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Abstract
Integrating AI in healthcare can greatly improve patient care
and system efficiency. However, the lack of explainability in
AI systems (XAI) hinders their clinical adoption, especially
in multimodal settings that use increasingly complex model
architectures. Most existing XAI methods focus on unimodal
models, which fail to capture cross-modal interactions crucial
for understanding the combined impact of multiple data
sources. Existing methods for quantifying cross-modal inter-
actions are limited to two modalities, rely on labelled data,
and depend on model performance. This is problematic in
healthcare, where XAI must handle multiple data sources and
provide individualised explanations. This paper introduces
InterSHAP, a cross-modal interaction score that addresses
the limitations of existing approaches. InterSHAP uses the
Shapley interaction index to precisely separate and quantify
the contributions of the individual modalities and their
interactions without approximations. By integrating an open-
source implementation with the SHAP package, we enhance
reproducibility and ease of use. We show that InterSHAP ac-
curately measures the presence of cross-modal interactions,
can handle multiple modalities, and provides detailed expla-
nations at a local level for individual samples. Furthermore,
we apply InterSHAP to multimodal medical datasets and
demonstrate its applicability for individualised explanations.

Code — https://github.com/LauraWenderoth/InterSHAP
Extended version — https://arxiv.org/abs/2412.15828

1 Introduction
In medical decision-making, there is a growing trend
toward utilising multimodal machine learning approaches
that integrate multiple data sources to improve predictive
and diagnostic tasks. These approaches acknowledge that
medical data analysis is inherently multimodal, leveraging
methods that are able to fuse heterogeneous data that
includes clinical, genomic, and imaging modalities. Recent
advancements in large multimodal models in the medical
field, such as Google’s Med-PaLM (Tu et al. 2023) and
Microsoft’s BiomedCLIP (Zhang et al. 2023), further
highlight the utility of multimodal approaches in healthcare.

However, an inherent limitation of many of the cur-
rent multimodal approaches pertains to their explainability.
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Figure 1: Overview of InterSHAP. The model (black box),
takes three different modalities as input and produces an out-
put f(x). Through perturbations of the input modalities and
observing the resulting changes in outputs, the Shapley in-
teraction index (Grabisch and Roubens 1999) is used to dis-
sect the model’s behaviour into modality contributions and
cross-modal interactions. InterSHAP is defined as the ratio
of interactions to model behaviour.

Thus, healthcare applications of machine learning are often
left to rely on high-performance but opaque models that ob-
scure the reasoning behind their predictions. Such models
can accurately predict diagnoses, but these predictions may
not reflect true causal relationships in the data (Han et al.
2022). The lack of explainability and transparency is widely
recognized as a key barrier to the clinical adoption of ML
models, as noted by policymakers such as the OECD (An-
derson and Sutherland 2024) and emphasized in academic
studies (Yang, Ye, and Xia 2022).

In response to the urgent need for XAI, numerous meth-
ods such as SHAP (Lundberg and Lee 2017) and LIME
(Ribeiro, Singh, and Guestrin 2016) have emerged to ex-
plain the results of machine learning systems. While these
have shown promise for unimodal models, there are few ex-
planation methods that work effectively across data struc-
tures, meaning that cross-modal interactions can often not
be quantified with unimodal methods. Multiple modalities
allow a machine learning model to utilise and combine in-
formation from different sources, enabling cross-modal in-
teractions that often lead to improved performance. How-
ever, simply identifying these interactions is insufficient for
a meaningful interpretation of the model predictions. In this
context, it is crucial to comprehend both the individual im-
pact of each modality and their combined influence. Several
methods, such as PID (Liang et al. 2023), EMAP (Hessel
and Lee 2020), and SHAPE (Hu, Li, and Zhou 2022), have
been developed to assess whether models learn cross-modal
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interactions. However, these methods are often (1) limited to
only two modalities; (2) applied to the entire dataset, rather
than individual samples; and (3) either require labelled data
or are not performance-agnostic, which can lead to an in-
complete understanding of cross-modal interactions.

In this paper, we introduce InterSHAP, a comprehensive,
interpretable metric that quantifies the influence of cross-
modal interactions on model behaviour. InterSHAP supports
any number of modalities, provides local explanations, is
agnostic to model performance, and works with unlabelled
data. To our knowledge, our proposed variant of the Shap-
ley interaction index is the first approach that is able to
effectively separate cross-modal interactions from individ-
ual modality contributions. Figure 1 provides a schematic
overview of InterSHAP. To validate the effectiveness of In-
terSHAP, we conduct extensive empirical analyses using
synthetic datasets with either no synergy (no cross-modal
interactions are needed to solve the task) or exclusively syn-
ergy (complete information can only be obtained as a re-
sult of cross-modal interaction across all modalities). The
results demonstrate that InterSHAP can accurately detect a
lack of cross-modal interactions (0%) on datasets with no
synergy, and 99.7% on those with exclusive synergy, align-
ing precisely with the expected behaviour. Furthermore, we
demonstrated that InterSHAP is extendable to more than two
modalities and achieves favourable results at a local level
with individual data points. Additionally, we test InterSHAP
on two medical datasets to show its utility in a real-world
setting. InterSHAP is not confined to medical domains and
can be applied to models trained on any modality.

Our main contributions can be summarised as follows:

• Novel cross-modal interaction score InterSHAP. We in-
troduce InterSHAP, the first model-agnostic cross-modal
interaction score that operates with any number of modal-
ities, offering both local and global explanations, applies
to unlabelled datasets and does not rely on the model’s
performance. We conducted extensive experiments on
synthetic datasets and models to validate its functionality.

• Application to multimodal healthcare datasets. We
demonstrate the benefits of InterSHAP on a cell type
classification task based on multimodal protein and RNA
data as well as a mortality prediction tasks.

• Open-source implementation with integration into
the SHAP Package. We have developed an open-source
implementation of InterSHAP that seamlessly inte-
grates with the well-known SHAP visualisation package
(Lundberg and Lee 2017).

2 Related Work
Existing approaches like MM-SHAP (Parcalabescu and
Frank 2023) and Perceptual Score (Gat, Schwartz, and
Schwing 2021) focus on understanding the contributions
of individual modalities rather than explicitly examining
their interactions. They explain modality contributions in
isolation without considering or quantifying cross-modal in-
teractions within multimodal networks. In contrast, EMAP
(Hessel and Lee 2020) and SHAPE (Hu, Li, and Zhou
2022) detect cross-modal interactions by analysing how

Score
Modalities

> 2 Local Unsupervised
Performance

Agnostic

PID é é ✓ ✓
EMAP é é é é
SHAPE ✓ é é é

InterSHAP ✓ ✓ ✓ ✓

Table 1: InterSHAP overcomes the limitations of other
cross-modal interaction scores: it is unsupervised, perfor-
mance agnostic, applicable to more than two modalities,
and allows for dataset- (global) and sample-level (local)
explainability.

perturbations to the input impact the model’s output. They
systematically vary different modalities or combinations
of modalities to assess their importance within the model.
Another metric for detecting interactions, Partial Informa-
tion Decomposition (PID) (Liang et al. 2023), quantifies
synergy (interactions between modalities in a dataset with
a combined effect surpassing individual contributions,
indicating a non-additive relationship) in datasets, which
can be interpreted as cross-modal interactions.

However, these existing approaches exhibit various
limitations, summarised in Table 1. First, most of them
restrict the analysis to just two modalities, which prevents
them from being applied in domains that typically have
more modalities, like in healthcare. Second, the results
cannot be analysed at the level of individual samples, which
is particularly critical for medical tasks where explainability
for each patient is crucial. Third, some approaches necessi-
tate the availability of labels, rendering them unsuitable for
unlabelled datasets employed in self- or unsupervised learn-
ing scenarios. Fourth, certain methods assess interactions
solely based on performance gain, rendering them highly
performance-dependent. However, when assessing a model,
it is crucial to understand how each interaction contributed
to the present prediction without neglecting interactions
only because the prediction was incorrect.

3 Methodology
We introduce InterSHAP to quantify cross-modal interac-
tion learned by multimodal models while overcoming the
limitations of SOTA explainability approaches. Following
the definition of Liang, Zadeh, and Morency (2022), we de-
fine cross-modal interaction as a change in the model re-
sponse that cannot be attributed to the information gained
from a single modality alone, but arises only when both
modalities are present. To ensure the accuracy of InterSHAP,
we use the Shapley Interaction Index (SII), which has been
shown to effectively capture model behaviour (Lundberg
et al. 2020) and decompose unimodal feature interactions
into its constituent parts (Ittner et al. 2021).

3.1 Preliminaries
Model Fusion. To train multimodal models is model fu-
sion, which comes in three types: (i) early fusion, which
merges data features at model input, (ii) intermediate fusion,
which combines data within the model, and (iii) late fusion,
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which combines the outputs of models trained on differ-
ent individual data modalities (Stahlschmidt, Ulfenborg, and
Synnergren 2022; Azam, Ryabchykov, and Bocklitz 2022).

Shapley Value. The Shapley value ϕ, from cooperative
game theory, measures each feature’s contribution to over-
all performance via marginal contributions to feature coali-
tions (Roth 1988). In machine learning, a model fM is
viewed as a coalition game with M features or modalities
as players. To avoid inefficient retraining, masking strategies
are applied to features j /∈ S, where S ⊆ M .

The Shapley value ϕ of a feature i is calculated as the
weighted average of their marginal contributions to all pos-
sible coalitions:

ϕi(M,f) =
∑

S⊆M\{i}

|S|!(|M | − |S| − 1)!

|M |!
∆

∆ =
[
fS∪{i} (S ∪ {i})− fS (S)

]
.

(1)

Shapley Interaction Index. The Shapley Interaction In-
dex (SII) (Grabisch and Roubens 1999), initially devised to
quantify interaction effects between players in cooperative
game theory, can be employed to discern interactions be-
tween features or modalities. We define its directly adapted
version ϕij(M,f) for M modalities and a model f , where
i, j ∈ M (Lundberg et al. 2020) and i ̸= j:

ϕij(M, f) =
∑

S⊆M\{i,j}

|S|!(M − |S| − 2)!

2(M − 1)!
∇ij(S, f), (2)

∇ij(S, f) =
[
fS∪{ij} (S ∪ {ij})− fS∪{i} (S ∪ {i})
−fS∪{j} (S ∪ {j}) + fS(S)

]
.

(3)

The interaction index for a modality with itself, denoted
as ϕii, is defined as the difference between the Shapley value
ϕi and the sum of all interaction values:

ϕii(M, f) = ϕi(M,f)−
∑
j∈M

ϕij(M, f) ∀i ̸= j. (4)

3.2 Global InterSHAP
We aim to quantify the impact of cross-modal interactions
on model behaviour using InterSHAP. Model behaviour is a
cumulative process, beginning with the model’s base output
and progressively adding each modality and their interac-
tions to shape the final prediction. To isolate interactions
from the model behaviour, we apply the SII. Let f ∈ Rc

be a trained model, where c is the number of per-class
probabilities, evaluated on a dataset with N samples and
M modalities, represented as {(mi

1, . . . ,m
i
M )}Ni=1 and

corresponding labels {yi}Ni=1. The SII value ϕij measures
the interaction between modalities i and j for sample a. Φij

is defined as the absolute value of the mean over ϕij of all
samples in the dataset:

Φij =

∣∣∣∣∣ 1N
N∑

a=1

ϕij(m
a
1 , . . . ,m

a
M , f)

∣∣∣∣∣ , (5)

resulting in the matrix Φ containing only positive values:

Φ =


Φ11 Φ12 . . . Φ1M

Φ21 Φ22 . . . Φ2M

...
...

. . .
...

ΦM1 ΦM2 . . . ΦMM

 , (6)

where interactions appear in green, while modality-specific
contributions are shown in black. Note that, our choice
of obtaining Φij allows for a global interpretability view,
accounting for opposing effects that may cancel out across
dataset. This prevents score inflation and aligns with our
main motivation – a general and robust measure of inter-
action strength. In turn, these are aggregated to obtain the
total interactions contributions as well as the overall model
behaviour:

Interactions =
M∑

i,j=1
i̸=j

Φij , Behavior =
M∑

i,j=1

Φij . (7)

Finally, these are used to calculate InterSHAP, which is the
fraction of model behaviour that can be explained through
cross-modal interactions:

InterSHAP =
Interactions

Behavior
. (8)

3.3 Modality Contributions
Based on the definition of cross-modal interactions in Equa-
tion 7, the contribution of all modalities M and the contri-
bution of each modality Mi to the overall result is:

M = 1− InterSHAP, Mi =
|Φii|

Behaviour
. (9)

3.4 Local InterSHAP
After determining the amount of interactions that a model
f has learned across the entire dataset, we assess the extent
to which cross-modal interactions among the M modalities
contribute to the model’s behaviour for each sample. Thus,
we apply the definition of InterSHAP directly to a sample a:

Ia =

∑M
i,j=1
i̸=j

φa
ij∑M

i,j=1 φ
a
ij

, (10)

where φa
ij= |ϕij((m

a
1 , . . . ,m

a
M ) , f)|, and i, j∈{1, . . . ,M}.

To determine if InterSHAP is effective at the level of all
individual data points, we aggregate Ia across the entire
dataset to obtain the local interaction score for the dataset
as a whole:

InterSHAPlocal =
1

N

N∑
a=1

Ia. (11)

3.5 Asymptotic Bound
InterSHAP is characterised by a computational complex-
ity of O(NM ), where N represents the number of sam-
ples and M signifies the number of modalities (Grabisch
and Roubens 1999; Lundberg et al. 2020). The constraint of
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Uniqueness Synergy Redundancy Random

XOR FCNN XOR FCNN FCNN FCNN

InterSHAP 0.0 0.2 ±0.1 99.7 98.0 ±0.5 38.6 ±0.5 57.8 ±1.1

InterSHAPlocal 1.8 3.4 ±5.2 96.9 85.8 ±12.1 37.3 ±25.0 40.0 ±13.3

PID 0.01 0.01 ±0.01 0.39 0.39 ±0.01 0.14 ±0.02 0.48 ±0.01

EMAPgap 0 0 ±0 49.1 43.5 ±1.0 1.8 ±0.4 0.6 ±0.4

SHAPE 1.6 16.5 ±0.6 33.1 27.6 ±1.5 -47.1 ±0.5 15.1 ±1.9

Table 2: Local and global InterSHAP values are presented in percentages for both the XOR function and the FCNN with early
fusion on HD-XOR dataset with two modalities. EMAPgap (EMAP - F1 of the model) and SHAPE indicate F1 score im-
provement from cross-modal interactions, with negative values signalling performance decline. For PID, the synergy value is
provided, though it is not expressed in any standard unit. For all metrics, higher scores indicate greater measured cross-modal in-
teractions. Results for the XOR function align with expectations, confirming the effectiveness of the InterSHAP implementation.

exponential growth emerges with the increasing number of
modalities rather than the feature count. InterSHAP’s depen-
dency on the number of features within a modality follows a
constant pattern, meaning its runtime remains unaffected by
the feature count.

4 Experimental Validation on Synthetic Data
To verify InterSHAP’s functionality, we control three fac-
tors influencing cross-modal interactions: dataset synergy
(non-additive interactions between modalities), model learn-
ing capacity, and metric effectiveness.

4.1 Setup
We utilise synthetic high-dimensional tabular datasets, gen-
erated using an XOR function (HD-XOR), with varying de-
grees of synergy to regulate the extent of cross-modal in-
teractions. Each generated dataset contains 20,000 samples,
with two to four modalities represented as 1D vectors con-
sisting of around 100 features. The datasets are categorised
on their degrees of synergy. Uniqueness represents datasets
with no synergy, where all information is contained within
a single modality. Synergy refers to datasets with complete
synergy, where information is distributed across a number
of modalities and can only be obtained through cross-modal
interactions. Redundancy denotes datasets where the same
information is present across modalities. Random applies
to datasets with no meaningful information. For each num-
ber of modalities (two, three and four), we created a syn-
ergy, uniqueness and redundancy dataset as well as a random
dataset for the case with two modalities.

To control for model variability in our experiments, we
use the XOR function for the uniqueness and synergy
datasets. The XOR function cannot be meaningfully applied
to random and redundancy datasets, because it is unclear
which information from each modality contributes to the so-
lution, given the multiple possibilities. We train fully con-
nected neural networks (FCNNs) on all datasets with three
layers: input, hidden (half the input size), and output (half
the hidden size). Three fusion strategies are tested: early fu-
sion (data concatenated before input), intermediate fusion
(data fused before the hidden layer), and late fusion (data
fused before the output layer). Since early fusion captured

the most cross-modal interactions, we use it in all subse-
quent FCNN experiments. Further details on the dataset gen-
eration and experimental setup are provided in Appendix A.
The appendices are available in our code repository and ex-
tended version of the manuscript.

4.2 Results
Verification of InterSHAP. Generally, we anticipate that
InterSHAP for the uniqueness dataset will show less cross-
modal interaction (expected to be close to 0%) compared
to the synergy dataset (expected to be close to 100%). For
the random and redundancy datasets, it is unclear how many
cross-modal interactions the FCNN should learn. In the re-
dundancy setting, the FCNN might focus on just one modal-
ity or use all modalities since information is distributed
across them. In the random setting, there is no inherent in-
formation, making the FCNN’s learning unpredictable.

Table 2 presents the results of the experiments conducted
on the HD-XOR datasets. InterSHAP predicts the expected
amount of cross-modal interaction in the XOR function with
0% cross-modal interaction for uniqueness and 99.7% for
synergy. In contrast, the FCNN model showed an increase
in cross-modal interaction for the uniqueness dataset (0.2%
± 0.1) and decrease in synergy (98.0% ± 0.5) for the syn-
ergy setting. This indicates that the FCNN does not fully
capture the systematic structure underlying the dataset’s cre-
ation with the XOR function. Instead, it sometimes uses both
modalities for predictions even when unnecessary, and con-
versely, may underutilise them when they are required.

InterSHAP indicates that the FCNN attributes approxi-
mately 40% of its behaviour to cross-modal interactions on
the redundancy dataset. Especially noteworthy is the out-
come on the random dataset, which shows that InterSHAP
operates performance-agnostic, as only random perfor-
mance could be achieved on this dataset. Nevertheless, the
model appears to have learned something – though not rele-
vant to the F1 Score – evidenced by approximately 60% of
cross-modal interactions. In summary, InterSHAP demon-
strates the expected behaviour and adequately quantifies
cross-modal interaction within a model.

Modality Scalability. To test InterSHAP’s scalability to
more than two modalities, we create HD-XOR datasets with
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Uniqueness Synergy Redundancy

2 Modalities 0.2 ±0.1 98.0 ±0.5 38.6 ±0.5

3 Modalities 0.6 ±0.2 88.8 ±0.5 51.9 ±0.3

4 Modalities 1.2 ±0.1 64.1 ±0.8 40.2 ±0.2

Table 3: InterSHAP values, expressed as percentages,
for FCNN with early fusion on HD-XOR datasets with
two, three, and four modalities. The results indicate, that
InterSHAP works for more than two modalities.

three and four modalities. The InterSHAP values for the
FCNN with early fusion across uniqueness, synergy, and
redundancy datasets are presented in Table 3.

The expected behaviour is that InterSHAP values for
three and four modalities should be the same or similar
to those for two modalities, given that the dataset creation
process remains unchanged except for the synergy setting.
InterSHAP exhibits the expected behaviour on the unique-
ness dataset, with values ranging from 0.6±0.2 to 2.6±0.6.
Similarly, values on the redundancy setting show consistent
behaviour with larger fluctuations, ranging from a minimum
of 38.6 ± 0.5 to a maximum of 51.9 ± 0.3. However, for
the synergy setting, InterSHAP indicates a decrease from
98% cross-modal interactions to 64% as the number of
modalities increases.

Extension to Local Method. InterSHAP can be applied
to individual samples, as outlined in Section 3.4. InterSHAP
values are averaged over each data point for three runs and
standard deviation is calculated, as shown in Table 2.

On the HD-XOR uniqueness dataset using the XOR base-
line function, the local method overestimates the synergy ef-
fect, with averages of 1.8%, compared to the global averages
of 0%. Conversely, for the synergy setting, the local method
underestimates the synergy effect, with averages of 96.9%
locally compared to 99.7% globally. This difference is likely
attributable to the masking error source. While this error av-
erages out when considering the entire dataset, it is more
pronounced at the data point level. The difference becomes
more apparent when examining the FCNN results. Particu-
larly noteworthy is the increased standard deviation, which
indicates a discrepancy between data points. In contrast to
the XOR function, this difference is caused by the neural
network and reflects the model’s behaviour.

In summary, we have shown that with a controlled model
(XOR), cross-modal interactions are slightly overestimated
for datasets with near 0% synergy and slightly underesti-
mated for datasets with near 100% synergy. For an overall
interaction score across the entire dataset, we recommend
using the global InterSHAP. However, if the goal is to un-
derstand the interaction score at the level of individual data
points, local InterSHAP is more appropriate.

Comparison with SOTA. To compare InterSHAP with
SOTA cross-modal interaction scores, we calculated PID,
EMAP and SHAPE, as shown in Table 2.

PID. As expected, PID measures fewer cross-modal
interactions on the uniqueness compared to the synergy
dataset. However, PID is not able to quantify the extent of
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Figure 2: Visualisation of InterSHAP using the SHAP pack-
age integration (Lundberg and Lee 2017). The results on the
HD-XOR with two modalities for FCNN with early fusion
are presented. The x-axes show predicted class probabilities,
with baseline of ∼0.5 due to the binary classification. M1
denotes modality 1, M2 modality 2, and I interactions.

cross-modal interactions, unlike InterSHAP. In random and
redundancy datasets PID also aligns with InterSHAP. Both
show higher values for the random dataset than for the re-
dundancy dataset, indicating that the model learned syner-
gistic relationships.

EMAP. For clearer comparison, we present EMAPgap,
calculated as EMAP minus the model’s F1 score (see Ap-
pendix C, Table 11), which reflects the extent of cross-modal
interactions. Like other metrics, EMAP also follows the ex-
pected pattern, with less synergy observed for the unique-
ness dataset than for the synergy dataset. However, EMAP
measures no interaction in the model on the random dataset,
because it is not performance-agnostic.

SHAPE. SHAPE exhibits the expected behaviour on the
baseline XOR function for uniqueness and synergy datasets
but not for the FCNN model. There are major deviations
between the baseline XOR and FCNN results that are not
due to model behaviour. While the uniqueness dataset shows
similar values for the baseline XOR, the FCNN results differ
significantly, with 16.5± 0.06 for uniqueness. Additionally,
the redundancy dataset results do not align with the previous
three metrics. We attribute these discrepancies to the mask-
ing and calculation of base values.

4.3 Visualisation

We designed InterSHAP to be compatible with the visu-
alisation modules of the SHAP implementation (Lundberg
and Lee 2017). Figure 2 illustrates the breakdown of model
behaviour on the HD-XOR datasets into their compo-
nents. This representation uniquely shows the relevance of
modalities in absolute numbers in addition to cross-modal
interactions. For instance, in Figure 2 (d), it is evident that
modality 1 is, on average, more important for the prediction
than the interactions. Additionally, the prediction on the
random dataset is significantly less certain, with an average
probability of only 79.8%, compared to 95-99% for the
other datasets.
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Single-Cell

early intermediate late

InterSHAP 1.9 ±0.4 1.5 ±0.4 0.4 ±0.1

PID 0.08 ±0.01 0.08 ±0.01 0.06 ±0.0

EMAPgab 0 ±0 0 ±0 0 ±0

SHAPE 1.0 ±0.2 0.7 ±0.2 0 ±0

Table 4: Cross-modal interactions scores on the multimodal
single-cell dataset for FCNN with early, intermediate and
late fusion. InterSHAP aligns with other SOTA methods,
capturing the decline in cross-modal information from early
to late fusion.

5 Application to Healthcare Domain
The importance of cross-modal interactions in real-world
healthcare datasets is examined by analysing two publicly
available multimodal datasets with two modalities with dis-
tinct input types.

The first dataset, multimodal single-cell (Burkhardt et al.
2022), includes RNA and protein data from 7,132 single
cells of CD34+ haematopoietic stem and progenitor cells
from three donors. Its classification task spans four cell
types: neutrophil progenitor (3,121), erythrocyte progeni-
tor (3,551), B-lymphocyte progenitor (97), and monocyte
progenitor (363). The data was reduced to 140 proteins
and 4,000 genes and split into training (4,993), validation
(1,069), and test (1,070) sets (70:15:15 ratio).

The second dataset, MIMIC-III (Johnson et al. 2016),
contains anonymised clinical data from ICU patients at
Beth Israel Deaconess Medical Center (2001–2012). It in-
cludes time series data (12 physiological measurements
taken hourly over 24 hours, vector size 12 × 24) and static
data (5 variables like age, vector size 5). The dataset has
36,212 data points, and is split into training (28,970), vali-
dation (3,621), and test (3,621) sets (80:10:10 ratio) (Liang
et al. 2021). The tasks are binary ICD-9 code prediction
(group 1) and 6-class mortality prediction. Preprocessing
follows Liang et al. (2021).

We use FCNN with all three fusion methods described in
Section 4.1 on the multimodal single-cell dataset. For the
MIMIC-III dataset, we train two models from MultiBench
(Liang et al. 2021): the MultiBench baseline, which com-
bines an MLP for patient information and a GRU encoder,
and the MVAE, which uses a product-of-experts mechanism
to combine latent representations from an MLP and a recur-
rent neural network. Table 4 presents the results concerning
the amount of cross-modal interactions for each dataset.

5.1 Multimodal Single-Cell
For the multimodal single-cell dataset, we trained three
FCNNs using early, intermediate, and late fusion (perfor-
mance details in Appendix C), and calculated InterSHAP,
PID, and EMAP for each model. As shown in Table 4, In-
terSHAP values range from 0.4% to 1.9%, indicating min-
imal learned cross-modal interactions. A consistent pattern
is observed whereby cross-modal interactions decrease from
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Figure 3: SHAP visualisations of InterSHAP computed
interactions and modality contributions derived from the
FCNN early fusion model trained on the multimodal single-
cell dataset. (a) Force plot of model’s behaviour on the
whole dataset, with the x-axis denoting the class probability
of the highest probability class. (b)-(d) Breakdown by pre-
dicted class. R denotes RNA, P Protein, and I interactions.

early to late fusion, which is in accordance with findings
from synthetic datasets (see Appendix C.1).

We employ SHAP visualisations, as shown in Figure 3, to
illustrate modality contributions by predicted class. A clear
distinction in measured cross-modal interactions is observed
between the larger classes (erythrocytes and neutrophils,
comprising 93.5% of the training dataset) and the smaller
classes (monocytes and B-cells). For smaller classes, the
model’s predictions depend largely on cross-modal interac-
tions, while for larger classes, RNA is the most significant
factor influencing the prediction.

The absence of ground truth in real-world datasets is a
significant limitation, as the level of synergy or redundancy
is unknown. To address this, additional cross-modal inter-
action scores, PID and EMAP, were computed for compar-
ison with InterSHAP in Table 4. PID displayed behaviour
similar to InterSHAP across the three fusion methods, with
higher values for early fusion and lower for late fusion.
However, PID indicated much higher synergy within the
dataset, which is expected since PID focuses on the dataset
rather than directly accounting for model behaviour. The au-
thors also note that PID measures consistently exceed those
of the dataset (Liang et al. 2023, 30). Therefore, to quantify
the extent of cross-modal interactions utilised by a model
in its predictions, InterSHAP is a more effective solution.
In contrast, EMAP did not detect cross-modal interactions
in any models. This difference likely arises because EMAP
targets performance rather than directly measuring model

21506



ICD-9 Mortality

baseline MVAE baseline MVAE

InterSHAP 1.2 ±0.2 6.8 ±1.3 11.0 ±0.5 12.3 ±2.8

PID 0.06±0.01 0.09 ±0.01 0.10 ±0.01 0.11 ±0.01

EMAPgap 0 ±0 1.2 ±0.0 −0.8 ±0.1 0.9 ±0.1

SHAPE 0.2 ±0 0.6 ±0 0.2 ±0.2 0.7 ±0.2

Table 5: Cross-modal interactions scores on the MIMIC III
dataset for baseline model and MVAE model from Multi-
Bench implementation. InterSHAP aligns with other SOTA
methods, capturing greater cross-modal interaction in the
baseline compared to MVAE, while uniquely quantifying
the proportional contribution of cross-modal interactions.

behaviour. As depicted in Figure 3, smaller classes benefit
significantly from interactions. However, due to their under-
representation in the dataset, their overall impact on perfor-
mance remains limited.

We can conclude that models trained on the multimodal
single-cell dataset utilise minimal cross-modal interactions
to solve the classification task. Exceptions are the smaller
classes, for which integrating both modalities and leveraging
cross-modal interactions appears more relevant.

5.2 MIMIC III
For the MIMIC dataset, we trained a baseline model and
the MVAE model provided in the MultiBench (Liang et al.
2021) (details in Appendix B).

From the cross-modal interactions presented in Table 5,
we observe a consistent pattern: the baseline model shows
fewer cross-modal interactions than the more sophisticated
MVAE model. InterSHAP values vary between tasks. For
deciding if the diagnosis is in ICD-9, lower interactions are
measured, ranging between 1.2% and 6.8%, compared to
the more challenging task of determining mortality, which
shows higher interactions around 12%.

Comparing InterSHAP with PID and EMAP reveals sim-
ilar behaviour to the multimodal single-cell dataset, dis-
cussed above. PID mirrors the behaviour of InterSHAP but
with higher synergy values, while EMAP does not indicate
performance-relevant cross-modal scores for the ICD-9 task,
but does for the mortality task. This behaviour is expected
and aligns well with InterSHAP, which, as it measures
performance independently, captures even small amounts
of cross-modal interaction, whereas EMAP captures larger
performance-relevant ones.

6 Discussion and Future Work
InterSHAP quantifies interaction strength as an interpretable
percentage and works effectively with unlabelled data. Al-
though the value of a performance-agnostic metric may
be debated, InterSHAP is particularly useful for model
development and debugging. For example, in our imbal-
anced single-cell study, smaller classes with minimal impact
on the overall performance exhibited a higher reliance on
cross-modal interactions, highlighting areas where modal-
ity integration could be improved. By capturing all cross-

modal interactions – not just those linked to performance
– InterSHAP provides deeper insights into low-performing
models and can conclusively identify the absence of inter-
actions, avoiding spurious results seen with performance-
dependent methods.

Despite these benefits, we note some limitations of
InterSHAP. The first is the exponential increase in runtime
with the number of modalities, as all possible coalitions
must be computed due to the lack of general approximation
methods for SII. However, this is less critical in practice,
as models are typically trained on fewer than ten modalities
(Barua, Ahmed, and Begum 2023; Xu et al. 2024). Future
work could explore approximation methods to address this
computational challenge.

The second limitation is that we could not clearly demon-
strate that InterSHAP functions as intended for synergy
datasets with more than two modalities due to two factors:
(1) The synergy in the training dataset decreases as the num-
ber of modalities increases. This phenomenon is attributed
to the definition of XOR for more than two modalities: only
one occurrence of 1 will result in the label being true, with
the rest being 0. Consequently, if a 1 is present in two modal-
ities, the label (i.e., false) is already known. (2) The F1 score
decreases: 94.4 ± 0.3 for two modalities, 79.2 ± 0.2 for
three modalities, and 76.4 ± 0.2 for four modalities. This
indicates that the synergy present in the dataset is not fully
learned, leading to the model likely relying less on cross-
modal interactions for prediction. The observed decrease is
likely attributable to the two factors, although the potential
contribution of InterSHAP cannot be ruled out. Although
InterSHAP relies on the Shapley Interaction Index (SII) and
captures pairwise modality interactions, it may not fully ad-
dress complex cross-modality interactions. Future research
could explore alternative interaction measures than the SII.
Other unimodal indices at the feature level could be also ap-
plied to quantify cross-modal interactions in datasets with
more than two modalities to overcome this limitation. Po-
tential alternatives for evaluation include Faith-SHAP (Tsai,
Yeh, and Ravikumar 2023) and the Shapley-Taylor Interac-
tion Index (Sundararajan, Dhamdhere, and Agarwal 2020).

7 Conclusion
We introduce InterSHAP, a multimodal explainability met-
ric designed to quantify cross-modal interactions and modal-
ity contributions. InterSHAP provides a straightforward in-
terpretation of cross-modal interactions, expressed as a per-
centage of overall model behaviour, which can be applied to
multimodal learning tasks with any number of modalities.
Besides explainability, it allows for investigating the capa-
bilities of different model architectures in how they exploit
multimodal interactions across real-world datasets. As such,
InterSHAP overcomes the limitations of existing methods,
akin to constraints to only two modalities and the lack of re-
liable, performance-independent methods. Our experiments
on synthetic and real-world data demonstrate the ability
of InterSHAP to accurately measure the presence (or ab-
sence) of cross-modal interactions, while allowing for global
(dataset-level) and local (sample-level) explanations.
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