USING MULTI-TOUCH ATTRIBUTION & ML TO OPTIMIZE AND PREDICT HCP JOURNEY
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Business Problem

The challenges of efficiently utilizing marketing
channels to maximize conversion rate from each -.

@

touchpoint

Project Goal

To construct a predictive model utilizing
XGBoost to identifies the optimal sequence of
marketing channels and delve into the
customer journey to comprehensively evaluate
and refine marketing strategies.

Analytical Problem

The depth of the business problem highlights the
need for a data- driven approach to evaluate
customer journey and optimize marketing efforts.

Exploratory Data Analysis

Distribution of Sequence Length
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Sequence Length

Figure 1 shows the lengths of these sequences and their
guantities, including both successful and unsuccessful
outcomes. Sequences longer than 6 are uncommon.

Top 10 Sequences by Conversion Rate
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Figure 2 reveals that when we remove unique touchpoint combinations
and sequences under 6, referrals stand out as a key element for
conversion. Specifically, sequences ending with a referral touchpoint

Data Insights

Gain importance measures the relative contribution of each feature to the
model's predictions by calculating the average gain of splits which use the
feature. It signifies how much a feature improves the model's ability to make
accurate predictions, with higher values indicating more important features
in predicting the target variable.

Gain Importance for Each Feature
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» Understand existing conversion rates of each channel - customer journey to understand marketing tactics effectiveness.

Data

> Build a data dictionary to identify and understand the key variables of interest (channels and additional control variables).
» Create a dataframe with information that determines the distance of each element in the sequence from the reference point
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