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Abstract. Age-dependent performance disparities in medical image clas-
sification often arise because age acts as a confounder, linking imaging
morphology with disease prevalence. In practice, disparities can manifest
as overdiagnosis at ages where disease prevalence is higher and under-
diagnosis at ages where prevalence is lower, and can become more pro-
nounced under train—test shifts in the age distribution. Conventional mit-
igation approaches that enforce strict age invariance may suppress diag-
nostically meaningful information encoded in age. We therefore propose a
robust framework that mitigates the effects of age-dependent confound-
ing by targeting first-order, label-conditioned age—error trends rather
than enforcing invariance. Following a warm-up phase, we characterize
model-perceived difficulty and model its age-dependent trends in a label-
conditioned manner. We decorrelate age from dominant age—difficulty
trends using robust, Huber-weighted affinity weights, attenuating con-
founding driven shortcuts while preserving clinically meaningful, non-
linear age information. We further introduce an Age Coverage Score that
scales the decorrelation penalty by mini-batch age variance to ensure
stable optimization under limited age diversity. Across two radiology
datasets, our approach reduces age-dependent true- and false-positive
disparities with minimal AUC impact and remains robust to increasing
train—test age distribution shifts.
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1 Background and Related Work

Deep neural networks in medical imaging often rely on shortcuts—readily avail-
able cues such as age—to reduce training error rather than learning true disease
markers [6,22]. Age can act as a confounder because it is associated with both
imaging morphology (input appearance) and disease prevalence (label distri-
bution), encouraging models to use age-linked signals instead of subtle patho-
logical features [3,19]. The resulting confounding effects appear as systematic
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age-dependent shifts in operating characteristics, with true- and false-positive
rates (TPR/FPR) varying across the age spectrum [8,21]. Despite this, most
age confounding—mitigation approaches discretize age or remove it from the fea-
ture space, with limited work examining how such schemes affect model perfor-
mance [4]. In this context, enforcing strict age invariance is often undesirable,
since age also encodes clinically meaningful variation, motivating approaches
that selectively mitigate spurious age dependencies rather than removing age in-
formation entirely [5]. These challenges are further exacerbated under train-test
shifts in patient age, which commonly accompany prevalence changes [7].

We propose a framework that mitigates age-dependent confounding effects
by targeting spurious age-linked trends while preserving higher-order age infor-
mation. Our approach applies a decorrelation that prevents simple age-based
trends from distorting learning dynamics, effectively flattening the dominant
age-related slope across the age spectrum. This “one-slope” strategy is less sen-
sitive to the particular age distribution in the training set and remains effective
under train—test age shifts. To handle limited age diversity within mini-batches,
we incorporate an Age Coverage Score that adaptively scales the penalty based
on batch-wise age variance. Evaluations on two chest X-ray benchmarks under
varying train-test age distribution shifts show that our method reduces age-
dependent TPR/FPR disparities while maintaining diagnostic accuracy.

2 Method

We consider a radiological finding prediction task and propose a regularization
framework that modulates age-dependent trends in training dynamics. Rather
than enforcing strict age invariance in representations, our approach targets
label-conditioned linear age—error trends during learning. We quantify the train-
ing dynamics for each sample i via the gradient magnitude g;. Under stan-
dard binary cross-entropy loss (Lpcg), the logit-gradient magnitude is g; =
|0LBer/04;| = |pi — yi|, where £; is the logit, p; € [0,1] is the predicted prob-
ability, and y; € {0,1} is the ground-truth label [18]. Thus, g; is a bounded,
label-conditioned proxy for the model’s current prediction error, requiring no
gradient hooks or explicit backward-pass interventions. This provides a bounded
[0, 1] proxy for model-perceived difficulty that remains computationally efficient.

2.1 Empirical Motivation

Following a model warm-up phase (one-epoch), we analyze the conditional ex-
pectation E[g | Age,y] and observe a strong linear dependence on age across
the radiology datasets (Fig. 1), with Pearson correlation coefficients |r| > 0.9.
Specifically, when disease is present (y = 1), samples from older patients are,
on average, "easier” (lower g;) for the model than those from younger patients;
conversely, when disease is absent (y = 0), older patients represent more dif-
ficult samples. These trends mirror the empirical age-dependent confounding
effects in these datasets—namely, reduced true-positive rates (under-diagnostic)
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Fig.1l. Empirical age—difficulty trends at warm-up. Age-conditioned mean
model-perceived difficulty g at warm-up, averaged over five seeds. Points show age-
bin means (£SEM); curves show E[g | Age,y] (red: y=1, green: y=0), matching the
observed lower TPR/FPR at younger ages and higher TPR/FPR at older ages [8, 21].

for younger patients and elevated false-positive rates (over-diagnostic) for older
patients, suggesting that age is associated with systematic variation in prediction
error and operating characteristics [§].

Although the strength and direction of this trend may vary across cohorts
(e.g., pediatric vs. geriatric dominant), the consistent presence of monotonic
age—difficulty relationships can distort training dynamics and induce systematic
bias [8]. This motivates an intervention that suppresses dominant age-linked
error trends associated with these disparities, rather than enforcing strict age
invariance that may remove clinically meaningful information [22].

2.2 Weighted Slope Penalty

Motivated by the observed label-conditioned age—difficulty relationship, we model
the interaction between normalized age z; and model-perceived difficulty g; as:

where parameters are estimated independently for each label y; € {0, 1}. Rather
than enforcing full statistical independence, we impose a weaker constraint by
decorrelating z and g. This is implemented by penalizing the squared estimate
of the age—difficulty slope 3,, within each mini-batch. This approach attenuates
first-order linear age—error trends without enforcing full age invariance.
Directly penalizing 5; (decorrelation) is often unstable, as g; inherently re-
flects clinical variability and annotation noise. Therefore, unweighted decorre-
lation risks penalizing highly informative samples or inducing optimization in-
stability. We address this by estimating slopes via a Weighted Ordinary Least
Squares (WOLS) formulation, where each sample is weighted by its trend affin-
ity—a measure of alignment with the dominant age—difficulty relationship. Trend
affinity is estimated once immediately after warm-up using label-conditioned
Huber regression on the full training set and then kept fixed, since early gradi-
ents best reflect relative difficulty while later gradients shrink and yield noisier
re-estimates [1]. Moreover, Huber regression residuals at convergence provide
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per-sample weights equivalent to a WOLS solution [12,9]. Specifically, for each
sample 7, we compute the residual r; from the Huber fit:

T = 9i — (CAY% + Byizi)’ (2)

which measures the deviation from the fitted trend. Influence weights w; are
then derived from a robust scale estimate ¢,, of the residuals:

la ‘7“1" S 5yw
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Samples within a central residual band receive full weight, while those far-
ther from the trend are smoothly downweighted. Consequently, mini-batch slope
penalization primarily acts on samples participating in the systematic linear
age—difficulty dependence, reducing the risk of unstable updates or training col-
lapse when decorrelating across all gradients. In our experiments, d,, was set to
the median absolute deviation (MAD) of the residuals, a standard robust scale
estimator in Huber-type regression and weighted least squares [12,9]. It is used
here as a robust default rather than a uniquely optimal scale choice, and controls
how aggressively off-trend samples are downweighted.

2.3 Batch-level Slope Estimation

During optimization, we estimate the linear age—difficulty trend within each
mini-batch B, calculated separately for each class y € {0,1} using the trend-
affinity weights w;. Let By = {i € B | y; = y} denote the subset of batch samples
with label y. The WOLS estimate of the batch-level slope, Bw is given by the
ratio of the weighted age—difficulty covariance to the weighted age variance [10]:

3, = ZiEB’y w; (2 — Hzy) (95 — Kg,y) (4)
Y Zz‘eBy w; (2 — fhzy)? 7
where p,, and pg4, are the weighted batch means of normalized age and
model-perceived difficulty:

- Dien, WiZi - Dien, Widi (5)
zy T T~ . 9y = N~ o
ZieBy Wi ZiGBy Wy
We define the corresponding trend regularization term for each class as:
Eslope,y = ﬂ; (6)

By minimizing this penalty, the model is encouraged to reduce reliance on
dominant linear age-based shortcuts linked to age during training. Because g; is
derived from the model output p;, the penalty is fully differentiable, allowing for
direct modulation of training dynamics.
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2.4 Age Coverage Modulation

To account for the reliability of batch-wise slope estimation, we introduce an Age
Coverage Score C € [0, 1], which quantifies the age diversity within a mini-batch.

We define C' as the normalized variance of the normalized age values {z;} Y ;:
N
1 5 _ Var(z)
Var(z) = N;(ZZ z)%, C = TT— (7)
where N is the mini-batch size, z is the batch mean and Var,., = 0.25 is

the theoretical maximum variance for z € [0,1] [2]. Higher C indicates broader
age coverage and more reliable slope estimation within a mini-batch. In the
objective below, we compute this score within each label subset, yielding a label-
conditioned coverage score C,.

We incorporate this score into a coverage-aware objective:

Ltotal = EBCE + A Z Cy Eslope,y (8)
ye{0,1}

This modulation downweights decorrelation updates when age coverage is lim-
ited, improving robustness under age imbalance and train—test age distribution
shifts. Consequently, this coverage-aware modulation ensures that the model
only reduces the age—difficulty slope toward zero when the mini-batch provides
a representative sample of the underlying age distribution. By basing the penalty
on sufficient evidence of a trend, the framework maintains stable fairness miti-
gation that is inherently less sensitive to the specific demographic compositions
encountered during train—test distribution shifts.

3 Experiment Details

3.1 Datasets and Distribution Shift

We evaluate our framework on the most prevalent findings in two benchmark ra-
diology datasets: CheXpert Pleural Effusion (CXP PE) [13] and MIMIC-
CXR Cardiomegaly (MIMIC-CXR Car) [14], which exhibit some of the
strongest age-related unfairness [8]. To conduct experiments with shifted age dis-
tributions between training and testing environments, we first establish a strict
patient-level split. We then apply an age-based exponential sampling scheme to
generate refined splits with skewed age profiles. For a sample with normalized
age z € [0,1], the sampling weights for the training and testing pools (w;, and
Wie) are:

Wy X ev(sztr)’ Wie X e*v(szte)’ (9)

where the training pivot by, is set at the 25th percentile and the testing pivot
bse at the 75th percentile of the dataset age distribution.

As shown in Fig. 2, we utilize three shift intensities v € {0,4,8}. As v in-
creases, the training set is drawn increasingly from a younger population while
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Fig. 2. Sampling-induced age distribution shifts. Training (blue) and test (or-
ange) age densities for v € {0,4,8}. Larger v yields stronger age shifts. Dashed lines
show prevalence as a function of age in train (blue) and test (orange).

the test set shifts toward an older cohort. This creates a challenging stress test
scenario with significant covariate shift, as the model is evaluated on a popu-
lation with higher disease prevalence and increased morphological complexity
than observed during training. Finally, 10% of the training pool is reserved as a
distribution-consistent validation set for hyperparameter tuning.

3.2 Experimental Setting

We use DenseNet-121 [11] for all experiments across both datasets. Models are
trained for 30 epochs on a single NVIDIA GeForce RTX 3090 with batch size
64 and initial learning rate 0.001 using Adam optimizer [15]. Results are aggre-
gated over five random seeds. The test operating point is selected by maximizing
Youden’s J on the validation set [8, 5]. The regularization coefficient A = 1.2 was
selected on the validation set to balance the reduction in ASep,, against the
AUC drop relative to ERM [17, 5].

3.3 Evaluation Metrics

To evaluate mitigation, we assess fairness improvement using a continuous-age
analogue of Equalized Odds [24] that captures age-dependent TPR and FPR
disparities at a fixed operating point selected on the validation set. Following
prior work [3, 23], we use the separation metric to quantify systematic age-related
performance disparities.

Age dependence is estimated by fitting logistic models of age separately to
positive (y = 1) and negative (y = 0) samples, yielding coefficients s™ and s~
that capture structured age-dependent variation in TPR and FPR, respectively.
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Table 1. Age-separation metrics (|S*|,|S™|, ASep,,) across shift strengths v €
{0,4,8}. Lower values indicate superior fairness. |S¥| values are scaled by 1072 and
averaged over five runs with standard error. Bold denotes the best result; underlined
the second best.

Method Dataset, =0 v=4 v=8 AS Avg %
ST IS ASepa() IS IS ASepg(h) ST IS| asepln) oo )
ERM 2314004  3.58+0.03 3221027 2114005 3.49+0.06 32.262020 2.04£0.02 3.54£0.06 32.31+0.21 32.26+0.22
ReSampled 2.00£0.05 3.40+0.03 30.90£0.36 2.42+0.08 3.75+0.07 36.13x0.31 2.69£0.04 3.75£0.04 38.04+0.35  35.024+0.32
Adv MIMIC-CXR1.31£0.02  2.62+0.06 21.73+0.32 1.95£0.05 3.44:+0.03 30.95+0.30 2.04£0.06 3.54+0.04 32.22+0.26  28.30+0.26
JTT (Car) 1.4240.03  2.9240.05 24.23+0.25 1.67+0.03 3.3140.07 28.274031 1.97+0.02 3.3240.06 30.28+0.28 27.60+0.28
GDRO 1.0140.03 2.8440.04 21.2640.30 1.67+0.04 3.364+0.03 28.59+0.27 2.42+0.03 3.72+0.04 35.93+0.34  28.59+0.27
Our 0.84+0.03 2.42+0.05 17.69+0.31 1.02+0.03 2.84+0.06 21.30+0.28 1.36+0.05 2.86+0.06 23.48+0.25 20.82+0.24
ERM 1.35+£0.02  1.89+0.03 17.59+0.14 1.30+£0.03 1.99+0.06 17.89+0.14 1.59+0.02 1.76+0.05 18.21+0.19 17.90+0.17
ReSampled 1.004+0.02  1.33£0.03  12.30+0.17  0.9240.03 1.47+0.05 12.69+0.16 1.30+£0.01 1.53+0.02 15.58+0.21  13.52+0.21
Adv CXP 0.86+0.03 1.37+0.06 11.82+0.15 1.06+0.03 1.39+0.07 13.01+0.18 1.41+0.02 1.84+006 17.60+0.23 14.14+0.19
JTT (PE) 0.73+0.03 1.50+0.05 11.82+0.24 1.10+0.04 1.40+0.04 13.28+0.21 0.81+0.02 1.69+0.07 13.294024 12.80+0.21
GDRO 0.94+0.01 1.4140.05 12.464+0.16 1.12+0.03 1.5940.05 14.5540.19 1.52+0.04 1.5240.06 16.44+0.22 14.49+0.22
Our 0.56+0.02 0.89+0.07 7.51+0.14 0.54+0.03 0.85+0.06 7.19+0.15 0.88+0.03 0.80+0.06 8.76+0.23 7.82+0.18

We report |sT| and |s™| as the magnitudes of these effects. Further, the separa-
tion coefficient is defined as Sep = % (|s™|+ |s~|). For interpretability, we report
fairness as the relative change per decade of age [3],

ASep, = exp(Sep - Aa) — 1, Aa = 10 years. (10)

We further analyze the AUC (and AAUC)-ASep,, trade-off in the classical
fairness—accuracy setting [17], particularly as v increases.

3.4 Comparison with Existing Methods

Our approach is compared against Empirical Risk Minimization (ERM) and
other baselines: JTT [16], which upweights samples misclassified in an initial
training stage; Resampled Batch [3], which enforces a uniform age distribution
per mini-batch; GroupDRO [20], which performs worst-group reweighting over
age-defined groups (10-year age bins, matching the ASep;, metric) and Adver-
sarial Training (Adv) [3], uses a gradient-reversal adversarial head trained with
a mean squared error objective.

4 Results and Discussion

Table 1 reports ASep;,(%), defined as the percentage relative change in TPR
and FPR per decade of age, across shift strengths v € 0,4,8 (lower is better).
Across both datasets, our method achieves the lowest ASep,, at all v, indicating
consistently reduced age dependence.

On MIMIC-CXR (Car) and CXP (PE), our method attains average ASep;, (%)
of 20.82% and 7.82%, yielding relative reductions of ~35% and ~56% over ERM
(32.26%, 17.90%). With increasing age shift, several mitigation baselines degrade
substantially; notably, age-invariant adversarial training on MIMIC-CXR. wors-
ens from 21.73% (v=0) to 32.22% (y=8), approaching ERM-level fairness and in
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Fig. 3. AUC (%) vs. ASep;o(%) on two datasets. Marker shape encodes v € {0,4, 8};
error bars show Standard Error. Our method (blue) achieves the best fairness—
performance trade-off. AAUC relative to ERM AUC (mean £ SE, avg. over 7) below.

Table 2. Ablation study evaluated with ASep,,(%) and AUC (%) across shift strengths
~v € {0,4,8}, examining the contributions of trend affinity and coverage score. The
Reference row corresponds to the full model with both components enabled.

y=0 y=4 y=8 Avg Avg

Method
Al % A
ASepm(%)  AUC (%) ASeprs (%) AUC (%) ASepry (%) AUC (%) 5P () AUC (%)

W/O Trend Affinity  18.02+0.23 78.24+0.25 21.71+0.28  75.98+0.22 24.01+£0.29 75.18+0.26 21.25+0.32  76.47+0.24
W/O Coverage Score 19.41+0.26  78.81+0.21  23.87+0.31  76.31+0.18  25.13+0.27  75.53+0.20  22.80+0.29  76.88+0.23
Reference 17.69+0.23 78.99+0.21 21.30+0.26 76.53+0.25 23.48+0.28 75.98+0.27 20.82+0.24 77.17+0.24

some cases matching or underperforming ERM. In contrast, our method degrades
more gradually (17.69% — 23.48% on MIMIC-CXR) and remains comparatively
stable on CXP (7.51% — 8.76%).

Fig. 3 shows the AUC-ASep,, trade-off. All methods exhibit expected AUC
decline with increasing -y, but most fairness baselines incur large performance
losses (e.g., JTT: —2.76 £+ 0.05 on MIMIC-CXR; —3.62 & 0.05 on CXP). Our
method achieves the most favorable trade-off, consistently attaining the lowest
ASep;, with the smallest AUC drop (—0.34 £+ 0.02 on MIMIC-CXR; —0.15 £
0.03 on CXP). Table 2 evaluates trend affinity and coverage on MIMIC-CXR.
Removing either component degrades fairness and slightly reduces AUC, con-
firming complementarity. Eliminating coverage causes the largest fairness drop
(Avg. ASep;o(%) = 22.80%), while removing trend affinity yields a smaller but
consistent degradation (21.25%), both increasingly pronounced under stronger
shift. Neither ablation matches the full model. While these results support the
proposed components, the method targets first-order linear age—error trends and
does not explicitly model nonlinear or multimodal effects. The parameters A, d,,
and warm-up duration remain task-dependent, and fixed post-warm-up affinities
may miss later-emerging trends.
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5 Conclusion

Age-dependent confounding is a critical source of systematic bias in medical im-
age classification, with age-linked prediction-error trends associated with harmful
diagnostic disparities under distribution shift. We address this by attenuating
linear age—difficulty shortcuts without enforcing strict age invariance. Across two
radiology datasets, our framework reduces age-dependent TPR/FPR disparities
with minimal AUC impact and provides robust fairness mitigation under in-
creasing train—test age distribution shifts.
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