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Additional file 1: Supplementary information

This material carries the least weight of anything in the study and the most caveats,

which is why it is here rather than in the main text. It reports the four non-clinical

contrast cohorts and the cohort-provenance table. Nothing in the paper’s argument

depends on any of it.

S1. The non-clinical contrast cohorts

Four cohorts are not clinical: a synthetic Synthea-inspired cohort [1, 2], UCI Adult

Income [3], Folktables ACS-Income (California 2018) [4] and Statlog German Credit

[5]. They were run through the identical pipeline and are reported only as a contrast,

for two reasons: they are the cohorts on which the fairness toolkits studied here were

originally demonstrated, and their inclusion shows that the admissibility sensitivity is

not peculiar to health data. They are not evidence about clinical prediction, and no

clinical conclusion in this paper rests on them.

Counting all nine cohorts with any verdict rather than the five clinical ones, the

number whose verdict is not constant across the five admissibility rules is 3 of 9 for

the studentized test, the raw max–min range and the double-corrected z-test; 2 of 9

for Cochran’s Q; 1 of 9 for the fixed cut-point and the four-fifths rule; and 0 of 9 for

the bootstrap-interval reading, which flags nothing anywhere. Under the strict variant,

which counts a transition into or out of non-evaluability as a change, every all-cohort

count rises by exactly one, because German Credit (n = 200 test rows) becomes

unevaluable at m100 for every procedure. The clinical counts reported in Section 3.7

of the main text are unchanged under either variant.

Twelve further demographic partitions of these four cohorts have a measured case-

mix magnitude ρ̂, computed and stored by the same code as the 21 clinical partitions

of Table 1 of the main text, but they are excluded from that table by design. Two

of them are the only partitions anywhere in the study whose case-mix attributable
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fraction is estimated tightly (Adult Income age group, 0.34 [0.26, 0.45]; Adult Income

sex, 0.18 [0.06, 0.29]), which is a consequence of their sample sizes and not a reason

to prefer them as evidence about clinical models.

S2. Software versions

Results in this manuscript were produced under the following versions, five

of which are recorded and two of which are not. The recorded five are in

results/comparator runtime env.json and results/model provenance.json in

the archived repository, and are given here so that a reader can reproduce the

environment without opening those files.

Table 1 Supplementary Table S1. Software version
manifest.

Component Version Used for

Python 3.11.7 all analyses
NumPy 1.26.4 numerics throughout
SciPy 1.15.3 quadrature, distributions, optimisation
pandas 3.0.2 result assembly
scikit-learn 1.8.0 logistic-regression pipeline, splits, AUROC
XGBoost 3.2.0 the seven gradient-boosted cohort models
fairlearn 0.13.0 four-fifths ratio (MetricFrame.ratio)

Platform: Windows, x86-64, 8 physical cores; NumPy built against
OpenBLAS 0.3.23. BLAS thread-count environment variables were
left unset.
PYTHONHASHSEED is pinned for the whole process tree, and every geom-
etry’s seed word is a CRC-32 digest of its name rather than Python’s
salted string hash, so simulation cells are reproducible bit for bit
(Section 2.3 of the main text).
Python, NumPy, SciPy and pandas versions are taken from the
stored runtime environment record; the XGBoost version is taken
from the stored model-provenance record; the scikit-learn and fair-
learn versions are those of the analysis environment, are not indepen-
dently recorded in any result file, and should be treated as unverified.

2



093
094
095
096
097
098
099
100
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138

Table 2 Supplementary Table S2. Cohorts, model provenance and
partition geometry at the reference admissibility rule m30. Testbeds,
not populations: survey cohorts are complete-case extracts analysed without
survey weights, strata or primary sampling units, and no population inference
is drawn from any of them. GBT = gradient-boosted trees; LR = logistic
regression.

Cohort Clin. n test Prev. Model Feat. Part. Levels

UCI Heart Disease yes 61 0.541 GBT 13 0 1
UCI Diabetes 130 yes 19,890 0.116 GBT 14 3 16
NHIS 2024 yes 1,950 0.075 GBT 19 5 19
NHIS 2023 yes 5,423 0.112 GBT 14 4 15
NHANES 2021–2023 yes 820 0.130 GBT 14 4 13
BRFSS 2024 yes 8,978 0.211 GBT 19 5 24

Synthea-inspired no 2,000 0.300 GBT 20 4 14
UCI Adult Income no 9,045 0.248 LR 10 3 9
Folktables ACS-Income no 4,000 0.410 LR 10 3 6
Statlog German Credit no 200 0.700 LR 11 2 4

UCI Heart Disease retains only one admissible level under m30, so no
partition contributes two levels and Eq. 1 of the main text has no value.
Its row is retained because non-evaluability is a reportable outcome, not
a missing number.
Correcting an error in our earlier analysis: the cohort models are not all
gradient-boosted trees. Seven of ten are; Adult Income, ACS-Income and
German Credit are logistic regression.
Source: model provenance.json.

S3. Cohorts and model provenance

List of abbreviations

AUROC: area under the receiver operating characteristic curve; BRFSS: Behavioral

Risk Factor Surveillance System; EHR: electronic health record; GBT: gradient-

boosted trees; LR: logistic regression; NHANES: National Health and Nutrition

Examination Survey; NHIS: National Health Interview Survey.
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