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Abstract

In surgery, patient safety is threatened not only by technical issues
but also by poor teamwork. However, existing surgical Al-based
solutions focus mainly on visual workflow and technical execution,
neglecting the modeling of team interactions and missing opportu-
nities to actively support clinicians in improving their teamwork
skills. To address this gap, we propose a tempo-relational framework
for modeling surgical team dynamics from multimodal observa-
tions. By leveraging Time-Expanded graphs, the approach captures
both relational structure and temporal evolution, achieving strong
expressivity while remaining robust in the low-data regime typi-
cal of surgical settings. Beyond prediction, such modeling enables
the generation of efficient, interpretable, and actionable sugges-
tions for clinicians. More specifically, we generate suggestions via
a counterfactual procedure that identifies minimal yet structured
changes in individual behaviors and interaction patterns associ-
ated with improvements in team performance. Experiments with
simulated surgical procedures show that our approach improves
predictive performance in diverse behavioral and interaction goals
while offering meaningful insights into team dynamics. This work
advances surgical Al beyond outcome-driven prediction towards a
socially grounded, team-centric, and actionable paradigm to better
understand and support the development of team skills in surgical
settings.
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computing; - Applied computing — Life and medical sciences;
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1 Introduction

Actionable AI aims to move beyond prediction by enabling sys-
tems that provide interpretable and actionable feedback to support
humans in their work and everyday tasks. This requirement is
critical in high-stakes settings, such as operating rooms (ORs), in
which team performance arises from complex, dynamic, and tightly
coordinated interactions. Accurate predictions alone are insuffi-
cient; decision support must translate the system’s outputs into
actionable guidance that enhances team performance. The OR sce-
nario exemplifies such high-stakes settings. While Surgical Data
Science (SDS) has made significant progress in modeling procedural
workflows [27, 40, 58, 61] and individual technical skills [29, 32],
modeling intra-operative team dynamics and providing actionable
insights remain largely underexplored. Building computational
models that capture temporal-relational patterns in small-team in-
teractions is particularly challenging in surgical settings due to lim-
ited data availability and its complex technical setup. Additionally,
high-dimensional multimodal data require generalizable models
that can leverage all modalities without overfitting.

In this work, we propose a graph-based multimodal team model-
ing approach particularly suitable for high-stakes scenarios. More
specifically, in our setting, the model predicts social and behav-
ioral constructs representing the overall team dynamics. To capture
temporal evolution directly within the relational structure, we con-
struct Time-Expanded graphs, enabling message passing along
both spatial and temporal dimensions within a single architecture.
This approach preserves the expressive power of the model while
remaining robust in low-data regimes. Building on this team repre-
sentation, we introduce a counterfactual approach for actionable
reasoning. Unlike previous approaches, which focus solely on the
removal of edges [39] or combinatorial enumeration of possible
alternative behaviors [50], our method identifies minimal and inter-
pretable team behavioral changes to improve teamwork outcomes
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based on the previous history observed in the training data. These
counterfactual insights are validated in surgical training settings,
in which clinical teams perform procedures on high-fidelity simu-
lators, ensuring both validity and reproducibility.

The contributions of this paper are as follows:

e We propose TE-RENN, a Time-Expanded Relational Neural
Network that models multimodal team interactions while
remaining robust in the low-data regime;

e We introduce a graph-based counterfactual approach that
provides interpretable and actionable recommendations to
improve teamwork;

e We demonstrate that our approach outperforms existing ap-
proaches in surgical training simulation, highlighting robust
multimodal modeling, team-level prediction, and validated
counterfactual insights.

2 Related Work

Automated team modeling has attracted growing interest, but progress
remains limited by the difficulty of collecting multimodal data in
multiparty settings and the scarcity of large-scale datasets [6, 9, 10,
30, 46, 52]. Early work focus on static team modeling, in which multi-
modal features are aggregated across individuals and used to predict
team constructs such as cohesion, leadership, or performance via
classical ML or shallow neural models [7, 25, 31, 45, 47, 48]. How-
ever, these approaches ignore temporal dynamics and interpersonal
interactions. Temporal models address this limitation by capturing
behavioral evolution over time using sequence-based methods such
as HMMs, LSTMs, and Transformers [1, 3, 35], as well as dynamical
systems and imitation learning [21, 54]. While effective at modeling
temporal dependencies, they typically treat team members inde-
pendently and overlook relational structure. Conversely, relational
approaches incorporate interactions among team members through
graph-based or network-based models, including Graph Neural Net-
works (GNNs) and attention mechanisms [5, 33, 34, 55], but often ne-
glect temporal dynamics or focus on limited tasks. Recent temporal
GNNss attempt to bridge this gap [36], yet they are rarely applied to
multi-construct team modeling and often lack comprehensive evalu-
ation. Overall, existing approaches either model time or relations in
isolation, leaving a gap for unified approaches that jointly capture
temporal, relational, and multimodal aspects of team behavior. A
notable exception is the recent work by De Luca et al. [38], which
introduces tempo-relational neural networks to model teamwork.
However, their approach suffers from the low-data regime typical
of medical team analysis, where models are trained on a set of
recordings. Indeed, the approach has only been evaluated on much
simpler cooperative survival games performed in the laboratory.
Our approach sidesteps this problem by directly encoding temporal
dependencies within the graph structure. This design enables effec-
tive message-passing while remaining robust in the low-data and
small team regime typical of operating room scenarios. Our experi-
mental evaluation demonstrates that this constitutes a substantial
advantage over alternative approaches. Human-AlI collaboration re-
search has demonstrated that hybrid teams outperform humans or
Al alone only when interaction is well-calibrated and systems sup-
port transparent and adaptive cooperation [2, 42]. Trust calibration
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and shared mental models are key determinants of team perfor-
mance that can be supported by multiple explanation modalities
while mitigating over-reliance on Al recommendations [17, 22]. In
particular, counterfactual explanations provide a formal framework
to estimate the effects of hypothetical interventions, enabling sys-
tems to reason about what could have happened under alternative
actions. For this reason, they have been widely adopted in machine
learning to interpret model decisions, often as post-hoc diagnostic
tools applied to individual predictions [60]. In high-stakes domains
such as healthcare, counterfactual methods have been used to guide
treatment selection [26, 53], yet these approaches rarely consider
interactions among multiple decision makers or provide structured
feedback that can inform team-level decision processes. Similarly,
counterfactual policy learning methods optimize intervention out-
comes but often ignore the temporal and social dynamics inher-
ent in collaborative environments. Some recent studies integrate
temporal and relational modeling to support counterfactual gen-
eration [37, 50], yet these methods are often used as predictive or
explanatory tools rather than mechanisms for actionable feedback.
From a computational perspective, small-team scenarios introduce
additional challenges due to limited data availability, sparsity, and
the absence of publicly labeled datasets. Despite these advances, ex-
isting approaches present notable limitations. Most counterfactual
methods neglect the complex interactions among multiple agents
over time. Explanations are rarely translated into actionable guid-
ance for workflow decisions, and the dynamic evolution of teams
during collaboration is often unmodeled. Our work addresses these
gaps with Time-Expanded Relational Neural Networks (TE-RENN),
which generate structured counterfactual alternatives capturing
both temporal evolution and social interaction patterns. Unlike
prior methods, TE-RENN provides actionable feedback at the level
of individual decisions, team members’ interactions, and collec-
tive outcomes, supporting team decision-making in high-stakes
operational contexts rather than producing post-hoc explanations
detached from the decision process.

3 Method
3.1 Time-Expanded Relational Neural Networks

We represent each surgical team as a sequence of multimodal in-
teraction graphs built over fixed temporal windows. The input
comprises (i) multimodal features extracted from synchronized
audio-video recordings and annotations, including acoustic, mo-
tion, and human-object interaction cues, and (ii) team conversation
transcripts. Since these modalities are acquired at different sampling
rates, all features were aggregated into aligned non-overlapping
windows of 15 seconds.

Let V denote the set of all team members involved in the surgery.
For each temporal window t € {1,...,T}, we first build a snapshot
interaction graph

G = (Vt,Ez),

where V; C V is the set of team members present during win-
dow t. Edges in E; encode verbal communication assuming that
speech is broadcast to all team members present: whenever a team
member v; € V; speaks during window ¢, directed edges (v;,v;) are
added from the speaker v; to all the other team members present
in that window v; € V; with j # i. This assumption models verbal
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Figure 1: Overview of the interaction modeling pipeline. Top row: multimodal time-series are segmented into fixed temporal
windows (15 seconds). Middle row: for each window, a snapshot interaction graph G, is built, in which nodes represent team
members and edges encode broadcast verbal communication. Node features integrate interpretable paralinguistic (¢GeMAPS),
text, position, and human-tool interaction (relation with objects). Bottom row: snapshot graphs are connected through identity-
preserving temporal edges into a Time-Expanded Graph G'E, enabling joint modeling of team members’ coordination and

longitudinal individual dynamics across time.

communication as a one-to-many interaction, reflecting the shared
acoustic environment of the OR. Each node v € V; is associated
with a multimodal feature vector composed of:

o Paralinguistic features: loudness, alpha-ratio, and harmonics-

to-noise ratio from the eGeMAPS 2.0 set [18]. The selection
of this subset is detailed in Sec. 4.2.

o Text features: language-model embeddings extracted from
the speech transcription associated with each team member
speaking within a temporal window.

e Motion features: the spatial position (x,y) of each team
member, together with the mean and standard deviation of
their displacement within a temporal window.

e Human-tool interaction features: the triplet team member—
action—object describing atomic actions in the OR (e.g., an-
esthesiologist—calibrating—instrument). They are encoded
via one-hot vectors and associated with the corresponding
team member.

o Role features: a categorical label reporting the functional
role of each team member (e.g., head surgeon, nurse), en-
coded using a one-hot representation.

To capture team coordination dynamics beyond the window-
based resolution, we transform the sequence of snapshot graphs

into a Time-Expanded graph, which explicitly encodes temporal
evolution in the graph topology, as illustrated in Fig. 1. Given a
temporal sequence of snapshots

Gir = [Gl, .-

we define the corresponding Time-Expanded graph as

..Grl,

GTE = (VTE ETE),
with
VIE= (! v eV, t=1,....T}.

Each node o! represents team member v; at the temporal window
t. Consequently, multiple temporal instances of the same team
member coexist in the graph, allowing their behavior to be tracked
throughout the surgical procedure. To capture both instantaneous
and longitudinal dependencies, the edge set is defined as

ETE — ESnap Etemp
where:
e Intra-snapshot edges:

EP = {(0f,0}) | (vi,0;) € Er}.



MM ’26, November 10-14, 2026, Rio de Janeiro, Brazil

These edges preserve the communication structure observed
within each temporal window and capture broadcast inter-
actions from a speaking team member o} to the other team
members 05. in the same snapshot.

o Inter-snapshot identity edges:

EmP = {0, 0! | 0; € Vi N Vpyy, t=1,...,T = 1}.

These edges connect consecutive temporal instances of team
members and preserve identity continuity over time.

This construction encodes temporal dynamics directly into the
graph topology, allowing information to propagate both across team
members within each window and along the temporal trajectory
of every individual. In our implementation, each Time-Expanded
graph spans up to six minutes of audio-video recordings, that is cor-
responding to 24 temporal windows, providing sufficient temporal
context to capture evolving coordination patterns while remaining
computationally tractable. By combining relational structure with
interpretable behavioral abstraction, the proposed representation
enables the learning of predictive signals of procedural efficiency
while maintaining a direct link between model representations
and human-adjustable behaviors. This representation is naturally
compatible with Message Passing Graph Neural Networks (MP-
GNNGs) [20, 28, 43, 62], as it defines a unified graph space in which
information can be iteratively aggregated from both relational and
temporal neighborhoods. In particular, the intra-snapshot edges
enable the exchange of contextual information across team mem-
bers within the same temporal window, while the inter-snapshot
identity edges enable each representation to evolve along its own
temporal trajectory. This design extends standard message passing
to a tempo-relational setting, where node embeddings are updated
by jointly integrating social interactions and their temporal evo-
lution, without requiring explicit recurrent mechanisms [19]. The
resulting Time-Expanded Relational Neural Network (TE-RENN) is
better suited to low-data settings than recurrent-based approaches,
as it encodes temporal dependencies directly within the graph
structure rather than relying on sequential state propagation, thus
better leveraging the message-passing capabilities of graph neural
network architectures. In the low-data regime typical of surgical
procedures, in which recordings are scarce and annotations are
costly, this leads to consistently improved predictive performance
across tasks, as demonstrated in our experimental evaluation.

3.2 Actionable Counterfactuals

We generate actionable feedback by identifying how a team inter-
action sequence could evolve toward a more desirable outcome.
Let
Gir =[Gy, ..., Gr]

denote an input sequence of snapshot graphs, and let y* denote
a target outcome (e.g., high cooperation). The goal is to extract
interpretable modifications to team behaviors that steer the predic-
tion of the model towards y*. Note that in this setting, in which
multiple team members interact over extended time horizons, stan-
dard counterfactual approaches that seek minimal changes to flip a
model’s prediction [44, 60] are not directly applicable. Modifying
the behavior of a single team member (e.g., the lead surgeon) at
a given time step may yield a more favorable predicted outcome,
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Algorithm 1 Embedding Repository Construction

Require: Training set D, encoder fp

Ensure: Repository Z
1: Z — 0
2: for each sequence gf:Ti = [Gi, s G}l_] € Ddo
3: fort=1toT; do

4: g;‘:t — [G{,...,Gg]

5: construct the corresponding Time-Expanded graph
Gis,

6: 2L, — fo(G]E,

7: Z <= Z{(z,,y". G1.,)}

8: end for

9: end for

but such a counterfactual is unrealistic, as it ignores the cascading
effects on other team members and their behaviors in subsequent
time steps. To sidestep this issue, we adopt an exemplar-based
strategy grounded in real observations, following example-based
counterfactual literature [12, 16], where explanations are obtained
by comparing an instance with a similar but more desirable exam-
ple. Accordingly, throughout the paper we refer to our method as
an example-based counterfactual explanation. Given a sequence ex-
hibiting suboptimal team performance, we retrieve a sequence with
a similar temporal prefix but a desirable outcome, and compare the
two prefixes to identify the key behavioral differences underlying
the divergence in performance.

Overview. The method consists of two stages: (i) offline con-
struction of an embedding repository, and (ii) online counterfactual
generation through retrieval, explanation, and comparison.

Embedding repository. We precompute a repository Z of prefix-
level embeddings from the training set, as detailed in Algorithm 1.
For each training sequence

Gig, = G, .
we consider all prefixes
Gl,=I[G,....G], t=1,...,T;.

Each prefix is converted into its corresponding Time-Expanded
graph and encoded using the trained GNN fj, producing a graph
embedding z.,. Each entry in Z stores the tuple

(Z<r Y Gl)s
where y' is the outcome label associated with sequence i. This step

is performed once and reused at inference time, enabling efficient
retrieval of temporally aligned interaction patterns.

Gl

ii) Counterfactual generation. At inference time, we analyze the
input incrementally using Algorithm 2. For each prefix

Gt = [Gl, cees Gt],
E

we construct the corresponding Time-Expanded graph GL and
encode it with f to obtain the embedding z<,. We then query the
embedding repository Z via the function RETRIEVEIMPROVED to
retrieve the embedding which is closest to z<; according to cosine
similarity, has the same temporal length ¢ and exhibits the desired
outcome y*:
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Algorithm 2 Counterfactual Generation

Require: Input sequence Gi.r = [Gy, ...
repository Z, encoder fp
Ensure: Counterfactual explanation e
1: fort =1to T do
Gt < [Gy,...,Gi]
construct the corresponding Time-Expanded graph G?f
Z<t < J(@(G?tg
(z1,,y", G;,) < RETRIEVEIMPROVED(z<;, Z, ")
& « ExrLAIN(G;,. fo)
for each candidate explanation e € & do
if MartcH(e, Gy.;) = false then
return e
10: end if
1t: end for
12: end for
13: return 0

,Gr], target outcome y*,

N A AN

(22 Y. Gra)

Next, we apply EXPLAIN to the retrieved prefix G;, to iden-
tify which elements most strongly support its prediction. Since
faithfulness assessments for GNN explanations are sensitive to the
underlying architecture [4], we use saliency scores to rank candi-
date behavioral components. Starting from feature-level saliency
scores [56], we derive importance estimates at the node and edge
levels, and aggregate them into interpretable behavioral compo-
nents, such as individual actions or communication cues. This yields
an ordered explanation of the retrieved example, ranked from the
most to the least influential components.

We then compare these components with the current prefix Gi.;
using MaTcH, where we exploit the role labels available in the
graph to compare components at role-consistent positions, e.g.,
surgeon-to-surgeon or nurse-to-nurse. The candidate explanations
are examined in decreasing order of importance, and the first salient
component that is absent from the input is returned as a counter-
factual suggestion. If all salient components are already present,
the algorithm proceeds by extending the prefix. Further details
on RETRIEVEIMPROVED, EXPLAIN, and MATCH are reported in the
Supplementary Material.

The proposed approach combines example-based retrieval with
explanation-based refinement. Retrieval ensures candidate behav-
iors are realistic by grounding them in observed interaction se-
quences, while explanations isolate the components responsible
for the desirable outcome. Comparing these components with the
current interaction sequence yields actionable suggestions and iden-
tifies the earliest point an intervention could be recommended.

4 Experimental setting

4.1 Dataset

The MM-OR [49] dataset is a multimodal corpus of 21 simulated
knee replacement surgical procedures, including 14 full and 7 partial
knee replacement surgeries. In our experiments, we use 15 proce-
dures, nine of which are full knee replacements. Each procedure
typically involves four to six team members, whose functional roles

Activation Control Dominance Behavioral Class

Low Low Low Withdrawn / Disengaged
Low Low High Restrained Conflict

Low High Low Calm-Cooperative

Low High High Quiet Authority

High Low Low Agitated / Over-aroused
High Low High Dominant-Aggressive
High High Low Engaged-Cooperative
High High High Calm Leader

Table 1: Behavioral classes defined by combining three par-
alinguistic features extracted from the eGeMAPS set.

are explicitly annotated, and may include either expert surgeons or
trainees. The surgeries are audio-video recorded using five cameras
and a single environmental microphone. The dataset also includes
annotations about the use of specific tools by team members. Be-
havioral annotations were performed manually using the validated
Observational Teamwork Assessment for Surgery (OTAS) [24] be-
havioral rating schema, which includes five behavioral dimensions
(Communication, Coordination, Cooperation, Leadership, and Situ-
ational Awareness) structured across 15 items on a 7-point Likert
scale. Three annotators independently scored the videos at six-
minute intervals; the resulting scores were averaged and rounded
to the nearest value on the Likert scale.

4.2 Pre-processing

Automated diarization of audio recordings was performed using
Pyannote [11], and transcripts were generated with Whisper [51].
Due to the use of a single environmental microphone, background
noise, and frequent code-switching between English and German,
these automated methods proved unreliable. Therefore, two anno-
tators manually corrected both the diarization and the transcripts
to ensure high-quality data. Paralinguistic feature extraction relies
on accurate speaker diarization. Features are extracted indepen-
dently for each participant: non-speaking intervals are masked and
assigned neutral values, while eGeMAPS 2.0 [18] features are ex-
tracted for active speakers. To enhance interpretability and enable
counterfactual analyses, we selected three features: average loud-
ness, which reflects vocal activation and engagement; harmonics-
to-noise ratio, which captures vocal control and tension; and al-
pha ratio, which is associated with vocal dominance. Each com-
bination of these three indices defines a behavioral class (Tab. 1),
allowing each temporal audio window to be mapped to higher-
level behavioral abstractions, such as “Engaged—Cooperative” or
“Dominant-Aggressive”. Importantly, this discretization is applied
only for interpretability; the model retains continuous eGeMAPS
values during training to preserve fine-grained acoustic information
and predictive fidelity. This separation ensures that interpretability
does not come at the expense of modeling capacity. Textual data
from manually corrected transcripts, which include multiple lan-
guages, were processed using XLM-RoBERTa [14], a multilingual
language model pretrained on over 100 languages. Computer vision
features were extracted by detecting each team member in three of
the five available camera views and encoding their spatial position,
movement, and additional nonverbal cues as feature vectors.
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Paradigm Model Modeling Dimension Avg. F1-macro (%) F1-macro Measures (%)
Feature Time Topology Teamwork Comm Coord Coop Lead Sit. Aw
SNN MLP v X X 59.8 +22 60.1 +20 58.7+23 603 +25 59.2+18 60.7 =22
RF v X X 60.2 +038 61.0 £09 59.5+05 60.0=06 60.3+10 60.3=12
LSTM v v X 62.3 +16 63.0 +24 61.8+14 625+18 62.0+11 623 =+11
TNN GRU v v X 61.8 +18 62.2+21 615+17 61.7+23 61.8+17 61.8=x12
MHA v v X 63.8 +20 64.0 21 63.5+25 639+28 63.6x14 63.9=x14
GCN v X v 61.4 15 61.6+14 61.2+12 615+15 613+15 61.5+18
RENN GAT v X v 62.1 18 62.4+19 61.8+24 620x21 620+12 62.2=+15
GIN v X v 65.2 +15 65.0+16 65.1=+14 653+13 652+18 654=+19
Space-then-Time GCN+MHA v v e 64.0 +15 64.1+17 63.8+19 642+14 639+12 64.0=x14
TI;{ENN GAT+MHA v v v 67.2 £17 67.5+22 66.8+18 673+18 67.0+10 67.2=x15
GIN+MHA v v v 63.2 +15 63.0x18 63.1+15 633+15 632+13 632zx14
Time-then-Space MHA+GCN v v v 65.2 £13 64.6 09 66.0+18 66.0+11 644+18 65.0 =09
TRENN P MHA+GAT v v v 65.8 +15 66.4+17 652+13 658=+11 650+20 66.6=+14
MHA+GIN v v v 64.2 +12 64.6 +12 63.8+07 64.4+16 643116 63.9=x09
Standard TGN v v v 65.0 £ 1.4 648 £15 652+16 653+13 649+14 65015
TRENN DySAT v v v 65.6 +13 65814 654+15 657:13 655:11 65.6%12
EvolveGCN v v v 66.0 £13 658 +14 66.1+16 662+13 659+14 66012
TE-GCN v v v 72.4 +17 72.0 +19 72.2+19 725+14 723 +16 725 +16
TE-RENN TE-GAT v v v 73.1 +17 73.0x17 73.2+19 733 %18 73.1x11 73.0=x19
TE-GIN v v v 74.2 +17 740 £18 741 +16 743 +19 742112 T44x21

Table 2: Average F1-macro (%) and standard deviation (%) over ten seeds. Teamwork average F1-macro denotes the mean across
five OTAS dimensions: Communication (Comm), Coordination (Coord), Cooperation (Coop), Leadership (Lead), and Situational
Awareness (Sit. Aw). Bold indicates the best overall performance.

Paralinguistic counterfactual

Topological counterfactual

w » Ul
1 1 1
1 1 1

Average no. of iterations

N
1
1

Team constructs
Communication
Coordination
Cooperation
Leadership
Situational Awareness

Fetid

T T T
1 2 3 4 1
A =f(G') - f(G)

T T
2 3 4
A =f(G") - f(G)

Figure 2: Average number of iterations required to find an appropriate counterfactual using Alg. 2.

4.3 Baselines

Multiple computational approaches have been proposed to model
team behaviors, differing in their ability to capture temporal and
relational dependencies in general domains [38] and high-stakes
domains [15]. We organized competitors in terms of the amount of
information they are capable of handling (see Modeling Dimension
in Tab. 2). Static Neural Networks (SNN) model individual features
only, and we include them as baselines using minimal informa-
tion. Temporal Neural Networks (TNN) capture temporal evolu-
tion [3, 8, 21, 35, 64]. We considered both recurrent (LSTM [23] and

GRU [13]) and attention-based (MHA [57]) strategies. Relational
Neural Networks (RENN) focus on interactions, modelled via graph
neural network architectures [33, 41, 55, 64]. We considered stan-
dard GNN backbones, namely GCN [28], GAT [59], and GIN [63].
Finally, Tempo-Relational Neural Networks (TRENN) [38] combine
both temporal and relational aspects, and represent the most ex-
pressive class of models. We distinguish three alternative strategies
to integrate temporal and relational dependencies: (i) space-then-
time, where relational representations are first computed at each
timestep and then processed temporally; (ii) time-then-space, where
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Figure 3: Average distance between the original and counter-
factual paralinguistic features of the targeted team member,
using Alg. 2.

temporal encoding is first applied to node features and subsequently
propagated through the graph; and (iii) joint temporal-relational
models, which jointly capture graph structure and temporal evo-
lution through dynamic graph neural network architectures. In
particular, for space-then-time and time-then-space TRENN we
varied the spatial modeling paradigm (i.e., GCN, GAT, GIN) and
used MHA for temporal modeling, as it outperformed the other
strategies in this domain. While in joint tempo-relational models we
include TGN, DySAT, and EvolveGCN, which differ in how tempo-
ral dynamics are incorporated, ranging from event-based memory
mechanisms to temporal attention and evolving graph convolution
operators. Including these variants enables a systematic comparison
across different integration strategies, as summarized in Table 2.

5 Results

In this section, we first introduce the research questions, followed by
the evaluation protocol, implementation details, and experimental
results. Our work aims to address the following research questions:

Q1: Does TE-RENN outperform existing paradigms in modeling
small teams’ behavior in a low-data regime?

Q2: Does TE-RENN support counterfactual algorithms capable
of generalizing across topology and features while being
interpretable and actionable to optimize teamwork?

5.1 Predictive performance

We evaluated the predictive performance of TE-RENN by training it
to predict the average annotators’ scores for each of the five dimen-
sions of the OTAS behavioral rating schema, and comparing it to
the baselines presented in Section 4.3. We formulated the problem
as a multi-class classification task. Models optimize a combination
of a cross-entropy and an ordinal loss function, which explicitly
accounts for the ordering of the Likert ratings by penalizing predic-
tions proportionally to their distance from the ground-truth class.
To mitigate class imbalance, the loss was weighted according to
class frequencies, assigning larger penalties to errors on under-
represented classes. The same training objective was adopted for
all baselines, and a separate model was trained for each OTAS di-
mension. We employed a leave-one-team-out evaluation protocol,
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training on n — 1 procedures and testing on the single left-out one,
and iterating over the left-out procedure. We additionally reserved
one training procedure for validation. Table 2 reports the mean
and standard deviation of average F1-score for each OTAS dimen-
sion, as well as their average, which serves as an overall measure
of teamwork. Results show a substantial advantage of TE-RENN
over all baselines across all OTAS dimensions, regardless of the
chosen GNN backbone. As expected, the best performance is ob-
tained when TE-RENN is paired with the most expressive backbone
(GIN), although differences across backbones remain limited. In
conclusion, TE-RENN achieves an improvement of approximately
7% over the strongest baseline (MHA+GAT). The magnitude of this
gain, together with its weak dependence on the backbone architec-
ture, highlights the robustness and effectiveness of TE-RENN in
the low-data regime. This is particularly evident given that differ-
ences among baselines are comparatively modest, even when they
leverage varying amounts of information (e.g., TRENN vs. TNN or
RENN).

5.2 Counterfactual assessment

Understanding how team dynamics can be improved is crucial in
high-stakes collaborative settings. One approach is to generate
counterfactuals as feedback for the team. The flexibility of TE-
RENN makes it particularly suitable for this task by capturing both
temporal and relational information: inter-snapshot edges encode
temporal dependencies, while intra-snapshot edges capture inter-
actions among team members. To improve interpretability, we se-
lect a subset of high-level features that directly map to observable
behaviors (Sec. 4.2). These include paralinguistic features, whose
mapping to semantically meaningful behavioral classes (Table 1)
enables actionable behavioral suggestions (e.g., remaining calmer
or more dominant), and topological features, whose counterfactu-
als correspond to changes in team interactions. The counterfactual
algorithm proposed in Sec. 3.2 was evaluated by measuring the iter-
ations required to identify a desired behavioral pattern absent from
the original graph. The algorithm searches for the closest exemplar
in the embedding space and derives its factual explanation while
accounting for team roles and temporal context. We grouped coun-
terfactuals by desired score improvement, A = f(G”) — f(G), where
f is the predictive model, G the original graph, and G’ the counter-
factual exemplar By construction, A > 0, and valid counterfactuals
are required to achieve a predicted score of 6 or 7 (Alg. 2).
Counterfactuals were analyzed separately according to the fea-
tures they modify. For topological changes, we compared commu-
nication links between members with the same role in the original
and counterfactual graphs. Fig. 2 reports the average iterations
required to achieve the desired improvement as a function of A. Par-
alinguistic counterfactuals are particularly effective for Leadership
and Cooperation, likely because changes in the leader’s behavior
strongly influence the team, whereas topological counterfactuals
perform better for Situational Awareness and Communication, and
to a lesser extent Coordination. Unlike topological counterfactuals,
which consist of adding or removing a communication edge, par-
alinguistic counterfactuals require transitions between behavioral
classes (Table 1). Fig. 3 reports the behavioral class distance between
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1) Adding Communication 2) Reducing Off-Topic Talk

hih & &

b

Situation. Irrelevant discussions introduce
excessive interactions, distracting the team and
lowering situational awareness.

Situation. The nurse asks a question, but the
leader is distracted and does not respond,

leading to silence and low communication.
Counterfactual. Add edges Counterfactual. Remove edges

Interpretation. Reduce disengagement by
increasing leader responsiveness.

Interpretation. Reduce irrelevant
communication.
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3) Lack of Responsiveness

Activation:(Hig

Control:[Cow} < ){

Dominance: [High}—»(Low) //f
Mw/“

Situation. A nurse asks for help, but the leader
does not respond, affecting team cooperation.

Counterfactual. Decrease “Activation” and
“Dominance”, increase “Control”.

Interpretation. Adopt a more composed and
responsive communication style (“Calm-
Cooperative”).

4) Aggressive Communication

Activation: High

Control: Cow}——(High

Dominance: High
T

Situation. A rude response from the leader to a
nurse’s question reduces team cooperation.

Counterfactual. Increase “Control” (low — high).

Interpretation. Adopt a “Calm Leader” style
instead of “Dominant-Aggressive”.

Figure 4: Examples of counterfactuals generated from the dataset. Panels 1) and 2) show topological counterfactuals: in 1),
the leader’s distraction leads to poor communication, suggesting a more prompt response; in 2), irrelevant conversation
reduces situational awareness, suggesting greater attention and fewer off-topic discussions. Panels 3) and 4) show paralinguistic
counterfactuals based on the behavioral classes in Tab. 1: in 3), the leader is disengaged from the nurse’s request, reducing team
communication, and the counterfactual suggests a calm-cooperative behavior; in 4), the leader exhibits dominant-aggressive
behavior toward the nurse, reducing cooperation, and the counterfactual recommends a calm behavioral style.

original and counterfactual behaviors. Communication, Coordina-
tion, and Cooperation require only limited behavioral changes,
even for large score improvements, whereas Leadership and Situa-
tional Awareness generally require more substantial modifications,
particularly from poor initial performance.

In addition, we conducted a human evaluation with two inde-
pendent annotators to compare our counterfactual algorithm with
the state-of-the-art method CoDy [50], the strongest competing ap-
proach for TReNN. The generated counterfactuals were evaluated
in terms of Realism (Plausibility), Punctuality (Timing), Helpfulness
(expected performance impact), and Minimality (change size). All
dimensions were rated on a 5-point scale (0 = lowest, 4 = highest).
Our example-based approach achieved higher scores than CoDy in
realism (2.3 vs. 1.1), punctuality (2.1 vs. 1.2), and helpfulness (2.2
vs. 0.9), while obtaining a slightly lower score in minimality (2.0 vs.
2.3), as CoDy always modifies a single edge. Overall, these results
indicate that TE-RENN produces counterfactual suggestions that
are perceived as more realistic, timely, and helpful than the current
state-of-the-art, with only a minor trade-off in minimality.

Qualitative examples. The examples in Fig. 4 illustrate the ac-
tionable nature of the proposed counterfactual framework across
both relational and paralinguistic dimensions. In all four cases, the
observed interaction sequence is associated with a low predicted
teamwork score, and the counterfactual identifies a minimal, inter-
pretable modification leading to a higher predicted score. In the first
case, characterized by poor Communication, the method suggests
adding missing communicative links, indicating that the leader
should respond more promptly to a nurse’s request. In the second
case, associated with low Situational Awareness, the counterfactual
recommends removing unnecessary interactions to reduce off-topic
communication. The third and fourth examples demonstrate the
framework’s ability to operate on paralinguistic behavior. For poor
Communication, it recommends shifting toward a more responsive
communication style; for poor Cooperation, it suggests reducing an
aggressive vocal attitude, moving from a dominant-aggressive to
a calmer leadership profile. Overall, these counterfactuals provide
concrete, human-interpretable guidance on how team behavior

should change, either by modifying interaction patterns or com-
munication style, highlighting the practical value of the proposed
approach in high-stakes collaborative settings.

6 Conclusions

In this work, we introduced TE-RENN, a Time-Expanded Rela-
tional Neural Network for multimodal modeling of small surgi-
cal teams in low-data settings. By embedding temporal evolution
directly into the graph structure, the proposed approach jointly
captures interpersonal interactions and their dynamics over time,
leading to consistent improvements over strong static, temporal, re-
lational, and tempo-relational baselines across all OTAS teamwork
dimensions. Building on this representation, we also proposed an
exemplar-based counterfactual approach for actionable reasoning.
Unlike post-hoc explanations that only justify model predictions,
our method identifies minimal and interpretable behavioral changes
grounded in real observations, providing actionable suggestions at
both relational and paralinguistic levels. The qualitative examples
further show that these counterfactuals can be translated into con-
crete recommendations to improve teamwork dimensions in high-
stakes team settings. Overall, our results demonstrate that Time-
Expanded multimodal graph representations constitute a promising
foundation for actionable Al in collaborative environments.
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