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Abstract 

Identifier loss complicates advertising measurement, while job recommenders must balance utility and opportunity. We 
linked two separate tracks through conservative selection: randomized Criteo Uplift v2.1 for intention-to-treat estimation 
and FairJob for identifier-free ranking and proxy-group audit. S-HGB achieved test Qini 4.689×10⁻³, top-decile uplift 
6.746 points, and top-20% gain 0.974 points; a lower-confidence-bound rule treated 30% and gained 1.007 points. 
FairJob's best PR-AUC was 0.00833. Proxy penalization raised MRR from 0.574 to 0.585 but widened group disparity 
from 0.023 to 0.071, so deployment was rejected. Evidence cards quantified local faithfulness without interpreting 
anonymized fields. Calibration and gating supported identifier-free decisions, but predictive parity did not ensure fair 
ranking. 
 
Keywords: Uplift Modeling; Heterogeneous Treatment Effects; Off-Policy Evaluation; Job Recommendation; Ranking 
Fairness; Causal Calibration; Privacy-Preserving Advertising; Conservative Policy Selection; Explanation Faithfulness. 

 
Abstrak 

Hilangnya pengenal (identifier loss) mempersulit pengukuran efektivitas periklanan, sementara sistem rekomendasi 
pekerjaan harus menyeimbangkan manfaat (utility) dan kesempatan yang adil. Kami menghubungkan dua jalur penelitian 
yang terpisah melalui seleksi konservatif, yaitu Criteo Uplift v2.1 yang diacak untuk estimasi intention-to-treat dan 
FairJob untuk pemeringkatan tanpa pengenal (identifier-free ranking) serta audit kelompok proksi (proxy-group audit). 
Model S-HGB mencapai nilai Qini pada data uji sebesar 4,689 × 10⁻³, top-decile uplift sebesar 6,746 poin, dan top-20% 
gain sebesar 0,974 poin; aturan lower-confidence-bound dengan perlakuan terhadap 30% populasi menghasilkan 
peningkatan sebesar 1,007 poin. Pada dataset FairJob, nilai PR-AUC terbaik yang dicapai adalah 0,00833. Pemberian 
penalti berbasis kelompok proksi (proxy penalization) meningkatkan Mean Reciprocal Rank (MRR) dari 0,574 menjadi 
0,585, namun juga memperlebar disparitas antarkelompok dari 0,023 menjadi 0,071, sehingga model tersebut tidak 
direkomendasikan untuk diterapkan. Evidence card digunakan untuk mengukur tingkat kesetiaan penjelasan lokal (local 
faithfulness) tanpa menginterpretasikan atribut yang telah dianonimkan. Kalibrasi dan mekanisme gating mendukung 
pengambilan keputusan tanpa menggunakan pengenal, tetapi kesetaraan prediktif (predictive parity) tidak menjamin 
keadilan dalam proses pemeringkatan. 
 
Kata Kunci: Pemodelan Uplift; Efek Perlakuan Heterogen; Evaluasi Off-Policy; Rekomendasi Pekerjaan; Keadilan 
Pemeringkatan; Kalibrasi Kausal; Periklanan yang Menjaga Privasi; Seleksi Kebijakan Konservatif; Kesetiaan 
Penjelasan (Explanation Faithfulness) 
 
A. INTRODUCTION 
Identifier loss shifts advertising toward causal response 
estimation, while job ranking must assess utility and 
opportunity. Uplift policy [1], conditional response ranking 
[2], and cookieless experiments [3] motivate evidence-
based action or abstention. 

FairJob provides a behavioral proxy and randomized 
positions [4]; Criteo derives from randomized advertising 
experiments [5]. The FairJob artifact is documented 

separately [6]; Criteo v2 corrected treatment-ratio leakage 
[7] and v2.1 was distributed in 2024 [8]. Criteo identifies 
auction-participation ITT, whereas FairJob randomizes 
position, so the datasets remain separate. 

Heterogeneous-effect learners [9], doubly robust pseudo-
outcomes [10], uplift ranking [11], offline slot-policy 
evaluation [12], [13], conservative selection [14], and 
counterfactual ad ranking [15] motivate validation-only 
model choice. 

https://journal.jci.co.id/jisbt
mailto:c.yang.cs@gmail.com
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Calibration [16], isotonic correction [17], imbalance [18], 
rejection [19], confidence fusion [20], and model-risk 
workflow [21] require separate ranking/reliability audits. 
Counterfactual control [22], policy learning [23], safe 
fallback [24], allocation success [25], constrained bidding 
[26], and response budgeting [27] motivate abstention and 
fixed reach; these are governance analogies, not advertising 
evidence. 

Fairness targets opportunity [28], classification [29], 
exposure [30], and attention [31]. Demographic-free 
methods [32], [33] are partial; career-ad, delivery, and 
auction evidence [34], [35], [36] refutes intent as a parity 
guarantee. Private bidding, attribution, identifier-loss 
budgeting, and calibrated matching [37], [38], [39], [40] 
need separate privacy, utility, and fairness audits. 

Identifier-free representation [41] remains drift-sensitive 
[42]. Recommendation and attribution [43], [44], [45] 
complement faithfulness tests [46], [47], [48]. Evidence-
centered RAG and operations [49], [50], [51], [52], [53], 
[54], tickets [55], and incident cards [56] motivate 
inspectable support. Review-grounded recommendation 
[57], cards [58], rubric scoring [59], rationales [60], and 
editable briefs [61] motivate deterministic schemas, not 
benchmark effects. 

We contribute calibrated Criteo targeting, user-disjoint 
FairJob auditing, and rejection-capable evidence, joined 
only for policy selection and explanation (Figure 1).. 

 
Figure 1 Figure 1. Two-Track Study Workflow Linking Causal 
Uplift Estimation And Fair Job Ranking To Conservative Policy 

Selection And Constrained Explanations. 

B. METHODS 
Data, Estimands, And Quality Control 
Table 1 summarizes Criteo's 13,979,592 randomized rows, 
12 pre-treatment covariates, visit/conversion outcomes, 
and audit-only exposure. FairJob supplied 1,072,226 rows 
with 13 categorical, 35 numerical, and senior inputs. IDs 
served only splitting/evaluation; proxy, rank, and random-
display flag were excluded. 
FairJob covered 30,361 users, 224,898 impressions, and 
57,355 products; 105,869 randomized rows covered 21,962 
impressions and 766 clicks. Excluding 197 contradictory-
proxy users left 1,049,707 rows (Table 2). 
Table 1.  

Table 1 Dataset Profiles And Identifier Use. 

Dat
aset Rows 

C
ols
. 

Arc
hive 
(Mi
B) 

Pri
mar

y 
outc
ome 
(%) 

Secon
dary / 
senio
r (%) 

Rando
mized 
/ audit 

(%) 

IDs 
in 

mod
els 

Crit
eo 

Upli
ft 

v2.1 

13,97
9,592 16 297.

0 
4.69

9 0.292 85.000 
No 

identi
fiers 

Fair
Job 

1,072,
226 56 181.

9 
0.69

8 
66.55

9 9.874 
No 

identi
fiers 

 
Deterministic Partitions And Preprocessing 
SplitMix64 seed 202410 assigned Criteo 70/15/15; 
modeling used 2M/1M/full-test samples. User hashing 
produced impression-disjoint FairJob splits. Categorical 
inputs used leave-one-out target encoding (smoothing 100) 
and log frequency (Table 2). 

Table 2 Experimental Partitions And Modeling Sample Sizes. 

Datas
et Partition Assigne

d rows 
Modele
d rows 

Positi
ve 

rate 
(%) 

Treatme
nt / 

group 1 
(%) 

Criteo 
Uplift 
v2.1 

Train 
assignme

nt 

9,781,6
93 

2,000,0
00 4.699 85.004 

Criteo 
Uplift 
v2.1 

Validatio
n 

2,096,8
91 

1,000,0
00 4.698 84.981 

Criteo 
Uplift 
v2.1 

Test 2,101,0
08 

2,101,0
08 4.701 85.001 

FairJo
b Train 738,116 738,116 0.710 49.677 

FairJo
b 

Validatio
n 158,211 158,211 0.650 51.611 

FairJo
b Test 153,380 153,380 0.793 52.003 

Note. Excluding 197 contradictory-proxy users removed 
22,519 rows from modeling; the source profile retained 
them. 
 
Criteo Effect Learners And Calibration 
Seven rankings included random control. S-linear used 
averaged logistic SGD with treatment interactions (alpha 
2×10⁻⁶; 60 epochs); S-HGB used one surface, T-HGB 
separate arms, X-HGB imputed effects, and DR-HGB a 
clipped [-0.25,0.25] pseudo-outcome. HGB used rate 0.08, 
65 iterations, 31 leaves, L2=1, early stopping, and 
minimum leaves 150/100. 

An isotonic [-0.10,0.10] map fitted 500,000 validation 
pseudo-outcomes. CECE used ten bins; AUUC integrated 
inverse-propensity uplift; Qini removed random allocation. 
Treat-none anchored value; 200 recentered 150,000-record 
bootstraps supplied intervals. Regime-shift forecasting [62] 
likewise separates ranking from uncertainty. 
 
Conservative advertising policy 

Validation Qini selected the learner. Contiguous deciles 
with uplift-1.96SE>0 were locked for test; fixed 5%–100% 
budgets formed Figure 4. 
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Fairjob Models, Policy Selection, And Audits 
FairJob compared random, elastic-net, ID-free, reweighted, 
random-display, and proxy-penalized HGB. HGB used rate 
0.08, 80 iterations, 31 leaves, leaf minimum 120, L2=1, and 
early stopping. A 500,000-row proxy achieved AUC 
0.53487. Scores subtracted lambda d(ahat-mean(ahat)), 
lambda in {0,0.1,0.25,0.5,1,1.5}, without proxy inference. 
Feasibility required score/ECE gaps ≤0.0001/0.001 and 
MRR ≥98% baseline; maximum MRR won with smaller-
lambda ties. Cold-start [63] and calibrated refusal [64] 
motivate caution. 

Metrics were ROC/PR-AUC, loss, Brier, ECE, top-1% 
gaps, and randomized MRR, hit@1, NDCG@3, senior 
share, and group gaps. Imbalance studies [65], [66] 
motivate PR-AUC/threshold audits. The 104 clicked 
impressions used 200 user-cluster bootstraps; fairness 
failure precluded deployment. 
 
Evidence Cards And Reproducibility 
Median replacement on 1,000 cases per dataset identified 
three largest score changes; concentration and decision 
flips measured faithfulness. Rendering barred invented 
semantics, identities, or mechanisms. Refusal [67], 
rationales [68], verification [69], risk cards [70], guardrails 
[71], and claim ranking [72] are parallel controls. Tables 
12–13 and Figure 9 report diagnostics.. 
 
C. RESULTS AND DISCUSSION 
Assignment Effects And Criteo Uplift Ranking 
Across 11,882,655 treated and 2,096,937 control records, 
visit rates 4.85434%/3.82010% yielded 1.03424-point ITT; 
conversion ITT was 0.11519 points, and all 428,212 
exposures followed assignment (Table 3). 
 

Table 3 Criteo Randomized-Assignment Outcome Rates. 
Outcome Treated (%) Control (%) Difference (pp) 

visit 4.854 3.820 1.034 
conversion 0.309 0.194 0.115 
exposure 3.604 0.000 3.604 

 
Validation selected S-HGB (Qini 5.09582×10⁻³). Test Qini 
was 4.68923×10⁻³, top-decile uplift 6.74603 points, and 
top-20% gain 0.97428 points; competing results are in 
Table 4 and Figure 2. Treated-response ranking was 
noncausal and excluded. 

 
Figure 2 Criteo Cumulative Uplift Curves On The Held-Out Test 

Set. 

Table 4 Criteo Uplift Ranking And Held-Out Policy 
Performance. 

Mod
el 

Valid
ation 
Qini 

x 
1,000 

AU
UC 
x 

1,0
00 

Tes
t 

Qin
i x 
1,0
00 

To
p-
10
% 
vis
it 

upl
ift 
(p
p) 

Top-
10% 

conve
rsion 
uplift 
(pp) 

To
p-
20
% 
val
ue 
(%
) 

Val
ue 
95
% 
CI 

Ga
in 
vs. 
no
ne 
(p
p) 

S-
HGB 

5.095
8 

9.8
249 

4.6
892 

6.7
46 0.779 4.8

02 

[4.6
39, 
4.9
94] 

0.9
74 

X-
HGB 

4.823
8 

9.4
968 

4.3
611 

6.4
46 0.737 4.7

77 

[4.5
87, 
4.9
63] 

0.9
49 

DR-
HGB 

4.570
4 

9.2
152 

4.0
795 

6.0
77 0.679 4.7

39 

[4.5
86, 
4.9
09] 

0.9
11 

Resp
onse 
mod

el 

4.558
3 

9.4
745 

4.3
388 

5.4
25 0.855 4.7

85 

[4.6
74, 
4.9
03] 

0.9
57 

T-
HGB 

4.062
6 

9.1
998 

4.0
641 

6.1
56 0.736 4.7

54 

[4.5
98, 
4.9
26] 

0.9
26 

S-
linea

r 

3.775
9 

8.6
916 

3.5
559 

5.4
08 0.734 4.6

68 

[4.4
54, 
4.8
49] 

0.8
39 

Rand
om 

-
0.176

6 

5.1
396 

0.0
039 

0.9
79 0.127 4.0

15 

[3.8
00, 
4.2
30] 

0.1
87 

 
Calibration And Conservative Advertising Selection 
Isotonic calibration raised S-HGB CECE from 0.24909 to 
0.30446 points (slope 1.20814), despite improving four 
nonselected models (Table 5; Figure 3). Ranking and 
calibration therefore remained distinct. 
 

Table 5 Criteo Causal Calibration Before And After Held-Out 
Calibration. 

Model Raw 
CECE (pp) 

Calibrated 
CECE (pp) 

Calibration 
slope 

Response 
model 4.0405 0.1183 0.9166 

Random 1.0346 0.1739 0.1539 
DR-HGB 1.1021 0.1882 1.1686 
X-HGB 0.3183 0.2575 1.2587 
S-linear 0.5179 0.2628 1.0588 
T-HGB 0.3005 0.2894 1.2218 
S-HGB 0.2491 0.3045 1.2081 
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Figure 3 Criteo Predicted-Versus-Observed Causal Calibration. 

At 30% reach, the rule achieved 4.83459% value (95% CI 
4.68840%–5.01739%) and 1.00655-point gain, 98% of 
full-treatment gain (Table 6; Figure 4). This visit frontier 
excludes costs, time, and protected labels; planning [73], 
placement [74], and drift [42] remain separate constraints. 
Table 6. Conservative Criteo policies under treatment-
budget constraints. 
 

Table 6 Conservative Criteo Policies Under Treatment-Budget 
Constraints. 

Policy Selected 
(%) 

Visit 
value (%) 

Value 
95% CI 

Gain vs. 
none (pp) 

Top 5% 5.000 4.626 [4.399, 
4.828] 0.798 

Top 10% 10.000 4.759 [4.537, 
4.985] 0.931 

Top 20% 20.000 4.802 [4.601, 
4.974] 0.974 

Top 30% 30.000 4.835 [4.684, 
5.003] 1.007 

Top 50% 50.000 4.843 [4.710, 
4.994] 1.015 

Top 100% 100.000 4.855 [4.756, 
4.958] 1.027 

LCB-
gated 

deciles 
30.000 4.835 [4.688, 

5.017] 1.007 

 

 
Figure 4 Criteo conservative policy frontier across treatment 

budgets. 

FairJob prediction, ranking, and fairness generalization 

FairJob's 7,489 clicks yielded 0.69845% prevalence; proxy 
rates 0.72932%/0.66758% reversed to 
0.71839%/0.72870% under randomized display, while 
inclusion was nonrandom. Random-display HGB led PR-
AUC 0.008328 and linear led ROC-AUC 0.518728. A 
1.58×10⁻⁸ score gap coexisted with 0.00912/0.00249 top-
1% TPR/selection gaps (Tables 7–8; Figure 5). 

 
Table 7 Fairjob Click-Prediction And Probability-Calibration 

Performance. 

Model ROC-
AUC 

PR-
AUC 

Log 
loss Brier 

ECE 
(15 

bins) 
Random-
display 
HGB 

0.5186 0.0083 0.0464 0.0079 0.0014 

ID-free 
linear 0.5187 0.0083 0.0464 0.0079 0.0014 

Proxy-
penalized 

HGB 
0.5090 0.0082 0.0464 0.0079 0.0014 

Rank-
aware audit 0.4966 0.0080 0.0464 0.0079 0.0014 

Random 
ranking 0.4944 0.0079 0.0464 0.0079 0.0014 

ID-free 
HGB 0.4969 0.0079 0.0464 0.0079 0.0014 

Protected-
aware audit 0.4964 0.0079 0.0464 0.0079 0.0014 

Reweighted 
HGB 0.4964 0.0078 0.0464 0.0079 0.0014 

 

 
Figure 5 Fairjob Calibration By Protected-Proxy Group. 

  
Table 8 Fairjob Groupwise Predictive And Selection-Rate 

Fairness Audit. 

Model 

PR-
AU
C 

G0 

PR-
AU
C 

G1 

ECE 
G0 

ECE 
G1 

Mea
n-

scor
e 

gap 

To
p-

1% 
TP
R 

gap 

Selecti
on-rate 

gap 

Rando
m 

ranking 

0.00
72 

0.00
90 

0.00
14 

0.00
14 

1.32
e-06 

0.0
17 

5.04e-
04 

ID-free 
linear 

0.00
88 

0.00
80 

0.00
14 

0.00
15 

7.01
e-05 

0.0
02 0.001 

ID-free 
HGB 

0.00
81 

0.00
79 

0.00
14 

0.00
14 

1.58
e-08 

0.0
09 0.002 

Reweig
hted 
HGB 

0.00
79 

0.00
78 

0.00
14 

0.00
14 

5.10
e-07 

0.0
04 0.001 

Rando
m-

display 
HGB 

0.00
83 

0.00
86 

0.00
14 

0.00
14 

4.17
e-06 

0.0
03 

6.72e-
04 

Proxy-
penalize
d HGB 

0.00
92 

0.00
74 

0.00
14 

0.00
14 

7.92
e-08 

0.0
09 0.002 
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Model 

PR-
AU
C 

G0 

PR-
AU
C 

G1 

ECE 
G0 

ECE 
G1 

Mea
n-

scor
e 

gap 

To
p-

1% 
TP
R 

gap 

Selecti
on-rate 

gap 

Rank-
aware 
audit 

0.00
83 

0.00
79 

0.00
14 

0.00
14 

1.97
e-07 

0.0
06 0.002 

Protecte
d-aware 

audit 

0.00
80 

0.00
78 

0.00
14 

0.00
14 

2.10
e-08 

0.0
09 0.002 

Proxy-penalized HGB reached test MRR 0.58535 (95% CI 
0.49861–0.66311) versus 0.57374 baseline/0.52394 
random. Validation MRR rose 0.59399 to 0.63041 at 
lambda=0.10, but test group MRR disparity rose 0.02260 
to 0.07083 and senior disparity 0.02907 to 0.03340; 
deployment was rejected (Tables 9–10; Figures 6–7). 

 

Table 9 Fairjob Ranking On Randomized-Display Test 
Impressions. 

Model 

Clic
ked 
impr

. 

MR
R 

MR
R 

95% 
CI 

Hit
@1 

NDCG
@3 

MR
R 

gap 

Sen
ior 

top-
1 

gap 
Proxy-
penaliz

ed 
HGB 

104 0.58
54 

[0.4
99, 

0.66
3] 

0.44
2 0.5536 0.07

08 
0.03

3 

Reweig
hted 
HGB 

104 0.57
85 

[0.5
03, 

0.65
5] 

0.42
3 0.5609 0.03

42 
0.03

0 

Protect
ed-

aware 
audit 

104 0.57
85 

[0.5
03, 

0.65
5] 

0.42
3 0.5609 0.03

42 
0.02

9 

ID-free 
HGB 104 0.57

37 

[0.5
00, 

0.64
6] 

0.41
3 0.5573 0.02

26 
0.02

9 

Rank-
aware 
audit 

104 0.57
37 

[0.5
00, 

0.64
6] 

0.41
3 0.5573 0.02

26 
0.03

3 

Rando
m-

display 
HGB 

104 0.57
32 

[0.5
15, 

0.64
1] 

0.38
5 0.5733 0.02

87 
0.03

0 

Rando
m 

ranking 
104 0.52

39 

[0.4
57, 

0.60
1] 

0.35
6 0.5103 0.10

36 
0.04

7 

ID-free 
linear 104 0.51

05 

[0.4
39, 

0.58
8] 

0.32
7 0.4888 0.01

55 
0.02

1 

 
Table 10 Validation Sensitivity To The Fairness-Penalty 

Coefficient. 

Lam
bda 

Val. 
RO
C-
AU
C 

Val. 
PR-
AU
C 

Sco
re 
gap 

EC
E 
gap 

Random
ized 
MRR 

MR
R 
gap 

Selec
ted 

0.000 0.49
71 

0.00
66 

8.19
e-
05 

7.57
e-
04 

0.5940 0.04
89 No 

Lam
bda 

Val. 
RO
C-
AU
C 

Val. 
PR-
AU
C 

Sco
re 
gap 

EC
E 
gap 

Random
ized 
MRR 

MR
R 
gap 

Selec
ted 

0.100 0.51
83 

0.00
69 

8.23
e-
05 

7.56
e-
04 

0.6304 0.03
12 Yes 

0.250 0.51
78 

0.00
68 

8.28
e-
05 

7.55
e-
04 

0.6304 0.03
12 No 

0.500 0.51
76 

0.00
68 

8.38
e-
05 

7.54
e-
04 

0.6304 0.03
12 No 

1.000 0.51
75 

0.00
68 

8.56
e-
05 

7.52
e-
04 

0.6304 0.03
12 No 

1.500 0.51
77 

0.00
68 

8.73
e-
05 

7.49
e-
04 

0.6304 0.03
12 No 

 

 
Figure 6 Fairjob Utility-Fairness Pareto Frontier. 

  

 
Figure 7 Fairjob Randomized-Display Ranking Performance By 

Proxy Group. 

Ablations yielded MRR 0.57320–0.57855 (Table 11); 
importance concentrated weakly in anonymized fields, so 
no occupational meaning was assigned (Figure 8). 
Validation gains could not override held-out safety failure. 
 

Table 11 Fairjob Model And Feature-Use Ablations. 

Ablatio
n 

RO
C-
AU
C 

PR-
AU
C 

Log 
loss 

Brie
r 

EC
E 

Rando
mized 
MRR 

Sco
re 

gap 

ID-free 
HGB 

0.49
69 

0.00
79 

0.04
64 

0.00
79 

0.00
14 0.5737 

1.5
8e-
08 
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Ablatio
n 

RO
C-
AU
C 

PR-
AU
C 

Log 
loss 

Brie
r 

EC
E 

Rando
mized 
MRR 

Sco
re 

gap 

Rank-
aware 
audit 

0.49
66 

0.00
80 

0.04
64 

0.00
79 

0.00
14 0.5737 

1.9
7e-
07 

Protect
ed-

aware 
audit 

0.49
64 

0.00
79 

0.04
64 

0.00
79 

0.00
14 0.5785 

2.1
0e-
08 

Rando
m-

display 
HGB 

0.51
86 

0.00
83 

0.04
64 

0.00
79 

0.00
14 0.5732 

4.1
7e-
06 

Reweig
hted 
HGB 

0.49
64 

0.00
78 

0.04
64 

0.00
79 

0.00
14 0.5785 

5.1
0e-
07 

Proxy-
penaliz

ed 
HGB 

0.50
90 

0.00
82 

0.04
64 

0.00
79 

0.00
14 0.5854 

7.9
2e-
08 

 

  
Figure 8 Fairjob Identifier-Free Permutation Feature Importance. 

Identifier removal limits memorization, not exposure 
disparity. FairJob's proxy is unverified, only 104 clicked 
test impressions had randomized position, and inclusion 
remained nonrandomized. Criteo supports benchmark ITT 
allocation, not temporal, profit, or fairness claims; only its 
lower-bound gate passed. 
Explanation diagnostics and computational cost 
All 2,000 cards passed schema checks. Criteo top-three 
perturbations explained 90.9267% of change with 90.4% 
flips; FairJob achieved 74.2208%, median 5.59×10⁻⁷ 
change, and 4.0% flips (Table 12; Figure 9). Evidence cards 
[75], review-grounded recommendation [57], RAG 
provenance [52], and trajectory reliability [76] motivate 
traceability, not perceived quality. 
Table 12.  

Table 12 Validation of evidence-grounded explanation cards. 

Datase
t 

Card
s 

Schem
a pass 
(%) 

Top-3 
evidence 

concentratio
n (%) 

Median 
ablation 
change 

Top-3 
decisio
n flips 

(%) 
Criteo 
Uplift 
v2.1 

1,00
0 

100.00
0 90.927 0.0168147

3 90.400 

FairJo
b 

1,00
0 

100.00
0 74.221 0.0000005

6 4.000 

 

 

  
Figure 9 Explanation-Card Evidence Concentration And 

Perturbation Diagnostics. 

Anomaly detection [77], routing [78], and host narratives 
[79] reinforce the boundary: cards may report scores, 
thresholds, perturbations, and decisions but cannot invent 
semantics. 
The 267.06-second CPU pipeline processed 15,051,818 
records without identifiers or accelerators; Table 13 reports 
stage runtimes. 

 
Table 13 Model-Fitting Runtime And Training Footprint. 

Model / 
stage 

Fit 
time 
(s) 

Records 
processed Implementation note 

Criteo S-
linear 12.93 2,000,000 

SGD logistic model 
with treatment 

interactions 
Criteo S-

HGB 13.71 2,000,000 single nonlinear 
response surface 

Criteo T-
HGB 16.35 2,000,000 

separate treated and 
control response 

surfaces 

Criteo X-
HGB 6.62 2,000,000 

imputed effects with 
propensity-weighted 

combination 

Criteo DR-
HGB 8.58 2,000,000 

doubly robust visit 
pseudo-outcome 

regression 

FairJob ID-
free linear 4.96 738,116 

no user, impression, 
product, rank, or 
protected field 

FairJob ID-
free HGB 8.08 738,116 

target/frequency 
encodings learned from 

training records 
FairJob 

reweighted 
HGB 

28.22 738,116 
capped inverse 

protected-group/click-
cell weights 

FairJob 
random-
display 
HGB 

1.11 73,012 
trained only on 

randomized banner 
positions 

FairJob 
proxy-

penalized 
HGB 

16.35 500,000 validation-selected 
lambda=0.10 

FairJob 
audit 

ablations 
39.18 738,116 

rank-aware and direct-
proxy models are not 

serving candidates 

Complete 
pipeline 267.06 15,051,818 

source records read; 
Python 3.12.13; scikit-

learn 1.8.0 
 
 
D. CONCLUSIONS 
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Only conservative selection transferred. Criteo supported 
randomized ITT: S-HGB ranked uplift best, and the 
validation gate retained three deciles while recovering 
nearly all full-treatment gain; calibration remained 
separate. FairJob supported identifier-free prediction and 
randomized-position auditing, not causal effects. Its 
selected penalty improved MRR but worsened held-out 
disparity, requiring nondeployment. 
Evidence cards constrained prose to scores, thresholds, and 
anonymized perturbations, without replacing causal, 
fairness, or human review. Future work needs costs, 
repeated exposure, validated demographics, larger 
randomized samples, and prospective drift tests; 
confidence gating and abstention remain essential. 
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