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Abstract. Model personalization has attracted widespread attention in recent years. In an 
ideal situation, if individuals’ data are sufficient, model personalization can be realized by 
building models separately for different individuals using their own data. But, in reality, 
individuals often have data sets of varying sizes and qualities. To overcome this disparity, 
collaborative learning has emerged as a generic strategy for model personalization, but 
there is no mechanism to ensure fairness in this framework. In this paper, we develop fair 
collaborative learning (FairCL) that could potentially integrate a variety of fairness con
cepts. We further focus on two specific fairness metrics, the bounded individual loss and 
individual fairness, and develop a self-adaptive algorithm for FairCL and conduct both 
simulated and real-world case studies. Our study reveals that model fairness and accuracy 
could be improved simultaneously in the context of model personalization.

History: Bianca Maria Colosimo served as the senior editor for this article. 
Funding: This work was supported by the Breakthrough T1D Award [Grant 2-SRA-2022-1259-S-B]. 
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capsule/1331847/tree/v1 and in the e-Companion to this article (available at https://doi.org/10. 
1287/ijds.2024.0029). The real-world data, including the transportation demand management and 
surgical site infection data sets, are proprietary and not publicly available. Other results are avail
able at https://github.com/ryanlif/FairCL. 
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1. Introduction
Model personalization has been an important research 
problem in artificial intelligence (AI) and machine learn
ing (McAuley 2022) with widespread applications rang
ing from advertising (Bilenko and Richardson 2011, Guo 
et al. 2021), to healthcare (Andreu-Perez et al. 2015, Abul- 
Husn and Kenny 2019, Gao et al. 2022) and robotics 
(Ma et al. 2021, Firdaus et al. 2022). This need for model 
personalization stems from the rapid advancements in 
technologies, such as smart devices, intelligent agents, 
and recommendation systems, which are designed to pro
vide customized interactions and services to individuals 
coming from a diverse population. An essential task for 
model personalization is to deal with this dilemma: given 
a disparate collection of data sets from a population of 
individuals, shall we build one model as a one-size-fits-all 
solution by pooling all individuals’ data together or build 
an individual model based solely on each individual’s 
data? In an ideal situation, with sufficient data for each 
individual, there should be no such dilemma. However, 
in reality, a great disparity exists among the data sets of 
different individuals in size and quality.

To address this dilemma, collaborative learning (CL) 
has been developed in recent years. It provides a 
generic framework for model personalization and can 
be readily extended to a wide range of models, such as 
regression (Lin et al. 2015), classification (Feng et al. 
2020), Markov models (Lin et al. 2018), and other 
utility-based behavioral models (Feng et al. 2020, Zhu 
et al. 2020). It also has a theoretical connection with the 
mixed effects models (Feng et al. 2020). As collabora
tive learning has demonstrated remarkable efficiency 
in improving accuracy of individual models with the 
increasing concern on fairness in machine learning 
models, it is natural to ask whether collaborative learn
ing has any fairness guarantees. To our knowledge, 
there has been a lack of investigation into this question 
in the literature. Fairness in machine learning has 
emerged as a critical issue in AI ethics because of the 
use of AI in high-stake decision-making applications, 
such as law enforcement, justice, finance, education, 
healthcare, etc. Fairness is broadly depicted as the 
absence of preference for an individual or a group 
with specific characteristics (Mehrabi et al. 2021b). As 
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we strive for model personalization, it is important 
to investigate whether personalization of the models 
could potentially exacerbate existing disparities 
among individuals and elevate the degree of unfair
ness. If so, how can we reformulate the collaborative 
learning method to pursue both model personaliza
tion and fairness simultaneously?

In this paper, we show that model personalization 
does not inevitably come at the expense of fairness. 
Think of the aforementioned dilemma: the one-size-fits- 
all solution only seems fair through unawareness of the 
different individuals. However, it does not guarantee 
the same prediction accuracy for them. As a matter of 
fact, this one-size-fits-all approach causes substantial 
disparities, which can result in bad model performance 
in practice. On the other hand, fully individual learning 
(IL) with no fairness considerations might also lead to 
such a disparity. But collaborative learning was actually 
motivated to reduce this disparity (Lin et al. 2017). 
In this sense, compared with the one-size-fits-all and 
IL approaches, collaborative learning has been already 
more concerned with fairness. Nonetheless, there is 
much room for collaborative learning to further enhance 
the fairness of the individual models because fairness 
has not been explicitly formulated in collaborative learn
ing. In this paper, we propose a framework named fair 
collaborative learning (FairCL) that can potentially inte
grate a wide range of fairness concepts. We further focus 
on two specific fairness metrics, the bounded individual 
loss (BIL) and individual fairness (IF), and develop 
a self-adaptive algorithm for FairCL and conduct 
both simulated and real-world case studies. One funda
mental difference between our problem and general fair 
machine learning is that we build many different models 
for personalization, whereas the latter usually assumes 
one model for all groups. The remainder of the article 
unfolds as follows: In Section 2, we provide a literature 
review of fair machine learning and model personaliza
tion. In Section 3, we review the formulation of collabo
rative learning and its basic rationale in detail. In Section 
4, we show that the collaborative learning framework is 
versatile to incorporate a wide range of fairness metrics. 
In Section 5, we present a self-adaptive fair collaborative 
learning method and explore its connection with other 
fair collaborative learning methods. Experimental results 
on both simulated and real-world data are shown in Sec
tion 6, and conclusion is given in Section 7.

2. Related Work
2.1. Fair Machine Learning
Fairness in machine learning has attracted tremendous 
attention from the research community (Corbett-Davies 
and Goel 2018, Zhang et al. 2020, Mehrabi et al. 2021b). 
Even though there is no consensus on the universal 
definition of fairness (Caton and Haas 2020), research
ers have proposed various metrics from different 

perspectives to quantify fairness in learning systems 
and develop specific algorithms to reduce biases. Given 
that this is a vast field, here, we focus on the most rele
vant work that concerns the design of the learning for
mulations and develops fairness metrics or constraints.

One of the earliest and most widely used metrics is 
demographic parity (DP), also known as statistical parity 
(Zemel et al. 2013, Corbett-Davies et al. 2017), which 
aims to ensure that the distribution of the model out
come remains the same regardless of sensitive attributes 
such as gender or race. Another similar notion is dispa
rate impact (Feldman et al. 2015), which uses the proba
bility ratio between protected and unprotected groups to 
measure fairness. However, these metrics can only sup
port pairwise comparison, and their effectiveness might 
be undermined when the sensitive attribute is not binary. 
To handle more general sensitive attributes, Jiang et al. 
(2022) further propose generalized demographic parity, 
which extends the parity-based metric to incorporate con
tinuous sensitive attributes, maintaining computational 
efficiency. Different from parity-based metrics, equal 
opportunity (Hardt et al. 2016) and equalized odds (Berk 
et al. 2021) were proposed to take not only predictions, 
but also actual outcomes into account. Such group 
metrics more or less help with balancing between groups, 
but they may ignore protections for specific individuals 
in a group. In addition to these metrics, there are also 
other metrics that are not limited to comparison across 
groups. For example, Dwork et al. (2012) present IF to 
advocate that similar individuals should receive similar 
treatment. However, this metric is also criticized for 
potentially leading to universal rejection and the difficult 
in measuring similarity (Fleisher 2021). As the fairness 
metrics might be controversial in their use, it is very 
important to choose appropriate metrics in different con
texts, which still remains challenging.

With the emergence of many fairness metrics, 
researchers are also developing generic optimization 
formulations and computational strategies to incorpo
rate these fairness metrics into various models. For 
example, Alabi et al. (2018) develop an efficient opti
mization framework for fairness by minimizing the 
specific bounded group loss (BGL). To incorporate 
more general fairness metrics, from the perspective of 
nonconvex optimization, Cotter et al. (2019) propose 
to express fairness as a kind of rate constraint in a 
proxy-Lagrangian formulation and provide a theoreti
cally guaranteed procedure to solve it. This framework 
provides a general way to incorporate fairness as con
straints but suffers from dealing with nonlinearity in 
such constraints. Zafar et al. (2019) narrow the problem 
down and propose a flexible constraint-based frame
work enabling the design of fair margin-based classi
fiers. This framework uses covariance between sensitive 
and nonsensitive attributes as a tractable proxy for 
unfairness and aims to limit unfairness with small 
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performance cost. However, it might result in poor per
formance when the data are unbalanced. Whereas most 
of these studies focus on classification problems, there 
are also some works considering regression problems, 
such as Chzhen et al. (2020) and Zhao and Chen (2019), 
which is beyond the scope of this paper.

2.2. Model Personalization
Models that can be used for personalization include the 
classic mixed effects model (Cudeck 1996, Laird and 
Ware 1982) and more modern ones, such as transfer 
learning (Jiang et al. 2020, Yang et al. 2020) or multitask 
learning (Li et al. 2021, Zhang and Yang 2021). Transfer 
learning is a learning paradigm that improves learning in 
a target domain by transferring knowledge from a source 
domain (Zhuang et al. 2020), whereas multitask learning 
aims to leverage information shared by multiple related 
tasks to help with learning for all the tasks (Zhang and 
Yang 2021). Despite attaching different degrees of impor
tance to various tasks of interest, both of them are similar 
in the strategies adopted for modeling (Yang et al. 2020). 
Within the general umbrella of transfer learning, CL was 
developed (Lin et al. 2015, 2017; Feng et al. 2020). It fea
tures a concept known as canonical models, which distin
guishes itself from other transfer learning or multitask 
learning models and employs a probabilistic relationship 
to characterize individual models.

Another line of work that is related to model person
alization is distributed learning (Miao et al. 2015, Ver
braeken et al. 2020), in which data/computing resources 
are allocated to different clients. As a distributed learn
ing approach that emphasizes data privacy protection, 
federated learning (FL) has become increasingly popular 
in recent years (Yang et al. 2019, Liu et al. 2022). To com
pensate for its poor performance caused by data hetero
geneity, personalization techniques have started to be 
used in federated learning (Kulkarni et al. 2020, Tan et al. 
2022, Zhang et al. 2022). At first sight, this line of work is 
somewhat similar to CL. However, it is worth noting 
that there are several differences between them: (i) CL 
aims to model individuals by utilizing population-level 
information, whereas personalization in FL strives for 
better FL on heterogeneous data. (ii) CL allows the shar
ing of data together with model information among 
individuals, whereas the privacy requirement in FL pre
vents data from being shared among clients and only 
allows sharing the knowledge of model updates. (iii) CL 
assumes the individuals share a latent canonical struc
ture, whereas FL usually defaults to independence 
among clients. (iv) CL emphasizes model personaliza
tion through centralized training but with no explicit 
central server, whereas personalized FL allows training 
personalized models in a decentralized way through 
information sharing between an explicit central server 
and clients. (v) CL is useful when individuals have dif
ferent amounts of data, whereas traditional FL 

sometimes relies on sufficient data from its distributed 
clients to reach a minimum model quality (Shamir and 
Srebro 2014, Kamp et al. 2023). It should be noted that 
CL and FL are not competitive with each other, but 
instead, they solve different questions. And CL can be 
compatible with FL. Another approach worth mention
ing is the clustered federated learning (CFL) (Mansour 
et al. 2020, Sattler et al. 2020). It addresses heterogeneity 
by explicitly identifying the clusters of the users and per
forming FL to learn separate models for each cluster 
instead of one global model. Whereas some works use 
centralized clustering algorithms such as K-means 
(Ghosh et al. 2019, Sattler et al. 2020), hierarchical clus
tering (Briggs et al. 2020, Mehta and Shao 2023), etc., 
others use decentralized algorithms (Ghosh et al. 2020, 
He et al. 2023) to recognize the cluster identities. In addi
tion to hard clustering, Morafah et al. (2023), Ruan and 
Joe-Wong (2022), and Marfoq et al. (2021) propose to use 
soft clustering strategies. CFL methods provide a prom
ising way to handle user heterogeneity through a clus
tering structure, but their performance depends on the 
ability to find good clusters. In contrast to CFL, CL 
doesn’t need to cluster the users, but encodes the shar
ing characteristics among the users through a latent 
canonical structure that is not necessarily a clustering 
structure, which also allows simple and efficient person
alization through one unified optimization framework.

Finally, different from model personalization, a 
remotely related line of work is the design of personali
zation strategies. For example, personalized recommen
dation (Benhamdi et al. 2017, Amara and Subramanian 
2020, Knisely et al. 2021) is becoming increasingly per
vasive to handle user heterogeneity (McAuley 2022). 
Such personalization is usually conducted through col
laborative filtering or content-based filtering. Collabora
tive filtering makes recommendations to an individual 
user based on the preference of other similar users, 
whereas content-based filtering recommends similar 
items to the user without taking other users’ informa
tion into consideration. These personalized strategies 
are tied to many specific application domains, such as 
healthcare (Alfian et al. 2018, Emmert-Streib and Deh
mer 2018), e-commerce (Yoganarasimhan 2020, Ban 
and Keskin 2021), education (Liu et al. 2019, Xu et al. 
2021), etc. And they have prospered rapidly in recent 
years with the development of deep learning techni
ques (Naumov et al. 2019, Tobore et al. 2019).

2.3. Fairness-Aware Federated Learning
There have been works in FL focusing on ensuring fair
ness in different stages of FL, building on various fair
ness metrics proposed in literature (Shi et al. 2023a). 
Some studies aim to enforce fairness constraints on cli
ent selection (Shi et al. 2023b). For example, Huang et al. 
(2020) propose to incorporate a fairness constraint in 
Lyapunov optimization to guarantee the participation 
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rate of clients, whereas Yang et al. (2021) and Huang 
et al. (2022) used bandit-based algorithms to encourage 
a fairer selection. Whereas these methods ignore a 
real-time client contribution, it is further addressed in 
Song et al. (2021) by combining a reputation table with 
fairness constraints in selection. Other work promotes 
the selection of underrepresented clients through per
sonalization of training procedures, such as Caldas et al. 
(2018), and Li et al. (2020b). Nevertheless, as the biases 
in training may not just come from client selection, 
more studies are concerned with fairness in the model 
optimization process (Shi et al. 2023b). Li et al. (2021) 
developed a multitask personalized FL framework 
called Ditto to promote fairness in FL through regulari
zation on the discrepancy between personalized mod
els and the global model in local training. Similarly, 
Yue et al. (2023) also introduce regularization terms in 
their GIFAIR-FL framework to ensure fairness. Instead 
of penalizing the models, they regularize between the 
local loss functions and show that their formulation can 
be equivalently written as loss reweighting. Reweight
ing is also applied in other recent work. Extending the 
idea of agnostic federated learning (Mohri et al. 2019), 
which optimized their loss over an unknown mixture 
of the client data distributions, Du et al. (2021) propose 
the AgnosticFair framework. It reweights an agnostic 
loss function with kernel function parameterization and 
constructs an agnostic fairness constraint from demo
graphic parity. However, its reliance on prior knowl
edge limits its applications (Shi et al. 2023a). Li et al. 
(2020a) propose a q-fair federated learning framework 
in which different clients are weighted differently in the 
aggregated loss through a power parameter q. But its 
effectiveness is affected by the estimation of a Lipschitz 
constant and the setting of q. When q is large, it may 
also suffer numerical issues in computation. In addition 
to model optimization, there are also studies aiming to 
improve fairness in the stage of incentive distribution, 
for instance, Lyu et al. (2020), Gao et al. (2021), and Yu 
et al. (2020) take fairness into consideration through the 
design of incentive mechanisms.

3. Collaborative Learning
In this section, we present the basic framework of CL as 
developed in (Lin et al. 2015, 2018; Feng et al. 2020). This 
framework can be applied to both regression (Lin et al. 
2017) and classification (Feng et al. 2020). Whereas the 
majority of fair machine learning works center on classi
fication, in this paper, we also focus on the classification 
problem to develop our models and algorithms.

3.1. The Basic Framework of CL
Suppose we have N individuals, each with its own 
set of observations. Let ni denote the number of 
observations collected from the ith individual. Each 

observation can be represented as a pair 
(xij, yij)(j � 1, : : : , ni), where xij ∈ Rd is a feature vector 
and yij ∈ {0, 1} is a binary label. Our task is to build a 
personalized model for each individual; that is, for the 
ith individual, we find a mapping hi : Rd→{0, 1} to 
predict the label yij given the feature vector xij.

In an ideal scenario, each individual would have a suf
ficiently large data set to train an accurate personalized 
model for this task through fully IL. However, this is 
rarely the case in practice. Whereas it seems more realis
tic to simply pool all individuals’ data together to build 
one population-level model, this strategy could not char
acterize population heterogeneity and thereby causes a 
great disparity on prediction accuracy among indivi
duals. CL offers a middle ground between these two 
extremes. Rather than building one population-level 
model, CL builds a set of canonical models that can pro
vide an effective representation of individual models: 
each individual model is characterized as a probabilistic 
combination of these canonical models, and this relation
ship is parameterized by a membership vector (Feng et al. 
2020). CL learns the parameters of the canonical models 
and the membership vectors of the individuals.

More specifically, let K denote the number of canoni
cal models, in which the kth canonical model is repre
sented as gk(x):

gk(x) � log P(y � 1)
P(y � 0) � x⊤qk:

Here, qk denotes the unknown parameters of the kth 
canonical model. For the ith individual, their individ
ual model can be written as

log
P(yij � 1 |xij)

P(yij � 0 |xij)
�
XK

k�1
cikgk(xij) � xij

⊤
XK

k�1
cikqk, 

where cik ∈ [0, 1] is the membership parameter that 
characterizes how likely it is that the model of the ith 
individual comes from the kth canonical model. The 
sum of cik(k � 1, : : : , K) equals one, ensuring that the 
individual’s model is a probabilistic combination of 
the canonical models. Denote Q � [q1 ⋯ qK ] and ci �

[ ci1 ⋯ ciK ]. The individual model can be rewritten as a 
two-parameter logistic regression model:

pij � P(yij � 1 |xij) �
exp(xij

⊤Qci)

1+ exp(xij⊤Qci)
:

The likelihood function of the CL model can be 
written as

L(Q, C) �
YN

i�1

Yni

j�1
pyij

ij (1� pij)
1�yij

�
YN

i�1

Yni

j�1

exp(x⊤ij Qci)

1+ exp(x⊤ij Qci)

" #yij 1
1+ exp(x⊤ij Qci)

" #1�yij

:
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This gives the log-likelihood function

l(Q, C) � logL(Q, C) �
XN

i�1

Xni

j�1
[yijlog exp(x⊤ij Qci)

� log(1 + exp(x⊤ij Qci))]:

The maximization of the log-likelihood is equivalent to 
the minimization of the negative log-likelihood loss 
�l(Q, C). We further normalize each individual’s loss 
by its sample size, which leads to the following optimi
zation problem:

min
C,Q

1
N
XN

i�1

1
ni

Xni

j�1
[log(1+ exp(x⊤ij Qci))� yij(x⊤ij Qci)]

s:t: c⊤i 1 � 1, ci ≥ 0, i � 1, : : : , N:

(1) 

3.2. The Limitation of the CL Framework to 
Achieve Fairness

Compared with the fully IL scheme, CL promotes fair
ness by enabling high-level data sharing among the 
individuals and considering the canonical models as 
extra data that is fused with the individual’s data, thus 
reducing the performance disparity among the individ
ual models. However, CL has no explicit control over 
fairness. It does not incorporate any fairness constraints 
into the learning formulation as is done in many exist
ing fair machine learning models. Meanwhile, if we 
take a close look at the objective function of CL in (1), 
the goal of CL is to maximize the mean performance of 
the models on all the individuals (as illustrated in 
Figure 1(b)). This indicates that, to further improve fair
ness on CL, we can enhance the CL formulation by 

minimizing variance at the same time, still improving 
on the mean performance (as illustrated in Figure 
1(c)). The remaining question is whether these two 
objectives are in conflict with each other. After all, it is 
commonly known in fair machine learning literature 
that there is a trade-off between model accuracy and 
fairness, and one cannot increase both simultaneously. 
This trade-off can be quite intuitively conceived in the 
existing works of fair machine learning because they 
build one model to serve all groups. Therefore, if one 
aims to increase fairness, the single model shared by 
all groups has to be changed, and the overall accuracy 
can only go down instead of going up as fairness also 
goes up. However, in our problem, we build personal
ized models rather than one single model, so this 
trade-off is not necessarily true. Intuitively speaking, 
as the current CL framework adopts a complex and 
nonlinear optimization problem that suffers from sub
optimal solutions and overfitting, our FairCL models 
may help find a better optimal solution and achieve 
better generalization and thereby improve both the 
accuracy of the models and reduce the disparity 
among them. Indeed, our experimental results in Sec
tion 6 show that the fairness and accuracy of the per
sonalized models can actually be improved at the 
same time.

4. Collaborative Learning with Fairness 
Constraints (FairCL)

In this section, we explore how the CL can be inte
grated with existing fairness constraints to mitigate dis
parity among individuals and discuss the advantages 
and disadvantages of different FairCL formulations.

Figure 1. (Color online) An Illustration of the Boxplots of the Accuracy of Individual Models Learned by IL (a), CL (b), and 
FairCL (c) 

Note. CL improves on the mean level, whereas our FairCL improves on the worst cases and also improves the mean level.
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4.1. A General Framework for FairCL
The field of fairness machine learning focuses on devel
oping general fairness constraints, which are usually 
designed to bound a certain fairness metric on each 
group (i.e., the groups are defined based on some sensi
tive attributes, such as gender and race). Then, fair 
learning models can be straightforwardly developed 
by integrating these fairness constraints into the learn
ing formulation. In our context, it is natural to extend 
these fairness definitions on individuals (i.e., each indi
vidual is a “group”). A general formulation of our 
FairCL can be written as

min
C, Q

XN

i�1

1
ni

Xni

j�1
[log(1 + exp(x⊤ij Qci))� yij(x⊤ij Qci)]

s:t: c⊤i 1 � 1, ci ≥ 0, i � 1, : : : , N

fi(C, Q) ≤ 0, i � 1, : : : , N,

(2) 

where fi(C, Q) ≤ 0(i � 1, : : : , n) are the fairness con
straints (i.e., some specific examples are introduced in 
Section 4.2). It can be reformulated by introducing the 
Lagrangian multipliers l � (λ1, : : : ,λn) as

min
C,Q

XN

i�1

1
ni

Xni

j�1
[log(1+ exp(x⊤ij Qci))� yij(x⊤ij Qci)]

+
XN

i�1
λifi(C, Q)

s:t: c⊤i 1 � 1, ci ≥ 0, i � 1, : : : , N:

(3) 

Online Algorithm S1 presents the general computa
tional framework of FairCL. In the subsequent section, 
we introduce various specific FairCL formulations that 
aim to achieve fairness by different definitions. For 
brevity, we denote the empirical loss of individual i by 
ℓi(Xi, yi; Q, ci)¢

1
ni

Pni
j�1[log(1+ exp(x⊤ij Qci))� yij(x⊤ij Qci)].

4.2. Some Specific FairCL Models and 
Algorithms

In theory, our FairCL framework shown in Equation 
(3) is general and can incorporate a variety of fairness 
concepts. But further modeling and computational 
improvement can be made when adapting this frame
work to a specific fairness constraint. In what follows, 
we present some examples of how this can be done. 
We focus on widely adopted fairness metrics including 
the following: 
• Equality of opportunity (EO) (Hardt et al. 2016). 

This requires the model to assign a positive outcome to 
the positive population with equal opportunity regard
less of their groups; that is, P(Ŷ � 1 |A � 0, Y � 1) �
P(Ŷ � 1 |A � 1, Y � 1), where A is the sensitive attribute 
to be protected, Y is the label, and Ŷ is the prediction of 
the outcome given by the learned model.

• DP (Dwork et al. 2012). This requires that the mod
el’s predictions should not depend on the sensitive 
attributes; that is, P(Ŷ |A � 0) � P(Ŷ |A � 1).
• Fairness through unawareness (FTU) (Chen et al. 

2019). This requires that the sensitive attributes should 
not be observed or explicitly used in the model 
prediction.
• BGL (Alabi et al. 2018, Agarwal et al. 2019). This 

requires that the average group loss should be bounded; 
that is, E[ℓ(Ŷ, Y) |A] ≤ ζ, where ζ is an upper bound 
and ℓ(·, ·) is the loss function.
• IF (Dwork et al. 2012). This requires that similar 

individuals should be assigned with similar predictions; 
that is, D(Ŷ(X1, A1), Ŷ(X2, A2)) ≤ d(X1, X2), where Xi 
and Ai are the insensitive and sensitive attributes of an 
individual, respectively. Here, D(·) and d(·) are distance 
metrics for predictions Ŷ and attributes X, respectively.
• Counterfactual fairness (Kusner et al. 2017). This 

requires that, in both actual and counterfactual worlds 
in which an individual has different sensitive attribute 
values, predictions should be the same; that is, P(ŶA←a 
(U) |X, A � a) � P(ŶA←a′ (U) |X, A � a), where A is the 
sensitive attribute taking the value of a or a′, U denotes 
the latent variables, and X denotes the insensitive 
attributes.

4.2.1. EO and DP. Whereas these two fairness concepts 
are foundational to the field of fair machine learning, 
their practical relevance with personalized learning is 
quite limited. As Pessach and Shmueli (2020) point out, 
the DP metric might mistakenly deem a model unfair 
when the outcome distributions of various groups are 
different. This can be particularly problematic in the 
context of personalized learning, in which the popula
tion heterogeneity can lead to significant variations in 
the proportion of actual positive outcomes across indi
viduals. In such cases, enforcing similar outcome distri
butions for all individuals may not necessarily improve 
fairness but instead result in misleading models. Only 
if the data distributions of individuals are very much 
alike (which is quite uncommon in practice), DP and 
EO would be practical and realistic. Therefore, in this 
paper, we do not further develop algorithms or con
duct experiments for these two fairness concepts, but 
only present the FairCL formulation of DP here for the
oretical interest:

min
C, Q

XN

i�1
ℓi(Xi, yi; Q, ci)

s:t: c⊤i 1 � 1, ci ≥ 0, i � 1, : : : , N
|P(hi(x; Q, C ≥ z) | i)� P(hi(x; Q, C) ≥ z) | ≤ ξi,
∀z, i � 1, : : : , N:

Here, ξi is a slack variable that is a hyperparameter 
to create tolerance and make the formulation feasible 
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because, in practice, we will not likely achieve abso
lute DP.

4.2.2. FTU. It is worthy of mentioning that the FTU 
actually corresponds to the one-size-fits-all approach 
for personalized learning.

4.2.3. Similarity-Based IF. The notion of IF (Dwork 
et al. 2012) provides a trade-off between equal treat
ment of individuals and individual heterogeneity. It 
does not necessitate absolute equality, but rather 
mandates that individuals with similar characteristics 
should be treated similarly. To achieve IF, usually a 
similarity matrix is constructed to measure the similar
ity between the individuals, denoted as S � [sij]N×N. 
We can obtain the Laplacian matrix Ls �D�S. Here, 
D � diag(d11, : : : , dNN) is a n × n diagonal matrix, where 
dii �

PN
j�1 sij. Using Ls, it is easy to incorporate the simi

larity knowledge among individuals to obtain a graph- 
regularized (Belkin et al. 2005) formulation of CL to 
enforce IF:

min
C,Q

XN

i�1
ℓi(Xi, yi; Q, ci) +λTr(CTLsC)

s:t: c⊤i 1 � 1, ci ≥ 0, i � 1, : : : , N:

Actually, this formulation of FairCL-IF has been 
“unconsciously” developed in the prior work on collab
orative learning (Feng et al. 2020), motivated not by fair
ness concerns, but rather for accuracy improvement. 
However, IF alone is inadequate to guarantee protection 
on vulnerable individuals because it only calls for similar 
treatment on similar individuals (Fleisher 2021). Another 
difficulty is the construction of the similarity matrix, 
which usually demands a strong prior knowledge.

4.2.4. BIL. BIL, as a natural generalization of BGL 
(Agarwal et al. 2019, Chi et al. 2021, Hu et al. 2022), 
bounds the loss function of each individual to reduce 
disparity. Formally, BIL is defined as

E[ℓi(Xi, yi; Q, ci) | i] ≤ ζi, i � 1, : : : , N:

The formulation of FairCL-BIL can be cast as

min
C, Q

XN

i�1
ℓi(Xi, yi; Q, ci)

s:t: c⊤i 1 � 1, ci ≥ 0, i � 1, : : : , N
ℓi(Xi, yi; Q, ci) ≤ ζi,
i � 1, : : : , N:

(4) 

To make it easier to solve, we can reformulate the 
problem using Lagrangian techniques. The Lagrangian 
function of the above formulation is

ℓ(Q, C; l) �
XN

i�1
ℓi(Xi, yi; Q, ci) +

XN

i�1
λi[ℓi(Xi, yi; Q, ci)� ζi]:

To prevent l from being arbitrarily large as demon
strated by Agarwal et al. (2019), the FairCL-BIL prob
lem can be reformulated by constraining the L1 norm of 
l to a limit of B:

min
Q,C

max
l
ℓ(Q, C; l)

s:t: c⊤i 1 � 1, ci ≥ 0, i � 1, : : : , N
‖l‖1 ≤ B, l ≥ 0:

(5) 

We propose to solve FairCL-BIL following the scheme 
in Agarwal et al. (2019) that takes an exponentiated 
gradient approach for optimization (Online Algorithm 
S2), which is an alternating iterative strategy to iterate 
through C, Q, and l.

5. A Self-Adaptive Formulation: Rearran
gement by Loss Reweighting

The FairCL formulations developed in Section 4 show 
the flexibility of incorporating fairness constraints 
into the CL framework. Among all these possibilities, 
FairCL-BIL provides the most practical formulation to 
incorporate fairness into CL. More specifically, it pro
vides a way to achieve fairness by controlling over the 
individual loss functions. When the worst individual 
loss is confined to a certain level, the overall loss is 
pushed to stay low, and the disparity between the indi
vidual losses can be shrunk by adjusting the tolerance 
level. Unlike DP, FairCL-BIL does not impose strict 
restriction, and it does not require additional informa
tion, such as the similarity matrix in IF, which can be 
challenging to obtain. But still, FairCL-BIL also has its 
limitations. The most significant one is that the formu
lation can be infeasible in some cases. Also, how to 
tune the large number of hyperparameters (such as z) 
is also a problem. To address these issues, in this sec
tion, we propose a novel approach called rearrange
ment by loss reweighting (RRW) that has no feasibility 
issue and also enjoys easy hyperparameter tuning.

5.1. The Basic Formulation of FairCL-RRW
Instead of forcing fairness by incorporating fairness 
constraints into the learning formulation, here, we 
introduce weights (w1, : : : , wN) over individual loss 
functions and obtain a weighted optimization problem, 
which leads to the formulation of FairCL-RRW:

min
C,Q

XN

i�1
wiℓi(Xi, yi; Q, ci)

s:t: c⊤i 1 � 1, ci ≥ 0, i � 1, : : : , N:
(6) 

Note that, here, the weights w are not fixed, but rather 
iteratively updated (i.e., as shown in Algorithm 2) in 
order to dynamically rebalance the weights of the indi
vidual losses. This allows the individual models who 
have larger losses in the last iteration to be further 
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minimized in the next iteration. The essence of RRW 
does not lie in the weighted form of the objective func
tion, but in the automatic updates of the weights dur
ing the optimization process.

5.2. Automatic Reweighting by a Self- 
Adaptive Strategy

To make sure the iterative update of w can rebalance 
the individual losses and drive the optimization pro
cess more toward the improvement on the worse cases 
as shown in Figure 1(c), the following Lemma 1 pro
vides a good hint about how this rebalancing process 
can be systematically and automatically managed by a 
simple self-adaptive strategy of reweighting.

Lemma 1 (Rearrangement Inequality). Given the ascend
ing sequences of weights w1 ≤⋯≤ wN and values f1 ≤⋯ 
≤ fN, we have

XN

i�1
wifN�i+1 ≤

XN

i�1
wifσ(i) ≤

XN

i�1
wifi, 

where σ(1), : : : , σ(N) is a random permutation of 1 ~ N.

As our optimization problem is a minimization prob
lem, this lemma suggests that, if we set up the weights 
in the same ordering as the individual losses, the mini
mization problem in Equation (6) forces a reordering of 
the individual losses in a reverse order of the weights. 
In other words, it forces the larger losses to be smaller 
in the next iteration.

Motivated by this idea, our proposed strategy is that, 
in each iteration t, the assigned weight wi for each indi
vidual is an increasing function of the contribution of 
the individual loss to the total loss in the last iteration; 
that is, wt

i � g
�
ℓ(t�1)

i =
PN

j�1 ℓ
(t�1)
j

�
> 0. And one of the 

simplest reweighting functions g(·) is the power func
tion given in Algorithm 2; that is, g(x) � xq. The follow
ing theorems show the rationale of using Algorithm 2
for reweighting.

Theorem 1. FairCL-RRW reweighted by Algorithm 2 is 
equivalent to solving a min-max problem with the objective 
function minC, Qmaxw

PN
i�1 wiℓi(Xi, yi; Q, ci).

The proof can be found in the online appendix. The
orem 1 reveals the nature of FairCL-RRW as demon
strated in Figure 1(c) that aims to improve on the 
worse cases. That is, larger weight is assigned to the 
individual with worse performance so that its impact 
on the overall performance is amplified in the next 
iteration. Note that a key element in the automatic 
reweighting method in FairCL-RRW is the power 
parameter q(> 0), which regulates the balance between 
individual heterogeneity and commonality. The fol
lowing theorem further uncovers some nature of this 
parameter.

Theorem 2. When q � 1, the update of Q and C in Algo
rithm 1 aims to shrink the variance of the individual losses 
at the cost of the loss change incurred in the update.

It is worthy of mentioning that, when q ≠ 1, Algo
rithm 1 still shrinks the variation of the individual 
losses. It is just that, when q � 1, the shrunk variation 
coincides with the exact form of variance (i.e., as a qua
dratic form). Actually, when q is large, the algorithm 
pays more attention to the interindividual differences 
and focuses on improving the low-achieving models to 
achieve better equity. In contrast, when q is small, it 
tends to create equal weights for all individuals and 
treat their loss functions indifferently in optimization. 
In practice, we tune q through cross-validation with a 
grid search.

5.3. Enhance the Stability of FairCL-RRW by 
Temporal Smoothing (TS) Regularization

In the proof of Theorem 2 (see Online Appendix A.2), a 
byproduct is that we find out the objective function 
that Algorithm 1 aims to minimize when updating Q 
and C can be equivalently decomposed into three 
parts:

Var(t+1) +
1
N

XN

i�1
ℓ(t+1)

i

 !2

� ‖‘(t) � ‘(t+1)‖22, 

where the first term is the variance of the individual 
losses and the second term is proportional to the square 
of the basic CL loss 

PN
i�1 ℓ

(t+1)
i , which makes sense. But 

the third term is to maximize the difference between 
the losses in the current iteration and the losses in the 
last iteration ‖‘(t) � ‘(t+1)‖2. Obviously, it is undesired 
that ‖‘(t) � ‘(t+1)‖2 gets larger because it might lead to 
the instability of the optimal solution if the solution 
drastically changes from iteration to iteration. To elimi
nate this potential instability, a natural idea is to con
sider an additional term to offset it. It is not easy to 
directly penalize this distance term in consideration of 
the complexity of l. Instead, we propose a solution that 
is based on the following theorem.

Theorem 3. The loss ‘(t) is temporally Lipschitz continu
ous on Q and C.

Theorem 3 gives the upper bound of ‖‘(t)� ‘(t+1)‖. 
Thus, instead of incorporating ‖‘(t) � ‘(t+1)‖ directly 
into Formulation (6), we propose a TS regularization 
on the change of Q and C over time. With this temporal 
smoothing regularization, we can revise Formulation 
(6) with the following formulation:

min
C,Q

XN

i�1
wiℓi(Xi, yi; Q, ci) +λ1‖Q(t)�Q(t+1)‖2F

+λ2‖C(t) �C(t+1)‖2F

s:t: c⊤i 1 � 1, ci ≥ 0, i � 1, : : : , N:

(7) 
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The regularization parameters λ1 and λ2 can be tuned 
by cross-validation. In Section 6, we show that this TS 
regularization strategy can lead to a great stability of 
the FairCL-RRW formulation.

Algorithm 1 (FairCL-RRW)
Require: Training data from {{Xi, yi}i�1, : : : , N}.
Ensure: Canonical model Q, membership C 

1: Initialize Q(0), C(0).
2: for t � 1, 2, : : : , T do
3: for i � 1, 2, : : : , N do
4: Compute the individual loss ℓ(t�1)

i for indi
vidual i given Q(t�1), C(t�1).

5: end for
6: Update w(t) � Reweight(ℓ(t�1)

1 , : : : , ℓ(t�1)
N ).

7: Update Q(t), C(t) by minimizing (7) given w(t).
8: end for
9: Return Q(t), C(t).

Algorithm 2 (Reweight)
Require: Individual losses ℓ1, ℓ2: : : ,ℓN, hyperpara
meter q > 0.
Ensure: Individual weights w 

1: for i � 1, 2, : : : , N do
2: wi �

�
ℓiPN
j�1
ℓj

�q

3: end for
4: w � [w1, w2, : : : , wN]
5: Return w.

5.4. Connection with the FairCL-BIL
The following theorem builds a connection between 
FairCL-BIL (Equation (4)) and FairCL-RRW (Equation (6)).

Theorem 4. There exist w1, : : : , wn such that the optimal 
solution to (4) is also optimal to (6).

This theorem shows that, in theory, the best perfor
mance of FairCL-BIL can be achieved by FairCL-RRW 
if the weights are appropriately set. Meanwhile, when 
FairCL-BIL is infeasible, FairCL-RRW can still be feasi
ble. Therefore, we can expect that, with fine-tuned 
weights, FairCL-RRW could, in theory, always outper
form FairCL-BIL, which is verified by our numerical 
results in Section 6.

5.5. Computational Efficiency
To learn personalized models of N individuals, given 
the number of features d and the number of canonical 
models K (K < d, N, usually set small values), whereas 
IL requires N · d parameters, FairCL methods can reduce 
the number of parameters to K · d+N ·K. It can signifi
cantly save a space with O(K(N + d) +N) compared 
with IL when K is far smaller than d and N. However, in 
each iteration, FairCL-RRW needs to deal with more 
parameters than the separate training in IL. Assume the 
sample size for each individual is m. The update of Q 
requires a cost of O(NKmd), whereas the update of C 

needs O(NKmd+NKm). Given that the cost of reweight
ing time is linear to N individuals, the total time com
plexity can be roughly written as O(TKNmd), where T is 
the number of iterations. Apparently, running FairCL- 
RRW may incur more computational cost than IL. But 
given that K is usually small, the cost of each iteration 
should be comparable to IL. And, in practice, the algo
rithm can usually converge to a good solution in a few 
iterations. It should be mentioned that, because of the 
matrix operations, when the data are large, there might 
be some numerical issues. Currently, our methods can 
efficiently deal with data from hundreds of indivi
duals, but when the data set or resulting optimization 
problem is too large, we might need more efficient and 
scalable computation strategies, which is one of our 
future directions.

6. Experiments
In this section, we conduct numerical evaluations of 
the proposed FairCL formulations using both simu
lated and real-world data. The real-world data includes 
data sets collected from three different applications. 
We assess the performance of the algorithms in terms 
of both prediction accuracy and fairness, that is, the 
disparity between the prediction accuracy of the indi
vidual models evaluated by variance, and the accuracy 
of low-achieving individual models. All algorithms 
are implemented in Python3 on a MacBook Pro with 
Apple M1 chips.

6.1. Simulation Studies
We simulate data from N � 100 individuals. For indi
vidual i, we randomly generate a sample size ni by 
adding 5 to n′i , which is uniformly drawn from {1, 2, 
: : : , 50}. Here, we set ni > 5 to ensure that each individ
ual has a minimum number of samples to enable model 
training. Following the setup in Feng et al. (2020), we 
generate the canonical models encoded in Q and the 
individual membership mappings encoded in C sepa
rately. In our data generation, we fix the true number 
of canonical models to K � 3. And we choose the 
dimension of the data d from {5, 10, 100}. Given K and 
d, Q � [qij](d+1)×K is randomly generated from the stan
dard normal distribution, that is, qij ~ N (0, 1). To gener
ate C, we consider two generation strategies. 
• Totally random strategy: With this strategy, for 

each individual i, we draw ci from a normal distribu
tion, that is, ci ~ N(0, IK×K). Then, they are normalized 
so that c⊤i 1 � 1 and concatenated into a matrix C � [c1, 
: : : , cN].
• Hierarchical strategy: For each individual, first, ki is 

randomly drawn from {1, : : : , K} by the uniform distri
bution, which represents that the kith model is chosen. 
Then, the individual membership ci is drawn following 
ci ~ N (0, Eki), where Ek � diag(1, : : : , 1,σ2, 1, : : : , 1) is an 
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almost identity matrix with the kth entry replaced by σ2. 
Just like the totally random strategy, we also normalize 
the vectors before concatenation.

With Q and C being generated, the individual mod
els can be easily obtained by bi �Qci. We then generate 
their data sets Di � {(xij, yij)}j�1, : : : , ni . Specifically, we 
generate xij ∈ Rd from a multivariate normal distribu
tion, that is, xij ~ N (0, Id×d). Then, for individual i, the 
labels can be generated following yij � sgn(b⊤i [xij, 1 ]
+ɛij) for j � 1, : : : , ni.

6.1.1. An Overall Evaluation. We compare the models 
that include IL, CL, FairCL-IF, FairCL-BIL, FairCL- 
RRW, and FairCL-RRW-IF in Figure 2 on a toy data set 
generated under hierarchical strategy with d � 10. 
Recall that IL is the learning strategy that learns each 
individual’s model using the individual’s data alone. 
As we can observe, CL significantly boosts the overall 
performances of the models more than IL and also 
reduces the disparity among them. Its median accuracy 
is far higher than that of IL. Meanwhile, all the FairCL 
methods can further reduce the disparity among the 
performance of the individual models, achieving higher 
population-level average. We can also observe that, if 
we have the knowledge on individual similarity, we 
may further improve the FairCL algorithms with their 
IF-regularized versions. For example, FairCL-RRW+IF 
seems better than FairCL-RRW, and FairCL-IF is clearly 
better than CL.

6.1.2. The Impact of K̂ . In what follows, we present 
more experimental results to show how the various 
hyperparameters impact the results. We first show 
how CL perform differently from IL for different K̂s 
(recall that the true K � 3) under the hierarchical data- 
generation strategy with d � 10 fixed. The histograms 
of the distributions of the model accuracy are shown 
in Figure 3. When K̂�3 (which is the true number 
of canonical models), one can easily see that CL 

outperforms IL as the entire distribution of the accu
racy of the individual models of CL is more compact 
and both the mean and peak of the distribution are 
larger than the ones of IL. CL also has fewer low- 
performance individual models and more high- 
performance individual models. As K̂ increases to five 
(which is a little larger than the true value), CL still out
performs IL. However, when K̂�10, CL seems to 
downgrade. The peak of CL shifts to the left of the peak 
of IL, and more low-performance individual models 
occur. This result shows that a proper selection of the 
parameter K̂ is important for the success of CL, which is 
consistent with the observations in prior works (Feng 
et al. 2020). In practice, this parameter can also be effec
tively identified using the Akaike information criterion/ 
Bayes information criterion and cross-validation (Feng 
et al. 2020).

The comparisons between FairCL-BIL and FairCL- 
RRW with CL are shown in Online Figures S1 and S2 
(see Online Appendix C.1). As we mentioned before, 
CL itself doesn’t focus on the fairness issue though it 
does lead to more fairness compared with IL. Com
pared with FairCL-BIL and FairCL-RRW, the perfor
mances of the individual models of CL are more 
disparate. We can also observe that the advantage of 
FairCL-BIL will not sustain if there is serious misspeci
fication of the parameter K̂; that is, when K � 10, the 
gap between FairCL-BIL and CL seems to shrink and 
is not more significant. Different from FairCL-BIL, 
FairCL-RRW outperforms CL for all K̂.

6.1.3. The Impact of d. The above results show the per
formance of the models with d � 10. When d is increased 
to 100, the results are shown in Figure 4 (with K̂�3). It 
can be seen that CL still outperforms IL. And the superi
ority of FairCL-BIL and FairCL-RRW over CL is even 
more significant than it is when d � 10. So is CL more 
than IL. As the sample size of the individual data are rel
atively small given such a large d, it is foreseeable that IL 

Figure 2. (Color online) Comparison of Different Methods (d � 10) (From Left to Right: IL, CL, FairCL-IF, FairCL-BIL, 
FairCL-RRW, FairCL-RRW+IF) 
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couldn’t perform well, but CL-based approaches really 
help the individuals model to learn collectively and rein
force each other.

6.1.4. The Impact of IF Regularization. To evaluate the 
effect of further incorporating individual similarity 
information into the CL-based models, we conduct 
more experiments, and some results are shown in 
Online Appendix C.2 (with d � 10). It can be observed 
in Online Figure S3(a) that the IF regularization can 
significantly improve CL’s performance with the cor
responding K̂ even when we set K̂ � 10 that quite 
deviates from the true value K � 3. Now, we fix K̂ to 
this true value and explore the performance when d is 
changed. Obviously, regardless of d, FairCL-IF out
performs CL to a great extent as is shown in Online 
Figure S4(a) and Figure 5(a). For FairCL-RRW, IF 
regularization can also shift the distributions more 
toward the right side as shown in Online Figure S4(b). 
But the improvement may not be that significant as 
FairCL-RRW has already shown great performance. 
IF regularization is not necessarily always useful in 
improving fairness. As Fleisher (2021) argues, the IF 
principle that requires similar treatment on similar 
individuals can’t always guarantee fairness in the 
population. Sometimes, it may even degrade the per
formance of some FairCL methods. An example of 
such degradation can be seen in Figure 5(b).

6.1.5. In-Depth Analysis of the Detailed Experimental 
Results. To reach a more insightful understanding of 
FairCL algorithms, we further examine some detailed 
statistics of the models’ accuracy in Tables 1–3. In these 
tables, we not only present the mean test accuracy, but 
also the best 10% and the worst 10% test accuracy. 
FairCL-RRW can always beat IL, CL, and FairCL-BIL in 
the worst 10% mean accuracy and the overall variance 
for whatever K̂ (see the underlined results). We also 
include experiment results from additional methods: 
group contribution matching (GCM) (Li et al. 2023), 
postprocess for α-DP (Xian et al. 2023), and subgroup 
mixup (SGMixup) (Zhang et al. 2017, Navarro et al. 
2024). These three methods represent three types of fair- 
aware machine learning approaches, that is, matching, 
postprocessing and data augmentation. From the tables, 
it can be observed that our FairCL-RRW still outper
formed these methods.

When IF regularization is added, FairCL-IF improves 
upon CL and can usually achieve high mean perfor
mance. Similarly, FairCL-RRW+IF might also improve 
upon FairCL-RRW for some cases. But we can also 
observe that IF regularization doesn’t necessarily shrink 
the variance as we compare the variances of FairCL- 
RRW+IF with FairCL-RRW, especially when model 
complexity increases. Looking at the statistics of differ
ent segments of the population, we see that the way 
FairCL-RRW works is to enhance the performance of 

Figure 3. (Color online) Comparison of IL and CL on Simulated Data Under a Hierarchical Strategy (d � 10) 

(a) K = 3 (b) K = 5 (c) K = 10

CL

IL

CL

CL

IL

Figure 4. (Color online) Comparison of Test Accuracy Distributions on Simulated Data Under a Hierarchical Strategy Without 
Prior Knowledge (K̂ � 3, d � 100) 

(a) IL v.s. CL (b) CL v.s. FairCL-BIL (c) CL v.s. FairCL-RRW

CL

IL

FairCL-BIL

CL

FairCL-RRW

CL
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low-achieving individual models (i.e., evidenced by the 
higher mean accuracy of the worst 10%), which, in turn, 
further increases the mean accuracy of all the models 
and reduces the variance. Note that these conclusions 
are drawn from experiments using the hierarchical strat
egy. Similar conclusions can be obtained if we simulate 
data using the totally random strategy (see Online 
Appendix D).

6.1.6. The Impact of TS Regularization on Computational 
Stability. Figure 6 illustrates that the TS-regularized 
FairCL-RRW behaves more stably compared with 
the nonregularized FairCL-RRW algorithm. It can be 
observed that the TS-regularized FairCL-RRW can con
verge quicker and maintains its stable performance 
over iterations with a good prediction performance 
and low variance among the individual models on the 

testing data set. Note that this experiment is done on a 
simulated data set generated under the totally random 
strategy with K � 3, d � 10, but overall, this is a com
monly observed phenomenon on other data sets in our 
experiments.

6.2. Real-World Studies
We further evaluate the FairCL models using data sets 
collected from three different sectors, including trans
portation, manufacturing, and healthcare. Similarly, we 
compare the FairCL methods with not only IL and CL, 
but also three fairness-aware learning methods, that is, 
GCM, postprocess and SGMixup-augmented CL.

6.2.1. Transportation Demand Management. We started 
the real-world experiments from a real-world data set 
collected from a personalized transportation demand 

Figure 5. (Color online) Comparison of Test Accuracy Distributions on Simulated Data Under a Hierarchical Strategy with Prior 
Knowledge on IF (K̂ � 3, d � 100) 

(a) CL v.s. FairCL-IF (b) FairCL-RRW v.s. FairCL-RRW+IF

FairCL-RRW+IF

FairCL-RRW

CL

FairCL-IF

Table 1. Statistics of the Models’ Accuracy on Simulated Data Under a Hierarchical Strategy (d � 5)

K̂ Methods Mean Best 10% Worst 10% Variance

IL 88.56 100.00 64.28 113.57
GCM 74.75 93.79 43.47 222.21

Postprocess 78.11 97.89 44.96 234.70
3 CL 93.91 100.00 73.48 84.28

SGMixup+CL 93.51 100.00 74.46 72.24
FairCL-BIL 94.74 100.00 76.42 67.68

FairCL-RRW 95.99 100.00 80.18 48.30
FairCL-IF 95.61 100.00 79.30 50.10

FairCL-RRW+IF 96.10 100.00 81.26 42.21
5 CL 92.18 100.00 72.80 88.93

SGMixup+CL 92.53 100.00 73.02 79.48
FairCL-BIL 93.24 100.00 74.60 62.66

FairCL-RRW 95.92 100.00 80.20 47.54
FairCL-IF 95.08 100.00 77.43 57.86

FairCL-RRW+IF 95.62 100.00 78.31 50.58
10 CL 89.86 100.00 67.99 92.25

SGMixup+CL 88.76 100.00 68.48 105.71
FairCL-BIL 90.74 100.00 70.44 88.84

FairCL-RRW 95.03 100.00 78.25 56.98
FairCL-IF 94.47 100.00 76.24 66.72

FairCL-RRW+IF 94.85 100.00 77.76 59.86

Notes. Bold results are the best results among all methods for corresponding parameters. Underlined results are the 
best results without prior knowledge on IF.
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management (TDM) system (Zhu et al. 2019). This 
TDM data set studies travel behaviors in a reward sys
tem and consists of 828 participants, whereas each par
ticipant has 13 observations. The number of attributes 
in each travel alternative is four, which includes early 
schedule delay, late schedule delay, travel time saving, 
and reward points offered. And the participants make 

decisions on whether to accept the travel alternative 
given the rewards, which leads to binary responses. 
We randomly split each individual’s data into training 
and testing sets by a ratio of 7:6. Following Feng et al. 
(2020), we use threefold cross-validation to determine 
the number of canonical models K using the training 
data set.

Table 2. Statistics of the Models’ Accuracy on Simulated Data Under a Hierarchical Strategy (d � 10)

K̂ Methods Mean Best 10% Worst 10% Variance

IL 83.94 100.00 57.38 149.42
GCM 71.55 93.95 44.69 192.24

Postprocess 77.82 96.46 56.96 132.17
3 CL 92.29 100.00 72.95 83.30

SGMixup+CL 92.86 100.00 73.75 74.65
FairCL-BIL 94.34 100.00 77.25 62.45

FairCL-RRW 95.44 100.00 83.39 34.64
FairCL-IF 95.12 100.00 84.17 32.75

FairCL-RRW+IF 96.38 100.00 85.62 25.27
5 CL 91.94 100.00 69.78 89.65

SGMixup+CL 92.03 100.00 70.67 81.64
FairCL-BIL 93.66 100.00 76.01 68.44

FairCL-RRW 96.28 100.00 81.49 42.72
FairCL-IF 95.50 100.00 78.30 60.04

FairCL-RRW+IF 95.61 100.00 79.81 52.30
10 CL 89.57 100.00 67.05 94.43

SGMixup+CL 85.78 100.00 63.91 124.06
FairCL-BIL 90.27 100.00 70.76 84.68

FairCL-RRW 94.54 100.00 78.75 49.40
FairCL-IF 93.56 100.00 71.73 78.73

FairCL-RRW+IF 93.96 100.00 77.14 55.61

Notes. Bold results are the best results among all methods for corresponding parameters. Underlined results are the best 
results without prior knowledge on IF.

Table 3. Statistics of the Models’ Accuracy on Simulated Data Under a Hierarchical Strategy (d � 100)

K̂ Methods Mean Best 10% Worst 10% Variance

IL 63.17 84.00 38.44 161.63
GCM 70.64 90.45 43.80 180.98

Postprocess 74.33 95.08 51.26 161.32
3 CL 88.26 100.00 65.26 113.35

SGMixup+CL 86.41 100.00 65.73 108.10
FairCL-BIL 89.01 100.00 70.48 87.98

FairCL-RRW 92.87 100.00 77.08 50.32
FairCL-IF 89.74 100.00 73.57 66.38

FairCL-RRW +IF 90.35 100.00 73.89 59.29
5 CL 82.74 100.00 58.16 143.19

SGMixup+CL 81.53 99.00 60.44 120.82
FairCL-BIL 80.32 97.50 53.41 166.51

FairCL-RRW 89.11 100.00 70.17 89.41
FairCL-IF 85.80 100.00 58.51 157.89

FairCL-RRW +IF 87.94 100.00 68.25 98.60
10 CL 75.76 96.04 47.22 196.72

SGMixup+CL 74.66 91.55 43.83 190.85
FairCL-BIL 74.87 94.49 50.27 160.43

FairCL-RRW 85.78 100.00 65.69 104.01
FairCL-IF 78.94 97.34 50.96 178.33

FairCL-RRW +IF 84.39 100.00 58.47 151.50

Notes. Bold results are the best results among all methods for corresponding parameters. Underlined results are the best 
results without prior knowledge on IF.
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Results of the different FairCL models are shown in 
Table 4. As the data dimension is small and the sample 
size is not large, although IL doesn’t perform very well 
on average and the mean accuracy of the worst 10% is 
quite low, it still achieves a mean accuracy of more than 
70%. CL performs better than not only IL, but also GCM 
and postprocess, and its performance can be improved 
by SGMixup, FairCL-BIL, and FairCL-RRW. Particularly, 
FairCL-RRW reaches the smallest variance of accuracy, 
achieving a better mean performance. It is also easy to 
see that the mean accuracy of the worst 10% is much 
enhanced by FairCL-RRW compared with other meth
ods. We further try to incorporate IL regularization, but 
because we don’t have readily available prior knowledge 
of the individuals’ similarity, here, following Feng et al. 
(2020), the individual similarity is computed based on the 
radial basis function kernel; that is, the similarity between 
individual i and j is defined as sij � exp(�‖xi� xj‖

2
2=σ

2), 
where x represents the individual attributes. It can be 
observed that FairCL-IF can achieve smaller variance than 
FairCL-BIL and higher mean accuracy of the overall pop
ulation as well as the worst 10% but is worse than FairCL- 
RRW. This is expected because the similarity information 
is not accurate enough.

6.2.2. Turbofan Engine Degradation. Another data set 
we use in our numerical studies is the run-to-failure 
degradation trajectories of turbofan engines. The deg
radation simulation was carried out by the NASA 
commercial modular aero-propulsion system simula
tion (C-MAPSS) dynamical model (Saxena et al. 2008). 
This data set includes continuous observations of 90 
different turbofan engines collected during multiple 
operational cycles before failure in which each observa
tion has 18 discriminative sensor measurements. And 
two failure modes, including high-pressure compres
sor degradation and fan degradation, were considered 
in this data set. We evaluate the ability of our methods 
to predict the failure of the engines indicated by the 
number of operation cycles. That is, if an engine is 
operated more than 150 cycles, it is labeled as being at 
higher risk of failure. This gives rise to a binary classifi
cation task (Loyer et al. 2014, Aribi et al. 2023).

We compare FairCL-BIL and FairCL-RRW with IL, 
GCM, postprocess, CL, and SGMixup-augmented CL. 
Because of the lack of prior knowledge, IF-regularized 
versions of our methods are not taken into consideration 
in the experiments. The results are reported in Table 5. 
Given the varying data sizes and data quality for dif
ferent engines, IL can show extremely poor prediction 
performance on some individuals. This results in a 
low test accuracy on the worst 10%, indicating signifi
cant unfairness. GCM and postprocess significantly 
outperform IL on both accuracy and fairness, but they 
perform worse than CL. Though SGMixup can further 
shrink the variance, which indicates better fairness, 
our FairCL-BIL and FairCL-RRW can improve the 
performance of CL to a larger extent. Particularly, 
FairCL-RRW demonstrates the highest mean accuracy, 
achieving the best performance fairness (highest worst 
10% accuracy, lowest accuracy variance).

6.2.3. Surgical Site Infections. We further test the 
methods using a data set from healthcare that concerns 

Figure 6. (Color online) The Impact of TS Regularization on FairCL-RRW 

(a) Mean accuracy of models on testing data (b) Variance of accuracy of models

FairCL-RRW(Regularized)

FairCL-RRW(Non-Regularized)

CL

CL

FairCL-RRW(Non-Regularized)

FairCL-RRW(Regularized)

Table 4. Statistics of the Models’ Accuracy on the TDM 
Data Set

Methods Mean Best 10% Worst 10% Variance

IL 72.36 100.00 30.38 498.37
GCM 64.77 100.00 16.11 605.85
Postprocess 67.19 100.00 24.72 487.69
CL 74.32 100.00 35.33 454.33
SGMixup+CL 75.05 100.00 36.11 474.25
FairCL-BIL 75.17 100.00 38.33 413.06
FairCL-RRW 76.92 100.00 42.22 412.91
FairCL-IF 75.32 100.00 41.47 417.12
FairCL-RRW+IF 77.76 100.00 42.69 395.92

Notes. Bold results are the best results among all methods for 
corresponding parameters. Underlined results are the best results 
without prior knowledge on IF.
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surgical site infections (SSIs). SSI is one of the most 
common types of hospital-acquired infections, which 
are usually associated with increasing morbidity, pro
longed hospitalization, and higher mortality (Costa
bella et al. 2023). The heterogeneous conditions of 
patients and the high-stake situation call for personal
ized prediction models that can treat different patients 
fairly and give accurate diagnosis of SSI. Given this 
context, we conducted experiments on an SSI data set 
that involves 259 patients whose wounds are continu
ously monitored in a range of 7–20 days. Each observa
tion consists of 29 wound measurements, such as 
wound color, wound temperature, and pain intensity, 
etc., together with a binary indicator showing the infec
tion status marked by experts. Each individual’s data 
are randomly split into training and testing sets with a 
ratio of 4:3. And similar to the experiments in the 
C-MAPSS data set, we didn’t consider IF regularized 
FairCL methods in comparison because of a lack of 
prior knowledge of the patients.

Table 6 shows our experimental results. Whereas the 
performance of IL is poor, others perform much better 
with mean accuracy greater than 90%. Among these 
methods, FairCL-RRW achieves a mean accuracy much 
higher than all the other methods. When it comes to 
fairness, GCM, postprocess, and CL all outperform IL. 
And we can easily observe the significant improvement 
on the worst 10% accuracy by SGMixup, FairCL-BIL, 
and FairCL-RRW compared with CL. Compared with 
SGMixup, FairCL-BIL can improve the worst 10% 

accuracy and reduce the variance to a larger extent. And, 
apparently, FairCL-RRW is superior to other methods as 
it improves the model accuracy of those low-achieving 
models and leads to a small variance. It can achieve the 
best performance on both accuracy and fairness.

7. Conclusion
CL has been developed in the literature to learn person
alized models for a heterogeneous population of indivi
duals. In this work, we further develop the FairCL 
framework by incorporating fairness constraints into 
the CL framework and developing the corresponding 
computational algorithms. We further develop a self- 
adaptive FairCL formulation, named FairCL-RRW, that 
highlights a dynamic reweighting approach to improve 
fairness of the individual models. We conduct theoreti
cal analysis to reveal the connection of this novel 
reweighting method with other FairCL formulations 
and the underlying rationale as to why it can reduce the 
variance of the performances of the individual models. 
Extensive numerical studies using both simulated and 
real-world data sets also show the advantages of the 
FairCL methods (particularly, FairCL-RRW) that can 
improve not only fairness, but also the accuracy of 
the individual models. As the proposed FairCL shows 
its potential in generalizing to different applications 
(transportation, healthcare, and manufacturing, etc.), 
remember that, ultimately, the success of model person
alization requires trustworthiness between individuals 
and the system. To build trustworthy personalized 
models, beyond fairness, there are also important issues 
such as privacy, robustness to adversarial tasks, etc., 
that haven’t been fully explored in this paper. Thus, 
we further extend our FairCL framework in the future 
in the following directions: (i) Adversarial robustness: 
although FairCL can somewhat show resistance to data 
scarcity or noise, how different adversarial attacks (Koh 
and Liang 2017, Solans et al. 2020, Mehrabi et al. 2021a) 
affect its performance and how to defend against specific 
attacks still need further investigation. (ii) Privacy: as 
there are growing concerns on data security and privacy 
in machine learning, it is worth exploring how to enable 
privacy-preserving information sharing in FairCL so 
as to improve its generalization to problems with pri
vacy concerns. One possible way to do so is combining 
it with federated learning, which awaits more investiga
tion in the future. (iii) Scalability: more efficient updating 
algorithms in the optimization of FairCL can provide 
more scalability when the number of individuals be
comes tens of thousands or even more than that and 
when the data size also correspondingly becomes larger.

Acknowledgments
The authors thank the editors and the anonymous referees for 
insightful comments and constructive suggestions. This work 
was supported by the Breakthrough T1D award 2-SRA-2022- 

Table 5. Statistics of the Models’ Performance on the 
CMAPSS Data Set
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