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What Is a Team?

A group of users who collaborate together with a common

purpose in order to accomplish the requirements of a task.
[Brannik et al., Psychology Press, 1997]
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What Is a Team?

A group of users who independently endeavor to accomplish

their individual tasks to reach a shared goal or value, while

actively interacting and adapting.
[Zzkarian et. Al., IIE transactions,1999]
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Team vs. Group



Dead Poet Society, 1998, Peter Weir 

Robin Williams: “we don’t read and write poetry because it’s cute …”

Group Learning Teams
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Science Research Teams
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The Big Lebowski, 1998, Joel & Ethan Coen 
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Entertainment Industry (Cast’nCrew)
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Sport Teams
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Development for a Team

Four distinct phases of development for a team

[Tuckman et al., Psychological bulletin ,1965]
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Tuckman, Bruce W. "Developmental sequence in small groups." Psychological bulletin 63.6 (1965): 384.
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Tuckman, Bruce W. "Developmental sequence in small groups." Psychological bulletin 63.6 (1965): 384.

Team Recommendation
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“What does team recommendation have to do with information retrieval?”

Eternal Sunshine of  the Spotless Mind, Michel Gondry, 2004
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Eternal Sunshine of  the Spotless Mind, Michel Gondry, 2004
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Information Retrieval in a Library: Web Search
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Team Recommendation Information Retrieval
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Information Retrieval in a Village: Social Search

Social Information Retrieval (Social IR)

Eternal Sunshine of  the Spotless Mind, Michel Gondry, 2004
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What is Success?

Eternal Sunshine of  the Spotless Mind, Michel Gondry, 2004
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Sport Teams
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US$1.446 billion vs. no Oscar!

What is success?
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What is success?
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https://www.facebook.com/share/p/kXYaYaRvRCr5K2Ze

https://openreview.net/forum?id=idpCdOWtqXd60
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What is success?
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Produced PublishedIssuedReleased

Success
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o Large number of candidates 

- Different knowledge

- Different culture

- Different characteristic   

o Hidden personal and societal biases

- Race

- Gender

- Popularity

o Multitude of  criteria to optimize

- Communication cost

- Budget

- Time

Traditional approach

Teams were formed manually by relying on human experience and instinct in a tedious, 

error-prone, and suboptimal process. 

Difficulties: 
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o Large number of candidates 

- Different knowledge

- Different culture

- Different characteristic   

o Hidden personal and societal biases

- Race

- Gender

- Popularity

o Multitude of  criteria to optimize

- Communication cost

- Budget

- Time

Traditional approach

Teams were formed manually by relying on human experience and instinct in a tedious, 

error-prone, and suboptimal process. 

Difficulties: 

Manual team recommendation on a large scale is almost impossible
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Team Allocation, Team Selection, Team Composition, Team Configuration, Team Recommendation, Team Formation
38

Computational Approach

Introduction and Background ApplicationsChallenges & New PerspectivesLearning-based HeuristicsPioneering Techniques Team Refinement



39
Team Recommendation Methods in Time
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Computationally Prohibitive
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Transfer|Distill the Knowledge for Neural Team Recommendation
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[Golzadeh et al., ICDE, 2025]

Graph-based Team Recommendation

Underlying network structure is a key factor to form an effective team.

[Miller, Computational Modeling and Organization Theories. AAAI Press, 2001]

[Gaston et al., Proceedings of the 1st NAACSOS Conference, 2003]

[Gaston et al., AAAI Technical Report, 2004]

[Chen, INCoS, 2010]

• Organizations’ inherent hierarchical structure.

• Experts' social and collaborative ties.
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Core Objective
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Team Recommendation

Social Network Analysis 

Graph Theory

Graph Neural Networks

Task-aware loss function
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Communication Cost  
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communication cost team performance team success

Effective team 

Easier communication

Enhanced collaboration
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Communication Cost  
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communication cost team performance team success

𝑊↓ 𝑒 = 𝑊 𝑢, 𝑣 = 1 − |
𝑃𝑢∩𝑃𝑣

𝑃𝑢∪𝑃𝑣
| ∈ 𝑅[0,1]

𝑊↓ 𝑒 = |
1

𝑃𝑢∩𝑃𝑣
| ∈ 𝑅 0,1 ∪{∞}

Effective team 

Easier communication

Enhanced collaboration
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Expert Network Attributed Graph
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Optimization Objectives o Communication Cost

o Proficiency 

o Personnel Cost

o Geographical Distance

o Density 
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Subgraph Optimization Objectives o Communication Cost

o Proficiency 

o Personnel Cost

o Geographical Distance

o Density 

Introduction and Background ApplicationsChallenges & New PerspectivesLearning-based HeuristicsPioneering Techniques Team Refinement



• Sum of  distances 

• Sum of  edge weights 

• Diameter of the subgraph 

• Cost of  the spanning tree 
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Non-temporal (Static)

Minimum subgraph based on (a) diameter (solid blue edges) vs. 

(b) spanning tree (dashed red edges)
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Objective overview 
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Temporal (Dynamic)

Temporal (dynamic) communication cost is based on the fact that the least

communication cost exists between users who could maintain many successful

collaborations over time till recently or currently.

𝑚𝑖𝑛
𝑉𝑃∈𝒫(𝐺)

𝜑𝐷𝑇(𝐺 𝑉𝑃 ) = ෍

𝑣,𝑣′∈𝑉𝑃

𝑑 𝑣, 𝑣′ + 𝛼(𝑡 − 𝑡′)
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Proficiency of users indicates the level of  expertise in a particular profession or a skill.

• h-index

• number of citations

Proficiency

Introduction and Background ApplicationsChallenges & New PerspectivesLearning-based HeuristicsPioneering Techniques Team Refinement
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Proficiency of users indicates the level of  expertise in a particular profession or a skill.

• h-index

• number of citations
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Authority [Zihayat et. Al., EDBT, 2017]

Sum of inverse of expertise level

𝑚𝑖𝑛
𝑉𝑃∈𝒫(𝐺)

𝜙(𝐺 𝑉𝑃 ) = ෍

𝑣∈𝐴

1

𝑎𝑣

Introduction and Background ApplicationsChallenges & New PerspectivesLearning-based HeuristicsPioneering Techniques Team Refinement

Proficiency
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Objective overview 
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Multi-Objective Optimization

• Communication cost and proficiency
[Zihayat et. al., AMW, 2018]

[Zihayat et. al., EDBT, 2017]

• Communication cost and personnel cost 
[Aijun et. al., SDM, 2013]

[Kargar et. al., CSE, 2013]

[Zihayat et. al., AMW, 2018]

• Density and proficiency
[Juarez et. al., GECCO., 2018]

• Communication cost, personnel cost and proficiency 
[Zihayat et. al., WI-IAT, 2014]

• Dynamic communication cost, geographical proximity, and proficiency
[Selvarajah et. al., Expert Syst. Appl., 2021]
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Objective overview 

Introduction and Background ApplicationsChallenges & New PerspectivesLearning-based HeuristicsPioneering Techniques Team Refinement



60

Subgraph Optimization Algorithms

Introduction and Background ApplicationsChallenges & New PerspectivesLearning-based HeuristicsPioneering Techniques Team Refinement

Subgraph Optimization is NP-hard
[Karp, Complexity of computer computations, Springer, 2010]

↓

Heuristics for Polynomial Time

Greedy

Approximation
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Communication Cost Minimization Algorithms

Lappas et al. is the first attempt to form a team based on the subgraph optimization on 

the user  network. [Lappas et. al., KDD, 2009]

Key Concept:     Reducing the cost of communication between team members.

➢ Diameter-Based Optimization    RarestFirst

➢ Spanning Tree-Based Optimization      CoverSteiner and EnhancedSteiner
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Communication Cost Minimization Algorithms

Graph extension of EnhancedSteiner Algorithm
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A Survey of Subgraph Optimization for Expert Team Formation
ACM Computing Surveys, 2025
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66Team Recommendation Works in Time
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Paradigm Shift to Learning-based Heuristics

Autoencoder architecture

• Learn the inherent structure of ties among users 

and their skills.

• Utilize all past (un)successful team compositions 

as training samples.

• Predict future teams and their performance.
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Neural Team Recommendation

Utilize past (un)successful teams as training samples. 

Predict future teams whose success is almost surely guaranteed!

Efficiency: iterative and online learning procedures

Efficacy: improved prediction and team performance

Scalability: can handle larger pool of experts

Dynamic Adaptation: better suited for temporal studies

Introduction and Background ApplicationsChallenges & New PerspectivesLearning-based HeuristicsPioneering Techniques Team Refinement
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Team

Given a set of skills S ={i} and a set of

users E ={j}, a team of users e⊂E ; e ≠
∅ that collectively cover the skill set s⊂S

; s ≠ ∅ is shown by (s,e) along with its

success status y ∈ {0,1}. Further, T =
{(s, e)𝑦 : y∈{0,1} indexes all previous

teams.
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Team Recommendation

f

Given a subset of skills s and all teams T, the Team

Recommendation problem aims at identifying an

optimal subset of users 𝑒∗ such that their

collaboration in the predicted team (s, 𝑒∗ ) is

successful, that is (s, 𝑒∗)𝑦=1 , while avoiding a

subset of users 𝑒′ resulting in (s, 𝑒′)𝑦=0 . More

concretely, the Team Recommendation problem is

to find a mapping function f of parameters 𝜽 from

the powerset of skills to the powerset of s such

that 𝑓𝜽 ∶ 𝑃 𝑆 → 𝑃(𝐸), 𝑓𝜽 s = 𝑒∗.
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h = 𝜋(𝜽1𝑣𝒔+𝒃1)

𝑙𝑜𝑔𝑖𝑡𝑠 → z = 𝜽2𝒉 + 𝒃2
𝑣𝑒∗ = σ (z)
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Neural Team Recommendation

Given the training set T, Neural Team

Recommendation estimates 𝑓𝜽(s) using

a multi-layer neural network that learns,

from T , to map a vector representation

of subset of skills s, referred to as

𝒗𝒔 ,to a vector representation of subset

of experts 𝑒∗ , referred to as 𝒗𝒆∗ , by

maximizing a posterior (MAP)

probability of 𝜽 in 𝑓𝜽 over T, that is,

𝑎𝑟𝑔𝑚𝑎𝑥 𝜽 p(𝜽|T)

Feedforward
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Neural Team Recommendation

Given the training set T, Neural Team

Recommendation estimates 𝑓𝜽(s) using

a multi-layer neural network that learns,

from T , to map a vector representation

of subset of skills s, referred to as

𝒗𝒔 ,to a vector representation of subset

of experts 𝑒∗ , referred to as 𝒗𝒆∗ , by

maximizing a posterior (MAP)

probability of 𝜽 in 𝑓𝜽 over T, that is,

𝑎𝑟𝑔𝑚𝑎𝑥 𝜽 p(𝜽|T)

Feedforward

Biased
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Feedforward   → Systematic Discrimination 

Traditional FNNs can overfit and provide overconfident predictions,

especially with limited or noisy data because :

- Training sets in team recommendation models suffer from

popularity bias;

- The majority of experts (non-popular experts) have scarcely

participated in the teams , whereas few experts (popular ones)

are in many teams.
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Variational Bayesian

Idea:

Using probabilistic weights as opposed to single real-valued weights.

- Treating the network’s weights as probability distributions instead

of fixed values.

- Distribution of predictions rather than a single deterministic

output.
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Variational Bayesian

Goal:

Maximizing the likelihood function f of 𝜃 :

- Cross entropy (Classification)

- Sum of squares error (Regression)
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78

Variational Bayesian

𝜃~(𝜇, 𝜎); q(𝜃)=𝒩 𝜇, 𝜎 → min KL(q ∥ p) 

Minimizing the Kullback-Leibler Divergence between q(𝜃) and p(𝜃)

https://github.com/IntelLabs/bayesian-torch

By Bayes theorem: Multiplying the likelihood with a

prior distribution p(𝜃).

Hint: The true prior probability of weights p(𝜃) cannot

be calculated efficiently.
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Variational Bayesian

𝜃~(𝜇, 𝜎); q(𝜃)=𝒩 𝜇, 𝜎 → min KL(q ∥ p) 

Minimizing the Kullback-Leibler Divergence between q(𝜃) and p(𝜃)

https://github.com/IntelLabs/bayesian-torch

By Bayes theorem: Multiplying the likelihood with a

prior distribution p(𝜃).

Hint: The true prior probability of weights p(𝜃) cannot

be calculated efficiently.
Curse of  Sparsity at the Input Layer
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Graph Representation Learning

Transfer learning-based

transfer
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Graph Representation Learning

Transfer learning-based

transfer

Introduction and Background ApplicationsChallenges & New PerspectivesLearning-based HeuristicsPioneering Techniques Team Refinement

Two step training
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End-to-End Graph Neural Network
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Transfer learning-based Methods

Meta Path-based

[Rad et. Al., Sigir ,2021]
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Transfer learning-based Methods

Message Passing-based Methods (Graph Neural Networks)
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Graph Representation Learning

Inductive methods → GraphSAGE

Can infer vector representations for unseen skill nodes based on 

existing nodes residing in the neighbourhood of the unseen skill 

node. [Hamilton et. al., NIPS, 2017]
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Attentive methods→ GAT 

Allocate attention coefficients to a skill node's neighbours to signify 

their importance in updating the skill node's vector.
[Velickovic et. al., ICLR, 2018]

Isomorphism methods→ GIN 

Next to the skill vectors, the agg and comb functions are also 

parameterized and learnable based on Weisfeiler-Lehman graph 

isomorphism test. [Xu et al. ICLR 2019]



Research Question 

Which dense vector representation is of the best quality

across neural team recommenders and datasets?

[Ahmed et. Al., WISE ,2024]

Graph Neural Network For Team Recommendation
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Average performance of 3-fold fnn on test set in dblp

[Ahmed et. Al., WISE ,2024]
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Average performance of 3-fold bnn on test set in dblp

[Ahmed et. Al., WISE ,2024]
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Research Question 

Do neural team recommenders of different architectures benefit from dense 

vectors equally?

[Ahmed et. Al., WISE ,2024]
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fnn vs bnn performances for dblp

fnn bnn

[Ahmed et. Al., WISE ,2024]
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Training Strategies → Negative Sampling

Most available data in team recommendation domain only consists of  

successful teams.

Introduction and Background ApplicationsChallenges & New PerspectivesLearning-based HeuristicsPioneering Techniques Team Refinement

Closed-World Assumption

No currently known (successful) team

↓

Unsuccessful d  

𝑠1

𝑒3

𝑠3

𝑒1

𝑠3

𝑒4Negative team:    experts

skills   

𝑒1, 𝑒3
𝑠1, 𝑠2, 𝑠3



Optimization function discriminates successful from unsuccessful teams

through negative sampling.
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Positive Samples

Probability Distribution
Negative Samples

[Dashti et. al., CIKM, 2022]
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Training Strategies → Negative Sampling
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Predicting future successful teams of users who can effectively collaborate is challenging 

due to experts’ temporality of skill sets, levels of expertise and collaboration ties

Introduction and Background ApplicationsChallenges & New PerspectivesLearning-based HeuristicsPioneering Techniques Team Refinement

Training Strategies → Streaming

[Fani et. al., ECIR, 2024]

Neural model learns vector 

representations for users and skills 

at time interval 𝑡

Initiates learning for the next time 

interval 𝑡 + 1



Dataset
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imdb dblpusptgithub
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Dataset Statistics and Distribution

Introduction and Background ApplicationsChallenges & New PerspectivesLearning-based HeuristicsPioneering Techniques Team Refinement

Dataset
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Dataset Statistics and Distribution

Introduction and Background ApplicationsChallenges & New PerspectivesLearning-based HeuristicsPioneering Techniques Team Refinement

Dataset
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Dataset Statistics and Distribution

Introduction and Background ApplicationsChallenges & New PerspectivesLearning-based HeuristicsPioneering Techniques Team Refinement

Dataset
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Metrics

Given a test team (𝑠, 𝑒)

Precision: How many of the k predicted experts Ƹ𝑒 are correctly in 𝑒: P k =
|e∩ොe|

k

Recall: How many of the correct experts 𝑒 has been predicted in Ƹ𝑒: R k =
|e∩ොe|

|e|

Success: Did we at least predict one expert from 𝑒: S k = e ∩ ොe > 0
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Metrics

Reciprocal Rank: the position of first correct expert. The higher rank, the better!

RR k = ൝
1

rank
rank ≤ k

0 otherwise

Average Precision: AP k =
σi=1
k P i × δ𝑒(i)

|𝑒|

δe(i) returns 1 if  the i-th expert is in 𝑒.

Normalized Discounted Cumulative Gain: nDCG k =
σi=1
k δe(i)

log(i+1)

σ
i=1
e 1

log(i+1)
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Metrics

Skill coverage:

True Positives

Good False Positives

Already skillful 

(via another team)
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Evaluation Metrics

Introduction and Background ApplicationsChallenges & New PerspectivesLearning-based HeuristicsPioneering Techniques Team Refinement

Metrics
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Team Refinement

Introduction and Background ApplicationsChallenges & New PerspectivesLearning-based HeuristicsPioneering Techniques Team Refinement

Refining a team

o Improving the effectiveness of  initially formed team.

o Enhancing the collaboration among team members.

o Structural adjustment

o Membership substitution
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Structural adjustment

[Almutairi et. Al., Human-Computer Interaction for Work (CHIWORK), 2025]

[Zhou et. Al., CHI Conference on Human Factors in Computing Systems, 2018]

[He et. Al., ACM Hum.-Comput. Interact. 1, CSCW, 2017]
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Task-dependent structures 
clarifying authority

Success in companies

streamlining decision-making

Hierarchical structure

streamlining decision-making

Failure in research teams

idea exchange

Task-dependent structures 
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Structural adjustment

[Almutairi et. Al., Human-Computer Interaction for Work (CHIWORK), 2025]

[Zhou et. Al., CHI Conference on Human Factors in Computing Systems, 2018]

[He et. Al., ACM Hum.-Comput. Interact. 1, CSCW, 2017]

Introduction and Background ApplicationsChallenges & New PerspectivesLearning-based HeuristicsPioneering Techniques Team Refinement

Task-dependent structures 
clarifying authority

Success in companies

streamlining decision-making

Hierarchical structure

streamlining decision-making

Failure in research teams

idea exchange

Task-dependent structures 

Feedback



107

DreamTeam, a multi-armed bandit chatbot.     

o DreamTeam takes in a set of dimensions representing team structures.

o The system reacts based on feedback from automatically collected metrics

such as task performance, or self-reported metrics such as member ratings 

on the team’s collaboration

o Reward function encapsulates these metrics.

o DreamTeam learns and selects what to explore next based on the reward 

function.

Introduction and Background ApplicationsChallenges & New PerspectivesLearning-based HeuristicsPioneering Techniques Team Refinement

Structural adjustment

[Zhou et. Al., CHI Conference on Human Factors in Computing Systems, 2018]
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tAIfa, an AI agent that uses LLMs to provide 

personalized, automated feedback to teams

and their members.

o Retrieve and structure team conversations.

o Evaluate team dynamics using rule-based metrics and 

LLM analysis.

o Use LLM to generate individual and team feedback 

messages.

o Deliver feedback privately and as group messages 

tagging all members.

[Almutairi et. Al., Human-Computer Interaction for Work (CHIWORK), 2025]
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Structural adjustment

Evaluation Metrics:

o Average Conversation Duration

o Average Speaker Turn

o Average Word Count

o Self-Reported Measures
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Membership substitution

Expansion 

Replacement 

[Zhao et. Al., Springer International Publishing AG, part of Springer Nature, 2018]

[Lv et. Al., Decision Support Systems, 2024]
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o Skills No Longer Match Project Needs

o Member Absence

o Reduced Contribution
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Membership substitution
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TECE, Team Expansion in Collaborative Environments

Goal:

Select the most suitable candidate to expand a team by jointly considering the relationships 

among the candidate, team task, and existing team members.

[Zhao et. Al., Springer International Publishing AG, part of Springer Nature, 2018]
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Membership substitution
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TECE, predict a unified fitness score

➢ Task–Candidate Interaction: Learns how candidate skills 

align with task requirements using collaborative filtering.

➢ Candidate–Leader Interaction: Models social compatibility through interactions between 

the candidate and team leader.

➢ Team State Interaction: Captures current team dynamics via task–leader relationships to 

find complementary candidates.

[Zhao et. Al., Springer International Publishing AG, part of Springer Nature, 2018]
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Membership substitution
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GCO-DQN, Graph Combinatorial Optimization for Deep Quality Network

Goal:

learn member representations using reinforcement learning and graph neural networks to

form teams that satisfy new project requirements while minimizing disruption from

reallocating members from their previous teams.

[Lv et. Al., Decision Support Systems, 2024]
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Membership substitution
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GCO-DQN,

➢ Problem Setup

Form project teams from an organizational network while meeting skill requirements and 

minimizing disruption. 

Employees are nodes with skills, rank, and communication links.

[Lv et. Al., Decision Support Systems, 2024]
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Membership substitution
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GCO-DQN,

➢ Data Preparation:

Use a probabilistic greedy algorithm to generate multiple candidate team solutions.

[Lv et. Al., Decision Support Systems, 2024]
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Membership substitution
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GCO-DQN,

➢ Node Quality Prediction (GNN)

Graph Neural Network evaluates each employee’s potential contribution based on skills and 

network influence.

Filters out less suitable candidates and ranks employees for team selection.

[Lv et. Al., Decision Support Systems, 2024]
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Membership substitution
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GCO-DQN,

➢ Team Formation via Reinforcement Learning (GCO-DQN)

o State: current team composition. 

o Action: adding an employee. 

o Reward: improvement in team effectiveness.

[Lv et. Al., Decision Support Systems, 2024]
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Membership substitution
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➢ Forming teams by applying team refinement methos.

➢ Refinement techniques provide a way to iteratively adjust 

team composition toward higher performance teams.

Introduction and Background ApplicationsChallenges & New PerspectivesLearning-based HeuristicsPioneering Techniques Team Refinement

Team Formation → Refinement Techniques
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➢ Forming teams by applying team refinement methos.

➢ Refinement techniques provide a way to iteratively adjust 

team composition toward higher performance teams.
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Team Formation → Refinement Techniques

Reinforcement Learning
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Leverage Refinement via Reinforcement Learning (RL):

➢ Model team formation as a sequential decision-making process.

➢ Start with an initial team and iteratively refine it by adding, removing, or 

swapping members.

➢ An RL agent receives feedback (reward) based on the improvement in team 

performance metrics.
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Team Formation → Refinement Techniques
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Advantages

➢ Captures dynamic and contextual dependencies.

➢ Adapts through experience and feedback.

Challenges

➢ Sparse or delayed rewards make training unstable.

➢ Limited applicability in real-world expert domains (e.g., research or 

organizational teams).
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Team Formation → Refinement Techniques
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Refinement-Based Team Formation in 

Game and Simulated Environments 

[Kurach et. Al., The Thirty-Fourth AAAI Conference on Artificial Intelligence, 2020]
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o State space: Current team composition, 

available candidates, task requirements.

o Actions: Propose to add/remove 

members, accept/reject negotiation offers.

o Reward function: Captures team 

performance, success, fairness, or stability 

of formed teams.

Team Formation → Refinement Techniques
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Outline

I) Introduction and Background 

II) Pioneering Techniques 

III) Learning-based Heuristics 

IV) Team Refinement

Hands-on: OpeNTF

VI) Applications

V) Challenges and New Perspectives 
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Immediate Direction
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Transfer learning vs. End-to-End

transfer

Introduction and Background ApplicationsChallenges & New PerspectivesLearning-based HeuristicsPioneering Techniques Team Refinement

End-to-End Approach
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Introduction and Background ApplicationsChallenges & New PerspectivesLearning-based HeuristicsPioneering Techniques Team Refinement

Research Question 

Does end-to-end approach outperform transfer learning-based approach for team 

recommendation?

End-to-End Approach
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End-to-End Approach
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Spatial Team Recommendation
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Transfer

bnn

fnn

Meta

Paths

[Rad et. al., SIGIR 2021]

Geolocations only for skill vectors!
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Fair and Diverse Team Recommendation
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team recommendation 

methods 

maximizing efficacy

ignoring diversity 
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Fair and Diverse Team Recommendation

Fairness in machine learning algorithms guarantees where a disadvantaged

group also known as a protected group, should be treated similarly to the

advantaged group as a whole.

[Altenburger et.al., AAAI Conference on Web and Social Media, 2017]

There is little to no diversity-aware algorithmic method that mitigates unfair

societal biases in team recommendation models.
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Fair and Diverse Team Recommendation

There is little to no diversity-aware algorithmic method that mitigates unfair

societal biases in team recommendation models.

Notions of Group Fairness:

• Demographic Parity

• Equality of Opportunity
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Fair and Diverse Team Recommendation

Demographic Parity

Demographic Parity
• Male: 70%

• Female: 30%

Candidate Pool Final Team
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Fair and Diverse Team Recommendation

Demographic Parity :

Enforces the membership in a team to be independent of values of a protected

attribute for team members.

Male Female

[P(𝑒0 ∈ 𝑇) = P(𝑒1
′ ∈ 𝑇)] ∧ [P(𝑒0 ∉ 𝑇) = P(𝑒1

′ ∉ 𝑇)]
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Fair and Diverse Team Recommendation

Equality of Opportunity

Equality of  

Opportunity

• Male: 50%

• Female: 50%

Programmers Qualified Set : 

Python Programmers Final Team
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Fair and Diverse Team Recommendation

Skilled Male
Skilled Female

[P(𝑒0 ∈ 𝑇|𝑒0 , ) = P(𝑒1
′ ∈ 𝑇|𝑒1

′ , )]𝑆𝑒1′ ∩ 𝑆 ≠ ∅𝑆𝑒0 ∩ 𝑆 ≠ ∅

Equality of Opportunity:

Enforces the skilled membership in a team to be independent of values of a

protected attribute for team members.
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Fair and Diverse Team Recommendation

Debiasing algorithms can be categorized based on their integration into the machine

learning pipeline:

- Pre-process: No work, to the best of our knowledge

- In-process: Little work, vivaFemme [Moasses et.al., BIAS-SIGIR, 2024]

- Post-process: Little work, Adila [Loghmani et.al., BIAS-ECIR, 2022], [Geyik et.al., KDD, 2019],
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Fair and Diverse Team Recommendation

• Pre-processing methods modify data or label through re-sampling heuristics before

model training.
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Fair and Diverse Team Recommendation

• In-processing techniques adjust the optimization process of models to balance

accuracy and fairness.
[Moasses et.al., BIAS-SIGIR, 2024]
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Fair and Diverse Team Recommendation

• Post-processing methods modify model outputs during inference, which may

involve altering thresholds, scoring rules, or reranking the recommended list of

items.

[Loghmani et.al., BIAS-ECIR, 2022], [Geyik et.al., KDD, 2019]

Dataset
Neural Team 

Formation 

Baseline

Fairness-

informed Teams

Re-ranking 

Method

Evaluation
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Fair and Diverse Team Recommendation

• Post-processing methods modify model outputs during inference, which may

involve altering thresholds, scoring rules, or reranking the recommended list of

items.

[Loghmani et.al., BIAS-ECIR, 2022], [Geyik et.al., KDD, 2019]
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Multi-Objective Optimization
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Outline

I) Introduction and Background 

II) Pioneering Techniques 

III) Learning-based Heuristics 

IV) Challenges and New Perspectives 

Hands-on: OpeNTF

VI) Applications

V) Team Refinement
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Applications

• Group Learning

• Reviewer Assignment

• Palliative Care
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Applications

• Group Learning

• Reviewer Assignment

• Palliative Care
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Group Learning

Why group learning
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Group Learning

Why group learning

Active Engagement:

Working in groups helps students engage deeply with the material and share their

knowledge
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Group Learning

Why group learning

Active Engagement:

Working in groups helps students engage deeply with the material and share their

knowledge

Accountability:

Teamwork motivates students to enhance problem solving skills, stay on track and meet

deadlines.
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Group Learning

Why group learning

Active Engagement:

Working in groups helps students engage deeply with the material and share their

knowledge

Accountability:

Teamwork motivates students to enhance problem solving skills, stay on track and meet

deadlines.

Essential Skills:

Develops time management and communication skills for future success.
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Group Learning

Not all student groups work well.

Introduction and Background ApplicationsChallenges & New PerspectivesLearning-based HeuristicsPioneering Techniques Team Refinement
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Group Learning

Not all student groups work well. Why?
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Group Learning

Not all student groups work well. Why?

Groups are not systematically formed.
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Group Learning

Team recommendation approaches in the classroom

• Average grade
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Group Learning

Team recommendation approaches in the classroom

• Average grade

• Availability for work

Introduction and Background ApplicationsChallenges & New PerspectivesLearning-based HeuristicsPioneering Techniques Team Refinement



154

Group Learning

Team recommendation approaches in the classroom

• Average grade

• Availability for work

• Personality and behavior
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Group Learning

Prior Methods

Introduction and Background ApplicationsChallenges & New PerspectivesLearning-based HeuristicsPioneering Techniques Team Refinement



156

Group Learning

Prior Methods

• Integer linear programming (ILP)
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Group Learning

Prior Methods

• Integer linear programming (ILP)

• Genetic Algorithm
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Group Learning

Prior Methods

• Integer linear programming (ILP)

• Genetic Algorithm

o Resource allocation [Vecina et al, HAIS 2022]
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Group Learning

Prior Methods

• Integer linear programming (ILP)

• Genetic Algorithm

o Resource allocation [Vecina et al, HAIS 2022]

o Matching of students to supervisors [Sanchez et al, Appl. Soft Comput. 2019]
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Group Learning

Prior Methods

• Integer linear programming (ILP)

• Genetic Algorithm

o Resource allocation [Vecina et al, HAIS 2022]

o Matching of students to supervisors [Sanchez et al, Appl. Soft Comput. 2019]

o Task assignment to agents based on their capabilities [Crawford et al, AAMAS 2016]
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Group Learning

Prior Methods

• Integer linear programming (ILP)

• Genetic Algorithm

o Resource allocation [Vecina et al, HAIS 2022]

o Matching of students to supervisors [Sanchez et al, Appl. Soft Comput. 2019]

o Task assignment to agents based on their capabilities [Crawford et al, AAMAS 2016]

o Project allocation to individuals according to their skills [Camelo et al, Comput. Oper. Res., 2021]
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Applications

• Group Learning

• Reviewer Assignment

• Palliative Care
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Reviewer Assignment

Background
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Reviewer Assignment

Background

• Peer review is a critical part of the academic publishing process and is closely tied to

the quality and integrity of academic journals.

[Zhang et. Al., Information Processing and Management, 2023]

[Mandviwalla et. Al., Decision Support Systems, 2008]
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Reviewer Assignment

Background

• Peer review is a critical part of the academic publishing process and is closely tied to

the quality and integrity of academic journals.

• Assigning reviewers to a manuscript is crucial for determining the quality and suitability

of submitted manuscript.

[Zhang et. Al., Information Processing and Management, 2023]

[Mandviwalla et. Al., Decision Support Systems, 2008]
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Reviewer Assignment

Approaches
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Reviewer Assignment Approaches 

Reviewer-paper matching degree
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Reviewer Assignment Approaches 

Reviewer-paper matching degree

• Manual methods such as asking reviewers to bid on papers. [Shah et. Al., Journal of Machine

Learning Research, 2018]
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Reviewer Assignment Approaches 

Reviewer-paper matching based

• Text information-based method to compared the similarity between potential reviewers

and manuscripts. [yang et. Al., Applied Soft Computing, 2020]
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Reviewer Assignment Approaches 

Retrieval-based reviewer assignment
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Reviewer Assignment Approaches 

Retrieval-based reviewer assignment

• Developed a recommendation framework that employs information retrieval techniques to

collate publications, keywords, and abstracts by integrating cosine similarity assessments

between keywords and full-text indices to generate final recommendations. [Arabzadeh et. Al.,

CIKM, 2024]
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Applications

• Group Learning

• Reviewer Assignment

• Palliative Care
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• Palliative care is caring holistically for patients and families to improve their quality of

life.

173

Palliative Care

Background

[Selvarajah et. Al., Innovations in Intelligent Systems and Applications (INISTA), 2018]

[Manalu et. Al., International Journal of Medical and Health Sciences, 2022]
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• Palliative care is caring holistically for patients and families to improve their quality of

life.

• It provides an active and comprehensive integrated health approach, which is a

multidisciplinary approach that integrates doctors, nurses, physiotherapists,

psychologists, nutritionists and other professions as needed.

174

Palliative Care

Background

[Selvarajah et. Al., Innovations in Intelligent Systems and Applications (INISTA), 2018]

[Manalu et. Al., International Journal of Medical and Health Sciences, 2022]
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• The care system takes a team-based approach to address the needs of patients and

their families.

175

Palliative Care

Background

[Selvarajah et. Al., Innovations in Intelligent Systems and Applications (INISTA), 2018]

[Manalu et. Al., International Journal of Medical and Health Sciences, 2022]
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• The care system takes a team-based approach to address the needs of patients and

their families.

Challenges:

o Each care provider has limited capabilities and can provide special type of services.

o Several barriers such as geographical distance, communication costs, time availability,

etc.

176

Palliative Care

Background

[Selvarajah et. Al., Innovations in Intelligent Systems and Applications (INISTA), 2018]

[Manalu et. Al., International Journal of Medical and Health Sciences, 2022]
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• Care providers as experts.

• Services they can provide as skills.

177

Palliative Care as a Team Recommendation Problem  

[Selvarajah et. Al., Innovations in Intelligent Systems and Applications (INISTA), 2018]

[Manalu et. Al., International Journal of Medical and Health Sciences, 2022]
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• Care providers as experts.

• Services they can provide as skills.

• Based on the structure of the network, and relationship among the care providers in

the network, the best team of support/care can be identified. (efficient team)

178

Palliative Care as a Team Recommendation Problem  

[Selvarajah et. Al., Innovations in Intelligent Systems and Applications (INISTA), 2018]

[Manalu et. Al., International Journal of Medical and Health Sciences, 2022]
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Mapping the Care Network:

• The care network is mapped to a weighted graph, considering factors such as 

distance, communication, and contact costs.
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Palliative Care as a Team Recommendation Problem  

[Selvarajah et. Al., Innovations in Intelligent Systems and Applications (INISTA), 2018]

[Manalu et. Al., International Journal of Medical and Health Sciences, 2022]
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Palliative Care Approaches 

Evolutionary Modelling

• Cultural Algorithm [Selvarajah et. Al., Innovations in Intelligent Systems and Applications (INISTA), 2018]
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https://fani-lab.github.io/OpeNTF/tutorial/cikm25/
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