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Patient-specific gene co-expression
networks reveal novel subtypes and
predictive biomarkers in lung
adenocarcinoma
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Lung adenocarcinoma (LUAD) is a highly heterogenous and aggressive form of non-small cell lung
cancer (NSCLC). The use of genome-wide gene co-expression networks (GCNs) has been paramount
to describe changes in the transcriptional regulatory programs found between diseased and healthy
states of LUAD. Recently, studies have shown that multiple cancerous phenotypes share a distinct
GCN architecture, suggesting that network topology holds promise for understanding disease
pathology. However, conventional GCN inference methods struggle to capture the inherent context-
specificity within a patient population, thus flattening its heterogeneity. To address this issue, the use
of single-sample network (SSN) modelling has emerged as a promising solution into studying
heterogeneous traits of cancer through network-based approaches. Here, we reconstructed patient-
specific GCNs (n=334) using the LIONESS equation and mutual information as the network inference
method. Unsupervised analysis revealed six novel LUAD subtypes based on inter-patient network
similarity, each with distinct network motifs reflecting unique biological programs. Supervised
analysis, employing regularized Cox regression, identified 12 genes (CHRDL2, SPP2, VAC14, IRF5,
GUCY1B1, NCS1, RRM2B, EIF5A2, CCDC62, CTCFL, XG, and TP53INP2) whose weighted degree in
SSNs is predictive of patient survival in LUAD. These findings suggest that topological features of
SSNs offer valuable insights into the context-specific nature of LUAD malignancy, highlighting the
potential of SSN-based approaches for further research.

Lung cancer remains the most fatal and second most frequently diagnosed
cancer globally. In 2020, it constituted 18%of cancer-related deaths andwas
responsible for 11.4% of new cancer cases1.

Lung cancer can be classified into two main sub-types: non-small cell
lung cancer (NSCLC) and small cell lung cancer (SCLC), with NSCLC
accounting for 85% of all newly diagnosed cases. Adenocarcinomas and
squamous-cell carcinomas are the two most common subtypes of NSCLC,
constributing to 50% and 30% of all NSCLC cases, respectively2. Among
NSCLCs, squamous cell carcinomas often arise in the central bronchial
tubes and express molecular markers of squamous cell differentiation. In
contrast, adenocarcinomas typically develop in the lungs’ periphery and are

frequently associated with the formation of glandular bodies and high
mucin production. Both cancer subtypes exhibit significant differences in
clinical associations such as gender, age, smoking history, TNM clinical
stages, 5-year survival rates post-diagnosis, and treatment options, among
others3.

Lung cancer cells exhibit aberrant regulatory programs at multiple
physiological scales, ranging from their mechanisms of genetic and epige-
netic regulation to the interaction between the tumor tissue and its sur-
rounding environment4. For instance, genetic alterations in a set of proto-
oncogenes such as KRAS, EGFR, BRAF, PI3K, MEK, and HER2 have been
identified to severely dysregulate various signaling pathways crucial for the
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control of cell proliferation, apoptosis, and other cellular functions5. The
disruption of these mechanisms directly influences the phenotypic transi-
tion from healthy to cancerous tissue. Therefore, there is a growing moti-
vation to study the molecular biology of lung cancer, employing a wide
variety of multi- and interdisciplinary approaches with the aim of devel-
oping new strategies for prevention, early diagnosis, and treatment.

Within lung cancer, each subtype produces a large number of distinct
pathological signatures, characterized by the differential interactions
between the components in the system. To study these complex diseases,
systems biology has sought to model these interactions through network-
theoretical approaches. An example of this, and themain focus of this work,
is gene co-expressionnetworks (GCNs).GCNs areundirected graphswhere
nodes represent genes, and edges represent a statistically significant
dependence between their expression levels6. The importance of GCN
analysis in biomedicine lies in its ability to model interactions among genes
expressed in a tissue, thus illustrating the landscape of their transcriptional
program in healthy and diseased states.

Recent studies have revealed clear underlying topological differences
betweennetworks constructed from samples of cancerous tumors and those
from adjacent healthy tissue. For example, a clear rupture of the largest
connected component into smaller communities significantly enrichedwith
genes physically close in the genomehas beenobserved in variousmalignant
tumors, including Luminal A, Luminal B, HER2-positive, and basal breast
cancer7,8, clear cell renal carcinomas9, NSCLCs10, and more recently in
hematological cancers11, thus suggesting that this is a common trait of
cancer. Furthermore, comparative analyses of these networks have shown
that differential gene expression alone is not capable of explaining the
structural rewiring observed in the co-expression landscape of tumor
derived networks9. Together, these results highlight that genome-wideGCN
topology is intrinsically associated with cancer development. However,
understanding how global or local network structural traits can be linked to
the underlying disease’s biology remains a topic of wide discussion.

Given that GCNs capture statistical dependence between genes, net-
work inference algorithms require multiple samples to construct a robust
aggregate network that accurately represents a sample population or cohort.
One of themajor limitations of thesemethods is that they can only represent
characteristics shared by the chosen set of background samples, therefore
losing relevant information about the specific context and environment of
each sample in the process. Thus, while extremely useful at mining shared
traits in a biological phenomenon, aggregate networks are unable to capture
the underlying heterogeneity that exists within the population of interest.

To better understand how phenotypic complexity varies across indi-
vidual samples from a network-driven perspective, the LIONESS method
(Linear Interpolation to Obtain Network Estimates for Single Samples) for
estimating sample-specific networks (SSNs) was developed12. This method
is based on the assumption that aggregate networks are the result of a linear
combination of individual sample networks. As a first step, the LIONESS
equation contrasts two input networks: one built on data from all samples
and another excluding data from a single sample. This step essentially
calculates the contribution of the removed sample to the aggregate network.
The estimated contribution is then normalized to account for sample size
and added to the aggregate network without the sample of interest, effec-
tively estimating that sample’s individual network. This process can then be
repeated iteratively to infer a unique network for each sample within the
population.

While it has been shown that LIONESS-based networks can effectively
stratify patients based on regulatory differences beyond differential
expression13, previous work has primarily focused on transcription factor-
to-gene bipartite regulatory networks. Notably, large-scale single-sample
co-expression networks, particularly those based on mutual information
(MI), have not been explored in the literature. This gap is due to both the
extreme size of co-expression networks and the computational complexity
ofMI calculation compared to linear correlationmethods.Thus, by enabling
analysis at the individual sample level, LIONESS-based single-sampleGCNs

could offer a deeper understanding of how variations in gene-correlation
patterns might influence disease progression and patient outcomes.

Here, by using LIONESS, we have inferred patient-specific GCNs of
the LUAD-TCGA cohort using MI as the network reconstruction algo-
rithm, and subsequently developed two parallel frameworks for their ana-
lyses. The first approach consisted of a graph-clustering strategy whereby
focusing on communities of patients based of their on SSN-similarity, we
explored the significant relationship between conserved networkmotifs and
LUAD clinical, molecular and cellular contexts. The second one, is focused
in node weighted degrees; we developed a regularized regression scheme to
extract genes whose structural importance in a SSN is predictive of LUAD
overall survival. Finally, we used random resampling methods in order to
ascertain the robustness of ourfindings and comparedour resultswith those
obtained using gene expression data alone.

Results
Most patient clusters based on single-sample network similarity
are not associated with clinical phenotypes
As a first exploration of the extent to which SSN topology is capable of
defining heterogeneous LUAD phenotypes, we investigated whether
patients sharing a substantial number of their most important edges also
shared similar clinical outcomes. Figure 1 shows the presence of the com-
munity structure inside the SSN-similarity graph. Notably, Cluster 1 dis-
plays the subset of SSNs that have the highest resemblance to each other.On
the other hand, Cluster 4 follows the opposite trend, where networks exhibit
low similarity not only with those outside their community but also among
themselves.

To ensure that the observed pattern of community structure was not
dependent on the selected thresholdof 10,000 edges,we performed the same
clustering strategy on sets of SSNs filtered to their top 50,000 and 100,000
edges. Furthermore, we verified that the resulting network-based patient
communities were distinct from those obtained from standard gene
expression clustering using k-means. Supplementary Fig. 1 shows the
overlap between the detected communities of SSNs at different network
densities, as well as the alignment of clusters obtained using gene expression
data alone. As expected, clusters that were highly conserved such as clusters
1, 2, 3, 5, and 6 were concordant with communities detected at varying SSN
densities. Contrarily, cluster 4 was prone to be sub-clustered when con-
sidering additional interactions. On the other hand, clusters derived from
gene expression data showed a poor alignment with the rest of the SSN-
similarity groups, showcasing that clustering strategies using patient-
specific networks convey new information about the active regulatory
programs.

Next, we conducted overrepresentation testing within patient clusters
todetermine if clinical outcomescouldbediscerned fromnetwork similarity
alone. Factors considered included gender, disease stage, tissue of origin,
tumor size and extent (T), lymph node involvement (N), and presence of
distant metastasis (M). Interestingly, Cluster 1 and Cluster 5 showed a
significant enrichment (Fisher’s exact test, adjusted p-value < 0.05) of T1
tumors, while Cluster 5 showed an overrepresentation of female patients. In
addition, Cluster 2 was enriched with non-metastatic M0 samples (red
marques, Fig. 1 & Supplementary Fig. 2-A).

We conducted the same over-representation test on gene-expression-
derived clusters. We found that Cluster 9 was also enriched with T1 and
Stage I neoplasms of female patients (Supplementary Fig. 2B). As shown in
Supplementary Fig. 1, this group is split mainly into Clusters 1 and 5 in the
SSN-similarity communities. This suggests that co-expression differences
captured in these communities are capable of further stratifying patients
with similar clinical and expression profiles.

Furthermore, we compared the survival distributions between clusters
to investigate if the resulting patient communities could be associated with
survival. No significant differences (log-rank test p-value < 0.05) were
observed (Supplementary Fig. 2C). Similarly, no significant differenceswere
observed within gene expression-derived clusters (Supplementary Fig. 2D).

https://doi.org/10.1038/s41540-025-00522-0 Article

npj Systems Biology and Applications |           (2025) 11:44 2

www.nature.com/npjsba


Per-cluster consensus networks are associated with cell and
tissue context
To further characterize the biology behind the formation of patient com-
munities based on SSN similarity, we built six consensus networks (one for
each group) by identifying the most conserved set of interactions in each
case (see Methods). Given that a percentile-based statistic was used to
determine if an interaction is conserved, consensus network size anddensity
largely depend on the range of possible edges within each cluster. Supple-
mentary Table 1 contains the structural summary statistics of each con-
sensus network.

It can be observed that the number of nodes, edges, and connected
components varies accordingly with the degree of similarity shared between
SSNs in a cluster, hampering downstream comparative analyses. In con-
sequence, to facilitate the annotation of all consensus networks, we focused
solely on each largest connected component to perform subsequent func-
tional enrichment analysis (Fig. 2).

Figure 3 depicts the biological processes significantly associated with
each cluster (Fisher’s exact test, adjusted p-value < 0.05). It is possible tonote
that, except for Cluster 3 and Cluster 6, each patient community is enriched
by unique biological programs: Cluster 1 is associatedwith processes related
to cilium movement and structure. Cluster 2 is associated with processes
regarding chromatin remodeling and histone modification. Cluster 4 is
enriched with angiogenic and matrix remodeling processes. Cluster 5 is
strongly associated with cell cycle progression and regulation. Finally,
Cluster 3 and Cluster 6 share multiple enriched processes related to the
activation and regulation of the immune response.

Considering that, despite having dissimilar networks, Cluster 3 and
Cluster 6 shared the vast majority of overrepresented immune system-
related biological processes, we sought to evaluate whether this phenom-
enon could be caused by underlying differences in tumor cell composition.
We used the R implementation of xCell to estimate cell enrichment scores
for 64 immune and stromal cell types from expression data.

Fig. 1 | Similarity matrix between patient-specific networks. The top 10,000 edges
of each network were used to calculate all pairwise Jaccard indices. The resulting
weighted adjacency matrix was clustered using the Louvain algorithm. Row

annotations show the clustering results. Column annotations show the different
clinical labels associated to each patient. Red marques show the significant enrich-
ment (Fisher’s exact test adjusted p-value < 0.05) of a clinical feature inside a cluster.
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We identified 18 immune cell types and 11 stromal cell types with
significantly different distributions (Kruskal-Wallis H, adjusted p-value
< 0.001) in at least one patient cluster (Fig. 4A). A post-hoc Dunn test of
xCell’s ImmuneScore shows that, in general, the immune cell composition
of Cluster 3 and Cluster 6 is inversely correlated (Fig. 4B), with Cluster 3
being themost immune-depleted group of patients, while Cluster 6 displays
the most infiltrated group of tumors. Analogously, the StromalScore dis-
tribution of Cluster 3 follows a similar trend by displaying the lowest degree
of infiltration (Fig. 4C). In addition, the effect sizes for both cell-score
differences highlight that not only are the most extreme differences in
immune and stromal composition found betweenCluster 3 orCluster 6 and
any other group (Fig. 4D, E, respectively), but also that larger inter-cluster
changes in the tumor microenvironment are mainly driven by the immune
milieu. Figure 4F summarizes the overall distribution of the individual
immune and stromal cell types with significant differences across clusters.

It is worth noting that when performing the same analyses on gene
expression-derived clusters, we were able to observe that the same cell types
vary across groups of patients (Supplementary Fig. 3A). However, exam-
ining the distribution of each cell type across these clusters revealed that the
overall cell enrichment signature differed from that seen in SSN-similarity
communities (SupplementaryFig. 3B–E). For example, the gene expression-
derived clusters display multiple groups with varying levels of immune cell
infiltration, ranging from low to high. In contrast, the SSN-based clusters
predominantly captured a single low-infiltration and a single high-
infiltration group, thus suggesting that SSN-based clustering could be
more sensitive to detecting cell marker genes’ expression co-variation.

Weighted Gene Degrees capture structural changes associated
with cell proliferation
As away of summarizing the role that an individual gene plays in the overall
structure of each SSN, we calculated the weighted degree of each gene as the
sum of the weights of all incident edges. To investigate whether specific
hallmarks or biological processes rewire their connectivity the most, we
conducted gene set enrichment analysis on the standard deviation value of
each gene’s weighted degree. Noticeably, 5 hallmarks associated with cell
proliferation, (MYC Targets V1, MYC Targets V2, E2F Targets, G2M
Checkpoint, andMitotic Spindle) are among the categories with the highest
enrichment scores (Fig. 5A).

Comparably, when looking for enriched Biological Processes, we
observed a similar pattern where multiple programs related to cell pro-
liferation,were significantly enriched (Fig. 5B). These results suggest that the
network of genes regulating cell cycle progression and replication is under
constant structural change. Additionally, weighted gene degrees, as a
topological feature of GCNs, reflect biological phenomena and provide a
stable foundation for downstream analyses.

Predicting overall survival of lung adenocarcinoma patients
using Weighted Gene Degrees
Afterhaving used unsupervised strategies tomine associations between SSN
topology and lung adenocarcinoma heterogeneity, we set out to employ a
supervised learning approach to predict each patient’s overall survival using
network based features. Specifically, we used WGDs as input for a lasso
regularized Cox proportional hazards regression model. In general, we

Fig. 2 | Largest connected components of per-cluster consensus networks. The top 1% most frequent edges in each cluster were aggregated to build the corresponding
consensus network. Node and label size correspond to the number of incident edges (degree).
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benchmarked three different modeling scenarios: Model L, where lasso was
applied to the full set ofWGDs;ModelU+L,where lassowas applied to a set
of genes previously selectedby aunivariatefilter; andModelU+L+R,which
involved a relaxed fit of the same model. We then compared the overall
performance of models built with WGDs to those constructed using only
gene expression data, aiming to assess the prognostic potential of network-
based features.

To compare the global performance of the three above-mentioned
regression models, we computed both Harrel’s C-Index as well as the
Integrated Time Dependent Brier’s Score for 100 models built using
different training/testing data partitions (70% and 30% split, respec-
tively). Figure 6 A highlights the obtained C-Index values across the three
frameworks. As expected, using a univariate Cox regression as a filtering
step prior to lasso shrinkage significantly improved the predictive per-
formance compared to the model using the full WGDmatrix (Wilcoxon
test, p-value < 0.05). On the other hand, models U+L and U+L+R show
very similar predictive capabilities, with the unrelaxed fit showing a
slightly highermedianC-Index. Conversely, when assessing eachmodel’s
performance through the Integrated Brier’s Score statistic, no significant
differences were found (Fig. 6B). Overall, both metrics for evaluating
survival predictions show that the three models perform better than at
random in the majority of scenarios. Furthermore, when comparing the
resulting models trained on WGDs with those built on gene expression
data, we found that using WGDs outperformed gene expression data in
the three different regularized regression schemes (Wilcoxon test, p-value
< 0.05; Supplementary Fig. 4).

One of the main advantages of using regularized regression strate-
gies is their ability to perform feature selection while reducing multi-
collinearity in high dimensional case scenarios such as those commonly
found in “omics” data sets. However, given how lasso selects a random
representative variable among a group of correlated predictors14, dis-
similar sets of genes may be selected in different iterations of the model
fitting process. Thus, we consider a gene’s weighted degree to be stably
associated to survival only if it is selected by both the univariate filter and
lasso in at least 50 of the 100 random data partitions. Notably, a group of
12 genes were selected to be stably associated with patient survival, with
Chordin Like 2 (CHRDL2) being the gene most frequently picked, fol-
lowed by a tie between VAC14 Component of PIKFYVE Complex
(VAC14) and Secreted Phosphoprotein 2 (SPP2) (Fig. 6C). Supplemen-
tary Fig. 5 shows the association of all stable genes’weighted degrees with
overall patient survival.

Additionally, we focused on a representative U+L+R model to
assess overall goodness of fit and local predictive performance on a
discrete scale, as it was the best performing model among the three
frameworks in a random iteration. The obtained model contained 65
genes, of which 7 were considered stable by the resampling procedure
described above. Among the stable features, CHRDL2 and SPP2 are the
two genes with the largest negative and positive coefficients, respectively
(Fig. 7A).

To validate the sign of association between both genes weighted degree
and survival, we stratified the full data set by their median weighted degree.
In both cases, the groups with high and low weighted degrees correspond

Fig. 3 | Bipartite network of enriched Biological Processes in each consensus
network. Diamond-shaped nodes represent different clusters of patients, while
circular-shaped nodes represent a Biological Process enriched in its corresponding
network’s largest connected component. Node and font size and transparency vary

according to the scaled -log(adjusted p-value) in the enrichment test. Grey-colored
nodes indicate Biological Processes that are enriched inmore than oneCluster, while
nodes with the same color as their neighbor Cluster node represent a Biological
Process specific to that group.
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with the sign of the coefficients obtained in the model and show significant
differences in overall survival probabilities (Fig. 7D, E).When evaluating the
fullmodel, we observed a significant difference in the survival distributionof
both risk groups obtained by stratifying the linear predictors of the unseen
test data (Fig. 7B). Moreover, the assessment of 1-, 2-, 3-, and 5-year overall
survival prediction yielded AUC scores of 0.63, 0.63, 0.64, and 0.67,
respectively (Fig. 7F). Finally, the time-dependent Brier score on all possible
time-points showed a progressive loss of predictive performance over time,
reaching an asymptotic behavior after the 1000-day mark, likely due to the
lack of events with longer time spans (Fig. 7C).

Discussion
This work aimed to characterize the link between GCN topology and het-
erogeneous phenotypes of patients with lung adenocarcinoma. To this end,
we modelled single sample GCNs for patients in the LUAD cohort of the
TCGA data base and analyzed them through both unsupervised and
supervisedmethods.Herewe focused on patient-specific network similarity
and node weighted degree centrality as the topological features used to
identify patterns in the co-expression landscape at a population level.

When focusing on shared gene interactions, a clear community
structure can be observed in the patient-similarity graph. As previously

Fig. 4 | Differences in cell enrichment scores across network-derived clusters.
A Dot-chart of Kruskal-Wallis test results comparing xCell’s immune and stromal
cell type enrichment scores between patient communities. The significance
threshold was set at adjusted p-value < 0.001. B, C Distribution of estimated
ImmuneScore and StromalScore values, respectively. Pairwise significant differences
were calculated through post-hoc Dunn testing.D, E Forest plot depicting the effect
sizes of all pairwise inter-cluster comparisons of ImmuneScore and StromalScore,

respectively. Effect sizes were calculated using Vargha and Delaney’s A statistic.
Dotted red lines indicate the value where there are no differences between groups
(i.e., points farther away from the line indicate more extreme differences). Error bars
represent the 95% CI obtained by 1999 bootstrap iterations. F Heatmap of median
Xcell values for all cell types with significant differences obtained in the Kruskal-
Wallis test.
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mentioned, differing clinical backgrounds were not sufficient to explain the
observed grouping. Nevertheless, Cluster 1 showed a significant over-
representation of T1 tumors (i.e., growths ≤ 3 cm surrounded by lung or
pleurawithno local invasion15).Concomitantly,Cluster 1had the consensus
network with the highest degree of conservation among its patients and
displayed enriched functional processes associated with cilium genesis,
structure, and maintenance. Ciliated cells are considered the most pre-
dominant cell type in the lung airway and themost terminally differentiated,
showing very limited proliferative potential16. Furthermore, ciliated cells
have been proposed as one of the cell types capable of forming precursory
lesions that trigger the origin of pulmonary LUAD tumors17. Together, this
suggests that tumors sampled from patients in Cluster 1 are likely to
represent a cancerous phenotype more indicative of the earlier stages of
progression compared to the rest of the cohort, as the SSNs of these patients
illustrate the regular transcriptional activity that ismost conserved in ciliated
lung epithelia.

On the other hand, networks in Cluster 5, which showed a significant
overrepresentation of T1 neoplasms and female patients, are primarily
composed of genes involved inmultiple biological processes related to cell
cycle regulation and progression. Gender biases have been observed in
lung cancer development, response to treatment, and mortality18. Speci-
fically, the link between female sex hormones and cell proliferation pro-
grams in cancer has been previously reported. For example, not only is
estrogen capable of inducing cell proliferation in lung cancer, but it can
also be actively produced by NSCLC cells19. Conversely, progesterone has
been shown to inhibit lung cancer growth in mice, while Progesterone
Receptor-positive (PR+) NSCLCs in female patients frequently present
an inverse correlation between PR activity and overall disease
progression20. Additionally, sex-biased genetic factors are well established
to play a role in the progression of lung cancer. For instance, female
patients aremore likely to have drivermutations in genes such as EGFR or
KRAS21. We hypothesize that our analysis suggests the presence of a
conserved gene co-expression signature associated to tumor growth and
proliferation, predominantly among female patients, that likely reflects

the cumulative impact that heterogenous factors contribute to gender
differences in LUAD patient outcomes.

Next, owing to the shared biological programs associated with con-
sensus networks of Cluster 3 and Cluster 6, we identified significant dif-
ferences in the overall tumor microenvironment composition across all
patient communities.Above all, Cluster 3 consistently showed adepletionof
both immune and stromal cell infiltrates, whereas Cluster 6 displayed the
opposite pattern, with frequent high levels of immune infiltration.

It is important to note that large effect sizes in immune infiltration are
unique to Cluster 3 and 6. While some differences in stromal components
are apparent for the remaining groups, their effect sizes are low, suggesting
that the clustering results are not solely driven by cellular composition but
reflect broader dysregulations in cancer gene-networks.

Notwithstanding, our analysis was not able to identify any significant
association between the groups with high and low immune infiltration and
patient clinical outcomes. This is likely due to the fact that the relationship
between immune infiltration and patient prognosis varies in a context
specific manner, thus reflecting the functional plasticity displayed by
immune system cells in the tumor microenvironment. However, the
establishment immunosuppressive phenotypes are known to be a crucial
event that favours tumormalignancy.Hence, the identification of clusters of
patients with diverse immune system activity highlights the potential of
SSNs as a tool for probing the network of genes that drive immunosup-
pressive states, thereby warranting further research.

Since unsupervised clustering strategies based on edge-level informa-
tion from sample-specific networks failed to stratify patients by overall
survival, we shifted our focus to supervised analyses of node-level structural
information.

Of note, previous studies have tried a similar approach wherein the
degree of nodes in correlation-based SSNs (i.e., co-expression networks) is
used as a summary statistic to uncover biologically relevant associations. For
example, Chen et. al. performed SSN modelling using the SWEET method
(a SSN inference method based on Pearson Correlation and genome-wide
sample weights) and built a Network Degree Matrix to study whether SSN

Fig. 5 | Gene Set Enrichment Analysis (GSEA) results of significant (FDR < 0.01). AHallmark signatures, andB Biological Processes, according to the standard deviation
of each gene’s weighted degree across all samples.
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degree distributions were correlated with genetic dependency scores of 580
cell lines. More specifically in the LUAD-TCGA cohort, they utilized the
same approach to discover “dark” genes with degree differences between
two defined subtypes that were not explained by differential expression
analysis22. Another example of a similar network-analytical approach was
employed by Dai et al., whereby cell-specific networks built using a mutual
dependency criterion to establish gene-gene correlations were further
summarized by calculating a Network Degree Matrix for downstream
analyses, analogous to standard single-cell RNA-Seq pipelines23.

To our knowledge, this work is the first to employ the same network
analysis strategyusingLIONESS-based fully-connectedmutual information
networks.

Working under the driving hypothesis that SSN weighted degrees are
enriched with biological information, we sought to investigate whether they
could further be predictive of LUAD patient survival. To this end, we used
gene weighted degrees as input for regularized Cox proportional hazards
regression approaches and validated the model building procedure and

performance through random resampling methods. The proposed meth-
odology highlighted not only that weighted degrees generally outperformed
gene expression data in terms of predictive power, but also that 12 genes
whose structural importance in individual GCNs is robustly associated to
survival, regardless of the established training and testing data partition.
Notably, all 12 genes (CHRDL2, SPP2, VAC14, IRF5, GUCY1B1, NCS1,
RRM2B, EIF5A2, CCDC62, CTCFL, XG and TP53INP2) have been pre-
viously associated to various types of cancer24–35, with 7 (CHRDL2, SPP2,
IRF5, NCS1, RRM2B, EIF5A2, CTCFL) including reports specific to lung
cancer25,36–41.

It is worth mentioning that the functional assessment of sets of genes
selected by lasso based on gene enrichment analysis may be hindered by the
removal of collinearity between variables in themodel fitting step.However,
there is an interesting overlap in the bodyof literature that places these genes
in the context of cancer research. For example, CHRDL2 and SPP2, the two
most stable predictors of survival in this analysis, have been shown tomainly
operate as antagonists of BoneMorphogenetic Proteins (BMPs), a group of

Fig. 6 | Overall predictive performance, uncertainty, and stability of lasso gene
selection in 100 random training/testing data partitions. 3modelling frameworks
were contrasted: Model L, where lasso is applied to the entire set of genes, Model U
+L, where a univariate filter is applied a priori to lasso, and model U+L+R, where
the fit obtained on the U+L model is relaxed (known as relaxed lasso). A, BOverall
performance and uncertainty measured by (A), Concordance Index (C-Index), and

(B), Integrated Brier Score. Red dotted lines mark the score in performance where
model prediction are indistinct from a random guesser. Performance differences
were calculated throughWilcoxon signed rank tests.C Set of genes considered stable
predictors of survival. Each gene is plotted against the frequency with which they
were selected by both the univariate and lasso filters in the random resampling
procedure.
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growth factor cytokines that belong to the transforming growth factor β
(TGF-β) superfamily of proteins. While the baseline interactions between
CHRDL2/SPP2 and the BMP signalling pathway have been more exten-
sively described in the context of bone development and homeostasis,
multiple studies have linked both genes to cancer-promoting processes
mediated by BMP signalling. For example, overexpression of CHRDL2 has
been shown topromote proliferation andmetastasis in osteosarcoma tissues
and cell lines by blocking the BMP-9/PI3K/AKT pathway42. Similarly, in
colorectal cancer, CHRDL2 overexpression promotes cell proliferation and
inhibits apoptosis by blocking BMP2-driven Smad1/5 signaling43. Con-
versely, BMP2 blockade via SPP2 administration has been shown to inhibit
tumor cell growth in hepatocellular carcinoma44, osteosarcoma45, prostate
cancer46, pancreatic cancer47 and lung cancer48.

The role of BMP signaling in NSCLC growth49, and more recently in
LUAD metastasis and cell differentiation50 has been demonstrated to be of
great relevance.However, added layers of complexity are known to take part
in the BMP-induced carcinogenic process. One such case is the crosstalk
between BMP, TGF-β and WNT/β-catenin pathways, which together
contribute to the formation of cancer-related phenotypes51.We hypothesize
that other genes highlighted in our analysis, such as EIF5A, TP53INP2 and
CTCFL/BORIS are reflective of this crossroad between signalling routes. For
instance, EIF5A has been shown to promote epithelial to mesenchymal
transition (EMT), treatment resistance and metastasis through direct dys-
regulation of TGF-β signaling in a variety of cancers52–55. TP53INP2, an
autophagy-related protein, was observed to modulate EMT, migration and
invasion of bladder cancer cells56, as well as the malignant progression of

Fig. 7 | Model diagnostics of a representative relaxed model. A Coefficient plot of
65 genes selected after univariate and lasso filtering. Genes highlighted in orange
were considered to be stable predictors. B Kaplan-Meier plot of the stratified risk
scores predicted for the test data set using the relaxed fit. C Time-Dependent Brier

Score curve for all available time points in the test data set.D, E Kaplan-Meier plots
ofCHRDL2 and SPP2 stratified by theirmedianweighted degree in the entire cohort.
F AUC scores for prediction of 1-,2-,3-,5- year overall survival in the test data.
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colorectal cancer35 through β-catenin dependent signalling. In parallel,
CTCFL/BORIS, a crucial regulator of the malignant effects of cancer stem
cells, is known to primarily exert its tumorigenic actions through bothWnt/
β-catenin and NOTCH pathways57. However, TGF-β dependent signalling
of CTCFL/BORIS has also been observed to be relevant in melanoma
invasiveness58, and neuroblastoma migration59.

Together, given that SSNanalysis is capable of representing traits of the
population’s underlying heterogeneity as structural features of
transcriptome-wide GCNs, we believe that the underscored set of genes
associated to survival indeed portray the complex and context-specific
nature of the transcriptional regulation that BMP, TGF-β and WNT/β-
catenin signaling pathwaysmay exert to influence LUADclinical outcomes.
However, further research needs to be addressed to support this hypothesis.

Cancer is a putative heterogenous disease. A myriad of studies
addressing the discrete relationship between clinical-, cellular- and
molecular-context specificity have motivated the development of new
analytical strategies capable of embracing such phenotypic complexity. To
this end, the use of patient-specific GCNs could aid bridge the gap between
the studies of minute changes in transcriptional activity/regulation and
cancer heterogeneity.

In this work, we applied unsupervised and supervised methods to
analyze changes in the co-expression patterns at an individual level for
patients with LUAD. We hereby summarise the two principal findings of
this study:
1. Using a metric of SSN similarity between patients, a graph-clustering

strategy highlighted 6 different subtypes of LUAD. We found that
clinical phenotypes were not the main driver of SSN similarity,
however, two clusters (Cluster 1 and Cluster 5) displayed a significant
enrichment of specific tumor classification and gender. On the other
hand, cellular and molecular phenotypes were more clearly divisive
between clusters, showing very distinct immune infiltration composi-
tion as well as enriched biological processes in their most
conserved edges.

2. By calculating the weighted degree of each gene in an individual net-
work, we observed that relevant biological signals consistent with
known cancer biology can be retrieved. Furthermore, by using this
node-centrality metric, we were able to capture complex traits related
to each gene’s structural role in a network and use them as features in a
supervised learning scheme with the goal of finding novel network-
based predictors of survival. Our approach underscored 12 genes
(CHRDL2, SPP2, VAC14, IRF5, GUCY1B1, NCS1, RRM2B, EIF5A2,
CCDC62, CTCFL, XG andTP53INP2)with known associations to the
origin and progression of cancer, whose topological relevance in a
network is predictive of patient survival in LUAD.

Regarding the limitations of our research, it should be stressed that all
of these analyses were performed using the TCGA-LUAD cohort only.
Given that SSN’s place population heterogeneity as the main subject of
study, newworkflows integratingmultiple sources of variation in every step
of the procedure, including the individual network building stage, should be
considered in order to validate that the results here obtained are not strictly
dependent on the choice of data set. However, such a strategy involving
multiple data sets and larger sample sizes are posed to be an expensive
computational task when using mutual information as a network building
method. Thus, careful experimental design should be taken into account in
regards to the specific biological questions at hand.

The choice of an “ideal” set of background samples from which SSNs
will be based on, is amajor challenge ofmultiple SSN buildingmethods that
has been previously raised60. While the resampling methods employed in
this work are effective means to attenuate data-dependent effects in pre-
dictive modelling workflows, an adequate independent validation analysis
of the employed unsupervised and supervisedmethods needs to be pursued.
Thus, we envision expanding our analysis pipeline to the entire NSCLC
landscape as well as cancers with similar clinical outcomes as a first per-
spective avenue.

Finally,we contend thatnot onlywill theworkflow implemented in this
study significantly contribute to the growing methodological and analytical
toolkit that patient-specific network understanding demands, but also that
the biological insights uncovered will guide future endeavors in the fields of
network-medicine and lung cancer research.

Methods
RNA-sequencing data acquisition and preprocessing
Following the methodology established by Andonegui et al.10, clinical and
RNA-sequencing (RNA-Seq) data corresponding to patients within the
Lung Adenocarcinoma (LUAD) project in The Cancer Genome Atlas
(TCGA) Research Network: https://www.cancer.gov/tcgawere extracted
using the TCGAbiolinks R package61. Subsequently, all transcripts that were
not protein-coding geneswerefiltered out, and geneswith a zero-prevalence
higher than 50% across all samples were removed. The resulting expression
matrix was normalized to correct for transcript length effects, GC content,
and library size. Furthermore, in order to focus on overall patient survival
and explore its association with SSNs’ topological features, samples
belonging to patients whose survival data were not properly annotated were
excluded. Thus, the analysis centered solely on patients who had been fol-
lowed formore than a year orwhohaddied before this period elapsed.Next,
the scattering of expression profiles was visualized using principal compo-
nent analysis (PCA) to verify the proper preprocessing of the samples.
Finally, in order to focus onLUADdisease heterogeneity, only samples from
primary tumor tissue were kept for SSN building and downstream analyses
(Fig. 8).

Single sample network reconstruction and modeling
TheLIONESS equation requires two objects as input: thefirst is aGCNbuilt
using all samples (network a) and the second is aGCNbuilt without sample
q (network a − q). To build the two input GCNs, we use ARACNE’s
implementation of Mutual Information (MI) as the measurement of the
statistical dependence between the expression of all pair-wise combinations
of genes62. In order tohandle the inputs for bothARACNEandLIONESS in
a computationally efficient manner, we integrated LIONESS into a multi-
core backend for ARACNE10 so that all MI calculations are done in parallel,
while each SSN is built sequentially.

By using thisworkflow,wewere able infer a total of 334patient-specific
LUAD GCNs. To allow the individual inspection of each network’s node-
and edge-level topological description, we created fully-connected SSNs as
well as subsets of the top 10,000, 50,000 and 100,000 edges ranked by their
weight (i.e., LIONESS score).

Clustering of patient network-similarity matrix
To assesswhether the higher order structure of IndividualGCNs is shared
among phenotypically similar patients, we constructed a Patient
network-similarity matrix A, where each entry aij contains the Jaccard-
similarity index between the sets of edges of thefiltered networks i and j.A
is an n × n symmetrical matrix where n is the number of SSNs, making it
suitable for representation as an adjacency matrix of an undirected
weighted graph. In this graph, nodes represent patients and edges
represent their SSN similarity score. This notation enables us to reframe
the problem of patient clustering based on SSN similarity as one of
detecting community structures in a graph. We performed community
detection using the Louvain algorithm for weighted networks as imple-
mented in the igraph R package63,64. Varying resolution values were
allowed for the detection of smaller communities, as it is known that
graph clustering methods based on modularity maximization can be
biased towards detecting larger clusters in a network65.

Finally, we compared the patient communities derived from SSN-
similarity clustering with those obtained using gene expression data alone.
To achieve this, we applied k-means clustering on the principal components
that accounted for up to 90%of the total variance in the expressiondata. The
optimal number of clusters was determined using the NbClust() function
from the NbClust R package66.
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Biological assessment of patient network-similarity clusters
Communities obtained from the Patient-similarity-graph were probed to
shed light into the traits that drive clinical, cellular and molecular pheno-
typic heterogeneity. Thus, to biologically interpret each patient-cluster, we
seek to answer three questions:
1. Are patients in a given cluster significantly enriched for particular

clinical features?
2. Do patient-clusters have distinct cellular compositions?
3. What are the main biological processes that drive the formation of

heterogenous phenotypes in the population?

To address the first question, we used hypergeometric testing followed
by FDR correction to investigate statistically significant (adjusted p-value
< 0.05) over-representation of gender, disease stage, tumor size and extent
(T), lymph node involvement (N), and presence of distant metastasis (M).
Moreover, we used a log-rank test to look for significant differences (p-value
< 0.05) in the survival distributions of patients between clusters.

For the second question, we utilize the R implementation of Xcell67 to
calculate cell enrichment scores for each sample using normalized expres-
sion values to account for transcript length. We then conduct Kruskal-
Wallis tests with post-hoc Dunn’s test to identify any statistically significant
associations between different cell types’ enrichment score (Xcell value) and
patient communities.

Lastly, to extract the most representative biological processes in each
community, we repurposed the CoDiNA (Co-Expression Differential
Network Analysis) framework to identify the most conserved edges within
each cluster of patient-specific networks68. In essence, we obtain the entire
edge-space of a given cluster of networks and examine the frequency with
which an edge appears throughout all samples.We then consider an edge to
be highly conserved in a set of networks if it is within the 99th percentile of
most frequent edges. Thus, by aggregating the most conserved interactions,
we are able to construct consensus networks that portray themost active set
of sub-graphs in each cluster.

Subsequent biological annotation of each per-cluster consensus net-
work is achieved by querying the presence of significantly enriched
(adjusted p-value < 0.01) Biological Processes in its largest connected
component. The detection of the largest connected components and
functional enrichment analysis were carried out using the clusterMaker69

and gProfiler70 Cytoscape plugins71, respectively.

Calculation of genes’weighted degrees in single-sample
networks
The interaction between genes are severely altered during the transition
from healthy to diseased states. These alterations can be better summarised
by examining the centrality of individual nodes in each network. For
example, several studies have previously used the weighted in-degrees of
patient-specific regulatory networks as proxy of the amount of regulation
that a given gene receives from all transcription factors13,72,73. Drawing
inspiration fromthis approach,webuilt anm×nmatrix ofweighteddegrees
(WDs) for all m protein coding genes in n fully-connected SSNs. In the
context of individual GCNs, the weighted degree of a gene serves as a
summary statistic indicating the extent of potential active interactions
within a SSN, encompassing both direct and indirect regulation, as well as
patterns of coregulatory behaviour. Weighted degrees for all genes in each
SSN were calculated using the igraph R package.

Tovalidate that the resultingWDmatrix reflects truebiologyof LUAD,
we performed pre-ranked gene set enrichment analysis (GSEA74,75) on the
standard deviation values of all WD scores. This allows us to investigate
whether genes with themost variable patterns of connectivity are associated
to specific Biological Processes76 orHallmark gene sets77.Weuse FDR< 0.01
as our significance cutoff in each enrichment test.

Predictivemodelling of patient overall survival throughpenalized
regression
To identify the sets of genes whose weighted degree in a network is asso-
ciated to survival in patients with LUAD, we utilized the WD matrix as
features for a penalized Cox proportional hazards regression model while
correcting for gender and age at diagnosis78. Model construction was per-
formed on a 70% training split, while validation was carried out on the
remaining 30% hold-out test data set. In particular, given the high dimen-
sionality of theWDmatrix, wemake use of the L1penalty as it is known that
this type of regularization performs both feature selection andmodel fitting
in a manner that favours sparser models and counters overfitting79,80.

We built two different regression models using the Least Absolute
Shrinkage and Selection Operator (lasso) penalty. The first involves using
the completeWDmatrix when constructing themodel, i.e. we let lasso have
full control over the selection of genes that are relevant to the final fit. The
secondmodel involves a univariateCoxproportional hazards screening step
for each gene prior to the shrinkage procedure. Thus, only genes with a

Fig. 8 | Schematic overview of the methods used in this study. Image created with BioRender.
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significant univariate association to survival (log-rank test, p-value < 0.05)
were kept for subsequent lasso selection. Themotivation behind this double
filtering step is to first reduce the amount of competing noisy variables that
could bias the shrinkage of coefficients, followed by a second reduction of
the model’s complexity by filtering out correlated variables through the L1
penalty.

Despite lasso’s effectiveness in dealing with high dimensional data, it
has been reported that lasso tends to over-shrink true large coefficients,
thereby yielding biased estimates that are not directly suitable for general-
ization on test data81. To address this issue, the Relaxed lasso has been
proposed as a de-biasing procedure in which lasso is only used as a variable
screening step rather than a model selector. Consequently, the active set of
variables is fitted through the Ordinary Least Squares solution without any
penalization81,82. Owing to this, we inspect if relaxing the models after lasso
variable selection produces a better fit. We utilized the relax.glmnet()
function from the glmnet R package83,84 with gamma = 0 for model pre-
dictions and evaluation, as this produces the most relaxed fit possible.

Fitting a regularizedmodel requires the fine-tuning of the penalization
parameter lambda. To achieve this, we find the optimal values of lambda for
each model variant through 10-fold cross-validation. In particular, we
choose the value of lambda that is one standard deviation away from the one
that maximizes Harrel’s Concordance Index (C-Index85) in the cross-
validation procedure.

Model validation and feature stability analysis
To obtain a comprehensive evaluation of eachmodel, we sought to quantify
and compare all regressions’ goodness-of-fit, predictive performance and
overall uncertainty.

As a goodness-of-fit test, and as a first illustration of each model’s
prognostic power, we predicted risk scores for patients in the hold-out test
data, and dichotomized them into High- and Low-risk groups using the
median value as a threshold. Subsequently, we performed a log-rank test to
check for significant differences between both risk groups’ survival
distributions.

Next, to evaluate a survival model’s overall predictive performance, we
focus on both global and time-discrete evaluation metrics. For a global
assessment,we utilize theC-Index aswell as the IntegratedTime-dependent
Brier’s Score (IBS). To evaluate a model’s performance at discrete time
points, we use the area under the receiver operator characteristic curve
(AUROC) for 1-, 2-, 3- and 5-year overall survival predictions as well as the
Time-dependent Brier’s Score (BS) for all possible time points.

Consequently, to test eachmodel-building procedure andmeasure the
final overall performance’s uncertainty, we created 100 different training/
validation data splits and repeated all filtering and hyperparameter-tuning
steps, assessing the global discriminatory power in each run. Furthermore,
we utilized this resampling-based method to identify the sets of genes most
frequently selected by lasso and the univariate filter. The frequency with
which a genewas selectedwas thenused as a representativemeasurement of
the robustness of its association to patient survival.

Finally, we performed the same analysis pipeline using the original
gene expression data as input, to contrast the predictive performance of the
resulting network-derived features.

Data availability
Clinical and RNA-sequencing (RNA-Seq) data corresponding to patients
within the Lung Adenocarcinoma (LUAD) project in The Cancer Genome
Atlas (TCGA) Research Network: https://www.cancer.gov/tcga.

Code availability
The pipeline for SSN reconstruction using ARACNE in parallel and the
LIONESSmethod is available onGitHub and canbe found at https://github.
com/PatricioLOPSA/LIONESS-MI.
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