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“Managers decide which ideas are actually allocated resources.”

(Mollick, 2012)

As an economist, I have a shocking discovery 
to share with you…

It is the managers’ selection ability that often matters the most 
for the overall success of programs pursuing new projects.



What does this have to do with Data Science?

 
Decision Makers 
(with the money) 

 
Technical Experts 

(with the know-how) 

The two sides often view the “AI” opportunity quite differently.



Communication and coordination is difficult

when the ML environment is very complex.

Figure 1: Only a small fraction of real-world ML systems is composed of the ML code, as shown
by the small black box in the middle. The required surrounding infrastructure is vast and complex.

Static Analysis of Data Dependencies. In traditional code, compilers and build systems perform
static analysis of dependency graphs. Tools for static analysis of data dependencies are far less
common, but are essential for error checking, tracking down consumers, and enforcing migration
and updates. One such tool is the automated feature management system described in [12], which
enables data sources and features to be annotated. Automated checks can then be run to ensure that
all dependencies have the appropriate annotations, and dependency trees can be fully resolved. This
kind of tooling can make migration and deletion much safer in practice.

4 Feedback Loops

One of the key features of live ML systems is that they often end up influencing their own behavior
if they update over time. This leads to a form of analysis debt, in which it is difficult to predict the
behavior of a given model before it is released. These feedback loops can take different forms, but
they are all more difficult to detect and address if they occur gradually over time, as may be the case
when models are updated infrequently.

Direct Feedback Loops. A model may directly influence the selection of its own future training
data. It is common practice to use standard supervised algorithms, although the theoretically correct
solution would be to use bandit algorithms. The problem here is that bandit algorithms (such as
contextual bandits [9]) do not necessarily scale well to the size of action spaces typically required for
real-world problems. It is possible to mitigate these effects by using some amount of randomization
[3], or by isolating certain parts of data from being influenced by a given model.

Hidden Feedback Loops. Direct feedback loops are costly to analyze, but at least they pose a
statistical challenge that ML researchers may find natural to investigate [3]. A more difficult case is
hidden feedback loops, in which two systems influence each other indirectly through the world.

One example of this may be if two systems independently determine facets of a web page, such as
one selecting products to show and another selecting related reviews. Improving one system may
lead to changes in behavior in the other, as users begin clicking more or less on the other components
in reaction to the changes. Note that these hidden loops may exist between completely disjoint
systems. Consider the case of two stock-market prediction models from two different investment
companies. Improvements (or, more scarily, bugs) in one may influence the bidding and buying
behavior of the other.

5 ML-System Anti-Patterns

It may be surprising to the academic community to know that only a tiny fraction of the code in
many ML systems is actually devoted to learning or prediction – see Figure 1. In the language of
Lin and Ryaboy, much of the remainder may be described as “plumbing” [11].

It is unfortunately common for systems that incorporate machine learning methods to end up with
high-debt design patterns. In this section, we examine several system-design anti-patterns [4] that
can surface in machine learning systems and which should be avoided or refactored where possible.
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Decision Makers 
(with the money) 

 
Technical Experts 

(with the know-how) 

Who prioritizes objectives and assesses risks? 


Who selects a vendor or a platform?


Who evaluates results and maintains solutions going forward? 


Who recruits new employees? 

Is your firm “Data Science Ready?”



How do you become Data Science Ready?

There are many paths to this goal….

Firms need to upskill a broader range of their executives,  
managers, engineers, professionals, and domain experts 
so they share the same basic concepts and vocabulary.



For some of you, it’s time to go back to school !    



EPFL offers two continuing education courses 
for onsite Data Science (ML) instruction:

February 6 - 7, 2020  -  Full 
April 2 - 3, 2020 
June 25 - 26, 2020 
October 8 - 9, 2020

March 2 - 6, 2020  (Filling fast...) 
June 8 - 12, 2020  
September 7 - 11, 2020 

2-Day Executive Fast Track 5-Day Technical Boot Camp



Why take a class?

In person?

At EPFL?







2-Day Fast Track
Day 1: 
   Core ML Concepts 
   Core ML Methods 
   Neural Networks 
   Cloud Computing 
   Data Engineering 

Day 2: 
   AI Solutions 
   AI Strategy
    Digital Transformation

These are “hard” and “challenging” courses !

5-Day Boot Camp
Foundational concepts:
▪ Data sampling, measurement, and wrangling
▪ Exploratory data analysis
▪ Data description, visualization, and graphing
▪ Bias, variance, and the bias-variance tradeoff  
▪ Model validation and model cross-validation
▪ Hyperparameter tuning and information leakage
▪ Model evaluation and comparison 
▪ Model weighting of costs and benefits
▪ Ensemble learning and meta-learning
▪ Predictive labeling and data augmentation
▪ Data-driven business models
▪ Big Data, Map-Reduce, and Spark
▪ Virtual Machines and  Cloud Computing  
▪ Strategic Planning for a Digital Transformation
▪ The management of talent and strategic Human Capital

Methods and models:
▪ Normalizing and standardizing data
▪ Linear and Log-Linear models 
▪ Non-parametric models, splines and locally-linear models
▪ Nearest neighbor and similarity models
▪ Agglomerative clustering and K-means clustering
▪ Decision trees, bagging, boosting, and random forests
▪ Dimension reduction, PCA, t-SNE, and manifold projections
▪ Support Vector Machines
▪ Text as Data and Natural Language Processing (NLP)
▪ Word Embeddings and Latent Topic Modeling
▪ Feed-Forward Neural Networks
▪ Convolutional Neural Networks
▪ Recurrent Neural Networks, LSTMs, Bi-Lateral LSTMs
▪ Generative Adversarial Networks 
▪ Reinforcement Learning
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