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Abstract. Data Quality (DQ) has gained popularity in recent years due
to the increasing reliance on data in machine learning (ML). The DQ do-
main itself can benefit from ML, which is able to learn from large amounts
of data, saving time and resources required by manual DQ assurance. To
extend the accessibility of ML solutions and incorporate human input,
Interactive ML (IML) integrates ML with a user interface (UI) that facil-
itates a human-in-the-loop approach. Both high-quality data and human
involvement are critical in credit risk management (CRM), where poor
DQ can lead to incorrect decisions, causing both ethical issues and finan-
cial losses. This paper introduces IML4DQ, a novel IML-based solution
designed to ensure DQ in CRM through a dedicated UI. The IML4DQ
design is grounded in established IML practices and key UI design princi-
ples. A rigorous evaluation using behavioral change theories reveals new
insights into the significance of instrumental attitude and government-
and management-based norms in shaping attitudes towards DQ in CRM,
as well as positive attitude towards automating DQ processes with IML.
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1 Introduction

Modern technological advances enabled the collection and analysis of vast amounts
of data from various domains. Credit risk management (CRM) features analyt-
ics applications ranging from default modeling to managing credit portfolio risk
[32]. However, the effectiveness of analytical solutions depends on the quality
of the underlying data. This problem is exacerbated in CRM, where inaccurate
risk estimates can lead to substantial losses and unjust decisions, making data
quality (DQ) a top priority. Since manual data inspection is both time- and
resource-consuming, the ability of machine learning (ML) to learn from data
and automate DQ issues identification is an attractive solution [29].

To make ML models more accessible to a broader non-technical audience,
they should be complemented by a user-friendly interface that allows a user to
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interact with the model without explicit programming knowledge. This interac-
tion paradigm, which allows a user to “iteratively build and refine a mathemati-
cal model to describe a concept through iterative cycles of input and review”, is
defined as Interactive Machine Learning (IML) [6]. The IML concept is closely
related to the “human-in-the-loop” approach, which assumes human involvement
and guidance in ML. IML holds significant potential in fields where non-experts
could greatly benefit from ML solutions in their daily tasks. DQ and CRM are
such domains, where many practitioners are non-ML experts and can benefit
from the intuitive application of ML technologies.

The goal of this study is to design and evaluate a novel prototype IML
application aimed at detecting DQ issues in CRM data, designed according to
the best practices of IML [6] and core functional UI design principles [25]. To
this end, we bridge the IML, DQ, and CRM domains and make the following
contributions. First, we develop a novel prototype application designed for an
Interactive ML task of identifying DQ issues based on the ML4DQ framework
[29]. Next, we evaluate the determinants of the intention of potential IML4DQ
users to identify DQ issues in general and to use the developed IML solution. To
the best of our knowledge, this is the first study that explores the application of
IML for boosting DQ in CRM.

2 Related work

2.1 User Interface Design in Interactive Machine Learning

Traditional ML is concerned with making models accurately learn patterns from
data. In many domains, however, involving users in the learning process makes
ML models more accessible to a broader audience, including non-experts in ML,
and helps ensure that decisions are applied fairly. This is the focus of human-
in-the-loop ML (HITL-ML), which aims to combine human and machine intel-
ligence to augment human tasks with ML to increase their accuracy, efficiency,
and fairness [19]. IML, a subtype of HITL-ML, balances control between hu-
mans and machines by framing training as a human-computer interaction (HCI)
task, with humans providing incremental input to the model [6, 20]. Initially fo-
cused on correcting classifier errors, IML has expanded to include tasks such as
feature/model selection and performance evaluation [6].

The defining characteristics of IML systems include (1) active human involve-
ment in the ML loop, (2) diverse human roles, (3) an incremental methodology,
and (4) a pivotal emphasis on user interface (UI) design [20]. First, IML sug-
gests that humans and machines should collaborate by doing what each of them
does best [23]. Second, IML allows even non-expert ML users to interact with
ML solutions in performing real-world tasks as long as they are more efficient
than machines. Third, HCI has an iterative nature through cycles of input and
review, with even a few iterations being sufficient if user preferences deem it so
[13]. Finally, a proper UI design is essential for successful HCI [6, 20].
Design. While the UI of a classical ML system is passive, the UI of an IML
system is interactive, as it is designed to provide bi-directional feedback [20].
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IML system design consists of four main components (Fig. 1) [6]. The user is
the main driver of the IML process, who has little to no ML knowledge, but
significant domain knowledge. The model takes inputs provided by the user and
determines outputs based on its understanding of the learned concept. The data
is provided by the user and can be both labeled and unlabeled, depending on
the use case. While earlier IML studies neglected user involvement at the feature
selection stage, recent research shows a shift towards such user involvement [6].
Finally, the interface is the central component of the IML system that enforces
the bi-directional feedback between the user and the model [6].

When designing functional UI, key principles such as providing feedback
and maintaining consistency are essential [25]. UI design for IML adds new
challenges, such as making task goals and constraints explicit, supporting user
understanding of model uncertainty, or capturing user intent [6]. The rise of
explainable AI (XAI) supports user understanding by making model aspects
more transparent [30], further improving mental models of IML systems.
Evaluation. The evaluation of HCI applications differs from the evaluation of
conventional ML solutions due to the extensive user involvement (user studies
orientation) compared to traditional ML (benchmark test orientation). Evalua-
tion of IML is challenging due to the subjective nature of interaction and the
longitudinal nature of studies [6]. Hence, inspiration can be drawn from behav-
ioral change theories, i.e., the Theory of Reasoned Action (TRA) [7], and its
extensions, the Theory of Planned Behavior (TPB) [1], and the Technology Ac-
ceptance Model (TAM) [5]. Both models have been successfully applied in various
domains, including DQ, as illustrated by [8, 21] (TPB) and [4, 22] (TAM).

2.2 IML: data quality and credit risk

Interactive (ML) data quality. Automated DQ assurance is preferred due
to the increasing volumes of data used in ML solutions [29]. However, human
expertise remains crucial in complex areas like DQ optimization, where full au-
tomation is not feasible due to the importance of expert feedback. Table 1 in
Online Appendix A [28] summarizes current IML applications for DQ. These ap-
plications leverage statistics and ML to clean and improve DQ, either by focusing
solely on the data itself (e.g., [26, 24, 27]) or by integrating these techniques into
the entire ML pipeline (e.g., [14]). However, a critical component often missing
in these studies is user evaluation. Most systems are assessed using benchmark or
real data [26, 27], with user evaluation either suggested for future work or omit-
ted altogether [14, 24]. Only two studies [4, 22] conduct user evaluations, but
their DQ frameworks lack the ML component, which excludes them from the
IML scope. In addition, existing IML tools generally fail to emphasize explain-
ability, where DQ issues are not only detected and/or remediated with ML but
the model reasoning is also explained. Only one study [11] includes an explainer
component that elucidates the constraints identified by the ML model.
DQ in CRM. The importance of DQ assessment in CRM is directly related to
regulation in the banking sector. After the 2008 crisis, financial institutions were
required to strengthen the DQ of their systems [32], with one of the principles
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being accuracy, which requires data to be error-free and reliable. It is common
practice in the industry to apply tests to verify that data conforms to certain
rules. However, it is not realistic to ensure in advance that these rules cover every
case and are error-prone. Advanced techniques are needed to ensure high DQ
[17]. ML models allow the identification of errors, which, considering the large
amount of data, cannot be detected otherwise [3].

2.3 Research gap

Most related studies lack rigorous evaluation by system users, a crucial aspect
in HCI as IML aims to improve expert efficiency [6]. In addition, many studies
overlook explainability, especially for black-box ML models. Finally, to the best
of our knowledge, no IML application has been specifically adapted to improve
DQ in CRM. To fill these gaps, we propose a novel IML solution to help CRM
experts identify DQ issues in CRM data without requiring coding or modeling
skills. Our evaluation study combines the TAM and the TRA models, and uses
semi-structured interviews to explore the dual intention of experts to detect DQ
issues and use the proposed IML solution. We explore this dual intention through
the following research questions: To what extent do the determinants of attitude
(RQ1) and subjective norm (RQ2) affect the intention of CRM specialists to
detect DQ issues? When it comes to interactive DQ issues detection, what is the
intention of CRM specialists to use the proposed IML4DQ solution, and what
are the determinants of this intention? (RQ3)

3 Methodology

Fig. 1: IML4DQ. Source: own
adaption from [6]

In our previous work, we explored the use of
ML and XAI to enhance DQ of CRM data [29]
(referred to as the ML4DQ framework). The
results showed that an ensemble of the Iso-
lation Forest [15] and Autoencoder [10] mod-
els effectively identified problematic loan data,
and the important features highlighted by the
Shapley Additive explanations (SHAP) [16, 2]
aligned with expert feedback [29]. More de-
tails on the ML4DQ framework can be found
in Online Appendix B [28].

The ML4DQ framework serves as a foun-
dation for the IML solution, incorporating three key IML components [6]: data,
model, and user. This paper adds the missing UI component (Fig. 1), creating
the extended Interactive ML4DQ (IML4DQ) version. The UI increases user flex-
ibility in interacting with the ML model and requires only basic computer skills,
making it accessible to non-technical users and expanding its potential audience.
Data. Large financial institutions rely on a variety of local systems to collect
data. For analysis and reporting purposes, this data is consolidated in data ware-
houses, often resulting in DQ problems [17]. In this paper, we use a data from
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such a data warehouse of an international financial institution that issues loans
to other organizations. Since the level of risk of credit portfolios is expressed in
terms of risk-weighted assets (RWAs) [32], we select the features that directly af-
fect its calculation (a detailed description of the features and their preprocessing
can be found in Online Appendix C, Table 2 [28]).
Model. The model component of IML4DQ is represented by a combination of
anomaly detection and XAI, with the model definitions and parameters kept
the same as in ML4DQ [29]. The idea of the anomaly detection step is to check
whether the data movements have business reasons or are anomalous [29], while
the SHAP explanations highlight the features contributing to this abnormality.
User. The IML4DQ supports two levels of user expertise. When used by a DQ
expert, the entire pipeline can be managed independently, as the same user both
interacts with the IML system and performs the DQ issues checking. A second
option requires multiple users: the one who interacts with the IML system (credit
risk specialist), e.g. provides the data and controls the model, and the other user
who checks the output (DQ expert). Both cases are supported by IML4DQ.
Interface. IML4DQ is a multiscreen desktop application (supplemented by user
documentation) developed using the Tkinter framework, a standard Python GUI
toolkit with an object-oriented interface. Since it is available as a Python pack-
age, its usage comes at no additional software cost. This is important for proto-
typing, where the application’s usefulness needs to be evaluated by stakeholders.
The design of the IML4DQ interface is based on both the functional UI principles
[25] (outlined in Online Appendix D [28]) and IML principles.

Fig. 2: IML4DQ structure and mapping on the key elements of [6]

In general, the IML interface comprises four key elements [6] (Fig. 2): sample
review (reviewing model outputs), feedback assignment (providing user input),
model inspection (offering a summative view of model quality), and task overview
(informing about task status and termination conditions). Aligning with these
elements, the UI of IML4DQ consists of five main screens and an output Excel
file. First three screens support the feedback assignment task by prompting for
the output file name, input data file upload, and feature selection. In addition,
there is a separate screen that prompts for the model type. These screens per-
form the subtasks of selecting features and samples. The labeling subtask is not
relevant in the case of IML4DQ, since we are dealing with unsupervised learn-
ing, and the labels are assigned ex post, i.e., after the IML4DQ process has been
run. The task overview step is supported by a screen that displays the progress
of the model execution and the status of the generation of XAI explanations.
The sample review task is supported by the output Excel file: the first sheet
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lists top abnormal observations, while the other two sheets provide local SHAP
explanations [16, 2]. These sheets also support model inspection by revealing the
model’s reasoning in predicting DQ issues with XAI.

Fig. 3: Evaluation design

Evaluation. The evaluation aims to understand human intentions in addressing
DQ issues through traditional detection and technology-driven automation (Fig.
3). The orange part of the evaluation framework examines the determinants of
a general attitude towards detecting DQ problems, inspired by [8], who used
the TPB [1], an extension of the TRA model [7], to explore factors influencing
data producers’ intentions to enter data correctly. Since our interviewees are
capable of performing DQ tasks, we apply the original TRA model, excluding
the self-efficacy construct of the TPB model used by [8]. Thus, we assume the
relationships between attitude, subjective norm, and intention hold, and focus
on their antecedents. The green section evaluates users’ intentions to interact
with the IML system for DQ issues detection. Since we are introducing a new
technology, we apply the TAM model [5] to explore technology adoption, assess-
ing perceived ease of use based on key UI principles [25], comprising the third
and final (red) part of the evaluation. TAM’s relevance stems from its use in
interactive DQ solution evaluations [4, 22]. By combining TRA and TAM, we
account for DQ domain-specific characteristics, recognizing that automation re-
quires positive user intentions towards the DQ process itself. Further details on
the evaluation framework and models can be found in Online Appendix E.1 [28].

4 Results and Discussion

4.1 IML4DQ: user interface

Figure 4 shows the IML4DQ prototype. Its windows A-C show the data input
screens with prompts for output file name, input data file, and input feature
selection. To offer informative feedback to the user, window B displays the upload
progress bar. Window C shows the columns that are automatically extracted
from the file provided in the previous step. To fulfill the principle of preventing
errors, we implement checks for the file type and the column types. All the error
messages (an example is shown in window E) have a similar layout to fulfill the
consistency principle. The same goes for the design of the widgets: the buttons
and the progress bars have the same color (orange and green, respectively).
Window D shows the model type screen, with a choice between the monthly and
daily models (see more details in Online Appendix C [28]).
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The main screen of the application is shown in Fig. 4, window F. Initially,
sections (5) and (6) are hidden, while the progress bars (2) are displayed in
grey; button (4) is unavailable. The topmost labels (1) display the user’s pre-
vious choices of the model type and selected features, following the principle of
minimizing the user’s memory load and eliminating the need to remember pre-
vious steps. Initially, only the button (3) is available. Once clicked (it becomes
unavailable immediately after), a label (5) appears at the bottom of the screen
indicating the modeling progress, with the progress bars providing detailed up-
dates on the progress of each modeling step.

Fig. 4: UI of IML4DQ4

After the anomaly detection step, section (5) is updated to show this, and
a new text is added to show the name of the file where the results are saved,
thus reducing memory load. The user can either stop and use the saved results
or continue to generate SHAP explanations by clicking the now available button
(4). When clicked, two new labels (6) appear: one with an AI fact5 to engage the
user and another with a progress indicator. Once explanations are generated,
the indicator updates with the file location, further minimizing memory load.

Finally, the output Excel file comprises three sheets (Online Appendix F, Fig.
3 [28]): one for the anomaly detection results (containing the original input data,
sorted in ascending order according to a newly added column, “Final proba”),
and the other two containing SHAP explanations.

4.2 Evaluation

Based on the evaluation framework outlined in Section 3, we conducted semi-
structured, one-hour online interviews with seven potential users from a large
financial organization (the interviewees’ profiles are outlined in Online Appen-
dices E.2 [28]). Each interview included a five-minute introduction, a 15-minute
demonstration, and 15 minutes for exploration or clarifications. The final 30 min-
utes focused on closed and open questions related to the combined model (see
Online Appendix E.3 [28]), with responses given on a Likert scale followed by
5 AI facts are taken from https://www.valuer.ai/blog/75-facts-about-artificial-intelligence
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open comments. Due to the small sample size, no causal conclusions were drawn.
Instead, the evaluation aims to understand how each construct is established at
the intersection of credit risk, DQ, and IML.

General Attitude. Most interviewees found manual DQ issue detection
challenging, ranging from moderate to very difficult. Conversely, the automation
of DQ issues detection is deemed very important by most respondents (Online
Appendix G, Fig. 4 [28], Q1-Q2). Additionally, the impact of DQ issues on credit
risk estimation is mostly perceived as high to very high, with many noting that
detecting DQ issues is extremely beneficial (Q3-Q4). These findings underscore
a generally positive attitude — both instrumental and experiential — towards
the task of identifying DQ issues. This aligns with [21] and [8]: the former sup-
ports the relationship between attitude and intention, and the latter finds that
correct data entry intention is influenced by both types of attitudes. Our study
found instrumental attitude more influential than experiential attitude, consis-
tent with the finance sector’s emphasis on high-quality data [32], even at the
cost of affective aspects. Additionally, [31] noted that clear goals of high DQ, as
seen in banking, motivate data collectors to ensure high-quality data.

Subjective Norm. The data shows that government regulations are seen
as the most important norms, with all respondents selecting Agree or Strongly
Agree (Online Appendix G, Fig. 5, Q7 and Q8 [28]). Management expectations
follow, with most respondents acknowledging their role in identifying DQ issues
(Q5 and Q6). Peer-based expectations (Q9 and Q10) are considered least impor-
tant, though most respondents still recognize them as significant. This findings
contrast with [18], which found “push” factors less effective than “pull” factors in
motivating correct data entry. This difference may have been due to the banking
sector’s sensitive nature of user data, influencing perceptions of DQ.

Table 1: IML4DQ: attitude & intention. Responses were categorized as positive (Yes),
positive with requested changes (Condit. Yes), or negative (No).

Perceived usefulness Perceived ease of use Intention
Q11 Q12 Q13 Q14 Q15 Q16 - rev. Q17 Q18

Yes 5 (71%) 5 (71%) 5 (71%) 6 (83%) 6 (83%) 5 (67%) 4 (57%) 5 (71%)
Condit. Yes 2 (29%) 2 (29%) 2 (29%) 1 (17%) 1 (17%) 1 (17%) 3 (43%) 2 (29%)
No 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 1 (17%) 0 (0%) 0 (0%)

Attitude and intention towards IML4DQ. Table 1 shows the analysis
of the attitude towards IML4DQ and the intention to use it. Regarding the per-
ceived usefulness, most interviewees unconditionally agree that IML4DQ can
facilitate faster and easier identification of DQ issues and improve DQ. How-
ever, some wanted further customization for specific team use cases, especially
regarding data preparation. In terms of ease of use , the principles of striving
for consistency and preventing errors are well met. One respondent preferred a
more modern layout, while another recommended clearer error messages. Both
principles, commonly cited in UI design, align with human psychology [25]. Error
prevention also supports the IML design principle of enabling users to reverse
mistakes [6]. The principle of providing informative feedback is also met, with
two respondents suggesting training before use, in line with the recommendation
of [31] to set clear goals to enhance user motivation. However, in terms of mini-
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mizing memory load, two respondents noted difficulty remembering actions and
requested more reminders. The principle of offering simple and natural dialog
mostly met expectations, with one suggestion to move data preparation details
from the documentation to the application. Most respondents were satisfied,
with 5 out of 7 intending to use IML4DQ and 2 recommending it to others.

Overall, both perceived usefulness and ease of use were highly rated, indi-
cating that the IML4DQ is powerful and user-friendly, and can be considered,
according to [12], a “super tool” with high acceptance potential.

Recommendations. Following the design science framework [9], we asked
interviewees for suggestions for improvement (Online Appendix H, Fig. 6 [28]).
The main recommendation is to enhance the output file with more details about
the SHAP framework that are currently only available in the documentation.
Some interviewees also suggested simplifying the output by removing unselected
original input features and including descriptive statistics on detected DQ issues,
in line with the principle of providing efficient data representations to optimize
human perception [6]. Some UI improvements were also mentioned: a modern
design is requested, with a suggestion to run the application in the cloud. Users
also want data preparation details integrated into the UI rather than in separate
documentation. In addition, interviewees suggested enhancements to ML4DQ,
including incorporating categorical features, extending it to a semi-supervised
setting with feedback from previous runs, providing a numerical estimate of the
impact of DQ issues on RWA, and linking outputs to transaction-level data.

5 Conclusion

Nowadays, with the rise of data-driven solutions, ensuring high DQ has become
a top priority. Automated DQ assurance with ML is effective for managing large
volumes of data. To make ML solutions accessible to non-experts, user-friendly
interfaces and human-in-the-loop approaches are essential, which is the focus of
IML. This study introduced the IML4DQ framework, integrating IML with DQ,
and evaluated it in the context of CRM of an international financial institution.

First, attitudes toward detecting DQ issues in CRM are generally positive,
with instrumental attitudes being stronger than experiential attitudes. Second,
subjective norms, especially governmental and managerial, significantly influence
the intention to detect DQ issues in CRM. Finally, attitudes toward the use of
IML at the intersection of DQ and CRM are favorable, emphasizing its usefulness
and ease of use. IML4DQ adheres to the key functional UI design principles,
excelling in feedback and consistency. Stakeholders want more details on the ML
components and more interaction with the data in the UI of the IML solution.

Our study has important theoretical and practical implications. We find that
IML effectively complements CRM in performing DQ assurance tasks, remov-
ing a critical barrier for non-experts to use ML solutions in their daily work.
In addition, our research highlights the critical role of attitudes toward DQ in
IML adoption, suggesting the importance of maintaining stakeholder motivation
regarding the overall importance of DQ. Our findings highlight governmental
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and managerial norms as influential motivational factors. Nevertheless, it is im-
portant to ensure the intrinsic motivation of DQ stakeholders, as recommended
by some other studies [18].

There are some limitations to our research. A larger sample size would allow
us to move from semi-structured interviews to structured questionnaires using
more advanced statistical analysis. Future work includes incorporating feedback
from interviews into the next iteration, implementing ML models for daily move-
ments analysis, and expanding the user sample size for evaluation.
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