabilities when it comes to ML. For example, legacy systems often do not support modern
coding languages and translation is frequently needed.
Finally, the availability of talent with the right set of skills—including high competencies related
to coding, mathematics, and software development, and a strong understanding of algorithms and
the assumptions behind them—is one of the most important obstacles facing FIs. There is
significant competition to attract and retain talent from the narrow pool of candidates with ML
skills. It is even more difficult to find and attract people that have the three overlapping skills that
are highly desirable in the industry—AI/ML, finance, and coding. This talent shortage directly
affects the speed of ML adoption, with banks cognizant that the new tools are only of value if
accompanied by skilled users.

The term “black box” is sometimes used to describe closed systems that receive an input and produce an output, but
do not offer sufficient insight or explanation as to why or how that output was produced.
10
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Because the competition for outside talent with these specific skill sets is so competitive, many
FIs are investing in upskilling programs for internal staff in order to bolster the human capital
they already have.

LOOKING AHEAD
Given its power and impact, ML requires a more collaborative effort between the industry and
the supervisory community to ensure that it protects customers without stifling its adoption or
stalling innovation in the financial sector. Innovation is beneficial, accounting of course for the
risk-consciousness that defines the financial industry; therefore, pilot projects that explore and
test new innovations warrant encouragement from policymakers and supervisors. Our data
show that engagement with regulators has risen considerably over the past year, especially for
FIs with models in production.
Based on our latest findings from the second edition of the ML-CR study, in combination with our
analysis from two of our earlier ML reports—Explainability in Predictive Modeling (2018) and
Bias and Ethical Implications in Machine Learning (2019)—the IIF will be developing a set of
recommendations that we hope will aid supervisors and regulators as they face the considerable
task of aligning different legal, technical, and policy-related perspectives, while also ensuring that
these do not stifle innovation.
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APPENDIX: DEFINING MACHINE LEARNING
ML is part of the wider field of statistics and econometric modeling. However, consensus is
lacking on a clear definition to distinguish ML from other statistical modeling approaches.
Rather than providing a constraint definition, participating financial institutions were asked to
consider four key attributes that most ML approaches conform to.
These attributes are:
1. A primary goal of optimizing out-of-sample predictive performance facilitated by welltuned regularization.11
2. A significant degree of automation in the model development process.
3. The use of cross-validation to model relationships in the data, i.e., divide data into random
separate sets for the purpose(s) of training, testing, and validation. 12
4. Applicable to very large volumes of data (although some techniques also work well on
small data sets), including, in some cases, unstructured data sources. 13
FIs use both supervised and unsupervised learning in these areas. With supervised learning the
input data is well-known and labeled, and the machine is trained to predict an output given
certain inputs. With unsupervised learning the input data is neither classified nor labeled, and
the machine is trained to group unsorted information according to similarities, patterns, and
differences without any prior training.

11 Regularization refers to optimizing a model’s ability to predict data points out-of-sample. Requires finding an optimal

fit of the modeled relationship that neither underfits or overfits the data. In other words, this technique constrains or
shrinks the coefficient estimates towards zero. In overfitting the model describes random error or noise in the data (i.e.,
data points that don’t represent the true properties of the data), rather than the underlying relationship.
Cross-validation entails fitting a model by running it on different randomly sampled datasets. While cross-validation
can be used to examine any model, ML techniques employ it to create the model and smoothen or regularize the
modeled relationship. For more detail, see Leo Breiman, “Statistical modeling: the two cultures,” Statistical Science
vol. 16, no. 3 2001, 199-231.
12

Unstructured data refers to data that does not have a structure that makes it readily accessible for analysis. Examples
are mobile and sensor data, social media streams, images, and videos. Structured data refers to data that is wellorganized and clarifies and standardizes the relationships in the data. Conventional statistical methods have been well
able to analyze this type of information.
13
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