Fair to Federate? Two-Sided Prediction of Performance and
Fairness Outcomes in Healthcare Federated Learning

Marina Ceccon
marina.ceccon@phd.unipd.it
University of Padova
Padova, Italy

Gianmaria Silvello
gianmaria.silvello@unipd.it
University of Padova
Padova, Italy

Abstract

Federated learning (FL) has emerged as a promising paradigm for
collaborative healthcare modeling under privacy constraints, yet in-
stitutions currently lack tools to anticipate how joining a federation
will impact predictive performance and fairness. Existing work has
primarily focused on post-hoc fairness mitigation, while overlook-
ing the pre-collaboration decision itself. In this work, we introduce
the Federation Assessment Problem, a two-sided prediction prob-
lem concerned with anticipating how federation would affect both
a candidate institution seeking to join a federation and the insti-
tutions already participating in it, before collaboration occurs. To
address this problem, we propose a two-stage meta-learning frame-
work that predicts changes in performance and fairness metrics
from institution-level metadata. We evaluate the framework on two
healthcare imaging domains, across federations of varying sizes.
Results show that federation-induced changes in both predictive
performance and fairness can be estimated with high accuracy.
The analysis further identifies label bias as one of the strongest
predictors of fairness outcomes across both domains, often rival-
ing or exceeding demographic composition in importance. These
findings demonstrate that informed federation assessment is possi-
ble without raw data sharing and highlight the need to explicitly
measure multiple sources of bias when reasoning about fairness in
healthcare FL.
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1 Introduction

Federated Learning (FL) [27], enables machine learning models
to be trained across distributed data sources without centralizing
raw data. Rather than transferring datasets to a single server, FL
distributes the training process: clients perform local updates on
their private data and share only model parameters or gradients,
which are then aggregated into a global model by the server [25, 52].
Although originally motivated by large-scale mobile and edge-
device scenarios with many small, intermittent participants (cross-
device FL) [27, 52], FL extends to cross-silo settings, where a set
of institutions collaborates on shared tasks while retaining cus-
tody of sensitive data [52]. Healthcare is the canonical cross-silo
case where patient-level clinical data are subject to legal and ethical
constraints that preclude centralized aggregation: regulatory frame-
works such as the General Data Protection Regulation (GDPR) and
the Health Insurance Portability and Accountability Act (HIPAA) re-
strict the transfer and centralized storage of patient records [19, 34].
Moreover, single-site data are typically insufficient for the task.
For instance, rare-disease cohorts at any one institution are too
small to support robust deep learning [25, 41]; site-level case mix
reflects regional demographics, referral patterns, and disease preva-
lence, biasing the empirical distribution and limiting external va-
lidity [50]; and clinical specialisation typically over-represents a
hospital’s focus pathologies while under-representing others [25].
Models trained under these conditions overfit to site-specific sig-
nals and may generalize poorly across centers [50], with the cost of
poor generalization concentrated on the demographic and clinical
subpopulations that are under-represented at the training site. FL
responds to these structural conditions by enabling collaborative
training while preserving data locality [25, 41] and by exposing the
global model to heterogeneity unavailable at any single site.
Empirical work has demonstrated the effectiveness of FL across
a broad range of clinical tasks [2, 4, 13, 24, 33, 36], with federated
models reaching performance comparable to centralized training
while preserving data privacy [38, 41]. Yet these successes mask a
structural difficulty: the same site-level heterogeneity that makes
FL valuable in healthcare also makes its outcomes hard to anticipate.
In the FL literature, this heterogeneity is studied as the non-IID
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condition [1, 28]. Beyond the per-site distributional framing, this
condition has aggregation-level consequences for fairness: local
biases can persist or amplify across communication rounds, and
bias originating from a single client can propagate through the
global model [6, 22, 26].

Distinct sources of bias can shape fairness outcomes in such
federations. Demographic imbalance across clients has received
substantial attention in the FL fairness literature, both as a driver
of disparate performance and as a target for mitigation [14, 32,
53]. Instead, label bias — the systematic mislabeling of training
samples in a way that correlates with a sensitive attribute — has
received no comparable attention in FL. In the healthcare context, a
dominant pattern is the under-diagnosis of pathologies in minority
subgroups, which translates at the data level into a higher rate
of false-negative labels for those subgroups [9, 30]. Evidence from
centralized fairness studies suggests that label bias drives unfairness
more strongly than demographic underrepresentation alone and
that unexpected fairness phenomena can occur in its presence [5,
21], and existing FL work on client-level label noise [18, 43] does
not address the group-targeted form of mislabeling that is most
consequential in healthcare.

Together, these results raise a question that the federation litera-
ture has not addressed directly: given the asymmetric and sometimes
counterintuitive effects of label bias and demographic composition,
how can an institution decide whether to join a federation, and how
can a federation decide whether to admit it, before any training and
without sharing patient-level data? The decision is two-sided, since
the candidate and the current members may have different (and
occasionally opposed) interests [6, 8], and neither party can inspect
the other’s raw data or model weights.

To address this gap, we propose a meta-learning task that for-
malizes the prediction, for each performance and fairness metric
of interest, of the per-client and per-federation gain (or loss) that
would follow if a candidate client joined an existing federation,
using only the high-level summary statistics that the two parties
are willing to exchange.

The main contributions of this work are the following:

(1) We introduce the Federation Assessment Problem in FL, de-
fined as predicting metric-change vectors symmetric be-
tween the candidate client and current federation members.

(2) We propose a two-stage estimation procedure that learns
these metric-change vectors from controlled FL simulations
and a compact set of size, demographic, and label-bias de-
scriptors, without federated training at inference time.

(3) We evaluate the framework in two clinical imaging domains,
multi-disease chest X-ray diagnosis and dermatology im-
age classification, across federations of two, three, and five
clients, and show that performance and fairness changes can
be reliably predicted from both perspectives.

(4) We show that label bias is one of the strongest predictors, on
par with or exceeding demographic composition for fairness
outcomes in both domains.

(5) We show that the candidate and current federation members
can have conflicting interests and that the framework makes
such cases predictable from metadata alone.
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The rest of the paper is organized as follows. Section 2 reviews
related work. Section 3 formalizes the Federation Assessment Prob-
lem and presents the proposed framework. Section 4 describes the
experimental setup and Section 5 presents the experimental re-
sults. Section 6 discusses the implications and limitations of the
proposed approach. Finally, Section 7 concludes the paper and out-
lines future work. Code and supplementary material are available
at https://github.com/marinacecconl/fair_to_federate/.

2 Related Work

Federated learning. FL is a distributed machine learning para-
digm that enables multiple parties to collaboratively train a shared
model without directly exchanging raw data [20, 25, 52]. In a typi-
cal FL setup, participating entities, referred to as clients, optimize
model parameters locally using their private datasets, while a coor-
dinating server aggregates the resulting model updates into a global
model [20, 27]. Existing FL deployments are typically categorized
into cross-device settings, with many intermittently available edge
devices, and cross-silo settings, with fewer stable institutions such
as hospitals, banks, or research centers [20, 48]. Federated learning
can also be categorized according to how data are partitioned across
participants [20, 25]. In horizontal FL, clients share the same feature
space while holding different samples. In vertical FL, clients share
overlapping samples but operate on different feature spaces [19, 25].
We focus on horizontal FL, which is the most common scenario in
healthcare.

Fairness in FL. Recent work has increasingly focused on fairness
in FL, particularly in cross-silo environments where participating
institutions often serve demographically distinct populations [6, 14].
Existing approaches primarily address fairness through modifica-
tions to aggregation procedures, optimization objectives, or training
constraints. Early foundational work by Mobhri et al. [29] intro-
duced Agnostic Federated Learning (AFL), which formulates FL as
a minimax optimization problem over mixtures of client distribu-
tions, thereby promoting robustness and fairness toward worst-
case clients. q-FFL [23] proposed a flexible fairness objective that
reweights clients according to their local losses, enabling explicit
trade-offs between average accuracy and fairness. Recent work by
Cui et al. [10] proposed FCFL, which jointly addresses per-client
demographic fairness and cross-client performance consistency via
constrained multi-objective optimization with Pareto guarantees.

Complementary approaches focus on fairness-aware aggregation
and reweighting strategies such as FairFed [14] and FairFL [53].
Other approaches address fairness through alternative optimization
formulations as FedMinMax [32] and mFairFL [42], which enforces
group fairness via gradient conflict mitigation during aggregation.

Moreover, a growing body of work has examined how bias
emerges and propagates in federated systems. Chang and Shokri [6]
demonstrated that bias from a small number of biased clients can
propagate through aggregation to all parties, improving fairness for
heavily biased clients while worsening it for less biased ones. Het-
erogeneous client distributions can degrade fairness [31], with even
a small number of highly skewed clients. Similar phenomena have
been observed in healthcare federations [12] and in settings where
local fairness objectives conflict with federation-wide optimization
goals [8]. Collectively, these studies suggest that fairness in FL is
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shaped not only by local data properties, but also by interactions
between client heterogeneity and the aggregation process itself.

Unlike these approaches, we predict how fairness and perfor-
mance will change for each party before federation, from institution-
level metadata and without any federated training.

Label bias. Existing federated fairness research has largely fo-
cused on demographic imbalance and distributional heterogeneity
while implicitly assuming that labels are reliable. In contrast, the
centralized fairness literature has identified label bias as a major
source of unfairness [5, 17, 21]. Recent studies in centralized set-
tings show that label bias can have a stronger effect on fairness
than demographic underrepresentation alone and that standard
balancing interventions may become ineffective or even counter-
productive when labels are systematically biased [5, 21, 45]. Despite
the importance of these findings, the role of group-targeted label
bias in federated settings remains largely unexplored.

Healthcare FL. Healthcare provides a particularly important con-
text in which to study these issues [19, 35]. Prior work has demon-
strated the effectiveness of FL for a wide range of medical applica-
tions, including medical imaging, disease diagnosis, and risk pre-
diction [13, 36, 41]. More recent large-scale deployments further
illustrate the feasibility of privacy-preserving collaborative learning
in real-world clinical environments. Relevant examples are Swarm
Learning [47], a decentralized framework combining federated op-
timization and blockchain coordination, which demonstrated im-
proved diagnostic performance across distributed transcriptomic
and imaging datasets and in computational pathology [37].

Algorithmic bias in clinical Al systems has been extensively doc-
umented [11, 30, 39], and several studies trace these disparities to
historical patterns of underdiagnosis, undertreatment, and unequal
access to care affecting disadvantaged populations [9, 30]. Ober-
meyer et al. [30] showed that a widely deployed commercial risk-
scoring algorithm encoded racial bias because of the proxy used as
the training label (annual healthcare spending). Analogous patterns
are reported in radiology and dermatology, where chest patholo-
gies in female patients and malignancies in darker skin tones have
been historically under-detected and consequently under-labeled in
clinical records [11, 40]. While conventional mitigation strategies
often focus on adjusting dataset proportions, recent work demon-
strates that standard balancing interventions can become ineffective
when evaluated under real-world distribution shifts. Yang et al. [49]
showed that, although algorithmic corrections can satisfy group
fairness constraints within a local training distribution, these guar-
antees often fail to generalize to out-of-distribution external clinical
datasets. This limitation shows that demographic composition alone
cannot anticipate post-federation fairness outcomes and highlights
the need to explicitly predict performance and fairness variations
before collaboration.

Meta-learning. Meta-learning methods learn from the outcomes
of previous learning experiments to predict future ones [44]. A
prominent line of work applies this principle to algorithm selection,
using compact dataset descriptors such as size, class balance and
statistical moments as meta-features to predict which model or
configuration will perform best on an unseen task [3]. More recent
work has extended these ideas to the federated setting, treating
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each client as a distinct task [7, 15] and using meta-learning as a
training algorithm to improve model quality within an existing
federation. However, they do not address the question of whether
federation should occur in the first place, nor do they consider the
fairness implications of joining for any of the parties involved.

In sum, existing studies offer limited guidance on how institu-
tions can anticipate the fairness and performance effects of joining
a federation before collaboration, which is the focus of this work.

3 Methodology

Candidate client
Curr. client 1
Curr. client k

Performance & fairness metrics

A metrics
(fedcand-+curr — standalone)

Train standalone
model

Performance & fairness metrics

A metrics
(fedeand +curr — fedeurr)

Performance & fairness metrics

Meta-Dataset (candidate perspective) Meta-Dataset (current clients perspective)

Candidate Federation A Metrics Candidate Federation A Metrics
(cand perspective) (curr )

Regression models

i “Given an unseen configuration, what |
gains can current federation clients
| expect by admitting the candidate?” |

Regression models

“Given an unseen configura-
tion, what gains can a client ex-
pect by joining this federation?”

Figure 1: Overview of the proposed framework. Stage 1: for
each configuration, three models are trained and evaluated
for performance and fairness: (i) a standalone model on the
candidate client, (ii) a federated model on the candidate and
the current federation clients, and (iii) a federated model on
the current federation clients alone. Stage 2: the outcomes
form two parallel meta-datasets, one from the candidate
client’s perspective and one from the federations clients’
perspective, are used to train regression models that predict
federation gains for unseen configurations.

Let C = {cy,...,cn} be a set of clients, each holding a private
local dataset D;. A federation ¥ C C is a group of clients that train a
shared model by exchanging only model parameters. Formally, the
federation solves the weighted empirical risk minimization problem

. |Di] .
min ;t 1Dy L(fo; D), 1)

where |Dg| = Y e e |D;| and L is the local loss. Equation (1) can
be solved via FedAvg [27], which alternates between local gradient
steps and server-side weighted averaging of client parameters. We
denote by M(S) the model obtained by training on a federation
S C C, and write my (M(S)) for the value of metric my achieved
by M(S) on a shared held-out test set.

Let ¢ ¢ F be a candidate client that must decide whether to
join the current federation ¥, while ¥ simultaneously decides
whether to admit c. Both decisions rest on the expected changes in
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a set of performance and fairness metrics (my, ..., mg) on which
the federation is evaluated. Crucially, neither party can inspect
the other’s raw data or model weights; only high-level summary
statistics, referred to as client metadata, may be exchanged.

DEFINITION 1 (FEDERATION ASSESSMENT PROBLEM). Given a can-
didate client c represented by metadata x. € X, and a federation
represented by metadata xy € Xy, the Federation Assessment Prob-
lem consists of estimating, from (x,Xr) alone and without executing
any federated training, the metric-change vectors

Acand — (Acandml’ o Acande)’ (2)
ACHT — (Acurrml’ o AcurrmK)’ 3)

where the component-wise deltas are defined as

Ay = m(M(F U {e})) - m(M({c})), 4)

A mye = m(M(F U {c})) — mp(M(F)). (5)
A measures the per-metric gain (or loss) for ¢ relative to train-
ing alone; A" measures the corresponding change for the current
federation clients relative to operating without c.

The federated meta-learning task requires predicting all com-
ponents of A" and A®". Based on this estimate, candidate and
federation clients can take informed decisions, based on their pri-

orities in metric trade-offs.

We represent each candidate client through three scalar attributes:

o size. = |D.|: number of training samples;

e comp, = {x € D, : a(x) = maj}|/|D.|: fraction of
majority-group samples, where a : D, — {maj, mnr} is
the sensitive attribute;

e bias, € [0, 1]: label bias rate, the fraction of minority-group
positive samples whose labels are flipped to negative, mod-
eling systematic underdiagnosis of minority populations [9,

30].

The candidate’s feature vector is thus x, = (size., comp,, bias).
For a federation ¥ = {cy,...,c,}, let maj; = |D;| - comp; and
mnr; = |D;| - (1 — comp;) be the majority- and minority-group

counts of client i. The federation meta-features are
comp, = Z maj; , (6)
i
biasy = Z mnr; - bias; , 7)
i

where compy is the total number of majority-group samples pooled

across the federation and biasy sums the per-client bias rates with

weights equal to each member’s minority-group size mnr;. Because

label bias acts only on the minority group, this weighting ties a

member’s influence on biasy to its share of the federation’s minority

population. The feature vector is x¢ = (sizey, compy, biasy) € Xy.
We seek two estimators

el Xox X - RS U X x X > RE O (8)

approximating A" and A" respectively. Our approach to con-
structing and benchmarking these estimators, illustrated in Figure 1,
proceeds in two stages.
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Stage 1: Meta-dataset construction. We construct the training
data for f*d and ' through controlled simulation. For a broad
range of candidate and federation configurations with varying
(size, comp, bias) attributes, we train three model types per config-
uration:

(1) M({c}): a standalone model on the candidate client alone;

(2) M(F): a federated model on the federation clients alone;

(3) M(F U{c}): afederated model on both the federation clients

and the candidate jointly.

Models (1) and (3) yield A®™ via Equation (4); models (2) and (3)
yield A®™ via Equation (5). The resulting pairs ((x,xf), Acd)
and ((xc,xy), A°™) populate two parallel tabular datasets shar-
ing the same input meta-features but differing in their targets. For
standalone models, we enumerate all valid combinations of client
parameters. For federated configurations, we enumerate exhaus-
tively when feasible; when the configuration space is too large, we
resort to stratified sampling with the candidate configuration as the
stratification variable, ensuring balanced representation across all
candidate types. The specific parameter grids and sampling budgets
are detailed in Section 4.

Stage 2: Regression model training. Since A" and A are
continuous-valued, the estimators £ and £ are instantiated
as meta-regression models. We train one regressor per target com-
ponent k, independently for the candidate and federation perspec-
tives. Before training, the raw meta-feature vectors x. and x are
transformed into an augmented input representation. First, the can-
didate’s composition and bias features are re-expressed as absolute
counts to reflect their effective contribution to the minority-group
annotation noise when joining the federation:

comp, = size. - comp,, 9)

bias, = size, - (1 - comp,) - bias,. (10)

The federation’s aggregate meta-features sizey, compy, and biass
are defined as size-weighted quantities above and are used directly
without further transformation. Second, three interaction meta-

features are appended to capture relative differences between can-
didate and federation:

sizef
Tsize = log ——, (11)
size,
Scomp = comp, — comp,,, (12)
Sbias = biass — bias,.. (13)

Third, a categorical meta-feature ng encoding the total number of
federation participants is included to account for scale effects across
federation sizes. Table 1 summarizes the meta-features used by the
estimators. Once fitted, the regressors provide estimates of A"
and A®"" for any new configuration (x., x¢) without requiring any

additional federated training at inference time.

4 Experimental Setup

We instantiate the proposed framework across two clinical imaging
domains, namely multi-disease chest X-ray diagnosis and derma-
tology image classification. For chest X-ray classification we use
the multi-label dataset ChestX-ray14 (NIH) [46]. We adopt patient
sex as the sensitive attribute and consider women as the minority
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Table 1: Name, category, and meaning of each meta-feature used in the regression models.

Feature name Category Meaning

sizec Size Dataset size of the candidate client

sizef Size Aggregate dataset size of the federation

Pz Size Log-ratio of federation size to candidate size

comp,, Demography Absolute number of majority-group samples in the candidate client

comp ¢ Demography Total number of majority-group samples pooled across federation members
Secomp Demography Difference in majority-group sample count between federation and candidate client
lrasC Label bias Effective number of flipped minority labels in the candidate client

bias Label bias Minority-count-weighted sum of per-client flip rates across federation members
Obias Label bias Difference between the federation’s and candidate’s weighted flip quantities

ng Scale Number of clients in the current federation

group, as they have been historically disadvantaged in the medi-
cal domain [39] and following previous fairness analyses on this
dataset [5, 50]. For dermatology we use Fitzpatrick17k [16], where
we binarize the coarsest-level skin condition taxonomy into tumoral
and non-tumoral conditions, to obtain a binary classification task.
We adopt skin tone as the sensitive attribute, binarized into light-
and dark-skin groups for a more tractable fairness analysis. We
consider the dark-skin group as the minority group, as darker skin
tones have been historically underrepresented and disadvantaged
in clinical practice [11]. We refer the reader to the online supple-
mentary material for dataset composition and group prevalence
statistics. For both datasets, data are partitioned into training (70%),
validation (15%), and test (15%) sets.

In the chest X-ray setting, the training set size size, is 3%, 6%,
or 12% of the full dataset, and comp,, defined as the fraction of
majority-group (male) samples, is in {0.0,0.5,1.0}. The label bias
fraction bias, is drawn from {0.0, 0.15, 0.30, 0.45}, with clients hav-
ing comp, = 1.0 fixed at bias, = 0.0. Each client in the federa-
tion is drawn from the same parameter grid as the candidate, i.e.
taking values of size., comp,, and bias. from the same discrete
sets defined above. The federation’s aggregate meta-feature vector
xy = (sizes, compy, biasy) is then computed from the individual
client attributes.

In the dermatology setting, comp,, defined as the fraction of
light-skin samples, takes values in {1.0, 0.75,0.50}, and size, is set
to {0.07,0.08,0.1} of the initial dataset.! The flip fractions bias,
are the same as before, with the constraint that clients having
comp, = 1.0 have bias. = 0.0.

The candidate grid yields 27 valid single-client configurations: 3
sizes X 3 compositions X 4 bias rates, minus 9 invalid cases where
comp, = 1.0 (no minority samples, forcing bias, = 0). A two-client
federation pairs a candidate with one current member, each from
these 27 configurations, so we enumerate all 27 X 27 = 729 pairs
per domain and train the federated model M(¥ U {c}) for each,
plus the 27 standalone models M ({c}) as single-client baselines. For
three- and five-client federations, the number of member combina-
tions grows combinatorially (about 10* and 10°), making exhaustive
enumeration infeasible, so we sample 800 configurations per fed-
eration size and domain using the candidate-stratified procedure

!Larger client sizes or compositions with a higher fraction of dark-skin samples were
not feasible given the limited availability of such samples in the dataset (only 14%).

of Section 3. This budget balances representation across federation
sizes while retaining enough observations per candidate stratum
for stable regression fitting. Federated training uses FedAvg [27]
for 30 communication rounds with full client participation and
one local epoch per round. The final model is selected based on
the lowest weighted validation loss across clients, with weights
proportional to local validation set sizes. All the details of model
architectures, training hyperparameters, and data augmentation,
along with additional details on the budget selection, are provided
in the supplementary material to favor reproducibility of the results.

Both standalone and federated models are evaluated on a shared
held-out test set using the following performance and fairness
metrics. As performance metrics we use the Area Under the ROC
Curve (AUC) and balanced accuracy. AUC is defined as P(§* > §7),
where §* and §~ denote the predicted scores of a positive and a
negative sample, respectively. Letting TP, TN, FP, FN denote the
standard confusion matrix counts, balanced accuracy is:
_ TP RN pajace = PRATNR
TP + FN TN + FP 2
As fairness metrics we use the TPR gap and minimum TPR across
demographic groups:

TPRgap = TPRypaj — TPRyny, (14)

minTPR = min (TPRpaj, TPRyunr) - (15)

TPR =

where a smaller TPR gap and a larger minTPR both indicate fairer
behavior. These four metrics define the components of A" and
A", Following the convention introduced in Section 3, the TPR
gap target is negated so that a positive Amy uniformly corresponds
to an improvement across all metrics. In the multi-label chest X-ray
setting, AUC and balanced accuracy are macro-averaged across all
pathological conditions, so that each pathology contributes equally
to the final performance estimate regardless of its prevalence, as
is common in multi-label medical imaging benchmarks [46]. Fair-
ness metrics instead use micro-averaged TPR values, aggregating
predictions across conditions before computing group-level rates.
We adopt this formulation because it captures the overall dispar-
ity in correct predictions between demographic groups indepen-
dently of any specific pathology, while also reducing the instability
that fairness estimates may exhibit for rare conditions with very
few positive samples. This is particularly relevant in chest X-ray
datasets, where pathology prevalence is highly imbalanced and
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fairness disparities can vary substantially across conditions and
subpopulations [39, 40].

In the Fitzpatrick17k setting, the dark-skin group has relatively
few positive samples in the test set, making the standard TPR a
coarse and unstable regression target. We therefore replace the TPR
with a soft variant defined as the average predicted probability over
positive instances within each group:

TPRuti = = 3 i (16)
|P| ieP

where P is the set of positive samples in the group and p; the pre-
dicted probability for sample i. Unlike the standard TPR, TPR
varies continuously with model confidence, yielding a more sta-
ble regression target. Accordingly, the TPR-based components of
A and A are computed using TPR in place of the stan-
dard TPR throughout the dermatology experiments. For brevity, all
subsequent references to TPR in Fitzpatrick17k refer to TPRof.

Model selection and evaluation are performed via 5-fold cross-
validation with shuffled splits, and hyperparameters are tuned
through randomized search within the cross-validation loop. The
suite of regression models comprises Linear Regression, Ridge Re-
gression, Random Forest, Gradient Boosting, and XGBoost.

Regression performance is assessed using the coeflicient of de-
termination R%:

RE=1-— 2i(yi - BA/_i)z’ 17)

2i(yi —9)?
where y; is the observed federation gain, §J; the predicted value, and
i the mean of observed values. R? = 1 indicates perfect prediction,
R? = 0 corresponds to predicting the mean, and negative values

indicate worse-than-mean predictions.

5 Results
5.1 Impact on the Candidate Client

Predicting federation gains. Figure 2 shows the actual versus pre-
dicted changes in performance and fairness metrics experienced by
the candidate client upon joining a federation, for the AAUC and
ATPRg,, targets, using the best-performing regression models -
i.e., tree-based ensembles — trained on the combined dataset across
federation sizes, for the chest X-ray setting (top) and the dermatol-
ogy setting (bottom). Each point corresponds to a single federation
configuration, with its predicted value obtained from the held-out
fold in cross-validation, ensuring that no configuration is predicted
by a model that has seen it during training. Consistent results for
the remaining two targets (BalAcc and minTPR) are reported in the
online supplementary material.

The results show that both performance and fairness gains from
federation can be reliably predicted from client and federation meta-
data alone, though predictive success varies substantially across
model families. Tree-based ensemble methods consistently achieve
the best predictive accuracy across all targets, with predicted values
close to the perfect-prediction diagonal in all four panels. For the
NIH dataset, the best models attain R* = 0.961 for the AAUC and
R? =0.941 for the ATPRgap. Predictive accuracy remains high for
Fitzpatrick17k, with R? = 0.855 for the AAUC and R? = 0.944 for
the ATPRgap. In contrast, linear models achieve substantially lower
accuracy and fail to capture the structure of the prediction problem:

Marina Ceccon, Alessandro Fabris, Ornella Irrera, Gianmaria Silvello, and Gian Antonio Susto

on NIH, they reach R? = 0.776 for the AAUC but yield R? = 0.059
for the ATPR;,p,, while on Fitzpatrick17k the corresponding values
are R? = 0.493 and R? = 0.620. This gap shows that the link between
federation metadata and predicted gains—especially for fairness
targets—is inherently nonlinear and requires expressive ensemble
methods to capture reliably.

A qualitative inspection of the configurations with the highest
prediction errors shows that they systematically correspond to
cases where some or most participating clients for NIH predomi-
nantly hold female samples, especially when these samples are also
subject to considerable label noise. This is encouraging: stronger
failures are confined to rare edge cases, while the vast majority of
realistic configurations are predicted with high accuracy. Relative
to Fitzpatrick17k, no systematic pattern of configurations for which
the regression models consistently underperform is observed.

Analyzing the most predictive meta-features. Table 2 reports the
mean drop in R? across five cross-validation folds when each group
of meta-features is removed from the dataset, providing a measure
of how much each group contributes to the predictions (feature-to-
group assignments are detailed in Table 1). In Figure 3, we illustrate
the SHAP beeswarms relative to the AAUC and the ATPR,, rel-
ative to NIH and Fitzpatrick. Each dot in the plots represents one
federation configuration; its horizontal position indicates the mag-
nitude and direction of the corresponding feature’s contribution
to the predicted gain relative to the baseline average, and its color
encodes the feature value from low (blue) to high (red).

For AAUC, size-related features are the main predictors in the
NIH setting, consistent with the intuition that smaller clients benefit
more from joining a large federation. In the Fitzpatrick17k setting,
demographic composition is the primary driver: the beeswarm plot
in Figure 3c shows that federating with a demographically balanced
federation strongly improves the AUC, especially for candidates
with imbalanced compositions. Label bias features also play an
important role for the AAUC in Fitzpatrick17k, reflecting the benefit
noisy clients gain from joining clean federations.

For the ATPR,;,, demographic composition and label bias fea-
tures play a comparably important role across both datasets. As
shown in Figures 3b and 3d, the largest fairness gains for NIH arise
when the candidate is demographically balanced and the federation
contains a higher proportion of minority-group samples, whereas
for Fitzpatrick17k the most favorable configurations correspond to a
balanced candidate paired with a majority-group-heavy federation.
In both cases, label bias features exhibit a consistent directional
effect: candidates with higher label noise benefit most from joining
federations with lower noise levels.

Scalability and generalization. Figure 4 reports the R achieved
by the best-performing model for each target on the NIH dataset,
computed by restricting the held-out cross-validation folds to con-
figurations corresponding to two-, three-, and five-client federa-
tions, respectively. Results for Fitzpatrick17k are analogous and
reported in the supplementary material.

For the AAUC, R? decreases slightly from 0.97 at two clients
to 0.94 at five clients. For the remaining targets, performance im-
proves slightly with federation size, with R? rising from 0.79 to
0.90 for the ABalAcc, and from 0.90 to 0.97 for the ATPRg,, and
the AminTPR. This consistency suggests that federation gains can
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Figure 2: Actual vs. Predicted changes in AAUC and ATPR;,, experienced by the candidate client upon joining a federation, for

NIH (top) and Fitzpatrick17k (bottom) datasets.

Table 2: Mean R? drop (+ standard deviation across five cross-validation folds) for each feature group and target, relative to NIH
and Fitzpatrick17k. Results refer to the prediction of gains experienced by the candidate client upon joining a federation.

NIH Fitzpatrick17k
Feature group AAUC ATPRgap AAUC ATPRgap
Size 0.188 + 0.002 0.069 +0.012 0.037 + 0.005 0.002 + 0.002
Demographic composition 0.071 £ 0.008 0.330 + 0.030 0.416 +0.021 0.176 + 0.009
Label bias 0.097 +0.008 0.312 + 0.043 0.190 +0.023 0.177 £ 0.010
Number of clients 0.008 +0.001 0.054 +0.012 0.000 + 0.002 0.000 + 0.001

be reliably predicted across federation sizes, and that representing
the federation through aggregate descriptors rather than individ-
ual client characteristics does not degrade predictive performance.
In contrast, linear models perform substantially worse across all
targets and federation sizes. Their R? remains low for performance
targets (0.68-0.78 for the AAUC and 0.27-0.55 for the ABalAcc)
and near zero or negative for fairness targets (0.03-0.10 for the
ATPRg,p and as low as —0.28 for the AminTPR), confirming that
the relationship between federation metadata and predicted gains
is strongly nonlinear.

To test our framework’s robustness, we assess whether models
trained on smaller federations can predict outcomes for a larger,
unseen federation size. We run 150 independent experiments with 7
clients on the NIH dataset and compute the true A targets as before.
Models trained on the combined 2-, 3-, and 5-client configurations
are then evaluated on this 7-client dataset without further training.

These experiments show that the models retain strong predictive
capacity at larger scales. For the predictive targets, the Random
Forest models achieve R? = 0.674 for the AAUC (vs. a training
cross-validation score of 0.962) and R? = 0.649 for the ABalAcc

(vs. a baseline R? of 0.852). Despite the performance gap relative
to in-distribution results, these scores indicate that the aggregate
metadata features remain highly informative beyond the federation
sizes seen during training. The gap is narrow for fairness metrics,
which remain highly consistent across sizes. The Gradient Boosting
models achieve R* = 0.901 for the ATPRg,,, target (vs. 0.942 in cross-
validation) and R? = 0.865 for the AminTPR target (vs. 0.973 on the
training configurations). This accuracy shows that the relationships
between group disparities and institutional metadata are stable, so
federation-induced shifts can be reliably predicted even for larger
federations.

5.2 Impact on the Federation Members

Figure 5 shows the analogous actual-versus-predicted results for
the current federation members upon admission of the candidate:
two- and three-client outcomes are compared against, respectively,
the external standalone model and the two-client baseline; five-
client configurations are excluded, as they admit no natural paired
comparison under this formulation.
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Figure 3: SHAP beeswarm plots illustrating meta-feature contributions to the predicted AAUC (left) and ATPRg,, (right) gains
experienced by the candidate client upon joining a federation, for the NIH (top) and Fitzpatrick17k (bottom) datasets.
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Figure 4: R? scores for each prediction target, evaluated separately on test points from two-, three-, and five-client federation
configurations, relative to NIH. Results refer to the prediction of gains experienced by the candidate client upon joining a

federation.

Tree-based ensembles (Random Forest and Gradient Boosting)
perform best, with R? of 0.957 and 0.789 for AAUC and ATPRg,, on
NIH, and 0.890 and 0.915 on Fitzpatrick17k. Linear models perform
substantially worse, with R? =0.722 and 0.046 on NIH, and 0.610
and 0.592 on Fitzpatrick17k. The near-zero R? of linear models on
ATPRg,, relative to NIH aligns with the candidate-level results,
confirming that the link between federation metadata and fairness
outcomes is strongly nonlinear.

Table 3 shows the same pattern of feature importance as the
candidate’s perspective: size-related features drive performance

only for NIH, especially for AAUC, while demographic composition
and label bias dominate for ATPR,, on NIH and for both metrics
on Fitzpatrick17k.

The SHAP analysis reveals directional effects that mirror the
candidate’s perspective: current members benefit most from a large
incoming candidate for size, and from a clean candidate when the
federation itself is noisy for label bias. The demographic pattern is
similarly symmetric, with the greatest gains arising from a balanced
federation admitting a predominantly minority-group candidate
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Figure 5: Actual vs. Predicted changes in AAUC and ATPRg,, experienced by the current federation members upon admission of

a new client, for NIH (top) and Fitzpatrick17k (bottom) datasets.

Table 3: Mean R? drop (+ standard deviation across five cross-validation folds) for each feature group and target, relative to NIH
and Fitzpatrick17k. Results refer to the prediction of gains experienced by the current federation members upon admission of

a new client.

NIH Fitzpatrick17k
Feature group AAUC ATPRgap AAUC ATPRgap
Size 0.202 +0.013 0.117 £ 0.031 0.003 + 0.003 0.009 + 0.005
Demographic composition 0.094 +0.021 0.337 £ 0.018 0.279 +0.028 0.208 +0.011
Label bias 0.117 £ 0.007 0.294 +0.030 0.153 £ 0.019 0.224 +0.016
Number of clients 0.019 + 0.005 0.031 +0.010 0.000 + 0.001 0.000 + 0.001

on NIH, or a majority-group candidate on Fitzpatrick17k. This sym-
metry reflects a structural tension whereby the same configuration
that benefits one party often disadvantages the other.

To quantify this, we measure the fraction of joint configurations
yielding conflicting outcomes, i.e., where one party benefits at the
expense of the other. On NIH, conflicts are rare for the AAUC
(2%) but affect 53% of configurations for the ATPRgap, of which
24% benefit the candidate only and 29% the federation only. On
Fitzpatrick17k, the conflict rate is more uniformly high, reaching
36% for the AAUC (19% candidate only, 17% federation only) and
51% for ATPRgap (31% candidate only, 20% federation only). These
findings suggest that the tension between individual and collective
incentives is dataset-dependent but consistently most pronounced
for fairness metrics.

Finally, Figure 6 reports R? scores computed separately on two-
and three-client held-out configurations for NIH (analogous Fitz-
patrick17k results are in the supplementary material). Predictive
accuracy decreases slightly for three-client configurations, suggest-
ing that the impact on current members grows somewhat harder to

predict in larger federations. Nevertheless, the best models retain
strong accuracy across both sizes, with R? ranging from 0.75 to
0.97 at two clients and from 0.67 to 0.85 at three clients, suggesting
that the aggregate metadata features capture stable relationships
between institutional characteristics and federation outcomes, sup-
porting the potential of our framework to generalize as federation
size grows, within the same-source-dataset setting studied here.
Linear models again lag far behind, with R? remaining near zero
for fairness targets, further corroborating the inadequacy of linear
estimators for capturing federation dynamics.

6 Discussion

Although earlier studies have examined how federation influences
predictive accuracy and fairness [6, 14], none offers a principled
framework for forecasting these effects before collaboration be-
gins. Our results close this gap, showing that privacy and informed
decision-making are not conflicting objectives. This predictive ca-
pability is especially valuable given that candidate and federation
interests are not always aligned, consistent with prior work on bias
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Figure 6: R? scores for each prediction target, evaluated separately on test points from two- and three-client federation
configurations, relative to NIH. Results refer to the prediction of gains experienced by the current federation members upon

admission of a new client.

propagation in FL [6] and the misalignment between client-level
and federation-level fairness objectives [8].

In practice, this predictive utility makes the framework a promis-
ing tool for a pre-collaboration audit module: individual hospitals
would not need to build their own Stage 1 meta-dataset, as a re-
search consortium or public health body could instead build it once
per task, using publicly available data for that task (e.g., existing
chest X-ray collections for pathology diagnosis), and release the re-
sulting Stage 2 predictor. Any institution considering federation for
that task could then query this predictor directly, without running
any simulation or training of its own. Large-scale collaborations
such as the FeTS challenge [51] have documented severe post-hoc
performance drops driven by site-specific variation that are difficult
to anticipate from limited metadata; while our current evaluation
does not directly test this form of cross-institutional heterogeneity,
the underlying prediction task is structurally similar, and extending
our framework to such settings is a natural direction for future
validation.

Label bias plays a central role in shaping fairness outcomes: in
the dermatology setup, candidate clients benefit in terms of TPR
gap reduction from joining federations with higher majority-group
prevalence, a counterintuitive finding explained by label bias, since
minority-group data is frequently paired with higher annotation
noise, hence compensating for demographic imbalance does not
trivially improve fairness. Moreover, our feature importance analy-
sis consistently highlights label bias as one of the most influential
determinants of fairness outcomes in both datasets, consistent with
and extending prior evidence from centralized settings [5, 21] to
the federated context. As with any simulator-based analysis, this
evidence is obtained under controlled conditions, in which label
bias is injected explicitly and its rate is known by construction;
in real deployments, where label bias cannot be observed directly
and must instead be estimated, its precise impact remains to be
quantified.

7 Conclusions

In this work, we presented a framework for estimating how federa-
tion will affect predictive performance and fairness for all participat-
ing parties, using only high-level metadata, and showed that these
effects can be anticipated with high accuracy across two medical
imaging domains.

Limitations and future work. While the results are promising,
some limitations warrant acknowledgment. First, although we eval-
uate our framework across two distinct medical imaging domains,
extending it to other clinical settings remains future work. Second,
in our experimental setup, all clients within a federation are con-
structed as disjoint samples from the same source dataset. This
isolates the effect of demographic composition and label bias in a
controlled manner, but omits heterogeneity present in real cross-
institutional federations, where sites also differ in acquisition equip-
ment and imaging protocols. Our reported predictive accuracy
should therefore be read as a result relative to controlled bias con-
ditions, not a guarantee under real-world heterogeneity. Third, our
framework assumes access to accurate label bias estimates, which
in practice must be inferred from data. A concrete path towards
this is offered by Ceccon et al. [5], whose estimation method re-
quires no unbiased ground truth and is directly compatible with
federated deployment, since each institution can compute it on-site
and share only a scalar summary. Discrepancies between estimated
and true values nonetheless remain possible, and their effect on
prediction quality deserves further investigation. Fourth, our cur-
rent evaluation is restricted to a single binary sensitive attribute
per dataset and to fairness notions built on the true positive rate,
namely the TPR gap and the minimum TPR across groups. This
keeps the demographic and fairness state space tractable and iso-
lates the effect of label bias and demographic composition, but
leaves out intersectional subgroups and clinically relevant notions
beyond recall. We expect our framework to extend naturally along
both directions. Fifth, our federation-level meta-features (sizef,
compy, biasy) summarize each federation through simple aggre-
gates, which can in principle coincide for federations composed of
very different individual clients. Future work could explore richer,
permutation-invariant representations of the client set to capture
such heterogeneity more faithfully. Finally, our framework does
not account for client dropouts, a phenomenon that, while more
common in cross-device settings [20], can also arise in cross-silo
scenarios and represents a natural extension of this work.
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