Why Your
Customer Hee
Score Sucks

And How to Engineer an Actionable
for Your CSMs.




any Customer Success Manager what they
think of their automated "Customer Health
Score,” and you’'ll usually get an eye roll.

Despite millions poured into predictive
analytics, most CSMs still rely on gut feeling,
recent emails, and manual checks to guess
who Is going to churn.




these expensive scores ignored?
cause most B2B SaaS models fundamentally
misunderstand the difference between
predicting an outcome and preventing it.

If your front line ignores the score, you don't
have a CSM adoption problem.

You have a data science problem.




The Black B«

t data science problem starts.

eam builds a predictive model. It
It @ number: "Acme Corp has an 86%
e of churning.”

our CSM looks at the dashboard and asks:

"Okay... why? And what do | do about it?"

The model is silent.




fix the black box, data teams try to add
"explainability”

But the journey to find the right mathematical
tool is filled with dead ends that leave
Customer Success teams frustrated.

Here are the three most common traps.




Linear models are explainable, but they
assume customer behavior is a “straight line”. It
Isn't.

Take Zendesk tickets:
e O tickets = High churn risk (Disengaged)
e 50 tickets = High churn risk (Frustrated)
e But: There is a healthy "Goldilocks zone" In
the middle.

Standard linear models are completely blind
to this reality.




To capture that Goldilocks zone, data
scientists use complex models and slap SHAP
values on top. But SHAP explains the model,
hot the customer.

If the black box relies on a proxy metric (like
Logins instead of Reports Exported), SHAP
faithfully tells your CSMs to chase that proxy.

The CSM begs the customer to log in, the
score turns green, and they churn anyway.




ed by SHAP, teams try Decision Trees
se they give clear rules
., "Seats < 17").

But they are mathematically fragile.

Add 5% new data next month, and the tree
might randomly rewrite the rule to "Seats < 5".

If your scoring rules change every 30 days,
your CSMs will stop trusting them.




The Missing Link: Causal Engineering




Step 1: The Actionability Sg

algorithm ever

: Industry, Company
ot change these).
tent: Feature usage, admin
>Ms CAN change these).

em separately. Structural data is the
nd; behavioral data is the action plan.




Step 2: Causal Signal Isolation




Don't guess where the drop-off point is (/s it
Seats < 17 or maybe Seats < 317).

Use interpretable algorithms to extract the
exact mathematical cliff from your causal
features.

Bootstrap the data (run it on dozens of
random samples) to ensure the rule is stable
and won't wildly swing next month.




Translate the complex math into a transparent
story your CSMs can actually use:

Acme Corp | Retention Signal: CRITICAL

Structural Context: Monthly Contract
(High Headwinq)

Behavioral Modifiers: Admin Invites < 2
(Missing Causal Driver)

Action Plan: Drive Admin Invites this week
to secure executive buy-in.




Give your CSMs a
compass, hot a
grade.

Want the complete architectural blueprint for
Implementing this in your B2B SaaS?

Read the full Arvoan Guide:
Link In the comments below!

Or visit arvoan.com to see how | can build it for you.
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