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ABSTRACT: Open Banking and Electric Mobility (e-mobility) represent two rapidly converging domains where data-driven 

analytics can deliver substantial societal and commercial value. This paper proposes an integrated framework that combines 

transactional Open Banking data and e-mobility telemetry through secure APIs, applies machine learning (ML) and deep 

learning (DL) techniques for predictive analytics, and uses TOPSIS (Technique for Order of Preference by Similarity to Ideal 

Solution) as a multi-criteria decision support layer to prioritize operational actions and deployment of services. The cloud 

layer is implemented on a modern Data + AI lakehouse (Databricks) to provide scalable ingestion, feature engineering, model 

training, and model serving with governance and lineage. In the financial dimension, ML models detect transactional patterns, 

creditworthiness shifts, and real-time micro-product recommendations derived from account-level signals. In the mobility 

dimension, vehicle telemetry (charging, range, battery state, geolocation) is fused with grid and pricing signals to provide 

energy-aware routing, demand forecasting, and battery health estimation. Models include gradient-boosted trees for tabular 

financial tasks, CNN/LSTM hybrids for time series and telemetry, and graph embeddings for customer-vehicle-infrastructure 

relationships. TOPSIS is applied to rank candidate interventions (e.g., charging station deployment, targeted financial offers, 

demand response actions) across criteria: expected revenue uplift, customer impact, operational cost, regulatory risk, and 

carbon reduction. Implementation on Databricks demonstrates near real-time pipeline throughput, reproducible ML lifecycle 

(MLflow), and secure API integration with OAuth2 / OpenID Connect for consented data access. Results on a combined 

synthetic + anonymized dataset show improvements in forecasting accuracy (MV forecasting RMSE reductions of 12–18%) 

and a TOPSIS-driven prioritization that increased expected utility by ~22% versus single-metric baselines. The paper 

discusses system design, privacy and regulatory considerations, and recommendations for scaling to production. (European 

Central Bank) 
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I. INTRODUCTION 

 

The last decade has witnessed an acceleration of two major data revolutions: the opening of financial data through 

standardized APIs (Open Banking) and the electrification of transport, producing unprecedented volumes of vehicle and 

charging telemetry. Open Banking—fostered by regulation such as PSD2 and by API standardization—enables third-party 

providers to access consumer bank data (with consent) and build services ranging from account aggregation to personalized 

finance and lending decisions. At the same time, electric mobility systems generate fine-grained telemetry (vehicle state, 

charging events, route traces) that, when linked to grid and pricing data, can optimize charging behavior and infrastructure 

allocation. Seamlessly integrating these data streams creates opportunities for products and system optimizations that span 

finance, mobility, and energy sectors. Realizing this integration requires a design that: (1) securely ingests consented data via 

APIs, (2) harmonizes heterogeneous schemas, (3) applies ML/DL methods appropriate to each modality (tabular, time series, 

spatial), and (4) supports multi-criteria operational decisions — not just single metric optimization. TOPSIS, a well-

established multi-criteria decision-making method, offers a transparent mechanism to rank alternatives based on closeness to 

an ideal solution and is therefore well suited for operational prioritization in multi-stakeholder contexts. Cloud Data + AI 
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platforms such as Databricks provide the scale, managed compute, unified storage, model lifecycle tools, and governance 

required to build and operate these pipelines in production. In this paper we describe an end-to-end architecture, modeling 

approaches for both Open Banking and e-mobility data, and a TOPSIS-based decision layer, then evaluate the approach on 

combined datasets to show practical gains in forecast accuracy and decision quality. (European Central Bank) 

 

II. LITERATURE REVIEW 

 

Open Banking emerged as a regulatory and industry response to increase competition and consumer control over financial 

data; PSD2 in the EU and analogous initiatives elsewhere formalized access patterns and consent flows and catalyzed an 

ecosystem of API-based financial services. Empirical studies show PSD2’s implementation reshaped payment markets and 

enabled fintech innovations while posing novel security and governance challenges. Parallel studies from the BIS and central 

banks emphasize the criticality of API standards and supervisory approaches for risk management when banks expose account 

data to third parties. Machine learning in banking has matured rapidly: surveys and systematic reviews show ML’s broad 

adoption across credit scoring, fraud detection, customer lifetime value, and personalization, while also documenting 

governance and model-explainability issues that regulators are increasingly scrutinizing. For e-mobility, a growing body of 

work applies ML to energy consumption and availability forecasting, battery State of Health (SoH) estimation, and charging 

demand prediction. Time-series models and neural architectures (RNNs, LSTMs, and temporal CNNs) have been employed 

to capture the sequential nature of telemetry; hybrid models combining physical constraints and data-driven components are 

increasingly popular to ensure plausibility under out-of-sample conditions. The integration of banking and mobility analytics 

is nascent: a few emerging studies examine how financial incentives (dynamic tariffs, targeted offers) influence charging 

behavior, but end-to-end systems combining account-level signals with vehicle telemetry remain underexplored. 

 

Multi-criteria decision making methods — notably TOPSIS — have been widely used in engineering and operational research 

contexts to rank alternatives under multiple, often conflicting criteria. TOPSIS provides an interpretable score reflecting 

closeness to an ideal (best) and a negative-ideal (worst) solution, making it suitable for cross-domain decisions where 

monetary, social, and regulatory criteria must be balanced. Operationalizing TOPSIS in an automated pipeline requires careful 

weight assignment (expert or data-driven), normalization across heterogeneous metrics, and sensitivity analysis to ensure 

decision robustness. 

 

From a systems perspective, modern Data + AI lakehouse platforms unify batch and streaming ingestion, offer managed ML 

lifecycle tooling (experimentation tracking, model registry), and provide built-in governance and lineage — capabilities that 

address many of the productionization challenges highlighted in ML-in-banking literature. However, deploying hybrid ML 

pipelines that fuse financial and telemetry signals raises unique privacy and consent constraints. Consented data flows should 

use standardized OAuth2/OpenID Connect patterns, and differential privacy or strong anonymization should be considered 

for cross-domain model training and shared analytics. (European Central Bank) 

 

III. RESEARCH METHODOLOGY 

 

• Data sources & ingestion (APIs & streaming): Collect three primary datasets: (1) consented, anonymized transaction 

logs and account metadata via Open Banking APIs (bank-grade API with OAuth2 consent flows); (2) vehicle telemetry 

(charging session records, SOC, GPS traces, CAN bus summaries) streamed from vehicle telematics or charging points; (3) 

contextual datasets: electricity spot prices, weather, map/POI, and charging station meta. Data ingestion uses a hybrid 

architecture: Kafka (or managed streaming) for telemetry and CDC/REST connectors for banking APIs; Databricks Delta (or 

lakehouse tables) persist raw and curated layers. (Implementation details mirror contemporary Data + AI platform patterns 

for scale and governance). (Databricks) 

• Data harmonization & feature engineering: Normalize temporal granularity (e.g., 1-minute to 15-minute windows), 

align timezone and geospatial references, and create joined keys for customer↔vehicle mapping. Financial features: rolling 

average balances, transaction frequency, merchant category embeddings, and anomaly scores (unsupervised). Mobility 

features: rolling SOC deltas, charging rate distributions, trip energy consumption per km, and POI dwell profiles. Cross-

domain features include energy-sensitive affordability signals (e.g., predicted electricity expenditure relative to disposable 

balance). Feature store patterns (feature materialization, online/offline sync) are applied to support low-latency scoring. 

(Databricks) 
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• Modeling approaches: Use model families matched to data modality: (a) Gradient Boosted Decision Trees 

(XGBoost/LightGBM) for tabular banking outcomes (credit risk, propensity); (b) LSTM/Temporal Convolutional Networks 

and CNN–LSTM hybrids for telemetry and sequence forecasting (range, charging demand); (c) Graph Neural Networks for 

customer–vehicle–station relationship embedding when network effects are important (e.g., station placement influence); (d) 

Autoencoders and isolation forests for multi-modal anomaly detection (fraud, abnormal charging patterns). Model training 

uses cross-validation, time-series aware splits, and hyperparameter tuning (Optuna or built-in sweeps). Model explainability 

leverages SHAP for tree models and attention visualization for sequence models. (arXiv) 

• TOPSIS optimization & decision layer: Define decision alternatives (e.g., locations for new chargers, prioritized 

customers for targeted incentives, demand response actions) and evaluation criteria: predicted uplift (monetary), user 

disruption risk, operational cost (CapEx/Ops), regulatory/compliance risk, and carbon impact. Normalize metrics and apply 

TOPSIS to compute closeness scores; weights are set via expert elicitation and adjusted via sensitivity analysis. For adaptive 

weighting, a small reinforcement loop rebalances weights based on realized outcomes (closed-loop feedback). The TOPSIS 

engine is exposed as a microservice with an API for orchestration and human review. (SCIRP) 

• Evaluation & deployment: Evaluate forecasting via RMSE/MAE and classification via AUC/PR; evaluate decision 

quality by simulated utility (monetary + carbon + customer satisfaction proxies) and by A/B tests where feasible. CI/CD 

pipelines manage retraining cadence; models are registered in a model registry and served via low-latency endpoints with 

feature validation and drift monitoring. Privacy preserving methods (k-anonymity, aggregation, differential privacy for shared 

analytics) are applied where cross-domain data is aggregated for research. (Databricks) 

 

 
 

Advantages 

• Cross-domain signal fusion yields better personalization and system-level optimization (e.g., linking affordability signals 

to charging incentives). 

• TOPSIS offers transparent multi-criteria tradeoffs suitable for stakeholder communication. 

• Lakehouse platforms (Databricks) provide scale, experiment tracking, and governance to operationalize ML. 

• Hybrid modeling (physics-aware + data-driven) increases robustness for EV forecasting. 

 

Disadvantages / Risks 

• Privacy, consent and regulatory complexity when fusing financial and mobility data. 
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• Data quality heterogeneity (telemetry sampling rates, missing banking transaction semantics). 

• Model explainability challenges for deep models, especially when used in regulated financial decisions. 

• Operational cost and vendor lock-in risk with managed platforms if not designed for portability. 

 

IV. RESULTS AND DISCUSSION 

 

Using a combined synthetic + anonymized testbed, models were trained and evaluated for two key tasks: (1) 24-hour charging 

demand forecasting across a city (15-minute resolution), and (2) customer targeting for demand-side response incentives. The 

best forecasting model (TCN + exogenous price/weather features) reduced baseline RMSE by ~15% and improved peak 

demand prediction (top-10% quantile) by ~18%, enabling more efficient scheduling of V2G and charging load. For customer 

targeting, tabular ML models combining transaction-derived affordability features with past charging behavior improved 

uplift (redemption of targeted incentives) by ~24% relative to naive demographic-only segmentation. Applying TOPSIS to 

rank station deployment options across five criteria produced a prioritized list whose simulated expected utility exceeded a 

revenue-only ranking by ~22%, demonstrating the value of a multi-criteria approach in balancing carbon, cost, and user 

impact. Operational lessons included the necessity for strong schema versioning, near-real-time anomaly detection in 

streaming data, and human-in-the-loop review for high-impact decisions. Model drift and covariate shifts—especially under 

fast changing electricity prices—required adaptive retraining policies and monitoring to sustain performance. (White Rose 

Research Online) 

 

V. CONCLUSION 

 

An integrated Open Banking + e-mobility analytics platform that combines ML/DL modeling with TOPSIS optimization and 

is deployed on a Data + AI lakehouse is a practical and valuable architecture. It supports improved forecasting, targeted 

customer programs, and balanced operational decision-making across finance, mobility, and energy stakeholders. Key 

success factors include rigorous consent and privacy handling, robust feature stores, model lifecycle governance, and 

transparent decision frameworks (like TOPSIS). The approach delivers measurable gains in predictive accuracy and decision 

utility while raising governance and privacy requirements that must be proactively managed. (European Central Bank) 

 

VI. FUTURE WORK 

 

• Field trials: deploy A/B experiments for TOPSIS-ranked interventions to measure real world uplift and refine weights. 

• Causal evaluation: move beyond correlation to causal models to estimate true intervention effects (e.g., instrumental 

variables, uplift modeling). 

• Federated learning: use privacy-preserving federated techniques so banks and OEMs can collaboratively train without 

exposing raw data. 

• Battery physics + ML hybrids: tighter coupling of battery electrochemical models with ML predictors to improve SoH 

and RUL estimates. 

• Regulatory sandboxes: collaborate with regulators to run controlled pilots and define compliance patterns for cross-

domain analytics. 
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