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MANAGEMENT SUMMARY

Machine-learning churn prediction models are routinely evaluated on statistical recall and area under the curve,
ignoring the financial cost of false alarms. When a healthy customer is misclassified as high risk, proactive inter-
vention triggers unneeded discounting, consumes expensive customer success hours, and can induce sleeping
dogs to actively re-evaluate their contracts. Ascarza, lyengar and Schleicher demonstrate through a randomized
field experiment that proactive churn outreach can inadvertently accelerate customer cancellation. This article
introduces an auditable churn intervention cost matrix, establishing the unit-economic threshold where the cost
of false positives exceeds the value of true-positive retention and providing operational decision rules for cus-
tomer success routing.
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When enterprise data science teams build machine-learning models to predict customer churn, their primary ob-
jective is almost always sensitivity. In reviews with leadership, data teams highlight their model’s recall: “Our al-
gorithm successfully identifies 85 % of customers who churn.”

To achieve that high recall rate, predictive models lower their classification threshold. In doing so, they generate
an enormous volume of false positives: healthy, stable accounts flagged as high-risk.

In technical literature, false positives are treated as harmless statistical noise. In commercial operations, they are
an expensive failure. False positives in churn models have a direct, measurable financial cost that regularly ex-
ceeds the economic value of the customers saved. Commercial leaders must recognize that retention should be
ranked by profit, not churn alone, ensuring high-cost outreach is directed toward accounts where positive unit

economics survive.

When a revenue operations workflow automatically triggers proactive retention interventions based on uncalib-
rated model scores, it incurs three distinct penalties: immediate margin destruction through unnecessary dis-
counts, wasted Customer Success labor, and the dangerous behavioral phenomenon known as the wake-up ef-
fect.

Why do false positives in churn prediction models inflate retention
CoSts?

The standard assumption in retention management is that reaching out to a customer is always beneficial or at
worst neutral. If a customer is flagged as at-risk, customer success managers (CSMs) schedule an executive
check-in, offer technical training, or provide a preemptive renewal discount.

Empirical research reveals that proactive intervention can actively destroy customer value. Ascarza, lyengar and
Schleicher conducted a large-scale randomized field experiment testing proactive retention interventions in a
contractual service setting (Ascarza et al., 2016).

Their findings revealed a critical operational hazard:

1 The wake-up effect: Many customers categorized as at-risk are simply low-frequency users who maintain their
subscriptions out of inertia. When a company proactively contacts them with plan reviews or check-ins, the
communication forces the customer to pay attention to a recurring cost they were previously ignoring.

2 Accelerated cancellation: In the field experiment, proactive contact increased churn among specific customer
cohorts compared to an uncontacted holdout control group. By interrupting customer inertia, the company
prompted accounts to evaluate alternative options and cancel their contracts.

3 Usage restructuring: Even among customers who did not cancel, proactive plan recommendations often led
accounts to downgrade to cheaper tiers, permanently reducing customer lifetime value without preventing
future churn.

Ascarza and colleagues demonstrated that retention marketing is not a pure prediction problem; it is a causal in-
tervention problem. Predicting that a customer is at risk does not mean that contacting them will increase their
likelihood of staying (Ascarza et al., 2016). In practice, a relationship can end before churn is recorded, as quiet
disengagement precedes the administrative cancellation by months.
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The unit economics of false-positive interventions

Beyond the risk of inducing cancellation, false positives impose direct operational costs on commercial organiza-

tions:

+ Discount margin erosion: When a CSM believes an account is about to churn, their default negotiation tool is

commercial concession: freezing price increases, offering free add-on modules, or providing 20 % renewal

discounts. Giving an unneeded discount to a healthy customer permanently damages gross margin.

+  Customer Success labor diversion: High-touch enterprise retention workflows require substantial CSM and

solutions engineering hours. If a CSM spends twenty hours preparing executive review decks and bespoke re-

ports for an account that was never actually at risk, that capacity is stolen from vulnerable accounts that

genuinely needed intervention. Just as in acquisition, customer selection is a resource allocation decision

across the post-sale lifecycle.

+  Notification fatigue: Repeatedly contacting enterprise buyers when their internal operations are functioning

smoothly damages customer trust and conditions buyers to expect concessions whenever they reduce plat-

form usage.

An auditable churn-intervention cost matrix

To determine whether a churn model creates or destroys value, revenue operations teams must evaluate inter-

vention outcomes across all four states of the classification confusion matrix. The table below maps customer risk

states to proactive actions, financial cost components, behavioral responses, and net commercial ROL.

Figure 1 Customer churn intervention cost and decision matrix

Classification state Reality Intervention Cost profile Customerre-  Netoutcome

sponse

True Positive (Saveable) Real risk; Discovery High CSM Resolves Positive ROI:
solvable and support labor hours. blocker and Contract
blocker. fix. renews. saved.

True Positive (Lost Cause) Irreversible Discounts High labor Churns re- Negative ROI:
risk (bank- and escala- and conces- gardless of Concessions
ruptcy). tions. sions. offer. lost.

False Positive (Stable) Healthy ac- Preemptive Unneeded Accepts un- Negative ROI:
count; sea- discount of- margin loss. needed dis- Margin des-
sonal dip. fer. count. troyed.

False Positive (Sleeping Dog) Inactive; in- Outreach cit-  CSM out- Cancels after ~ Severe Negat-
ertia ac- ing low us- reach hours. wake-up call.  ive ROI:
count. age. Caused churn.

Author's commercial retention model grounded in Ascarza, lyengar and Schleicher (2016). All figures and costs are synthetic decision benchmarks.
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Calibrating decision thresholds for profit, not recall

To maximize net retention revenue, revenue operations teams must replace statistical classification thresholds

with economic decision boundaries.

The optimal probability threshold p * for triggering a proactive intervention is defined by the ratio between inter-

vention costs and saved value:
p * =V contract x Uplift save C intervention
Where:

Cintervention is the full cost of outreach (CSM labor + expected margin discount + expected wake-up loss).
V contract is the expected contract renewal value.

Uplift save is the incremental probability that the intervention successfully prevents churn compared to tak-

ing no action.

If an intervention costs $ 5,000 in total labor and concessions, and successfully saves 20 % of genuinely at-risk $
50,000 accounts, the threshold p * is:

p*=50,000x%0.205,000=0.50

An account should only be routed for high-touch intervention if the model assigns a churn probability greater
than 50 %. Lowering the threshold to 20 % to capture more churners will inevitably trigger thousands of dollars in
net losses across false-positive accounts.

Governance rules for retention workflows

Revenue operations leaders should enforce three operating rules to protect gross margin:

1 Maintain uncontacted holdout groups: For every cohort of flagged at-risk accounts, keep a randomized 10 %
to 15 % holdout group that receives standard service without proactive outreach. This is the only way to
measure true incremental save rates and detect wake-up effects.

2 Tier interventions by cost: Do not deploy high-cost human intervention for low-confidence alerts. Use
low-friction digital product nudges for low-probability alerts, reserving dedicated CSM hours and commercial
discounts only for accounts with high-confidence, verified adoption blockers.

3 Audit discount attribution: Require explicit executive approval before a CSM offers a renewal discount on an
account flagged by a predictive model. Ensure the discount is tied to an expanded contract term or multi-year

commitment rather than given unconditionally.

Conclusion

Predicting churn is only the first half of retention management. The second, more decisive half is understanding

the causal economics of intervention.

When organizations blindly maximize model recall, they flood their Customer Success teams with false alarms,
erode contract margins, and wake up sleeping customers who would have otherwise renewed. High-performance
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Revenue Operations demands tuning predictive models for commercial profit: setting high precision thresholds,
calculating full intervention costs, and measuring true incremental retention lift.
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