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Abstract
Machine learning has become essential in data management, en-
abling accuracy and efficiency in handling complex datasets. For
structured data, however, feature engineering is required to enhance
predictive performance but remains a time-consuming, domain-
specific task. Moreover, as ML systems are increasingly adopted,
ensuring interpretability, particularly for domain experts, has be-
come important. To address these challenges, we proposed KRAFT,
an automated feature engineering (AutoFE) approach that combines
a neural generator for feature transformation with a knowledge-
based discriminator to ensure interpretability through symbolic
reasoning. We have also empirically shown that KRAFT outper-
forms SOTA approaches in both accuracy and interpretability. In
this demonstration, we introduce DANTE, an interactive tool based
on KRAFT to facilitate feature generation and model evaluation on
structured data. Its no-code interface empowers users to generate
meaningful, interpretable features for real-world applications. A
demonstration video of DANTE is available at https://DANTE.com.

CCS Concepts
• Computing methodologies → Feature selection; Reinforce-
ment learning; Description logics.
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Automated Feature Engineering, Deep Reinforcement Learning,
Interpretable ML, Knowledge Graphs
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1 Introduction
In the past decade, ML has emerged as a transformative tool in
data management, providing automated solutions that enhance
scalability, accuracy, and efficiency in handling complex datasets.
This success is attributed to the experience of data scientists who
leverage domain knowledge to extract useful patterns. This crucial
task is known as Feature Engineering (FE). However, defining and
training an ML model using existing tools is still challenging.

Example 1 (Feature Engineering). Consider the problem of pre-
dicting heart disease of patients based on their attributes (e.g. height,
weight, etc). While these raw features provide valuable information,
a more useful feature would be the Body Mass Index, 𝐵𝑀𝐼 = 𝑤𝑒𝑖𝑔ℎ𝑡

ℎ𝑒𝑖𝑔ℎ𝑡2
,

which can be derived using square and division.

1.1 Challenges
The first challenge C1 of FE pertains to the combinatorial search
space. Initially, this space is given by the following equation:

F =

𝑝⋃
𝑖=1

{{ ⋃
1≤𝑠1≤ ..≤𝑠𝑖≤𝑝

{(𝑓𝑠1 , .., 𝑓𝑠𝑖 )}
}
× 𝑇𝑖

}
, (1)

where 𝑝 is the number of features and 𝑇𝑖 ⊆ T is the set of 𝑖-ary
transformations. The number of elements in this search space is
|F | = ∑𝑝

𝑖=1 (𝐴
𝑝

𝑖
× |𝑇𝑖 |), where 𝐴𝑝𝑖 is the 𝑖-permutation of 𝑝 features.

As this space grows exponentially, exhaustive search is not feasible.
The second challenge, C2, lies in the need for extensive do-

main knowledge to generate meaningful features. Extracting useful
patterns from data requires deep domain expertise, making FE a
labor-intensive task. It is even more challenging with diverse data
sources which is often the case in practice. The third challenge,
C3, concerns feature interpretability. ML models are only as inter-
pretable as their features [10]. Achieving high performance while
ensuring that domain experts trust the model outputs depends on
selecting interpretable features. Despite the growing interest in
interpretable ML, existing approaches struggle to discover features
that balance accuracy with interpretability.
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1.2 Contributions
In this work, we introduce DANTE, a system that enables users to
generate interpretanle features, evaluate ML models, and compare
their performance on structured data. DANTE is built upon KRAFT
[2], a novel AutoFE approach that tackles the aforementioned chal-
lenges. To address C1, we formalize FE as an optimization problem
that maximizes model accuracy. Instead of an exhaustive search,
we employ Deep Reinforcement Learning (DRL), specifically Deep
Q-Network (DQN) [7], to iteratively transform raw features. The
model prioritizes transformations with higher rewards, efficiently
generating high-quality features while avoiding the exponential
search space explosion. ForC2, we trainKRAFT on diverse datasets
across multiple domains and integrate domain-specific knowledge
graphs (KGs). This enables our model to embed domain semantics
directly into the feature generation process, ensuring that the ex-
tracted features capture meaningful patterns relevant to the data
context. Finally, to address C3, we define feature interpretability by
considering both semantics and structural properties. A knowledge-
based discriminator evaluates interpretability using domain knowl-
edge, filtering out non-interpretable features to ensure that the
generated features are not only predictive but also understandable
and trustworthy for domain experts.

DANTE provides an end-to-end workflow where users, such as
domain experts and data scientists, can upload data, automatically
handle missing values and inconsistencies, generate meaningful
features, and evaluate them using SOTA ML models, all through
an intuitive dashboard. Our demonstration also includes an “under-
the-hood” scenario, allowing attendees to manually perform FE and
experience its inherent complexity.

1.3 Related Work
AutoFE has gained significant attention, resulting in several ap-
proaches. The first one generates a large number of features fol-
lowed by pruning and selection [4, 8]. These techniques suffer from
performance bottlenecks due to the large number of generated
features. Another approach evaluates the usefulness of new fea-
tures through training and evaluation. For instance, NFS [3] applies
RNN-based controllers to generate transformations for every raw
feature separately. DIFER [9] takes a different approach by using
an encoder-predictor-decoder framework to improve features over
time. FETCH [5], uses a pre-trained policy network within an RL
framework to automate FE. However, these methods can be slow
due to extensive model training and fail to address the problem of
feature interpretability.

The paper is organized as follows: in section 2we describeKRAFT
[2]. In section 3, we present an overview of our framework DANTE.
Section 4 describes our demonstration scenarios.

2 Proposed Approach: KRAFT
In this section, we propose a definition of feature interpretability
and feature engineering and then we briefly describe KRAFT [2].

2.1 Problem Definition
Building a model to generate interpretable features requires a clear
definition of interpretability. In ML, interpretability refers to the

"ability to explain or to present in understandable terms to a hu-
man". While ML relies on good data, even simple and interpretable
ones, like regression, become difficult to understand with non-
interpretable features [10]. Existing research primarily focuses on
model interpretability, often overlookingwhether the features them-
selves are understandable. Our work shifts this focus to feature
interpretability, ensuring that ML systems remain transparent and
meaningful from the data level up

Definition 2.1 (Feature Interpretability). It is the ability of
domain experts to comprehend and connect the generated features
with their domain knowledge. This implies mapping new features to
relevant intensional and extensional knowledge within the domain of
interest to gain deeper insights into the training data of the model.

Consequently, interpretable features should be humanly-readable
and refer to real-world entities that domain experts can understand
and reason about them.

Definition 2.2 (Feature Engineering). Given a predictive prob-
lem on a tabular dataset, 𝐷 (𝐹,𝑦), consisting of: (i) a set of 𝑝 features
𝐹 = {𝑓1, .., 𝑓𝑝 }; (ii) an applicable ML model, 𝐿, and a corresponding
cross-validation performance metric P (e.g. F1-score); (iii) an inter-
pretability function, 𝐼𝐾𝐺 : 𝐹 → {0, 1} that returns 1 if the feature
is interpretable according to the KG and 0 otherwise. We define a FE
pipeline T = {𝑡1, ..., 𝑡𝑚} as a sequence of𝑚 transformations applied
to 𝐹 (e.g. +,−,×,÷,min,max, 𝑙𝑜𝑔). The set of transformed features
from 𝐹 using T is denoted as 𝐹T .

The goal of AutoFE is to find the optimal FE pipeline T that gen-
erates the set 𝐹T which maximizes the performance P(𝐿(𝐹T , 𝑦))
and remains, as far as possible, close to the concepts known by
domain experts, as shown in Equation 2:

T ∗ = argmax
T

P(L(F̂T , y))

𝑠 .𝑡 .∏
f̂i∈F̂T

IKG (f̂i) = 1, ∀𝑓𝑖 ∈ 𝐹T
(2)

2.2 KRAFT in Nutshell
KRAFT [2] consists of two parts: a Generator and a Discriminator.

2.2.1 Generator. The goal of the generator is to learn how to gener-
ate interpretable features without exhaustively exploring the search
space. We model FE as a Markov Decision Process (MDP) with:

(1) State: KRAFT introduces a knowledge-driven MDP, using a
semantic vectorization to generate the state vector [2].

(2) Actions: correspond to the set of transformations T .
(3) Reward: reflects the performance improvement in a k-fold

cross-validation step: 𝑟𝑖 = P(𝐿(𝐹𝑖 , 𝑦)) − P(𝐿(𝐹𝑖−1, 𝑦)).
(4) Policy Network: The generator is modeled by a policy net-

work, 𝜋 : 𝑆 → 𝑄 (𝐴), where 𝑄 estimates the expected cumu-
lative reward. It uses two fully connected neural networks:
(i) The main one 𝑄 (𝑠, 𝑎;𝜃𝑖 ) estimates the cumulative reward
for each possible action; (ii) The target network, 𝑄̂ (𝑠, 𝑎;𝜃𝑖 ),
stabilizes training. The goal is to find the best sequence of𝑚
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transformations by optimizing the Q-learning loss function:

𝐿𝑖 (𝜃𝑖 ) = E(𝑠,𝑎,𝑟,𝑠′ )∼𝑈 (𝐷 )

[(
𝑟 + 𝛾 max

𝑎′
𝑄̂ (𝑠′, 𝑎′;𝜃𝑖 ) −𝑄 (𝑠, 𝑎;𝜃𝑖 )

)2]
(3)

Basically, at each step of the training, and iteratively until conver-
gence, KRAFT receives the state representing the input dataset and
feed it to a neural network. This latter estimates an intermediate
reward for each possible transformation and selects the one that
maximizes the long term reward. The selected transformation is
then used to generate new features.

2.2.2 Knowledge-based Discriminator. The discriminator is a rea-
soning algorithm that determines whether a generated feature is
interpretable based on domain knowledge encoded in a KG. It treats
each new feature 𝑓 ∈ 𝐹T as a concept and performs subsumption
reasoning over the KG. If 𝑓 is inconsistent with existing concepts
(i.e., 𝐾𝐺 |= 𝑓 ≡⊥), it is deemed non-interpretable and discarded [2].
For the purpose of this demonstration, we developed a KG1 with two
types of knowledge: (i) Domain-agnostic knowledge, covering
units of measurement, quantities (e.g., Physics, Geometry), seman-
tic rules about arithmetic functions, and relationships to guide the
aggregation of numerical features based on categorical concepts;
(ii) Domain-specific knowledge, incorporating concepts from
various domains (e.g., Healthcare, Banking, E-commerce). This KG
is also linked to external knowledge sources like DBpedia [1] and
INSEE, making it extensible to new domains.

2.3 KRAFT Results

Figure 1: Comparison of KRAFT and 6 baseline methods.

We compared KRAFT with SOTA AutoFE methods on multi-
ple datasets, evaluating both accuracy (Figure 1) and interpretabil-
ity (Figure 2). The results show that KRAFT consistently outper-
forms existing AutoFE approaches across all datasets. Additionally,
KRAFT -generated features are systematically more important than
raw features, enhancing model transparency and making its behav-
ior more interpretable and trustworthy for users.

3 System Overview
DANTE is a stand-alone web application built with Python 3.9 and
Streamlit. As shown in Figure 3, it consists of four main modules:
(1) AutoFE, (2) Manual FE, (3) Evaluation, and (4) the GUI.

• AutoFE module: automates handling missing values, cate-
gorical features, and the generation of interpretable features
using KRAFT.

1https://cutt.ly/bex8C2Cc

(a) NYC Taxi Ride dataset (b) Home Credit Default Risk

Figure 2: Feature importance of raw features (orange) versus
KRAFT-generated features (blue).

Figure 3: An overview of DANTE architecture.

• Manual FE module: allows users to manually apply trans-
formations to generate new features interactively.

• Evaluation module: enables users to select SOTA ML mod-
els and cross-validation metrics, comparing KRAFT with
other AutoFE methods.

• GUI: provides an intuitive interface where users can up-
load datasets, select ML models, performance metrics and
choose FE methods via the sidebar shown in Figure 4.(A).
Users can explore results via an interactive dashboard (Figure
4.C). They can manually apply transformations to generate
features (Figure 4.B) or let the system generate features auto-
matically. The GUI also presents feature evaluation metrics,
including performance (Figure 4.D) and interpretability (Fig-
ure 4.E), using SHapley Additive exPlanations (SHAP) [6].

This design ensures an accessible, efficient, and transparent feature
engineering workflow.

4 Demonstration Scenarios
The main objectives of this demonstration are to: (1) demonstrate
the importance of FE in predictive modeling; (2) showcase the dif-
ficulties and time-consuming nature of manual FE; (3) emphasize
the importance of feature interpretability; (4) demonstrate the ef-
ficiency of our approach KRAFT [2] in speeding up the workload
of data scientists; and (5) engage participants in various scenar-
ios to enable them to experience the challenges of FE process and
appreciate the benefits of using automated tools.

[Scenario 1: Importance of FE and Effectiveness ofKRAFT]
This scenario demonstrates both the crucial role of FE in improving
model performance and the effectiveness of KRAFT in generat-
ing high-quality features. Participants can either upload their own
dataset or use the provided ones. They will first evaluate MLmodels
with and without FE, highlighting its impact on accuracy. Then,
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Figure 4: Interface of DANTE.

they will compare KRAFT with SOTA AutoFE methods, observing
its superior performance across various datasets, models, and eval-
uation metrics. Unlike baseline methods, KRAFT maintains stable
performance across different ML models. Participants can explore
and analyze the generated datasets through interactive visualiza-
tions, gaining insights into the impact of FE on model accuracy.

[Scenario 2: Feature Usefulness and Interpretability] This
scenario explores the quality of features generated by different
approaches using Information Gain and SHAP [6]. SHAP val-
ues, being model-agnostic, measure each feature’s contribution to
predictions, while Information Gain quantifies how much a feature
reduces uncertainty. Attendees will observe that KRAFT consis-
tently produces features with higher SHAP values and greater In-
formation Gain, demonstrating their strong impact on performance.
In addition, attendees will notice that KRAFT produces human-
readable and domain-relevant features that align with real-world
entities. For example, when predicting "NYC taxi ride duration",
meaningful features (e.g. trip distance, is rush hours, weekday vs.
weekend) are generated. It is clear that the duration depends on the
distance, since longer distances generally take more time. It also
depends on the time of the day, rush hours usually have more traffic
and thus longer trip durations. Consequently participants will see
that KRAFT generates features that align with domain knowledge,
ensuring that models remain interpretable and trustworthy.

[Scenario 3: Manual FE] In this final scenario, participants will
experiment with manual feature engineering to improve predic-
tive model accuracy. Given a dataset and a list of transformations
(e.g., Logarithm, Addition, Division), they will intuitively select
and apply transformations to different features, then evaluate their
impact on ML models. Initially, they may apply transformations
randomly and observe the results. As they refine their approach
with more meaningful, domain-specific features, model accuracy
will improve. For example, when predicting patient no-shows for
medical appointments, generating features like Duration (time be-
tween scheduling and appointment), Is Weekend, and Is Holiday

leads to a significant accuracy improvement compared to basic
arithmetic transformations. A deeper analysis reveals that longer
durations between appointment scheduling and the actual appoint-
ment correlate with more no-shows, and patients are less likely to
miss appointments on weekends or holidays. Through this exercise,
attendees will gain first-hand experience with the difficulties and
challenges involved in identifying the most significant features that
contribute to the model’s performance and will gain an appreciation
for automation tools.
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