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Data Science + 
Data Engineering

="
 Reducing Inefficiencies in 

Products or Services...



Retailer Dashboard Client App 

Advertising Platform 

Campaign manager 

Example 1: Connect retailers to customers 

https://www.bbvadata.com/cost-effective-scalable-collaborative-filtering-based-recommender-system/  



Example 2: Browse expenses more meaningfully 

https://databricks.com/session/classifying-text-in-money-transfers-a-use-case-of-apache-spark-in-production-for-banking  



Example 3: Forecast Expenses 



Behind the Scenes: 
Expense Forecasting Research
Real-world dataset of human expenses 
> 100M time series / month 

Heteroscedastic Neural Network 

 
Brando et al., Uncertainty Modelling in Deep Networks: Forecasting 
Short and Noisy Series, ECML 2018 



but… 


Data Science Workflows 
have inefficiencies 

themselves





API 

Validation of Data Ingestion  
Validation of Data vs 
Business Question 

Validation of Data vs 
Business Question  (Quick & 
Fast)  

Exploratory Data Analysis 
 

Validation of Data Ingestion  
Validation of Data vs 
Business Question 

Feature exploration 
Objective variables 
exploration 
 

Model exploration 
Model comparison 
 

Model validation 
Model interpretation 
 
 

Error Analysis 
Output Validation 
KPI Validation 
 

ETL 

We did document 
The Real Data Science 
Workflow



There do exist attempts to automate those workflows




Towards Increased Data 
Science Efficiency at 
BBVA Data & Analytics




client2vec:

Systematic Baselines




API 

Validation of Data Ingestion  
Validation of Data vs 
Business Question 

Validation of Data vs 
Business Question  (Quick & 
Fast)  

Exploratory Data Analysis 
 

Validation of Data Ingestion  
Validation of Data vs 
Business Question 

Feature exploration 
Objective variables 
exploration 
 

Model exploration 
Model comparison 
 

Model validation 
Model interpretation 
 
 

Error Analysis 
Output Validation 
KPI Validation 
 

ETL 

Shortcutting the 
Workflow



Validation of Data Ingestion  
Validation of Data vs 
Business Question 

Validation of Data vs 
Business Question  (Quick & 
Fast)  

Exploratory Data Analysis 
 

Validation of Data Ingestion  
Validation of Data vs 
Business Question 

Feature exploration 
Objective variables 
exploration 
 

Shortcutting the 
Workflow

Model exploration 
Model comparison 
 

Model validation 
Model interpretation 
 
 

... 



Validation of Data Ingestion  
Validation of Data vs 
Business Question 

Validation of Data vs 
Business Question  (Quick & 
Fast)  

Exploratory Data Analysis 
 

Validation of Data Ingestion  
Validation of Data vs 
Business Question 

Feature exploration 
Objective variables 
exploration 
 

Shortcutting the 
Workflow…


Model exploration 
Model comparison 
 

Model validation 
Model interpretation 
 
 

... 

Systematic 
Baseline 

(for problems with 
the same “X”) 




Systematic Baseline = 


Generic entity representation

+  flexible & simple model




Do Generic Attributes Exist?

word2vec: Embeddings of similar words are close together 



Our Systematic Baseline

Gas 
-100

Pharmacy 
-34.5

Restaurants -253
Credit prods. 400
...

Gas 
-852

Pharmacy 
-3.56

Restaurants -400
Credit prods. 0
...

Gas 
-200

Pharmacy 
0

Restaurants -100
Credit prods. 300
...

Cl
ien

t 1


Cl
ien

t 3


Cl
ien

t 2
 Closer points 

represent similar 
clients

Behavioural 
vector

nursery expenses
no nursery expenses

Nearest neighbor  
regression 



Computing the generic representation

Denoising autoencoder

-2000

-500.4

-1580

-2000

-500.4

-1580

Trains

Travel

Hotels

0

●  Learn to reconstruct corrupted 
data

●  Reconstruction ≈ similarity
●  Marginalized stacked denoising 

autoencoders (Chen et al, ICML 2012)

Encoder
Decoder

Client 
representation



Sociodemographic variables don’t capture typical behaviour

hotels



+61.6% +76.1%
Improvement on two use cases

Client clustering


Group similar clients and 
compare their expenses in a 

target category

Category prediction


By looking at similar clients, 
guess whether a client had an 
expense in a target category

Baldassini et al., client2vec: Towards Systematic Baselines for Banking Applications, arXiv, 2018 



Algorithmic research









Implementation








Product enablement








Our bet

Explore, evaluate and 
generate 

state-of-the-art algorithms 

Deliver algorithmic solutions 
as a software package

 

Generate capabilities to 
accelerate product 

development 

●  Better method to 
compare clients 

●  Tools to evaluate 
embedding methods

 

●  Lightweight training
●  Works on bank’s 

infrastructure 

●  State-of-the-art 
algorithm

●  Best performance in 
our use cases

 




Automatic Modeller:

Searching end-to-end"
 linear, interpretable models





Validation of Data Ingestion  
Validation of Data vs 
Business Question 

Validation of Data vs 
Business Question  (Quick & 
Fast)  

Exploratory Data Analysis 
 

Validation of Data Ingestion  
Validation of Data vs 
Business Question 

Feature exploration 
Objective variables 
exploration 
 

Shortcutting the 
Workflow…


Model exploration 
Model comparison 
 

Model validation 
Model interpretation 
 
 

... 

Automate 
(for a specific type of models) 



Automatic Modeller

500 

Raw Input Variables 
Variable 

Expansion 

Generate combinations of 
variables 

250K 

Statistical Test  
Rejection 

DIscard variables with low-
potential 

80K 

Hierarchical  
Clustering 

Group variables to seek 
diversity 

1K 

SFS &  
Generic Algorithm 

Find best combinations of 
variables 

1-10 

(Number of variables in circles) 

Pipeline to seek 
 

-  Linear Models 
-  “Interpretable” variable meanings 
-  Across multiple metrics (e.g. model quality vs number of features)  





Learnings 

●  Tools to make data science projects more efficient  
○  Generic Customer Attributes 
○  Linear, Interpretable Model Construction 

  
●  Real tools available to Data Scientists & Data Engineers 
●  The philosophy somewhat experimental 

○  The “experiment” is ongoing and subject to important 
checks: e.g. real reusability 



Take-Home Message:  
A Buy-vs-Make Learning 

●  Commoditization of ML algorithms is a reality 
●  Speed-up for “mainstream” problems (image classification, 

text classification) 
●  Still a long tail of problems need very specific domain 

knowledge and are not addressed by these tools (e.g. 
classification of text in bank transactions, pricing, etc) 

●  Still room for “commoditizing” internally 
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Thanks! 

Questions?  
 
Get in touch at “Office Hours” @ DataEngConf:  
 
2:15 PM - 3:00 PM 
 
 
Or visit bbvatada.com  


