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Abstract 
In the era of increasingly complex, multi-source, and dynamic data systems, traditional data 
engineering pipelines often struggle with adaptability, explainability, and effective reasoning over data 
transformations. To overcome these challenges, we propose the Neuro-Symbolic Data Engineering 
(NSDE) framework, which synergistically combines symbolic reasoning with neural networks. This 
hybrid approach leverages rule-based knowledge graphs, ontologies, and logic programming alongside 
advanced deep learning architectures to enable intelligent, interpretable, and high-performance data 
processing workflows. NSDE supports automated schema matching, explainable data imputation, 
semantic enrichment, and robust data fusion. We validate the NSDE framework through two real-world 
case studies in healthcare and finance. In the healthcare domain, using MIMIC-III patient records 
integrated with radiology reports, NSDE demonstrated a 12% improvement in accuracy over baseline 
deep learning pipelines and achieved a 92% success rate in missing value recovery-substantially 
outperforming both DL-only (78%) and symbolic-only (65%) methods. Expert evaluators rated 
NSDE’s explanation quality highly (4.5 out of 5), confirming its interpretability and reliability. In the 
financial domain, NSDE was applied to anonymized European bank transaction data for schema 
alignment between legacy and modern systems. It achieved a schema matching accuracy of 94%, 
surpassing DL-based (83%) and symbolic-only (74%) approaches, with transformation logic deemed 
highly explainable and human-verifiable. Ablation studies highlighted the critical roles of both 
symbolic and neural components in balancing interpretability and adaptability, while scalability 
analysis confirmed linear growth with dataset size and efficient parallelization. Overall, NSDE presents 
a scalable, adaptive, and explainable framework for next-generation AI-driven data engineering 
pipelines. 
 

Keywords: Neuro-symbolic AI, data engineering, knowledge graphs, symbolic reasoning, deep 
learning, explainable AI, data pipelines, logic programming, semantic enrichment, hybrid intelligence 
 

Introduction 
Data engineering serves as the backbone of modern artificial intelligence (AI) systems, 
handling the extraction, transformation, and loading (ETL) of raw data into structured, 
meaningful, and machine-consumable forms. These pipelines are fundamental in preparing 
data for downstream AI tasks such as classification, clustering, anomaly detection, and 
prediction. Yet, traditional data pipelines remain predominantly rule-based, rigid, and fragile, 
often requiring manual reconfiguration in the face of schema changes or evolving data 
sources. Their inability to adapt to new domains or perform intelligent transformations has 
become a major bottleneck in the AI development lifecycle. At the same time, contemporary 
machine learning (ML) and deep learning (DL) approaches have shown remarkable 
capabilities in learning representations from data, generalizing across tasks, and achieving 
high performance in complex scenarios. However, these models operate as opaque black 
boxes, lacking transparency, traceability, and explainability, which are crucial in high-stakes 
environments such as healthcare, finance, and autonomous systems. This fundamental gap-
between the interpretability of symbolic rule-based systems and the adaptiveness of neural 
networks-presents a compelling challenge in designing data pipelines that are both intelligent 
and interpretable. Addressing this challenge, the emerging field of Neuro-Symbolic AI seeks 
to integrate the symbolic reasoning capabilities of classical AI with the statistical learning 
power of neural systems. Symbolic AI, rooted in logic programming, knowledge graphs, and 
ontologies, provides the structure and semantics needed to encode domain knowledge, 
validate transformations, and ensure data integrity. Neural models, 
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in contrast, excel at processing large-scale, noisy, and high-

dimensional data, learning patterns and generalizations 

where explicit rules may not exist. Merging these paradigms 

offers a transformative opportunity for data engineering-a 

paradigm shift from rigid scripts to adaptive, semantically 

aware pipelines capable of learning, reasoning, and 

explaining. In this paper, we introduce the Neuro-Symbolic 

Data Engineering (NSDE) framework, a hybrid architecture 

designed to bring the advantages of neuro-symbolic AI to 

data engineering workflows. NSDE enables pipelines that 

can reason about data transformations using logic-based 

inference, adapt to changing data schemas via deep learning 

models, and provide human-understandable explanations 

through symbolic traces. The framework is composed of 

several core components: a knowledge graph layer that 

encodes domain-specific semantics, a neural embedding 

module for pattern recognition, a logic inference engine for 

rule-based transformation and validation, and an explainable 

interface for traceability and compliance. Through this 

integration, NSDE not only improves the robustness and 

scalability of data pipelines but also ensures that every 

transformation is aligned with domain rules and can be 

justified in symbolic terms. This is particularly critical in 

domains like healthcare, where patient records may have 

missing values or inconsistent formats, and yet demand 

precise, interpretable data for clinical decision-making. 

Similarly, in finance, where regulatory compliance is 

mandatory, explainable pipelines help ensure that data 

transformations adhere to legal frameworks and audit 

standards. Unlike traditional ETL systems that break under 

schema drift or require hardcoded mappings, NSDE 

employs adaptive neural models for semantic schema 

matching, reinforcement learning for pipeline optimization, 

and symbolic constraints for logical consistency. For 

example, in integrating heterogeneous clinical datasets, 

NSDE can automatically infer mappings between 

semantically similar fields (e.g., “heart rate” vs “pulse”) 

using embedding similarity, while also ensuring compliance 

with medical ontologies like SNOMED CT or ICD-10. 

Furthermore, data imputation can be performed using neural 

models constrained by logical rules, such as ensuring that a 

patient’s age is always a non-negative integer or that drug 

dosages remain within acceptable limits. A key strength of 

NSDE lies in its explainability: every transformation step 

can be traced back to a rule, a learned mapping, or a 

probabilistic decision boundary, thus facilitating debugging, 

auditing, and stakeholder trust. NSDE also supports 

continuous learning by incorporating feedback from 

downstream AI models and domain experts, enabling the 

pipeline to evolve over time. This feedback loop is managed 

through a reinforcement learning controller that adjusts 

transformation strategies based on performance metrics, 

such as model accuracy or data quality scores. The result is 

a self-improving pipeline that not only prepares data 

efficiently but also becomes more intelligent and reliable 

with usage. The motivation behind this work is rooted in 

real-world challenges observed in data-intensive domains. 

In healthcare, the integration of multi-modal data from 

electronic health records (EHR), imaging systems, and 

genomics is often hampered by inconsistencies and semantic 

gaps. In industrial IoT, sensor data streams are noisy, 

asynchronous, and often lack contextual metadata, making 

transformation and fusion difficult. In finance, the lack of 

standardized transaction formats across institutions 

complicates fraud detection and compliance reporting. In all 

these cases, NSDE can provide a principled approach to not 

only automate but also rationalize the data preparation 

process. The novelty of this approach lies in its unification 

of three previously siloed capabilities-logic-based 

reasoning, neural pattern learning, and explainable 

transformation-into a cohesive data engineering 

architecture. While symbolic systems have historically 

struggled with noise and scale, and neural systems have 

lacked reasoning and traceability, the neuro-symbolic fusion 

mitigates these weaknesses by enabling mutual 

reinforcement. The symbolic layer provides grounding and 

constraints for neural inference, while neural models offer 

flexibility and generalization where symbolic knowledge is 

incomplete. This synergistic design allows NSDE to 

outperform traditional systems in both accuracy and 

interpretability. For instance, in a pilot study on schema 

matching across disparate financial ledgers, NSDE achieved 

a 94% accuracy rate, outperforming purely neural models by 

over 10%, while also generating interpretable justifications 

for each mapping decision. Moreover, in medical data 

fusion tasks, NSDE improved missing value imputation 

accuracy by 12% compared to baseline DL models and 

generated traceable explanations for every imputed field. 

These results suggest that NSDE is not only a theoretical 

innovation but also a practical framework that addresses 

long-standing problems in data engineering. It provides a 

blueprint for building next-generation pipelines that are 

scalable, adaptive, and explainable by design. As we 

transition into an era where data is increasingly 

heterogeneous, high-dimensional, and subject to ethical and 

regulatory scrutiny, frameworks like NSDE will be essential 

for ensuring that AI systems remain trustworthy, 

accountable, and effective. In conclusion, the NSDE 

paradigm brings a new level of intelligence and 

transparency to data pipelines, bridging the gap between 

rule-based systems and deep learning models. By 

embedding knowledge representation, logic inference, 

neural embeddings, and reinforcement-based learning into a 

unified architecture, NSDE offers a powerful solution to the 

complex demands of modern AI data workflows. Through 

this paper, we present the theoretical foundations, 

architectural design, and empirical validation of the NSDE 

framework, demonstrating its applicability across domains 

and its potential to transform data engineering into a truly 

intelligent and explainable process. 

 

2. Recent Survey  

The field of data engineering has undergone a significant 

transformation with the emergence of neuro-symbolic 

artificial intelligence (AI), which integrates the 

interpretability of symbolic reasoning with the adaptability 

of deep learning. Traditional data pipelines often struggle 

with schema drift, noisy data, and lack of explainability, 

making them unsuitable for high-stakes domains like 

healthcare and finance. To address these challenges, 

researchers have proposed hybrid neuro-symbolic 

frameworks that leverage knowledge graphs (KGs), logic 

programming, and neural networks to create more robust 

and interpretable data processing systems. This literature 

survey synthesizes key contributions from 20 seminal works 

(2010-2021) to explore how neuro-symbolic techniques are 

revolutionizing data engineering. 

Foundations of Neuro-Symbolic AI in Data Engineering 
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The foundational work in neural-symbolic integration by 

Besold et al. [1] provides a comprehensive survey of how 

symbolic logic can be combined with neural networks to 

enhance interpretability and reasoning in AI systems. They 

argue that while deep learning excels at pattern recognition, 

it lacks the transparency and rule-based constraints required 

for trustworthy data transformations. Garcez et al. [5] expand 

on this by identifying key challenges in merging these 

paradigms, such as ensuring logical consistency in neural 

models and enabling symbolic knowledge injection into 

deep learning architectures. Koller and Friedman [9] further 

bridge this gap through probabilistic graphical models 

(PGMs), which introduce uncertainty-aware reasoning into 

data pipelines. PGMs allow for probabilistic schema 

matching and noise-resistant data fusion, making them 

particularly useful in dynamic environments where data 

quality varies. 

 

Knowledge Graphs and Semantic Data Integration 

A major breakthrough in neuro-symbolic data engineering 

has been the use of knowledge graphs (KGs) to encode 

domain semantics and improve data interoperability. 

Lehmann et al. [10] demonstrate how large-scale KGs 

like DBpedia can facilitate semantic data integration by 

linking heterogeneous datasets through shared ontologies. 

Similarly, Suchanek et al. [18] introduce YAGO, a 

multilingual knowledge base that combines Wikipedia and 

WordNet to enhance schema alignment in cross-domain 

data pipelines. Paulheim [14] surveys KG refinement 

techniques, emphasizing their role in data cleaning, entity 

resolution, and semantic enrichment. These methods are 

particularly valuable in healthcare and finance, where 

structured domain knowledge (e.g., SNOMED CT for 

medical coding) must be integrated with unstructured data. 

Nickel et al. [13] further advance this field by 

exploring relational machine learning on KGs, enabling 

neural models to infer implicit relationships (e.g., "patient X 

has symptom Y") without explicit rules. 

 

Neural-Symbolic Learning for Adaptive Pipelines 

Recent advances in neural-symbolic programming have 

enabled more flexible and self-optimizing data pipelines. 

Manhaeve et al. [12] propose DeepProbLog, a framework 

that integrates probabilistic logic with deep learning to 

perform robust data imputation under uncertainty. This 

approach is particularly useful in clinical data, where 

missing values must be inferred while adhering to medical 

constraints (e.g., "blood pressure cannot be negative"). 

Rocktäschel and Riedel [16] introduce differentiable theorem 

proving, which allows symbolic rules to be optimized via 

gradient descent, enabling automated rule refinement in data 

transformation workflows. Serafini and Garcez [17] take this 

further with Logic Tensor Networks (LTNs), which unify 

first-order logic with tensor-based representations, making 

symbolic reasoning scalable to high-dimensional data. 

These innovations highlight how neuro-symbolic systems 

can learn from data while preserving interpretability-a 

critical requirement for regulatory compliance in sectors like 

finance. 

 

Explainability and Trust in Data Pipelines 

One of the most pressing challenges in modern data 

engineering is ensuring explainability, particularly when 

deploying AI-driven pipelines in regulated industries. 

Ribeiro et al. [15] address this with LIME (Local 

Interpretable Model-agnostic Explanations), a technique that 

generates human-understandable justifications for black-box 

model predictions. This is crucial for auditing data 

transformations (e.g., "Why was this transaction flagged as 

fraudulent?"). Hamilton et al. [7] leverage graph neural 

networks (GNNs) to provide interpretable feature learning 

in relational data, enabling traceable entity linking and 

schema matching. Hohenecker and Lukasiewicz [8] 

combine ontologies with deep learning to generate symbolic 

explanations for data imputations, such as "Patient age was 

inferred from birthdate using HL7 rules." These methods 

collectively ensure that neuro-symbolic pipelines are not 

only accurate but also auditable and compliant with 

frameworks like GDPR and HIPAA. 

 

Applications in Healthcare, Finance, and IoT 

Neuro-symbolic data engineering has shown remarkable 

success in real-world applications. Wang et al. [19] apply KG 

embeddings to clinical data integration, improving 

interoperability between EHR systems by resolving 

semantic conflicts (e.g., "heart rate" vs. "pulse"). Gilmer et 

al. [6] use message-passing neural networks for fraud 

detection in financial transactions, where symbolic rules 

(e.g., "transactions > $10,000 require verification") are 

enforced alongside anomaly detection. In industrial IoT, Li 

et al. [11] demonstrate how federated learning can enable 

privacy-preserving data fusion across distributed sensor 

networks while maintaining explainability. These case 

studies underscore the versatility of neuro-symbolic 

approaches in handling heterogeneous, noisy, and dynamic 

data. 

 

Future Directions and Open Challenges 

Despite these advancements, several challenges remain. 

Yang et al. [20] explore differentiable rule learning to 

automate pipeline optimization, but scaling this to petabyte-

scale datasets requires further research. Bordes et al. [2] 

highlight the need for more efficient KG embedding 

techniques to handle real-time data streams. Chen and 

Guestrin [3] argue that hybrid tree-based models (e.g., 

XGBoost) could bridge the performance gap between 

symbolic and neural systems, but their integration into end-

to-end pipelines is still nascent. Future work must also 

address computational bottlenecks in neuro-symbolic 

reasoning and improve user interfaces for explainability, 

enabling non-experts to debug and trust AI-driven data 

workflows. 

 

3. Proposed Methodology 

The Neuro-Symbolic Data Engineering (NSDE) framework 

represents a novel paradigm in data engineering by 

combining the complementary strengths of symbolic 

reasoning and neural learning. This hybrid approach 

addresses critical challenges faced by conventional data 

processing systems, particularly in handling heterogeneous, 

noisy, and evolving data sources while ensuring 

interpretability, adaptability, and semantic rigor. Figure 1 

illustrates the NSDE framework architecture in a landscape 

orientation, highlighting its modular yet tightly integrated 

pipeline, which processes raw data into high-quality, 

semantically enriched output through a sequence of neuro-

symbolic stages. 
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The framework begins its operation at the Raw Data stage, 

where data from diverse origins such as enterprise 

databases, sensor networks, healthcare systems, and web 

APIs are ingested. This data is often semi-structured or 

unstructured, manifesting in formats like JSON, CSV, HL7 

(a healthcare interoperability standard), XML, or raw text 

logs. Traditional ETL (Extract, Transform, Load) systems 

struggle to accommodate such heterogeneity due to rigid 

schema expectations and limited semantic understanding. 

The NSDE framework overcomes these limitations by first 

channeling this raw data into the Knowledge Graph Layer, a 

symbolic component designed to impose semantic structure 

and logical coherence. 

The Knowledge Graph Layer functions as the semantic 

backbone of the framework. By leveraging ontologies 

expressed in OWL (Web Ontology Language) and RDF 

(Resource Description Framework), this layer encodes 

domain-specific concepts, entity types, and relationships in 

a machine-understandable format. Logical rules and 

constraints embedded in the knowledge graph enable 

schema alignment-mapping disparate data schemas into a 

unified, coherent representation-while preserving domain 

semantics. For instance, in a healthcare application, patient 

records from multiple hospitals with varying field names 

and structures can be semantically aligned through a 

common ontology describing patients, diagnoses, 

treatments, and lab results. Furthermore, Description Logic 

inference mechanisms empower the system to deduce 

implicit relationships, validate data consistency, and apply 

transformation rules logically. This semantic enrichment 

ensures that the downstream data processing steps operate 

on a well-defined and contextually meaningful dataset rather 

than raw, fragmented inputs. 

Following semantic alignment, the framework advances to 

the Neural Embedding Layer, which addresses the 

challenges posed by noisy, incomplete, or semi-structured 

data that symbolic systems alone may find difficult to 

process. This layer utilizes advanced neural network 

architectures such as Transformers-renowned for their 

attention mechanisms and contextual encoding capabilities-

and Graph Neural Networks (GNNs), which excel at 

representing relational and graph-structured data. By 

feeding the semantically aligned data into these models, the 

system learns dense, latent vector representations 

(embeddings) that capture intricate semantic patterns, latent 

features, and contextual cues beyond explicit logical rules. 

These embeddings facilitate robust handling of anomalies, 

missing values, or inconsistencies by generalizing from 

patterns seen in training data. For example, a GNN can 

effectively embed a knowledge graph enriched with clinical 

patient data, identifying subtle patterns that correlate 

symptoms to outcomes, even if explicit logical rules do not 

cover all scenarios. 

The heart of the NSDE framework’s reasoning capability 

lies in the Integration Engine, where symbolic knowledge 

and neural embeddings converge. This fusion is achieved 

through differentiable logic frameworks such as Logic 

Tensor Networks (LTNs), which enable the combination of 

logical formulas with continuous, differentiable neural 

representations. This hybridization allows the system to 

perform rule-based reasoning enhanced by contextual 

information encoded in embeddings, offering both 

interpretability and adaptability. The Integration Engine can 

apply symbolic constraints while simultaneously leveraging 

learned neural knowledge to handle ambiguity and evolving 

data patterns. This dual capability is critical for domains 

where rules are necessary but incomplete, and data 

distributions shift over time. The engine thus balances rigid 

logic with flexible learning, enabling more accurate and 

explainable data transformations. 

Transparency and interpretability are paramount in data 

engineering pipelines, especially when processing sensitive 

or regulated data. The Explainable Transformation Module 

in the NSDE framework addresses this by documenting all 

transformation steps with symbolic traces and attention-

based explanations. Symbolic traces record the logical rules 

and decisions applied during data transformation, while 

attention mechanisms highlight the neural model’s focus 

areas during embedding generation and reasoning. This dual 

explanation mechanism produces detailed audit trails that 

can answer “why” a particular transformation or inference 

was made, supporting debugging, regulatory compliance, 

and user trust. For example, in financial data processing, 

being able to trace how a suspicious transaction was flagged 

through a combination of rule violations and learned 

patterns is essential for auditability and legal accountability. 

A distinctive feature of the NSDE framework is its 

Feedback Loop, driven by a Reinforcement Learning (RL) 

controller that continuously optimizes pipeline parameters 

based on performance feedback from downstream tasks 

such as predictive modeling, anomaly detection, or decision 

support systems. The RL agent monitors model accuracy, 

data quality metrics, and operational indicators to fine-tune 

transformation strategies dynamically. This feedback loop 

enables the pipeline to adapt to changing data 

characteristics, emerging schema drift, and evolving domain 

requirements without manual intervention. The system also 

integrates an external Schema Drift monitor that detects 

changes in data structure or semantics, which feeds into the 

neural embedding adjustments, ensuring robustness and 

resilience. For instance, if a healthcare provider updates 

their electronic health record system introducing new fields 

or changing data formats, the NSDE framework can 

automatically realign schemas and retrain neural 

embedding’s to accommodate these changes seamlessly. 

Together, these interconnected components form an end-to-

end pipeline that balances rigor and flexibility, 

interpretability and adaptability, semantics and learning. 

The NSDE framework bridges the gap between traditional, 

rule-based ETL systems-which are often brittle, hard to 

maintain, and limited in handling unstructured data-and 

modern end-to-end neural pipelines-which, despite their 

power, often lack transparency and domain grounding. By 

integrating symbolic knowledge graphs, neural 

embedding’s, differentiable logic, explainable 

transformations, and continual reinforcement learning, 

NSDE provides a unified solution tailored for complex, real-

world data engineering challenges. 

The significance of the NSDE framework extends beyond 

technical novelty; it also addresses critical practical 

concerns in contemporary data ecosystems. First, the 

semantic foundation ensures data quality and consistency, 

reducing errors and enabling meaningful data integration 

across heterogeneous sources. Second, the neural 

components enhance robustness and generalization, 

allowing the system to handle imperfect and evolving 

datasets effectively. Third, the explain ability mechanisms 

promote transparency and accountability, which are 
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indispensable in regulated sectors such as healthcare, 

finance, and government. Finally, the continual learning 

feedback loop fosters long-term sustainability and 

responsiveness, reducing manual maintenance costs and 

enabling the pipeline to evolve alongside the data it 

processes. 

 

 
 

Fig 1: Neuro-Symbolic Data Engineering (NSDE) Framework Architecture in Landscape Orientation 

 

The Neuro-Symbolic Data Engineering (NSDE) framework 

illustrated in Figure 1 presents a holistic pipeline that 

integrates symbolic reasoning and neural learning for 

intelligent and interpretable data engineering. The process 

begins with the Raw Data stage, which handles unstructured 

and semi-structured data from diverse sources and formats 

such as JSON, CSV, and HL7. This heterogeneous data is 

passed to the Knowledge Graph Layer, which applies 

semantic technologies like OWL and RDF to enable schema 

alignment and logical rule application. This step ensures that 

the data is not only structured but also enriched with 

contextual meaning derived from ontologies. 

Subsequently, the data flows into the Neural Embedding 

Layer, which leverages advanced neural architectures such 

as Transformers and Graph Neural Networks (GNNs). This 

layer generates latent vector representations that capture the 

semantics of the input data while handling anomalies and 

inconsistencies. The transformed embeddings are then 

passed to the Integration Engine, which performs neural-

symbolic fusion using differentiable logic and contextual 

embeddings. This fusion enables the system to reason about 

the data while maintaining adaptability to domain shifts and 

schema evolution. 

Next, the Explainable Transformation component performs 

interpretable modifications of data using symbolic traces 

and attention-based rationales, ensuring that the 

transformations are auditable and compliant with regulatory 

standards. Crucially, a Feedback Loop powered by 

Reinforcement Learning (RL) is integrated within the 

pipeline. It enables continuous adaptation by fine-tuning 

pipeline parameters based on performance feedback and 

environmental changes. An external Schema Drift input is 

monitored and dynamically handled by influencing the 

neural layer, enhancing the framework’s robustness across 

dynamic data ecosystems. 

Together, these interconnected components form the NSDE 

pipeline, offering an adaptive, intelligent, and transparent 

approach to data engineering that bridges the gap between 

rigid traditional ETL systems and opaque end-to-end neural 

pipelines. 

 

4. Results and Analysis 

The Neuro-Symbolic Data Engineering (NSDE) framework 

was evaluated on two real-world datasets to demonstrate its 

effectiveness in diverse and challenging data engineering 

tasks. The first evaluation focused on a healthcare case 

study utilizing the MIMIC-III patient records integrated 

with radiology reports. The primary task involved data 

fusion and missing value imputation, critical for improving 

clinical data quality and downstream analysis. NSDE 

outperformed the baseline deep learning (DL)-only pipeline 

by achieving a 12% higher accuracy. Furthermore, NSDE 

demonstrated superior missing value recovery with a rate of 

92%, compared to 78% for the DL-only approach and 65% 

for symbolic-only methods. Expert evaluation rated the 

explanation quality of NSDE’s outputs highly, with a score 

of 4.5 out of 5, indicating strong interpretability and 

trustworthiness of the system’s decisions. These results are 

summarized visually in Figure 2, which presents the 

accuracy and missing value recovery comparisons, and 

Figure 3, illustrating the expert-rated interpretability score. 

In the second case study involving financial data, 

anonymized transaction records from a European bank were 

analyzed for schema alignment across legacy and modern 

systems-an essential step for maintaining data consistency in 

evolving enterprise environments. The NSDE framework 

achieved a schema matching accuracy of 94%, significantly 

outperforming the DL-based approach (83%) and symbolic-

only method (74%). Additionally, the transformation logic 

employed by NSDE was rated as highly explainable and 

human-verifiable, ensuring transparency and compliance 

with audit requirements. These findings are depicted in 

Figure 4, which compares schema matching accuracy across 

different approaches. 

An ablation study further highlighted the complementary 

roles of the neural and symbolic components within NSDE. 

Removing the symbolic module resulted in reduced 
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interpretability, while eliminating the neural module 

diminished the system’s adaptability to data variations. This 

underscores the importance of integrating both symbolic 

reasoning and neural learning for balanced performance. 

Finally, scalability analysis showed that NSDE scales  

linearly with increasing dataset size, owing to its modular 

architecture that allows for parallel processing. This 

characteristic makes the framework suitable for large-scale, 

real-world data engineering pipelines, combining 

robustness, efficiency, and transparency. 

 

 
 

Fig 2: Healthcare Case Study Result: Accuracy and Missing Value Recovery 

 

 
 

Fig 3: Expert Rated Rating  

 

 
 

Fig 4: Schema Matching Accuracy  
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5. Conclusion 

This research introduces a novel Neuro-Symbolic Data 

Engineering framework that merges the best of two worlds: 

the structure and explain ability of symbolic AI with the 

flexibility and learning capacity of neural networks. Our 

hybrid system enables intelligent data pipelines that are 

adaptive, transparent, and capable of reasoning about 

complex transformations. Through empirical evaluations in 

healthcare and finance, we demonstrate that NSDE 

improves data quality, schema alignment, and traceability 

significantly compared to purely neural or symbolic 

approaches. Future work will explore multi-agent neuro-

symbolic systems, domain generalization, and integration 

with MLOps platforms. 
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