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Most machine learning / deep learning today is 
fundamentally based on correlations
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The Problem(s) with Correlation
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http://tylervigen.com/spurious-correlations
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The Problem(s) with Correlation
MIT-IBM Watson AI Lab Causal inference 2022

Confidential information – Use permission granted to CTO Forum. 



5

The tricky business of making decisions
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patient health

caviar 
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wealth/SES
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The tricky business of making decisions
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patient 
outcome

use of 
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case severity
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The tricky business of making business decisions
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airline stock 
price

oil price

fuel costs

travel 
demand

airline 
profits

fuel 
demand
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The tricky business of making business decisions
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sales of 
“Product A”

price

ad spend
(channel A)

ad spend
(channel B)

analyst 
relations
spend

brand/sub-brand 
perception 

industry 
trends

economic 
climate
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Causal Inference

A subfield of machine learning focused cause and 
effect relationships, including tools for:
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• inferring putative causal structure
• designing experiments/interventions to assess 

causal structure
• making better decisions when causal structure 

is known.
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A Case Study in 
Causal Inference for 
Customer Retention
Research Team

Kristjan Greenewald, Ph.D.
IBM Research

Karthikeyan Shanmugan, Ph.D. 
IBM Research

Caroline Uhler, Ph.D.
Institute for Data, Systems, & Society
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High-dimensional treatment effect estimation
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Treatments/ 
interventions Outcome

(Potentially Confounding) 
Covariates
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What Factors Drive Customer Retention?

Training Sessions Account Manager

Customer Retention

Manager increases
trainings when customer 

is at risk

Training sessions negatively
correlated with retention

Client Use Case

Discover factors that lead to customer 
cancellation and identify the top 
interventions an account manager should 
take to reduce customer attrition risk.
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What Factors Drive Customer Retention?

Training Sessions Account Manager

Customer Retention

Manager increases
trainings when customer 

is at risk

Client Use Case

Discover factors that lead to customer 
cancellation and identify the top 
interventions an account manager should 
take to reduce customer attrition risk.

Need to disentangle 
the confounding 

impact of Account 
Manager

Training sessions 
have a positive

causal impact on 
retention
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Identifying Causal Structure

Historical Factors

Available 
Interventions

Step 1
Discovered the causal structure for a 
subset of Refinitiv’s client risk data.

Insights
Different contextual factors will influence 
the effectiveness of any given 
intervention

Client Retention Risk 
(Unknown)
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Calculating Intervention Impact
Client Retention Risk 

Step 2
Calculated the impact of each 
intervention on client risk.

Confidential information – Use permission granted to CTO Forum. 



MIT-IBM Watson AI Lab Causal Inference 172022

Calculating Intervention Impact

Step 2
Calculated the impact of each 
intervention on client risk.

Client Retention Risk 

Insights
Intervention: Eliminate all price 
correction billing issues
Impact: 6% reduction in average 
client retention risk

.0611

BILLING_TYPE_CORREQ
Eliminate all price correction billing issues
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Calculating Intervention Impact

Insights
Intervention: Eliminate all 
Severity 2 Service Requests
Impact: 5% reduction in average 
client retention risk

Step 2
Calculated the impact of each 
intervention on client risk.

Client Retention Risk 

HRS_SRVC_SEV2_P09
Eliminate all severity 2 service requests

.0502

Confidential information – Use permission granted to CTO Forum. 



MIT-IBM Watson AI Lab Causal Inference 192022

SUM_HRS_CASES_P12

BILLING_TYPE_CORRREQ

CNT_CASES_PRODUCT3_P12

BILLING_PRIORITY_MEDIUM

HRS_SRVC_SEV2_P09

CNT_SPS_LOSS_SUPPORT_P09

HRS_CASES_PRODUCT3_P09

CNT_CASES_CLOSE07_P12

FLG_COMP_BLOOMBERG_12MN

HRS_SRVC_CLOSE14_P12

N_USERID

HRS_SRVC_PRODUCT2_P12

MSG_LOGIN_COUNT_SUM

N_TEMPLATE

MSG_SENT_COUNT_AVG

MSG_COUNT_SUM

MSG_RECEIVED_COUNT_AVG

MSG_PARTNER_RCVD_COUNT_AVG

CHAT_ROOM_JOIN_COUNT_AVG

PCT_CASES_CLOSE08_P09

Important Interventions by Correlation*

Causation vs. Correlation

Step 2
Calculated the impact of each 
intervention on client risk.
Comparing Correlation to Causation.

Insights
Correlation-based models 
understate the importance of 
high impact interventions.

CNT_CASES_CLOSE07_P12

SUM_HRS_CASES_P12

PCT_CASES_CLOSE08_P09

MSG_LOGIN_COUNT_SUM

MSG_PARTNER_RCVD_COUNT_AVG

HRS_CASES_PRODUCT3_P09

MSG_RECEIVED_COUNT_AVG

CNT_CASES_PRODUCT3_P12

MSG_COUNT_SUM

HRS_SRVC_CLOSE14_P12

HRS_SRVC_PRODUCT2_P12

N_USERID

BILLING_PRIORITY_MEDIUM

FLG_COMP_BLOOMBERG_12MN

N_TEMPLATE

HRS_SRVC_SEV2_P09

BILLING_TYPE_CORRREQ

CHAT_ROOM_JOIN_COUNT_AVG

MSG_SENT_COUNT_AVG

CNT_SPS_LOSS_SUPPORT_P09

Important Interventions by Causation*

BILLING_TYPE_CORREQ

HRS_SRVC_SEV2_P09

BILLING_TYPE_CORREQ

HRS_SRVC_SEV2_P09

*Analysis is constrained to a subset of 20 non-revenue related interventional variablesConfidential information – Use permission granted to CTO Forum. 
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Causation vs. Correlation

Step 2
Calculated the impact of each 
intervention on client risk.
Compared Correlation to Causation.

Insights
Correlation Model:
If I can increase the number of 
messages people send via chat, 
my customer risk will decrease.

Causation Model:
If I can eliminate the need for 
people to send messages via 
chat, my customer risk will 
decrease.

Top 5 Interventions by Causation

CNT_SPS_LOSS_SUPPORT_P09
Eliminate loss of service

MSG_SENT_COUNT_AVG
Eliminate need for chat room messages

CHAT_ROOM_JOIN_COUNT_AVG
Eliminate need for chat room joins

BILLING_TYPE_CORRREQ
Eliminate price correction billing issues

HRS_SRVC_SEV2_P09
Eliminate severity 2 service requests

Intervention decreases risk
Intervention increases risk

Correlation

-0.02

-0.02

-0.05

0.00

0.02

Causation

0.13

0.08

0.07

0.04

0.04
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Prioritizing Interventions

Step 3
Applied results to 175 high 
priority interventions, and 
created prioritization matrix.

Insights
There can be significant tradeoff 
between the most impactful 
interventions, and the percent of 
the population where the 
intervention can be applied.
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Causal Inference for Fairness

Race

ZIP Code

Likelihood to 
recommit crimes

Criminal 
History

Income

https://www.propublica.org/article/machine-bias-risk-assessments-in-criminal-sentencing
Barabas et al. 2017 PMLR 81:62-76, 2018Confidential information – Use permission granted to CTO Forum. 
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Algorithmic Bias is Widespread

Pratas et al. 2019 “Assessing Gender Bias in Machine Translation – A Case Study with Google Translate”
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Algorithmic Bias is Widespread

Wang et al. 2017 “Visual concepts and compositional voting” 
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Causal Explainability

McGrath et al. 2018 “Interpretable Credit Application Predictions With Counterfactual Explanations”

Counterfactual 
Explanations: 

“the outcome would have 
been different if the 
following were true”
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