From Unstructured Text Data To Interpretable Financial Prescriptions:
ML, An Optimization Approach
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ABSTRACT. TIMELINE DATA SETS

For over 90 years, MFS has maintained its leading
position in the financial services marketplace by

being a customer centric company. To maintain its Receive Data

- i : Records of interactive activities
competitive position, MFS has enacted a policy between sales specialists and
where sales staff regularly interact with their clients 30K financial advisors from

on a personal basis, by regularly emailing, calling
and meeting their clients. After each of these
interactions, the data generated is recorded in
MES's internal system. In the age of big data, how to
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utilize those data to help MFS expand its market o

share becomes a new challenge MFS faces. In this Feature

project, we assist MFS in extracting valuable Engineering Information

information from unstructured data on activities on financial Transaction

with one of the 300+ partner financial advising Prediction And advisors Transactions jEcarasiof

companies of MFS. This allows MFS to understand p — including age, financial
rescription career years, 19+M advisors from

the ipfluer.\ce of different activities on §Iiet1t July e 2015 to 2018
relfatolonshlps, and manage sales activities in a more Optimization And location, etc.
efficient manner.
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we identified, the larger the Graph2: Pie Chart on the distribution of

word/phrase, the more important it is in Datc.n Activity, Transactions and the four activity content we identified in
. ’ . 5 q . Advisors training set, the model has an over 70%
activity content modeling 5 .O ptl mi Zat 10 Methods: Random Forest, accuracy on the test set.
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Optimization Model Lifts e Result: predicted
Total Future Pu rchase Methods: Linear Optimization, Optimal which level of the
.. Tree, Linear Regression purchase amount in any
Prediction Result: Given certain constraints on specific month of a financial .
, 180 168.7 activity amount, optimize the recourse advisors will fall into based on Graph3: The performance of different
S o allocation of sales representatives by previous transactions and methods in predicting different future
3 prescribing who and how to interact activities with accuracy transactions evaluation metrics measured in
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Better Understand Activity Influence . -
» _ Y , Optimal Trees Helps To Make Decision Influence on Future Data Management
The prediction model gives a better understanding
of how different frequency and different types of
activities influence future purchase amount. For
example, we examine by adding a specific activity,
what change will bring compared to baseline which
includes 2 inbound call 3 months ago, 2 sales call
one month ago and over 10 market fact content
conversation over 6 months.

* Treatment A: 1 more in bound call 1 month ago
 Treatment B: 1 more inbound call 3 months ago
 Treatment C: 1 more Sales call 1 month ago

* Treatment D: 1 more 1 on 1 meeting 1 month ago
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* Majority of the sales team have no
background in data science and rely on user * Itis the first time unstructured data has played an

friendly and easy interpretable tools to important role in data science project in MFS.
implement the models we built It provides a new perspective on how
With the help of optimal trees and unstructured data could be stored and managed

prescription trees, anyone interested in using in the. future . :
data in the decision making process can utilize By using the pipeline for processing unstructured
the models data we developed, this project could be

adjusted based on feedbacks from sales team partner financial advising companies
for better integration with their work
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