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A CHANGING INPUT IS A CLUE

MONITOR DRIFT AND DELAYED OUTCOMES

INPUT DATA PREDICTED SCORES MEASURED OUTCOMES

A model can receive different
data and still work.

It can also lose quality without
a large input shift.

Today: decide what changed,
what you know, and what to do next.
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START WITHA
MONITORING CONTRACT

MONITORING
CONTRACT

OWNER

; Responsible
2 -—
1 | | m:f::t,.:s ?e:fal;ir::.; é ‘9 for investigating
i ’ and taking
action.

\ -

INVESTIGATION CHECKLIST

@ What reference and
time window?

0®¢ What minimum
a@®» sample size?

Who investigates,
o and what action is

allowed?

L,

< ‘... An alert without a response
rule is unfinished design.
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THREE DIFFERENT QUESTIONS

INPUT DRIFT:  PREDICTION DRIFT:  QUALITY CHANGE:

Did feature values Did model scores Did predictions
change? change? become less useful
lllustrative distributions and scores lilustrative distributions and scores agal nst observed

0.12 041 outcomes? p
0.28 | 062
051 wmp

Observed

B— 033 =3 ok
Earlier Later 0.07 m O
data data X
V)

17 The first two can be checked
before labels arrive. They do not
prove the third.
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INPUT DRIFT IN PLAIN WORDS

lllustrative shop example:

Customers now place fewer weekly
orders after a price change.

The feature distribution has shifted.

Possible causes include changed behavior, a different
customer mix, or a broken event feed.

e

Changed feature
(e.g., weekly orders)

/

. changed
£
oy

behavior

® a different
..‘ ~ customer mix

e ) a broken
W,
S A event feed

\
T
Investigate the cause before changing the model. q
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PREDICTION DRIFT IN PLAIN WORDS

lllustrative example: T

e < | Prediction Scores

More customers receive
high inactivity scores
this week.

Check the feature input mix,

model version,  versions, and missing-
value rate.

“ A score shift can come from the pipeline or the population.
; It is not a measured error rate.
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QUALITY NEEDS OBSERVED OUTCOMES

Toy target: no completed purchase
during the next 30 days.

At prediction time, ~ The 30-daywindow 155 \ait for the Pending is not
the future is unknown. mESt finish before declared data- a class label.
- o comp]et?d completeness rule.
o purchase” is final.
9 & PURCHASE
@
O NO PURCHASE
By = D S X
30 DAYS o’ (O PenDING
o @
PREDICTION . LABEL-WINDOW LABEL
TIME 30-day observation END Completeness check  aAvAILABLE
:4————) : 4——):
| |
e e e e e e e S e e e e e e >
|

: Pending
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KEEP THE CLOCKS SEPARATE

For each prediction, retain: N A
@ Prediction ID and prediction time. Join the matching label =

® Model version and score. only when it is available

e Label-window end. to the evaluation run.

e Outcome event time and label
availability time.

lllustrative record IDs lllustrative record IDs
Prediction Table Label Table
Prediction Prediction  Model g qre \ki?‘ll:i‘:l\;' -|°_i" PY Prediction = Outcome avaLi?:tﬁlli "
ID time version o prediction ID ID event time e
p001 ﬁ p001
p002 p002
p003 p003
Prediction time Outcome event time | Label-window end

o~

i

When the prediction
was made.

End of the window When the label
for the true label. : becomes available.

When the outcome
event occurred.

Keep every clock separate, and join the matching label
only when it is available to the evaluation run.

@learn.machinelearning
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MEASURE LABEL COVERAGE FIRST

Illustrative mature cohort: 100 predictions.

100
& . & total .. ®

. 4-... =) adn
80 i, 20

have complete labels; are unresolved.

Label coverage =80 /100 = 80%.

Quality on those 80 Report coverage
may be biased if and exclusion
missing labels are reasons beside
selective. quality.

@learn.machinelearning
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COMPARE LIKE WITH LIKE

Choose a reference that Compare weekends with
matches the question. weekends when seasonality
matters.

Weekends Week;r:ds

Keep population, feature A fixed training reference
definition, model version, and a recent reference
and sampling rules explicit. answer different questions.
LT
« Population o E
« Feature definition N * °
+ Model version Fixed training Recent
_ reference reference
| @ Sampling nules J What did the model What is happening
—— | learn then? now?
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A DRIFT SCORE NEEDS CONTEXT

A statistical test or distance Its behavior depends on

summarizes a difference. sample size, feature type,
and the chosen method.

— & .
g = (= | alr sl 'Q’

Sample Feature = Method

- -

size type
Configure a meaningful Review effect size, source
threshold and minimum sample. changes, and business context.
|
[ (
| |
! N =
| =
i
Threshold h:'mmlllm Effect Source Business
ampie size changes context

\—v_/

/ : :
“_ No universal drift number
proves failure.
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CHECK DATA HEALTH
BEFORE RETRAINING

tHo Missing columns? A model trained on
broken inputs can
__Eb' Unexpected nulls? preserve the problem.
L Late batches?
Co A
&0 Changed units?
@0 Duplicate events? Fix or isolate the data

incident, then reassess
00 New category encoding? model quality.

(= # Assess
ol I 0 Q retraining need

DATA
VALIDATION

P L - Repair =p Reassess
NE;E; g t 8 Data Incident v l Model Quality
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THREE ALERTS WITH
THREE RESPONSES

Illustrative policies, not universal thresholds:

DATA DRIFT QUALITY

Ebl
=7 Y

SIGNAL
wa sustained shift with mature-cohort metric
source misses its enough samples - breaches its agreed
deadlm.e - investigate inspect slices and limit > compare a
ingestion. recent changes. candidate and consider

rollback.

.‘. +
~ 3 [

i

RESPONSE

Q

investigate inspect slices and compare a candidate
ingestion. recent changes. and consider rollback.
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USE TOOLS FOR CLEAR JOBS

' —
Evidently |
il II o
. Data drift
‘ - Quality metrics
[ | - Reference vs current
* '
Cohort
3 X | i
ad R L E Response policy
SQL joins Evidently Application code A report does not
predictions to compares owns thresholds, authorize retraining
available labels reference and schedules, routing, or deployment.
and defines current data and response
cohorts. and reports drift policy.

or quality metrics.
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REPLAY A DRIFT-ONLY SCENARIO

Illustrative replay: " HOLIDAY /
A holiday changes order I

SN

frequency.
Data checks pass. Quality remains inside Response: document
Label coverage is complete. the agreed range on a and monitor the shift.

comparable mature cohort.

Drift alone does not justify
replacing the model.
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REPLAY A QUALITY REGRESSION

lllustrative replay: A mature, fully labeled cohort
Feature distributions look similar. shows worse precision at the
same review budget.
Original Cohort Replay Cohort
Original cohort Replay cohort
Feature value Feature value : : )
Same review budget - illustrative
Check label logic, population A quiet drift dashboard does
slices, score ordering, and not prove a healthy model.
interventions.

Check label logic
Check population slices

Check score ordering ¢
Check interventions

@learn.machinelearning
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RETRAIN THROUGH THE RELEASE PATH

EVIDENCE CANDIDATE EVALUATION APPROVED
- RELEASE

Compare against

If evidence Create a candidate the current model Release only after

supports with versioned on suitable the acceptance
~d ts. hol s A

retraining: s oldouts checks pass

Check quality,
capacity, slices,
and operating
constraints.

‘Checks fail

INVESTIGATION ROLLBACK AND
MONITORING

e

Keep rollback and
monitoring in the design.

@learn.machinelearning
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YOUR TURN: CHOOSE THE RESPONSE

lllustrative cases:

A Orderamountsshift B A source column C Fully labeled quality
during a sale; mature suddenly becomes null. falls while inputs look
quality is stable. SR ST NS stable.

Sale - id source  value W

———0—0—9
101 A123 42 -8
o 102 null 17 \
103 A456 29 «@= liputs (stable)
=@~ Fully labeled quality

EE LS

Choose: monitor context, repair data, or investigate quality.

LA & @

Monitor context Repair data Investigate quality

What evidence must you check first?

@learn.machinelearning
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MONITOR WHAT YOU CAN KNOW

o A — monitor the sale P &
context after validating g I
data and comparable ___
quality. —

& |

B — investigate and
repair the data
incident.

o C — investigate the

quality regression.

B

/. Next: recommendation

¢ i retrieval and ranking.

@learn.machinelearning

Always report label
maturity and coverage.

s
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