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ABSTRACT
Background: The FGD family consists of six genes, namely FGD1/2/3/4/5/6. Their roles in lung
adenocarcinoma have been unidentified. This research focused on determining the diagnostic

efficacy, prognostic value, and immune-related functions of them in lung adenocarcinoma(LUAD).

Methods: From the TCGA database, mRNA data for the FGD gene family and clinical data for the
patients were obtained. Immunohistochemistry was performed to validate representative FGD gene’s
expression. A relationship between the FGD genes and immune system molecules was examined
using the TIMER and GEPIA databases, the ssGSEA and the MCPcounter methods. Clinical
prognosis in LUAD were analyzed by searching for TCGA, KMplotter and GEPIA databases. The
TIDE algorithm, TCIA, KMplotter, ROCplotter and ICBatlas databases were used to analyze the
value of FGD?2 in predicting the efficacy of immunotherapy. TIGER database was used to analyze
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single-cell RNA-sequencing data. The immune-related prognostic model was constructed using 3

machine learning algorithms: K-means clustering, LASSO regression, and WGCNA analysis.

Results: All the six FGD genes’ protein and mRNA were aberrant expressed in the tissues of LUAD in
contrast to healthy ones, and our external experiment confirmed FGD2’s expression pattern. Low
expression of FGD2, 3, 5 resulted in a shorter OS time and were determined as independent
prognostic factors via multivariate analyses. FGD2, 3, 5 were markedly linked to immune infiltration
while FGD1, 4, 6 were not. Sc-RNA sequencing analysis indicating that FGD2, 3, 5 were mainly
expressed in immunocytes. NSCLC patients with higher FGD2 may more responsive to ICB therapy.
The functions of FGD2, 3, 5 and FGDI1, 4, 6 in LUAD are heterogeneous, and patients can be
separated in to two groups based on these six FGDs’ expression. A prognostic model constructed by
immune-related DEGs between these two groups had good predictive value in one training set and 4
testing sets.

Conclusions: FGD2, FGD3 and FGD5 can be used as diagnostic, prognostic, and immune-implicated
biomarkesr for patients with LUAD and FGD2 may help to predict the ICB therapy efficacy. The

immune-related prognostic model had satisfactory predictive value.

INTRODUCTION

Worldwide, lung cancer is one of the most deadly types of cancer and is a universal malignancy(1).
It is estimated that 85% of all lung cancers are NSCLC (non-small cell lung cancer), of which LUAD
is the most universal subtype(2). The technology for treating lung cancer has improved, but long-
term survival remains low, with less than 20% of patients surviving five years after diagnosis(3).
Recent advances in targeted therapy and immunotherapy have revolutionized NSCLC treatment, and
some are displacing traditional chemoradiotherapy(4). However, anti-PD1/PD-L1 therapy is only
effective in 20% of patients with NSCLC(5), so the development of biomarkers that can predict the
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prognosis and effectiveness of immunotherapy for NSCLC patients is therefore crucial.

The FGD (faciogenital dysplasia) gene family consists of 6 genes, including FGD1-FGD6. FGD1
was known as the cause of Aarskog-Scott syndrome, an X-chromosome-correlated condition
affecting multiple body parts(6), and the GTPase CDC42, which regulates cytoskeletal function and
organizes actin filaments, is activated by FGDI1, which acts as a guanine nucleotide exchange
factor(7, 8). A number of cancers progress faster when FGD3 is abnormally expressed, including
pancreatic and breast cancer(9, 10), and high level of FGD3 can improve head and neck squamous
cell carcinoma patients’ prognosis(11) The Charcot-Marie-Tooth disease and several disorders of the
peripheral nervous system are associated with the mutations of FGD4, and prostate cancer's
aggressive phenotype is positively correlated with FGD4 expression(12, 13). Additionally, FGD3,
FGD4 also been found to modulate actin cytoskeletons and exchange CdC42-Specific factors(14, 15).
According to FGD2, studies have shown that it affects the prognosis of melanoma patients and high
expression of it in HNSCC may improve patients' prognosis(11, 16). Besides, FGD2 has the ability to
positively regulate immune cell infiltration in LUAD(17). FGD6 is transcriptionally regulated by the
transcription factor EHF, which affects neutrophil recruitment in hepatocellular carcinoma(18). In
pancreatic ductal adenocarcinomas, high FGD6 level confers malignant phenotype(19). Studies on
IncRNA FGDS antisense RNA 1 (FGDS5-AS1) are various. However, it remains largely unknown
what expression patterns of FGDS5 are associated with cancers and what the prognostic value of this
gene is. These six FGD genes in LUAD remain unknown as far as their expression pattern,
prognostic value, related function, and underlying mechanisms are concerned.

This study comprehensively analyzed the expression pattern, diagnostic and prognostic value of
these 6 FGD genes in LUAD and identified FGD2, FGD3 and FGDS5 as independent prognostic
factors for LUAD. Data were retrieved from the TCGA database for comprehensive analyses. FGD2,
FGD3 and FGDS, their relationships with immune infiltration, and a comparison of their expression

among cancer patients who responded to ICB treatment and those who didn’t was also determined.
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We found FGD?2, 3, 5 all positively regulate immune infiltration in LUAD and base on predicting
immune checkpoint blockade(ICB) therapy efficacy, FGD2 exhibited the most value. Based on
FGD1-6’s expression, LUAD patients were separated into 2 groups and patients’ prognosis, immune
infiltration levels, immune checkpoint levels and mutation rates are significantly different between
these 2 groups. Finally, an immune-related prognostic model constructed by DEGs between the 2

groups exhibited good predictive value.

METHODS
Source data

From the TCGA database, RNA sequencing data and clinical information for LUAD patients were
downloaded in level 3 HTseq-FPKM format and log2 transformations were conducted. Duplicate
data and samples without complete clinical data were deleted. In the UALCAN database, protein-
level gene expression was obtained, and the HPA database helped us to analyze some
immunohistochemistry data(20). Gene mutation data came from the Sangerbox tool and the GSCA
database(21, 22). The miRNA-gene network was also acquired from GSCA. Drug sensitivity data

was obtained from GDSC and predicted using the R package pRRophetic. 2 GEO sets, namely
GSE19188 and GSE32863, were analyzed using GEO2R.

Analysis of diagnostic efficacy and prognostic value

ROC curves were visualized using the "pROC" R package. The “survival” package is used for
statistical analysis of survival data and was used to conduct cox analysis (multivariate analysis
included factors with p values less than 0.2 in univariate analysis) and the “survminer” package is
used for visualization. To construct the nomogram prediction model, R package "rms" was used.

Besides, GEPIA and KMplotter databases was also used for survival analysis(23, 24).

Immune infiltration analysis
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In the “estimate” R package, the method ESTIMATE(25) was utilized to evaluate the stromal,
ESTIMATE, and immune scores for individual samples of LUAD. A gene-immunity cell infiltration
relationship was analyzed using ssGSEA and MCPcounter methods(26, 27). TIMER(28) and GEPIA
databases were used to analyze the correlation between genes and immune cell markers. The TIP
database was queried for gene sets' enrichment scores corresponding to different anti-cancer immune

cycles.

Analysis of ICB therapy response

LUAD patients' tumor immune dysfunction and exclusion (TIDE) scores were downloaded from
the TIDE website to predict ICB response(29). The TIDE score is higher when ICB therapy is less
effective. Immunophenoscore (IPS) was calculated without bias using effector cell,
immunosuppressive cell, MHC molecule, and immunomodulator expression data. A positive
relationship was found between ICB therapy response and IPS. IPSs for LUAD patients were
downloaded from TCIA database(30). The ICBatlas database was utilized to assess the expression of
the FGD genes in NSCLC patients treated with ICB(31). KMplotter and ROCplotter(32) were used

to analyze the expression of FGD genes in patients with other types of cancer treated with ICB.

Single-cell RNA-sequencing analysis

The TIGER online databases(33) was used to analyze sc-RNA sequencing sets of LUAD patients
from GEO database. Two single-cell RNA-sequencing sets for LUAD, namely GSE131907 and
GSE123904, were selected for specific analysis.

Co-expressed genes and enrichment analysis

GEPIA databases was used to identify genes co-expressed with 3 FGD genes. PPI network was
constructed using GENEMANIA(34) and GO _KEGG enrichment analysis was performed with the
help of the R package “clusterProfiler”(35). VennDiagram was drawn using the R package
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“VennDiagram”.
Prognostic model

R package "ConsensusClusterplus" was used for unsupervised clustering. All the LUAD patients
were classified into 2 groups based on six FGDs’ level. Differential analysis was carried out by using
the R package “DESeq2” to identified differently expressed genes(DEGs). WGCNA and the Pearson
correlation analysis were carried out using the R package “WGCNA” on DEGs to explore the module
closely correlated with immune-related DEGs. The minimum module size was set at 30. Immune-
related DEGs which have prognostic value were subjected to LASSO cox regression analysis, which
was conducted by R package “glmnet” to acquire key genes and their coefficients. Risk score was
calculated based on formula as follows:

Risk score =) Gi*Ci (Annotation: Gi=gene expression level, Ci = coefficient of each gene)

A package called "timeROC" was used to generate time-dependent ROC curves. We used the
TCGA data as training set, and four GEO data, including GSE36471, GSE72094, GSE8894 and
GSE37745, were used as validation sets. GEO data was analyzed using GEO2R. Since GSE8894 and
GSE37745 are sequencing sets for all NSCLC types, we deleted non-LUAD data, such as LUSC, on

them.
Immunohistochemistry(IHC)

Anatomical samples involving 10 LUAD and corresponding paracancerous tissues(Surgically
removed tissues within 2 cm of cancerous tissue) were arquired from the First Affiliated hospital of
Fujian Medical University (FIMU). All patients provided their informed consent. Tissues were fixed
in 10% formalin, embedded in paraffin, and cut into sections sequentially; and after dewaxing with
ethanol and blocking, rabbit anti-FGD2 (ab185968, 1:100, Abcam) was incubated overnight at 4°C,
followed by 50 minutes of incubation with goat anti-rabbit secondary antibody at room temperature.
After that, DAB (3,3'-diaminobenzidine) staining was performed, with positive expressions
appearing brownish yellow in color; and with hematoxylin, the nuclei of the cells were stained blue.

This study was approved by the Ethics Committee of the First Affiliated Hospital of FIMU.

Statistical analysis



154 Wilcoxon test was performed for comparison across two groups. Correlation analyses were
155  determined by spearman rank correlation. Ns- P > 0.05, *- P < (.05, **- P < 0.01, ***- P <0.001.
156 All statistical analysis was conducted in R (v 3.6.3).

157 Database websites

158  The following are links for all the online databases used in this study:

159  TCGA:https://portal.edc.cancer.gov

160  UALCAN:http://ualcan.path.uab.edu/analysis.html

161  HPA:https://www.proteinatlas.org

162 Sangerbox:http://vip.sangerbox.com/login.html

163 GSCA :http://bioinfo.life.hust.edu.cn/GSCA/#/

164  GDSC:https://www.cancerrxgene.org/

165 GEPIA:http://gepia.cancer-pku.cn

166  KMplotter:https://kmplot.com/analysis/

167  TIMER:http://timer.cistrome.org

168  TIP:http://biocc.hrbmu.edu.cn/TIP/

169  TIDE:http://tide.dfci.harvard.edu

170  TCIA:https://tcia.at/home

171 ICBatlas:http://bioinfo.life.hust.edu.cn/ICBatlas/

172 ROCplotter:http://www.rocplot.org/site/index

173  GENEMania:http://genemania.org

174  TIGER:http://tiger.canceromics.org/#/home
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RESULTS

FGD family genes’ expression pattern, prognostic value, and relationship with clinical

characteristics.

We first analyzed the correlations among the six members of the FGD family. There is no strong
correlation between FGD1, FGD4, or FGD6 with any of the other members of the FGD family;
however, FGD2, FGD3, and FGDS5 are strongly connected (Figurel A). Then we specifically
analyzed the mRNA level of them in lung adenocarcinoma from TCGA database. Both the
comparison between healthy ones and LUAD patients, and the comparison between cancer tissues
and adjacent normal tissues from LUAD patients, showed that the levels of FGD2, 3, 4, 5 in LUAD
were decreased compared with normal ones, while the levels of FGD1, 6 were increased(Figurel
B,C). Besides, the UALCAN database showed that their protein expression pattern matched their
mRNA expression pattern(Figurel D). For FGD1-6, the area under the ROC curves are 0.626, 0.779,
0.871, 0.883, 0.982, and 0.804, respectively(Figurel E), which indicates that except FGD1, the other
5 members of the FGD family all have good diagnostic efficiency.

In the KM survival analysis of patients with LUAD in TCGA database, we found that prognosis
was poor when FGD2, FGD3 and FGDS5 levels were low; while FGD1, FGD4, and FGD6 didn’t
affect patients’ survival(Figurel F). Based on the KMplotter database, FGD2, 3, 5’s prognostic value
was further confirmed (FigureS1 A-C). Additionally, Cox regression analysis showed that FGD2, 3,
5 could be used as independent prognostic factors for lung adenocarcinoma after adjusting for other

clinical features’ effect (FigureS1 A-C).

After exploring the relationship between FGD1-6 and clinical features, we found that advanced T,
N, pathological stages and lethal OS event contributed to lower FGD2, 3, 5 levels, while after
primary therapy, PR&CR patients' FGD2, 3, 5 levels were higher than those with PD&SD outcomes
(Figurel G). It is worth mentioning that FGD1, 4, 6 weren’t associated with these clinical
features(FigureS1 D). We also analyzed the mutation frequency of FGD1-6 in LUAD, and found that
FGDS5 had the highest mutation frequency, followed by FGD6, FGD1, FGD4, FGD3, and
FGD2(Figurel H). Interestingly, patients with mutant FGD2, 3, 5 had a worse prognosis, while those
with FGDI1, 4, 6 mutations had no difference in prognosis from those without(Figurel 1, J).

Finally, we constructed a miRNA-gene network related to FGD1-6, as shown in Figure 1K.
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Figure 1. FGDs’ expression pattern, diagnostic and prognostic value, relationship with clinical features, mutation data and
miRNA-gene network. (A) Mutual correlations between six FGDs. (B) Comparison of FGDs’ mRNA expression in LUAD and in
healthy individuals. (C) Paired sample comparison of FGDs’ mRNA level between LUAD and adjacent healthy ones. (D) The total
FGDs’ protein in LUAD and normal tissues. (E) The ROC curve for FGDs. (F) FGDs’ prognostic value. (G) Relationship between
FGDs and clinical characteristics of LUAD. (H) Mutation data of FGDs in LUAD. (I- J) Mutant FGD1, 4, 6(I) and FGD2, 3, 5(J) on

LUAD patients’ OS. (K) The miRNA-gene network.
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FGD2, 3, 5 are significantly correlated with immunity

Using ssGSEA, we found that FGD2, FGD3 and FGDS5 were positively correlated with most
types of immunocytes. FGD2 and FGD3 are most correlated with T cells, while FGD5 is most
correlated with iDCs. Interestingly, all of them are weakly correlated with Tgd, and negatively
correlated with Th2 cells(Figure2 A-C). MCPcounter generated the similar results, indicating that
FGD2, 3, 5 are positively correlated with most types of immunocytes(Figure2 D). In addition, we
investigated the relationship between FGD2, 3, 5 and TCR/BCR diversity, two inflammation-related
pathways, four kinds of immune behaviors, in conjunction with two malignant phenotypes. It was
found that FGD2, 3, 5 are strongly positively correlated with immune characteristics, but negatively
correlated with two malignant phenotypes, namely proliferation and wound healing(Figure2 E).
Besides, by examining the correlation between these three FGD genes and markers of different
immune cells from the TIMER and GEPIA databases, we found that both databases showed that
these three FGD genes were positively associated with most immune cells” markers and the three
most common immune checkpoints: PD1(PDCD1), PD-L1(CD274) and CTLA4(Figure2 F).

We also examined the relationship between FGD2, 3, 5 and chemokines/receptors, MHC
molecules(MHCs), and immunomodulators, since they also play an important role in regulating the
TIME. FGD2, 3, 5 were shown to be positively correlated with most chemokines/receptors, MHCs,
and immunoinhibitors/immunostimulators, further supporting the theory that FGD2, 3, 5 are involved
in the regulation of the TIME (Figure 2 G, H). Besides, in line with our expectations, patients in the
high-FGD2, 3, 5 groups had higher stromal, immune, and ESTIMATE scores(Figure2 J- L).
However, these three scores differed insignificantly between high and low FGDI1, 4, 6
groups(FigureS2 D), and FGDI, 4, 6’s correlations with immunity are weak(FigureS2 A- C).

The stromal, immune, and ESTIMATE scores’ effect on LUAD patients” OS are illustrated in
Figure2 M-O. As a result of the above analysis, we concluded that FGD2, FGD3 and FGDS5 might

effect LUAD patients' prognosis by regulating the TIME. Finally, according to the results of

10



238  analyzing the relationship of FGD2, 3, 5 and seven stepwise anti-cancer immune cycles, we
239  hypothesized that FGD2, 3, 5 may regulating the TIME through recruiting immune cells to tumors
240  and guiding immune cells’ infiltration(Figure2 I). However, the value of FGDI1, 4, 6 needs to be
241  further studied.
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Figure 2. Immune infiltration analysis. (A-D) Correlation between FGD2, 3, 5 and immunocytes using ssGSEA(A, B, C) and
MCPcounter(D) methods. (E) FGD2, 3, 5’s relationship with other immune features. (F) Relationship between three FGD genes and
immune cell markers and immune checkpoints in TIMER and GEPIA. (G) Relationship between three FGD genes and
chemokines/receptors and MHC molecules in TIMER and GEPIA. (H) Relationship between three FGD genes and Immunomodulators
in TIMER and GEPIA. (I)FGD?2, 3, 5’s relationship with seven anti-cancer immune cycles. (J-L) Stromal, Immune, and ESTIMATE
scores between high and low FGD2(J), FGD3(K), and FGD5(L) groups in LUAD. (M-O) Stromal(M) ,immune(N), and ESTIMATE(O)

scores’ effect on LUAD patients’ OS.

Single-cell RNA sequencing analysis

In view of the above analysis, we thought that FGD2, 3, 5 participate in the regulation of the TIME
in LUAD. To further demonstrate this, we investigated the expression of FGD2, 3, 5 at cellular level.
Two single-cell RNA-sequencing sets for LUAD, namely GSE131907 and GSE123904, were
included in this study. 208506 cells in the GSE131907 dataset can be divided into 11 cluster(Figure3
B). We analyzed the expression of FGD2, 3, 5 in subpopulations and found that they were mainly
expressed in B cell&myeloid cell, T cell&B cell, and endothelial cell&myeloid cell,
respectively(Figure3 C). Then, by performing the pseudo-time analysis, we found that FGD2, 3, 5
expressed more when cells differentiated toward immunocytes, and less when cells differentiated
toward other types(Figure3 D, E). 38758 cells in the GSE123904 dataset can be divided into 7
cluster(Figure3 G), and we found that FGD2, 3, 5’s expression pattern in this dataset is the same with
GSE131907, indicating that they were mainly expressed in B cell&myeloid cell, T cell&B cell, and
endothelial cell&myeloid cell, respectively(Figure3 H). The result of pseudo-time analysis for cells
in the GSE123904 dataset is also consistent with that of GSE131907, showed that when cells tended
to differentiate into cells which are correlated with immunity, FGD2, 3, 5’s expression
improved(Figure3 1, J). Finally, from the TISIDB database, we acknowledged that FGD2, 3, 5’s level
significantly differed between 6 different immune subtypes, namely C1-C6(Figure3 K-M). Figure3 N

illustrates the subtypes’ annotation.

The above analysis helps us understand the expression pattern of FGD2, 3, 5 better and further
proves that they participate in the regulation of the TIME.
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FGD2 level can predict ICB therapy efficacy

In LUAD, a positive correlation between FGD2, 3, 5 and the vast majority of TIME modulators,
including PDCDI and CD274 , was found. Therefore, we surmise that LUAD patients with higher
FGD2, 3, 5 level may be more sensitive to ICB therapy. To further explore it, we first predicted the
potential ICB response using the TIDE algorithm. Consistent with our expectations, the TIDE score
in the high-FGD2 group is significantly lower than in the low-FGD2 group, which suggests that
LUAD patients with high FGD2 levels may be more responsive to ICB therapy (Figure4 A). It’s
interestingly to note that the TIDE algorithm believed that FGD2 was more efficient than PD-L1 in

diagnosing ICB responders and non-responders (Figure4 C).

Next, with the help of the TCIA database, we validated our hypothesis again: we found that the
IPS-PD1 block, IPS-CTLA4 block and IPS-PD1-CTLA4 block scores were higher in the high FGD2
expression group (Figure4 B), which means LUAD patients with higher FGD2 levels are more
sensitive to anti-PD1, anti-CTLA4 and anti-PD1&CTLA4 therapy. Then, from the ICBatlas database,
we found that NSCLC patients who responded to anti-PD1 and anti-PD-L1 treatment have higher
FGD?2 levels than non-responders, which further confirms our conjecture (Figure4 D). Interestingly,
we found that melanoma patients who responded to ICB therapy had higher FGD2 levels than non-
responders (Figure4 D). This pushed us to analyze the data of patients with other cancers (including
melanoma, gastric cancer, bladder cancer, breast cancer and glioblastoma et al.) receiving ICB
treatment from ROCplotter database. Based on pre-treatment samples, we found that responders to
anti-PD1, anti-PD-L1, and anti-CTLA4 therapy have higher FGD2 levels(Figure4 E). ROCplotter
also showed that compared with non-responders to ICB treatment, PD-L1 levels were higher in ICB-
treated responders (Figure4 F), and it still illustrated lower diagnostic efficacy of PD-L1 than FGD2
(Figure4 G). Similar results were observed in on-treatment samples(Figure4 H- J). Finally, we found
from KMplotter that when those ICB-treated cancer patients’ FGD2 level was higher, their prognosis
was better (Figure4 K-M).

The aforementioned results illustrate the value of FGD2 in predicting ICB effectiveness, not only
for NSCLC patients, but for other cancer patients. However, because FGD2 was not significantly
better than PD-L1 in distinguishing ICB-treated responders from non-responders, whether FGD2 can

replace PD-L1 as an independent biomarker for predicting ICB response needs to be further verified.
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The high and low FGD3 expression groups did not significantly differ in TIDE score(FigureS3 A),
and contradicted with our expectations, patients with high FGDS5 expression scored higher on TIDE
than patients with low FGDS5 expression(FigureS3 B). In addition, we found that both FGD3 and
FGD5 were less effective than PD-L1 in differentiating immunotherapy responders from
nonresponders in the ROCplotter database(FigureS3 A, B). So FGD3 and FGDS5’s value for

predicting ICB efficacy is lower than FGD2.
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Figure 4. The value of FGD2 in predicting response to ICB treatment. (A) Potential ICB treatment outcome predicted by TIDE
algorithm. (B) IPS comparison between high and low FGD2 expression groups. (C) Comparison of the efficacy of FGD2 and PD-L1 in
distinguishing ICB responders from non-responders by the TIDE predictive algorithm. (D) Differently expressed FGD2 between ICB
treated NSCLC responders and non-responders. (E-G) Differential expression of FGD2(E) and CD274(F) in anti-PD-1/PD-L1/CTLA4
reactive and non-reactive cancer patients and the comparison of their diagnostic efficacy(G) based on pre-treatment samples. (H-J)
Differential expression of FGD2(H) and CD274(I) in anti-PD-1/PD-L1/CTLA4 reactive and non-reactive cancer patients and the
comparison of their diagnostic efficacy(J) based on on-treatment samples. (K-M) FGD2’s effect on anti-PD1(K)/PD-L1(L)/CTLA4(M)

treated patients’ OS.

GSEA

According to our previous analysis, FGD2 can be used as an ICB-related biomarker, not only for
LUAD, but also for other cancers. To further prove that, we conduct the GSEA analysis with the help

of the CAMOIP database (http://www.camoip.net). As expected, GSEA analysis indicated that FGD2

is strongly correlated with PD-L1 expression and PD1 checkpoint pathway in cancer and the PD1
signaling. This result held true across 5 independent cohorts (Figure 5). Once again, FGD2

demonstrates its predictive ability.
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334 Figure 5. GSEA. This figure illustrates FGD2’s relationship with immune checkpoint pathways in different cancer types based on the

335 GSEA algorithm.

336

337  Gene co-expression analysis and enrichment analysis

338 We retrieved the top 10 genes that have the highest positive/negative correlation with FGD2,
339  FGD3 and FGDS, respectively, and visualized them using heat maps (Figure6 A-C). Additionally, we
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downloaded the top 100 genes from the GEPIA database that were positively correlated with FGD2,
FGD3 and FGDS, respectively, and used a Venn diagram to determine where their intersections
occurred and we obtained 18 genes co-expressed with FGD2, 3, 5, including MYOI1F, ARHGAP30,
DOCK2, FAM78A, NCKAPIL, GIMAP1, DOK2, FERMT3, SPN, CD4, NFAM1, ARHGEF®6,
NRROS, STK10, PLEKHO2, GIMAPS, GIMAP6, and SLC15A3 (Figure6 D). We used
GEMENANIA database to predict co-expression, shared protein domains, genetic intersections and
physical interactions among these 18 genes and found that their main functions are lymphocyte
differentiation, adaptive immune response, leukocyte migration, B cell activation, amd T cell
differentiation (Figure6 E). We also performed GO analysis on these 18 genes, and found the most
relevant biological functions among them were lymphocyte differentiation and leukocyte cell-cell

adhesion (Figure6 F).
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Figure 6. Genes co-expressed with these three FGD genes and enrichment analysis. (A-C) 10 genes with the most
positive/negative correlation with FGD2 (A), FGD3 (B) and FGDS5 (C). (D) Venn diagram of genes co-expressed with three FGD

genes. (E) PPI network. (F) GO enrichment analysis.

Expression pattern and immune infiltration analysis of 18 co-expressed genes in LUAD
The expression of these 18 genes in LUAD was lower than normal ones, which was the same with

the expression patterns of FGD2, FGD3 and FGDS5 (Figure7 A), and all of them have satisfactory
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diagnostic efficacy(Figure7 B). To determine if their relationship with immune infiltration is also
similar to that of FGD2, FGD3 and FGDS5, we analyzed the relationship between these 18 genes and
tumor purity and 6 types of immune cells in TIMER. Consistent with our expectation, the 18 genes
were negatively correlated with tumor purity, while positively correlated with CD8+ T cell, CD4+ T
cell, B cell, macrophage, DC, and neutrophil (Figure7 C). We also analyzed the relationship between
them and PDCDI1, CD274, and CTLA4. As expected, all of them were positively correlated with
these three immune checkpoints (Figure7 D). In addition, these 18 genes was positively correlated
with each other (Figure7 E), and the combined expression of them had a significant effect on OS in

LUAD patients (Figure7 F).
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Figure 7. The expression patterns of 18 genes co-expressed with FGD2, 3,5 and their correlation with immune infiltration in
LUAD. (A-D) These 18 genes’ expression pattern (A), their diagnostic efficacy (B) and their relationships with six immune cells (C)
and three immune checkpoints (D). (E) Correlation between these 18 genes. (F) Effect of combined expression of these 18 genes on OS

in LUAD patients.

Five of the 18 genes affected the prognosis of patients with LUAD

We were also interested in the impact of each of these 18 genes on the prognosis of LUAD patients
and from the GEPIA database, we found that all of their HR were less than 1, but only MYOIF,
ARHGAP30, DOCK2, FAM78A, NCKAPIL, GIMAP1, NRROS, GIMAP6, ARHGEF6 were
statistically significant (FigureS4 A). The prognostic value of these 9 genes was further verified from
the KMplotter database. Interestingly, the HR of MYO1F and NCKAPI1L in KMplotter database was
greater than 1, contrary to that in GEPIA. ARHGAP30 and NRROS have no significant effect on the
prognosis of LUAD patients. Only DOCK2, FAM78A, GIMAP1, DOK2 and ARHGEF6 had the
same effect on the prognosis of LUAD patients as in the GEPIA database (FigureS4 B). Therefore,
we hypothesized that DOCK2, FAM78A, GIMAP1, DOK2 and ARHGEF6 may also be potential
prognostic factors for LUAD.

FGD2, 3, 5 and FGD1, 4, 6 are functionally heterogeneous

Based on the above analysis of the FGD family, we concluded that FGD2, 3, 5 were prognostic
factors of LUAD, and all of them, with the 18 genes co-expressed with them, may be the regulators
of the TIME. However, FGDI, 4, 6 did not affect the prognosis of LUAD patients and showed only a
weak correlation with TIME. Therefore, we hypothesized that the functions of these 6 members of
the FGD family in LUAD might be heterogeneous. To verify it, we clustered all LUAD patients
based on these six FGDs’ expression. We found that when k=2 , the clustering effect was
best(Figure8 A, B). Then, all LUAD patients were divided into two groups by unsupervised

clustering. Group 1: high expression of FGD2, 3, 5; low expression of FGDI, 4, 6. Group 2: low
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expression of FGD2, 3, 5 and high expression of FGD1, 4, 6 (Figure8 C). Patients in groupl had
better survival (Figure8 D), higher expression of immune checkpoint molecules (Figure8 F), and
higher levels of immune infiltration (Figure8 E, G). These results indicate that FGD2, 3, 5 and FGDI,
4, 6 play different roles in LUAD. Interestingly, we also found that patients in groupl are more
sensitive to gefitinib, a commonly used targeted drug for NSCLC (Figure8 H). Finally, the
differences in gene mutation frequencies between the two groups were evaluated. As shown in the
waterfall plot, the top 20 genes with the most significant differences in mutation frequencies were

visualized, and we found that KRAS topped the list (FigureS§ I).
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404 Figure 8. Heterogeneity of the FGD family. (A) Delta area. (B, C) Unsupervised clustering graph when k=2. (D) Survival curves of
405 patients in different groups. (E, G) The immune infiltration level of patients in different groups calculated by ESTIMATE (E) and
406 ssGSEA (G) algorithm. (F) Patients’ immune checkpoint level in different groups. (H)Patients’ sensitivity to gefitinib in different

407 groups. (I) The waterfall plot.
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Construction and validation of an immune-related prognostic model

Differentially expressed genes (DEGs) were obtained according to a cutoff of [log2Fold change| >
1 and P adj < 0.05. We obtained the DEGs between the groupl and group2, and found that 409 were
up-regulated and 315 were down-regulated(Figure9 A). GO _KEGG enrichment analysis showed that
these 724 DEGs were mainly related to immune activity and immune-related signaling
pathways(Figure9 B). Then, WGCNA was performed on these DEGs, and we selected 4 as the
optimal soft threshold( Figure9 C). 116 DEGs in the brown module were thought to be most strongly
associated with immunity(Figure9 D). Univariate cox regression identified 24 of these 116 genes
influence the prognosis of patients with LUAD(FigureS5 A). Following the LASSO regression
analysis, we identified 5 key genes based on these 24 genes(Figure9 E, F). As a last step, we
constructed an immune-related prognostic model using five genes, specifically INHA, IGF2BPI,

SLC14A2, HS3ST2, and BTK. The following formula was used to calculate each patient's risk score:

Risk score = INHA * (0.0218) + IGF2BPI * (0.1661) + SLCI1442 * (- 0.0856) + HS3ST2 * (-

0.0787) + BTK * (- 0.1339).

Interestingly, we found that patients in groupl (high FGD2, 3, 5 and low FGDI, 4, 6) had lower
risk score than patients in group2 (high FGDI1, 4, 6 and low FGD2, 3, 5) (Figure9 G). Then based on
the optimal cut-off value of the risk score, LUAD patients were divided into high-risk (H-risk) and
low-risk (L-risk) groups. There were worse outcomes for patients in the H-risk group in both the
training set (TCGA-LUAD) and validation sets (GSE36471, GSE72094, GSE8894 and GSE37745)
(Figure9 H, K; FigureS5 D, E, F). Time-dependent ROC analysis showed that risk score had
satisfactory predictive efficiency in both training set and validation sets (Figure9 I, L; FigureS5 D, E,
F). As shown in Figure9 J, M, patients in the H-risk group had a higher mortality rate. In addition,
cox regression analysis using TCGA data showed that risk score is an independent prognostic
factor(FigureS5 B, C). It confirms that this immune-correlated prognostic model had good predictive

value.
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Finally, we selected T, N, Stage and risk score to construct a nomogram prognosis model for OS.
In the nomogram, a higher score on the prognostic factor meant a lower survival rate, and higher total
points meant a worse prognosis. We found that higher risk score will lead to a higher score, and the
c-index of this model is 0.702 (Figure9 N). According to the calibration and ROC curves of this
model, we know that combining risk score with other clinical factors has a better ability to predict the

OS of LUAD patients(Figure9 O, P).
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Figure 9. The immune-related prognostic model. (A) The volcano plot. (B) GO_KEGG analysis. (C) The best soft threshold is set as
4. (D) The gene-module correlation heatmap. (E, F) Lasso coefficient regression track. (G) Risk score between groupl and group2. (H-
J) The risk score’s effect on LUAD patients” OS(H), time-dependent ROC curve for the risk score(I) and the risk factor distribution
map(J) in the TCGA-LUAD cohort. (K-M) The risk score’s effect on LUAD patients’ OS(K), time-dependent ROC curve for the risk
score(L) and the risk factor distribution map(M) in the GSE36471 cohort. (N-P) The nomogram model(N) and its calibration(O) and

time-dependent ROC(P) curves.

External validation of FGD2, 3, 5’s expression pattern

In our research on the six members of the FGD family, only FGD2, 3 and 5 showed high value, so
we further verified their expression patterns in LUAD. Like TCGA, the GSE19188 set showed that
FGD2, 3, 5’s level was lower in LUAD compared with normal ones(Figurel0 A), and they all
showed good diagnostic efficacy, especially FGD5(Figurel0 B). This is also true in GSE32863, a
sequencing set targeting LUAD tissues and adjacent paracancer tissues(Figure10 C). Representative
IHC images from the HPA database also illustrated that as compared to normal tissues, LUAD
tissues contained a notably lower level of FGD2(Figurel0 D), FGD3(Figurel0 E), and
FGD5(FigurelO F).

Then, for FGD2, 3, 5, FGD2 shows the highest value: it can predict the efficacy of ICB treatment.
Thus, we select FGD2 as the representative gene among FGD2, FGD3, and FGDS5, and performed
IHC to validate its expression. The result showed that FGD2 is mainly expressed in the cytoplasm,
and paracancerous tissues expressed significantly higher levels of FGD2 than LUAD tissues, which

is in accordance with our bioinformatics analysis(Figure10 G).
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Figure 10. External validation of the expression pattern of three key FGDs. (A, C) FGD2, 3, 5’s expression in GSE19188(A) and

GSE32863(C) sets. (B) FGD2, 3, 5’s diagnostic efficacy based on GSE19188. (D-F) Representative IHC image for FGD2(D),

FGD3(E), and FGD5(F) from the HPA database. (G) Representative IHC staining pattern for FGD2 in paracancerous tissues as well as

in LUAD tissues.
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DISCUSSION

The FGD gene family consists of six genes namely FGD1, FGD2, FGD3, FGD4, FGDS5 and FGD6.
Each one plays a different role, but they are also interconnected. Aberrant expression of some
members of them may result in malignant transformation, since they correlate with a number of
important biological processes. Considering that the role of these six FGD genes in LUAD is poorly
studied, we conducted a systematic analysis of them.

In our study, we found that FGD2, 3, 4, 5 expressed lower while FGD1, 6 expressed higher in
LUAD than in normal ones in the TCGA database. TCGA and KMplotter confirmed that high FGD2,
3, 5 level confers favourable prognosis of LUAD patients and using multivariate Cox regression
analysis, FGD2, 3, 5 showed independent prognostic significance. After primary therapy, PR&CR
patients' FGD2, 3, 5 levels were higher than those with PD&SD outcomes. Besides, advanced T, N,
pathological stages, and lethal OS events contributed to lower FGD2, 3, 5 levels. Thus a possible
protective effect of FGD2, 3, 5 on LUAD is suggested by these results. Interestingly, FGD1, 4, 6
don’t correlate with these clinical characteristics and they don’t have significant prognostic value.
Further, we examined the relationship between FGD1-6 and immune cells in LUAD using ssGSEA,
MCPcounter, and estimate methods, and found that FGD2, 3, 5 was positively correlated with most
types of immune cells and immune-related scores. Besides, we found that FGD2, 3, 5 are positively
correlated with the TCR/BCR richness and shannon diversity index, which means that when patients
expressed more FGD2, 3, 5, their T/B cells and their immune systems are more active(36); and we
unraveled FGD2, 3, 5’s negative relationship with two malignant phenotypes, further suggesting their
protective role in LUAD. Using GEPIA and TIMER, we also found that FGD2, 3, 5 are positively
correlated with 49 immune cells’ markers, 39 chemokines/receptors and 14 MHCs. However, FGD1,
4, 6’s relationship with these immune characteristics are weak. Since the TIME plays a key role in
the carcinogenesis of assorted cancers, the significant correlation between FGD2, 3, 5 and these

TIME modulators suggests that they may be involved in the regulation of the TIME. We also
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conducted single-cell sequencing analysis and pseudo-time analysis, and found that FGD2, 3, 5 was
mainly expressed in cells which are tightly correlated with immunity.

Recent advances in immunotherapy have made it an attractive treatment option for cancer,
particularly anti-PD1/PDL1 immunotherapy(37, 38). Several newly discovered immune checkpoints,
including LAG3, CTLA4, TIGIT, IDO, and BTLA, have been tested in clinical trials[(39, 40).
Besides, a large number of studies have shown that cancer patients with immune infiltrates have a
better ICB therapeutic effect than those without(41). In NSCLC, the latest guidelines from the NCCN
still point out that the level of PD-L1 expression determines the effectiveness of ICB therapy should
be applied (42). In spite of this, numerous clinical studies have shown that PD-L1 level does not
accurately predict the effectiveness of immunotherapy(43). Since the ICB therapy was only effective
in a minority of patients with LUAD, it is therefore essential to enhance tumor cells' response to
immune checkpoint inhibitors. The present study showed a strong positive correlation between FGD2,
3, 5 and PD1, PD-L1 and CTLAA4. Initially, we hypothesized that each of FGD2, 3, 5 had a potential
function as a predictor of ICB efficacy, and GSEA analysis indicated that all of FGD2, 3, 5 are
correlated with the PD-1 checkpoint pathway in cancer. However, after prediction by TIDE algorithm,
only FGD2 showed the expected result: FGD2 high expression group had lower TIDE score. There
was no significant difference between TIDE scores for groups with high and low FGD3 expression,
whereas a higher TIDE score was obtained by the group with high expression of FGDS5 than by the
group with low expression of FGDS5. So to further confirm FGD2’s value, we investigated the
ICBatlas and found that NSCLC patients with higher expression of FGD2 are more sensitive to anti-
PD1/PDL1/CTLA4 treatment. Then based on the TCIA database, we compared low and high FGD2
expression groups for IPS and found that the high FGD2 group had a higher IPS, indicating that
LUAD patients with high FGD2 were more responsive to ICB treatment. Besides, in the KMplotter
and ROCplotter databases, we comprehensively compared the expression level of FGD2 in patients

with other types of cancer who received immunotherapy, and found that FGD2 in responders was
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significant higher expressed than non-responders, and high level of FGD2 could improve the
prognosis of cancer patients who received anti-PD1/PDL1/CTLA4 therapy. In addition, the TIDE
prediction algorithm and the ROCplotter database both indicated that FGD2 had better predictive
performance than PD-L1. This suggests that FGD2 is a good predictor of ICB efficacy, not only for
NSCLC patients, but also for other types of patients. However, since FGD2 was not significantly
better than PD-L1 in distinguishing ICB-treated responders from non-responders, whether it can be a
predictive marker independent to PD-L1 still needs further verification.

We also identified 18 genes that were co-expressed with FGD2, FGD3, and FGDS5, and found that
their expression was decreased in LUAD as compared to normal tissues. Interestingly, these 18 genes
also positively regulated immune infiltration in LUAD, and GO analysis also showed that these
genes were mainly associated with immune activity. This further confirmed that FGD2, 3, 5 are
TIME modulators and these 18 genes may also be the regulators of the TIME. In addition, among the
18 genes, 5 genes including DOCK2, FAM78A, GIMAPI, DOK2 and ARHGEF6 had prognostic
value in both GEPIA and KMplotter databases. We found that except for DOK2, the role of the other
four genes in LUAD is still unclear, and FAM78A has been least studied so far. New insights into the
role of these four genes in LUAD may be provided by our study.

Since FGD2, 3, 5’s prognostic value, their relationship with clinical characteristics and immunity
are significantly differed with FGDI, 4, 6, we systematically analyzed the six members of the FGD
family again. By consensus clustering, all patients were separated into two groups based on FGD
genes’ level. Groupl: high FGD2, 3, 5 and low FGD1, 4, 6. Group2: high FGD 1, 4, 6 and low FGD2,
3, 5. We found that patients in group 1 had better prognosis, higher immune cell infiltration, and
higher PDCD1, CD274 and CTLAA4 level. This confirmed the strong link between FGD2, FGD3 and
FGDS, and their prognostic and predictive value in lung adenocarcinoma again, and unearthed the
heterogenity of the FGD family. In our study, FGD1, FGD4 and FGDG6’s role in the progression of

LUAD still remains unclear.
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Finally, we obtained the DEGs between groupl-2. GO _KEGG analysis indicated that they were
mainly participated in some immune process and immune-related signaling. After WGCNA'’s
selection, we obtained 116 DEGs considered most relevant to immunity. And then after lasso cox
regression, a prognostic model, consisted with 5 genes tightly related to immunity, including INHA,
IGF2BP1, HS3ST2, SLC14A2, and BTK, was constructed. One training cohort accompanied by 4
testing cohorts confirmed its good predictive performance, and cox analysis illustrated the riskscore
is an independent prognostic factor. A nomogram model constructed by riskscore and T, N, Stage
showed that combined with clinical features, the riskscore had better predictive power.

Our study is the first to systematically analyze the role of FGD family in LUAD. In this study, the
value of FGD2, FGD3 and FGDS5, and the heterogenity of FGD1, 4, 6 and FGD?2, 3, 5 in LUAD was
revealed for the first time. FGD2, 3, 5 all can be used as independent prognostic factors for LUAD,
they all positively regulate the immune cell infiltration in LUAD and FGD2 may be used to predict
the effectiveness of ICB therapy. FGD1, 4, 6 exhibited little value in this study.

However, our study has some limitations. The cell function and animal model experiments were
not conducted, and the molecular mechanism of FGD2, FGD3 and FGDS5 in LUAD immunity is still
unclear. Our future experiments aim to validate these results and to do further research on identifying

the molecular mechanism of FGD2, FGD3 and FGD5 in LUAD.
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