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Motivation
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why so wide?

Conformal Prediction (CP) Uncertainty Attribution (UA)
« CP is an uncertainty quantification method with a model-agnostic,
distribution-free, finite-sample guarantee.

* The Need for UA. Sometimes, one might wonder why a particular
instance exhibits such large or small uncertainty.

[ ocal explanation methods such as SHAP are natural choices for
UA. However, naive application of these methods may overlook the
structural properties of CP outputs.

¢ Key finding. CP uncertainty is a mixture of and local terms;

the resulting attributions are also conflated.
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Goal. Decompose CP uncertainty into
and local (instance-driven) feature attributions.

Global-Local Decomposition

Conformalized Quantile Regression (CQR), a widely used CP variant,
yields the following predictive interval with miscoverage rate «:
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Predictive interval C'(X,,41)

. 2()1_, Is determined by calibration data D. and
shared across test instances.

 Local component: ¢;(X,+1) — ¢,(X,,11) is the instance-dependent
quantile spread.

¢ Idea. Construct separate Shapley-based games for the
and local component.

Shapley-based Attribution for Global-Local
Components

To construct value functions, we mask features when they are excluded
from the game: their realized values are replaced by the empirical means
of the calibration set. This removes feature-specific information while
keeping inputs well-defined. Using v and v%, we compute feature

attributions ¢© and ¢’ via the standard Shapley formula.
Example: S = {3,...,d}; mask X1, Xo.

. : mask the calibration matrix X,
X, X X3 X4
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* Instance-side game: mask the test instance X,
X X, X Xy
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L - instance-

Q Interpretation. ¢ : calibration set-driven effect; ¢, | .:

driven effect. This separation can change decisions.

Experiments

(1) Synthetic Data

Setup. Heteroscedastic data where X; and X, determine the noise

scale.
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il Result. Decomposed local attribution separates the uncertainty-
driving features (X, X4) from non-driving features; total attribution alone
can dilute or obscure this local signal by mixing calibration and instance
effects.

(2) Semi-synthetic Data: A Decision Making Scenario in a High-
Stakes Medical Domain

Setup. PhysioNet Sepsis 2019 data with 6 clinical features. At test
time, some features are unobserved. The decision problem is to choose
which missing features to measure first to reduce predictive uncertainty
and detect high-risk patients more accurately and efficiently.

Decision flow:
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‘Compute rule-specific scores s; for all features j:
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Construct candidate set

C ={(J,s5) - s; > 0}.
| ( Action: Select |
Is C No | top-M features
empty? ‘| and order corre-
sponding tests.
Yes | ) .

([ Order no additional tests. |

Utility Construction: True Positive (TP) = +120, False Negative (FN)
= —150, False Positive (FP) = —30, and True Negative (TN) = +30.

il Result. The total-only rule misses up to 80% of high-risk patients.
Decomposed attributions identify additional necessary tests, thereby
improving utility and recall.

Rule Util. / Unit Total Util. Retest Rate Recall

Total (¢') —28.14 (1.20) —112575 (4813) 0.41 (0.04) 0.19 (0.03)

Local (¢") +8.19 (1.13) 432757 (4510) 0.97 (0.01) 0.91 (0.01)

Comb. (equal) —28.14 (1200 —112575 (4813) 0.41 (0.04) 0.19 (0.03)

Comb. (local-heavy) +1.08@213) 44313 (8502) 0.91 (0.01) 0.77 (0.03)
Conclusion

* We provide a —local decomposition framework that disen-
tangles conformal predictive uncertainty.

* We develop a Shapley-based attribution procedure that assigns
separate feature contributions to the disentangled components.

* We empirically show sign reversal and cancellation behaviors in
feature attribution, and demonstrate how the proposed framework
can help practitioners make more informed decisions.



