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A Additional Data Statistics

Besides the UPMC-HNC used in the main manuscript, Figure [1| and Figure
show the statistics of the Stanford-CRC and DFCI-HNC datasets, respectively.
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Fig. 1: Statistics for the 292 samples in the Stanford-CRC dataset, detailing (a) Cel-
lular Heterogeneity: Distribution of homophily ratios, and (b) Scalability: Distribution
of cell counts per graph. The mean, minimum, and maximum values are included for
each distribution (e.g., at upper corners). (¢) Example of generated graphs.

B Overall Algorithm of Mew

Here, we present the comprehensive training algorithm of Mew as outlined in
Algorithm [} Utilizing the Voronoi graph as a base, we further construct the
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Fig. 2: Statistics for the 58 samples in the DFCI-HNC dataset, detailing (a) Cellular
Heterogeneity: Distribution of homophily ratios, and (b) Scalability: Distribution of
cell counts per graph. The mean, minimum, and maximum values are included for each
distribution (e.g., at upper corners). (c) Example of generated graphs.

Cell-type network by connecting nodes of common cell types (Line 2). The algo-
rithm involves precomputing the matrix multiplication of the adjacency matrix
and feature matrix (Lines 5 and 6). During the training phase, we leverage the
precomputed output to implement Voronoi-Cell-type attention (Line 12). The
process then involves computing the cross-entropy loss and updating weight pa-
rameters until convergence is achieved.

C Detailed Experimental Settings

Evaluation metrics. We evaluate binary classification tasks using the receiver
operating characteristic curve (AUC-ROC) and hazard modeling tasks using
the C-index. Particularly, the C-index measures the proportion of all possible
observation pairs for which the predicted values match the actual survival order.
We use the following formula to calculate the C-index:

1 n n

C-index = an D S T < Tp)(A - ¢y), (1)

which involves the following variables: n (sample size), T; and T; (representing
the survival time of the i-th and j-th patients, respectively). The I(-) denotes the
indicator function, which evaluates to 1 if its argument is true and 0 otherwise.
Additionally, c¢; denotes the correct censorship status.

i=1 j=1

Baselines.  Given our focus on effective and efficient graph learning in mIF
imaging, we benchmark our model against various state-of-the-art graph learning
models. Our comparison spans a range of GNNs from the machine learning litera-
ture, including foundational models like GCN , GAT , and GraphSAGE @;
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Algorithm 1 Pseudocode of the proposed algorithm

Input: mplF image I with its corresponding phenotype Y’

Output: Pooled Prediction Matrix P!

> Cell-type network

1: ¢ « (VI, 51) > Voronoi network via preprocessing image [
2: €' « CELL-TYPE EDGE GENERATER(C!, V')

3- g/I — (VI7 5/1)

4: G « (gf,g’f) > Multiplex Network: Voronoi + Cell-type
5: L < PrREcoMPUTER(AT, X', K, stochastic=False)

6: + PrecompuTER(A", X! K, stochastic=True)

7: while not converged do

8 H' =0o([LI0]W), LW ..., W (x))

9: Z' =¢H'W,)
10: H/I = O’([ W(0)7 W(l) ey W(K))
11:  Z'"=¢H"W.)
12:  Z' + VoronoI-CELL-TYPE ATTENTION(Z!, Z'")
13: Pl MLP(Z")
14:  Lee + CE(Pool(P),Y7)
15: end while
16: function CELL-TYPE EDGE GENERATER(C', V')
17 g =i vl =chvije {1, ..,V |}i# 5}

I
return &’
: end function

B =
S ©

21: Initialize empty list L = ||

22: Append X' to L

23: for k< 1to K+1do

24: if stochastic then

1 if Bernoulli(lsfj) =1

25: Afj = .
0 Otherwise

26: end if

27: X' ATXI

28: Append X! to L

29: end for

30: return L

31: end function

32: function VORONOI-CELL-TYPE ATTENTION(Z!, Z'")
33: for £ + 0 to |V!| do

: function PrecompuTER(A’, X!, K, stochastic=False)

4. a L exp(LcakyRcLU(ang))
: £, Voronol = oy (TeakyReLU(a T 2]))+exp(LeakyReLU(a T 2/1))
35: _ exp(LeakyReLU(aTz/é))
: QL Cell-type = exp(LeakyReLU(aTzé))«kexp(LeakyReLU(aTz’é))
51 I 24
36: Zy = 0 VoronoiZy + 0, Cell-typeZ ¢
37: end for
38: return Z’

39: end function
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scalable solutions such as SIGN [4] and ClusterGCN [3]; a heterophilous model:
FAGCN [1]; a multiplex network model: HDMI [7]; and a recent model from the
biology literature: SPACE-GM [12]. The deatils of each baseline can be described
as below:

— GCN [§]: learn node representations by aggregating features from their
neighbors using a form of convolution adapted for graph data. This approach
efficiently captures the local graph structure and node features.

— GAT [11]: generates node embeddings by sampling and aggregating features
from a node’s local neighborhood. It can efficiently generate embeddings for
large graphs by leveraging node feature information.

— GraphSAGE |6]: introduce attention mechanisms to graph neural networks,
allowing for more expressive representations by weighting the significance of
each neighbor’s features during aggregation differently.

— SIGN [4]: extends the idea of inception modules from convolutional net-
works to graph neural networks, enabling it to capture different ranges of
neighborhood information without the need for costly recursive neighbor-
hood expansions.

— ClusterGCN |3]: improves the scalability of graph convolutional networks
by partitioning the graph into clusters and then performing GCN within each
cluster, significantly reducing computational and memory requirements.

— FAGCN [1]: addresses the limitations of existing GNNs by adaptively inte-
grating both low-frequency and high-frequency signals during message pass-
ing.

— HDMI |7]: enhances node embedding on multiplex networks through a novel
framework. It leverages high-order mutual information, combining intrinsic
and extrinsic signals, and employs an attention-based fusion module for in-
tegrating embeddings from different network layers.

— SPACE-GM |[12]: is a novel graph deep learning framework that character-
izes tumor microenvironments by leveraging spatial protein profiles in tissue
specimens. It models tumor microenvironments as local subgraphs, capturing
distinctive cellular interactions associated with different clinical outcomes.

Impelmentation Details. To ensure a fair comparison of each model, we trained
all baselines using the Adam optimizer. We adopt 1000 training epochs for all
datasets and models. To set hyper-parameters, we explored hyper-parameters
within the following rages: learning rate {0.0001,0.001,0.01,0.1}, sub-graph size
{1,2,3,4}, hidden dimension {64,128, 256,512}, training batch size{16, 32,64},
and the dropout ratio {0.0,0.25,0.5}. It is noteworthy that aside from the hyper-
parameter controlling the shared weight matrix across the Voronoi and Cell-type
networks, our proposed model, Mew, requires no model-specific hyperparameters
for meticulous adjustment. The multiplex network generation, stochastic edge
sampling, and Voronoi-Cell-type attention module inherently leverage and au-
tonomously determine their significance.

Best Hyperparamters. The best hyperparameters for Mew are provided in Ta-

ble [l
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Table 1: The best hyperparameter setup for Mew. ‘BC’ and ‘HM’ denote Binary Clas-
sification and Hazard Modeling, respectively.

|UPMC-HNC|Stanford-CRC|DFCI-HNC

‘ BC HM ‘ BC HM ‘ BC
Shared True True | False False False
Learning rate 0.001 0.0001|0.0001 0.0001 0.001
# of layers 3 4 4 4 2
Hidden dimension| 512 512 512 128 128
Batch size 32 16 16 32 16
Dropout ratio 0.0 0.0 0.0 0.5 0.25

D Detailed Generalizability of Mew.

When cell-type annotation is unavailable. In practice, creating a cell-
type network within a multiplex framework may face hurdles due to the need
for cell-type annotation, often requiring manual effort. To circumvent this for
patient-level phenotype prediction, we propose utilizing a clustering index as
a surrogate for manually annotated cell-types, allowing for the construction of
cell-type networks by connecting cells with identical clustering indexes. This
method significantly reduces the dependency on manual input while adhering to
the multiplex network framework’s principles. Although it limits certain post-
hoc analyses, such as marker gene identification, the clustering index approach
is advantageous for our main objective of phenotype prediction. For further
exploration of this strategy in practical scenarios, we detail its application on
the benchmark image set BBBC021v1 [2] from the Broad Bioimage Benchmark
Collection [10] in the subsequent paragraph.

Benchmark result on BBBCO021. To broaden the application of our method
to benchmark datasets, we chose to implement it on the BBBC021 dataset. This
dataset is ideal for evaluating image-based profiling methods’ ability to pre-
dict drug mechanisms of action. It comprises images from a p53-normal breast
cancer model (MCF-7), annotated with standard morphological markers and
featuring a diverse array of both targeted and cytotoxic agents. These agents
induce a wide range of phenotypes, enabling an in-depth analysis of their effects.
However, unlike the dataset used in the main manuscript, BBBC021 only offers
image data and its corresponding Mechanisms-of-Action (MoA), serving as the
target label for each image, but lacks information on cell coordinates, biomarker
expression, and cell-type annotation. To address these limitations, we first (1)
apply DeepCell |5] to segment the cells, obtaining cell coordinate and biomarker
expression data. Then, in situations where cell-type annotation is unavailable,
(2) we employ K-Means [9] clustering to process the biomarker expression data,
using the resulting cluster index as a proxy for cell-type. From the 10 weeks of
available image datasets, Weeks 8 (292 images), 9 (408 images), and 10 (240
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images) were specifically selected as training, validation, and test sets, respec-
tively. Figure |3 depicts the comprehensive procedure and the accuracy achieved
in MoA prediction.
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(a) Example of Human MCF7 cells (b) Performance Comparison

Fig. 3: Preprocessing of the BBBC021 dataset and performance comparison: (a) An
example image of Human MCFT breast cancer cells. (b) After processing with DeepCell,
we obtain a segmented image that provides cell coordinates and biomarker information.
(c) Utilizing the K-Means algorithm, we substitute cell-type information with a cluster
index. By varying the number of clusters in the K-Means algorithm, we evaluate the
effectiveness of the multiplex network approach, Mew, compared to SPACE-GM.

Applicability to WSIs. Adapting multiplexed immunofluorescence (mlIF)
image analysis to the Whole Slide Images (WSIs) domain requires meticulous
consideration of several key aspects. The substantial increase in resolution and
size of WSIs, compared to standard mIF images, necessitates robust data man-
agement and processing strategies for effective data handling. In this context, the
employment of scalable Graph Neural Networks presents a promising solution,
as equipped within Mew. Furthermore, given the wide morphological diversity
observed in WSIs, precise annotation and efficient selection of regions of interest
are imperative. In scenarios where annotation is challenging, the use of a clus-
tering index offers a viable alternative as mentioned above. Additionally, it is
essential to optimize the imaging system’s multiplexing capacity to facilitate the
simultaneous detection of multiple biomarkers. This shift also calls for significant
computational resources to process and analyze the data effectively. Integrating
mlF data from WSIs with clinical information and leveraging advanced image
analysis algorithms are crucial steps towards extracting meaningful biological
insights, underscoring the importance of a thorough data analysis approach.
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