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Abstract: Heterogeneity at biological and transcriptomic levels poses a challenge in defining and typing low-grade 
glioma (LGG), leading to a critical need for specific molecular signatures to enhance diagnosis, therapy, and prognos-
tic evaluation of LGG. This study focused on fatty acid metabolism (FAM) related genes and prognostic features to 
investigate the mechanisms and treatment strategies for LGG cell metastasis and invasion. By screening 158 FAM-
related genes and clustering 512 LGG samples into two subtypes (C1 and C2), differential gene expression analysis 
and functional enrichment were performed. The immune cell scores and prognosis were compared between the 
two subtypes, with C1 showing poorer outcomes and higher immune scores. A four-gene signature (PHEX, SHANK2, 
HOPX, and LGALS1) was identified and validated across different datasets, demonstrating a stable predictive effect. 
Cellular experiments confirmed the roles of LGALS1 and HOPX in promoting tumor cell proliferation, migration, and 
invasion, while SHANK2 exhibited a suppressive effect. This four-gene signature based on FAM-related genes offers 
valuable insights for understanding the pathogenesis and clinical management of LGG.

Keywords: Tumor immunology, LGG, fatty acid metabolism, prognostic features, PHEX, SHANK2, HOPX, and 
LGALS1

Introduction

Gliomas are the most common primary central 
nervous system (CNS) tumors originating  
from glial cells, including astrocytes and oligo-
dendrocytes, with an estimated annual inci-
dence of 6.6 per 100,000 individuals in the 
USA [1, 2]. In addition to histological tumor  
typing, each tumor is assigned a histological 
grade based on the degree of anaplasia, from 
World Health Organization (WHO) grade I to IV 

[3]. The WHO classification of tumours of the 
CNS divides gliomas into circumscribed glio-
mas (WHO grade I), low-grade gliomas (LGG; 
WHO grade II-III), and glioblastomas (GBM; 
WHO grade IV) based on integrated classic  
histological features and molecular biomar- 
kers such as cytological atypia, anaplasia, 
mitotic activity, microvascular proliferation, and 
necrosis [4, 5]. LGG is lowly aggressive and 
shows a relatively better prognosis than GBM 
[6, 7]. 
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Low-grade gliomas (LGG) are typically indolent 
CNS tumors that can be distinguished by spe-
cific histopathologic features [8]. The most 
common LGG are astrocytomas, oligodendro-
gliomas, and mixed oligoastrocytic tumors [9, 
10]. According to IDH mutation and 1p/19q co-
deletion status, LGG is classified into three sub-
classes with distinct diagnostic and prognostic 
characteristics [3, 11]. Tumors with IDH muta-
tion and 1p/19q co-deletion have the best 
prognosis, followed by tumors with IDH muta-
tion and no 1p/19q co-deletion and by tumors 
with IDH wild-type tumors [11]. A recent study 
reported that not all IDH wild-type LGG have a 
low survival rate, and there is some controversy 
over the definition and classification of LGG 
[12]. The biological and transcriptomic hetero-
geneity of LGG needs further exploration.

Fatty acid metabolism (FAM) includes the ana-
bolic and catabolic processes essential for 
energy homeostasis, the formation of metabol-
ic intermediates required to maintain cell mem-
brane structure and function, cell signaling, 
and storage of energy [13]. Many studies have 
shown that changes in fatty acid metabolism 
are cancer cells’ markers and metabolic pheno-
types [14-16]. In LGG, the expression levels of 
Sterol regulatory element binding protein 1 
(SREBP-1) and fatty acid synthase (FAS) are 
increased. In contrast, the expression levels of 
liver X receptor (LXR), a nuclear receptor that 
regulates the metabolism of fatty acids and 
cholesterol, and SREBP-2 are decreased [17]. 
SREBP-1c and ChREBP are transcription fac-
tors that regulate the expression of fatty acid 
synthesis-related genes, including acetyl-CoA 
carboxylase (ACCs) and fatty acid synthase 
(FAS) [18]. LXR cooperates with SREBP-1c to 
form one of the main pathways of lipid synthe-
sis. SREBP-1c and SREBP-2 are the main regu-
lators of cholesterol synthesis, controlling cho-
lesterol synthesis by regulating gene expres-
sion in the cholesterol biosynthesis pathway 
[19]. LXR is a nuclear receptor that cooperates 
with SREBP-1c and ChREBP to regulate lipid 
metabolism [18]. Besides, blocking the supply 
of lipids to cancer cells has essential effects on 
the bioenergetics, membrane biosynthesis, 
and intracellular signal transduction of cancer 
cells [20, 21]. The study of changes in the 
microenvironment metabolism of glioma may 
provide a new marker or therapeutic target to 

improve the prognosis and treatment of glioma 
[22, 23]. In recent years, inhibiting fatty acid 
synthesis has attracted attention as a potential 
cancer treatment strategy but has not yet been 
implemented in clinical practice [24, 25]. 
Moreover, the prognostic value of FAM and the 
correlation between FAM and the tumor micro-
environment (TME) in LGG remain unknown.

Our study investigated the expression and sig-
nificance of FAM-characteristic genes in LGG. 
The molecular subtypes of the LGG model were 
constructed based on FAM characteristic  
gene set and identified two subtypes based on 
consistent cluster analysis. Subsequently, we 
evaluated the two subtypes and their prognos-
tic and clinical features. By univariate Cox 
regression analysis of DEGs, we screened a 
four-gene signature (PHEX, SHANK2, HOPX, 
LGALS1) prognostic risk model for two LGG 
subtypes. We established a new index, FAM 
RiskScore (FAMR) based on the expression and 
significance of FAM-related genes, to predict 
the efficacy and prognosis of LGG therapeu- 
tic interventions. We validated it using the 
Chinese Glioma Genome Atlas (CGGA) gene 
expression dataset. We found that the con-
structed four-gene prognostic markers and 
FAMR showed good performance, indicating 
that the constructed four-gene characteris- 
tics provide new evidence and ideas for the 
classification of the prognosis of LGG patients 
and the determination of new LGG therapeutic 
targets.

Materials and methods

Data acquisition and preprocessing

The tissue expression data and clinical  
follow-up information of LGG patients were 
downloaded from The Cancer Genome Atlas 
(TCGA, https://www.cancer.gov/about-nci/or- 
ganization/ccg/research/structural-genomics/
tcga) public database. The data underwent  
the following processing steps: (1) Exclusion of 
samples lacking clinical follow-up information. 
(2) Conversion of the data into gene symbols. 
(3) Selection of the maximum expression value 
in cases where multiple gene symbols were 
present.

Downloaded the tissue expression data of  
LGG patients from the CGGA database (CGGA, 
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www.cgga.org.cn/). The processing steps of 
RNA-Seq data were as follows: (1) Samples 
without clinical follow-up information were 
removed. (2) Samples without expression pro-
file data were removed.

After being screened, 512 samples, 159 sam-
ples, 172 samples, and 420 samples were 
obtained from TCGA-LGG, CGCA-mRNA-array_ 
301, CGCA-mRNAseq_325, and CGCA-mRNA- 
seq_693 databases (Table 1).

A total of 158 FAM-related genes (HALLMARK_
FATTY_ACID_METABOLISM) were collected 
from MSigDB (Molecular Signature Database 
v7.0).

This work has been reported in line with the 
REMARK criteria.

Consistent cluster analysis

The TCGA expression profile data was filtered  
to remove genes with expression levels less 
than 1 in over 50% of samples. Then uni- 
variate COX analysis was conducted with a  
significance threshold of P < 0.05 to identify 
prognostic-related FAM genes. Consensus- 

ClusterPlus was utilized to perform uniform 
clustering of TCGA samples (V1.48; Para- 
meters: pFeature = 1, rep = 100, distance = 
“spearman”, pItem = 0.8) using D2 and euclid-
ean distance as clustering algorithms and  
measures. The limma package was utilized to 
evaluate molecular subtype discrepancies and 
perform functional enrichment analysis. DAVID 
was implemented to investigate significantly 
enriched pathways, encompassing KEGG and 
GO pathways, across distinct LGG groups. 
Enriched pathways were selected based on a 
P-value threshold of less than 0.05 and a false 
discovery rate (FDR) lower than 0.25.

Division of training set and verification set

A total of 512 samples from the TCGA dataset 
were randomly divided into a training set and  
a test set in a 1:1 ratio. The selection of sam-
ples for each set was based on ensuring simi-
larity in gender, age distribution, follow-up time, 
and mortality ratio of patients. Additionally, 
cluster analysis was used to ensure that the 
number of binary samples in both groups was 
similar. This resulted in a training set of 256 
samples and a test set of 256 samples.

Table 1. Cohorts information
Clinical features TCGA-LGG CGCA-mRNAseq_693 CGCA-mRNAseq_325 CGCA-mRNA-array_301
OS
    0 386 224 82 85
    1 126 197 30 74
DFS
    0 308
    1 165
Grade
    G2 248
    G3 263
IDH mutation
    WT 293
    Mut 127
Gender
    Male 285
    Female 227
Age
    ≥ 60 69
    < 60 443
Recurrence
    Yes 165
    No 310
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Lasso cox regression analysis

Lasso regression was employed to identify 
prognostic genes and streamline the risk mo- 
del by shrinking coefficients and selecting only 
relevant variables. This technique effectively 
addresses multicollinearity in the data by 
penalizing coefficients and encouraging sparsi-
ty. The glmnet R-package was utilized for lasso 
Cox regression analysis, allowing for the selec-
tion of the optimal model through five-fold 
cross-validation and determination of the num-
ber of target genes based on confidence inter-
vals at each lambda value.

Cell transfection

To perform cell transfection, we utilized speci- 
fic small interfering RNA (siRNA) molecules  
synthesized by GenePharma (Shanghai, China). 
The siRNAs used were as follows: si LGAL- 
S1-Homo-438, 5’-GGUGACUUCAAGAUCAAAU- 
TT-3’; si LGALS1-Homo-370, 5’-CAGAUGGAUA- 
CGAAUUCAATT-3’; si SHANK2-Homo-519, 5’- 
CGGAUCCUGUGUACAUUAATT-3’; si SHANK2-
Homo-5899, 5’-GGUCAUCAAAGCUCUCAAATT- 
3’; si PHEX-Homo-1877, 5’-CUGCCUCAAUGG- 
GACAAAUTT-3’; si PHEX-Homo-1499, 5’-GUG- 
CUCAGAUUGGAAAUUATT-3’; si HOPX-Homo- 
136, 5’-CUGGGCUGUUACAGAAGAATT-3’; si 
HOPX-Homo-313, 5’-GAGACCCAGAAAUGGUU- 
UATT-3’. These siRNAs targeted negative con-
trol (NC-siRNA), LGALS1, SHANK2, PHEX, and 
HOPX genes, respectively. The transfection  
process was conducted using Hieff Trans 
Liposomal Transfection Reagent obtained  
from Yeasen Biotechnology (Shanghai), follow-
ing the manufacturer’s instructions. 

MTT and CCK-8 assays

Cell proliferation assays were conducted on 
SW1088 cells cultured in a 96-well plate for-
mat. The initial seeding density was 3,000  
cells per well in 100 μl of DMEM supplemented 
with 10% FBS. To assess cell proliferation via 
the Cell Counting Kit-8 (CCK-8) method, the 
original medium in each well was substituted 
with 100 μl of complete culture medium con-
taining 10 μl of diluted CCK-8 solution, follow-
ing the Biosharp protocol. After incubating for 1 
hour at 37°C in the dark, the viable cell count 
was determined by measuring the absorbance 
at 450 nm. For MTT assays, 10 μl of MTT solu-
tion from Solarbio was introduced to each well 

after 48 hours of cell culture. Subsequent to a 
2-hour incubation, the culture medium was 
removed, and the optical density was mea-
sured at 490 nm using a Microplate Reader.

Wound healing assay

The wound healing assay was performed by ini-
tially culturing SW1088 cells in a six-well plate 
until a confluent monolayer was established.  
A linear scratch was meticulously created using 
a 200-μl plastic pipette tip. Subsequently, the 
cells were washed three times with PBS to  
eliminate any cellular debris. Wound images 
were acquired at predetermined time points 
using a Leica Corporation IX71 inverted micro-
scope and analyzed via ImageJ software. All 
experimental procedures were conducted in 
triplicate, adhering to the preestablished study 
protocol.

Transwell assay

Matrigel-coated transwell chambers were 
employed in the transwell assay to evaluate cell 
invasion capacity. Transfected cell lines were 
cultured and seeded in the upper chamber con-
taining serum-free medium, while the lower 
chamber was supplemented with complete cul-
ture medium. Following incubation, non-inva-
sive cells remaining in the upper chamber were 
removed, and the invaded cells present in the 
lower chamber were fixed and stained. The 
extent of cell invasion was quantified by count-
ing the invaded cells in ten randomly selected 
fields. This assay facilitates the assessment of 
cell invasiveness and the investigation of how 
specific genes or experimental conditions can 
modulate cellular invasion capabilities.

Results

Workflow of this study

For training and validation cohorts, we identi-
fied 512 patients from TCGA-LGG, 420 patients 
from CGCA-mRNAseq_693, 172 patients from 
CGCA-mRNAseq_325, and 159 patients from 
CGCA-mRNA-array_301 databases. And, 158 
Fatty acid metabolism-related genes were 
brought into the analysis. The flow diagram of 
this study is showed in the Figure 1.

Identification of molecular subtypes based on 
FAM-related gene

We initially extracted the expressions of 158 
FAM-related genes from TCGA LGG data. 
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Figure 1. Flowchart for comprehensive analysis of fatty acid metabolism in postoperative patients with Low-grade gliomas (LGG).
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Subsequently, we conducted univariate Cox 
analysis in R, leading to the identification of 67 
genes that were significantly associated with 
LGG prognosis (Table S1) (P < 0.05). Utilizing 
non-negative matrix factorization (NMF), we 
clustered LGG samples based on the expres-
sion of these 67 genes. After evaluating the 
synthesis and residuals sum of squares, we 
determined that the optimal clustering was 
achieved at k = 2, with a cutoff for percent sur-
vival set at 50%, resulting in the classification 
of LGG samples into two molecular subtypes 
(C1 and C2) (Figure 2A-C). The stability of the 
clustering obtained by NMF was further evalu-
ated through the distribution at rank = 2-10, 
with the resultant correlation reflecting the  

consistency matrix proposed by Brunet et al. 
This value, ranging from 0 to 1, indicates the 
stability of the clusters, with a higher value 
implying a more stable cluster (Figure 2B). 
Additionally, the residual sum of squares (RSS) 
was utilized to assess the clustering perfor-
mance of the model, where a smaller value sug-
gests better clustering. This analysis was cru-
cial in determining the optimal clustering of 
LGG samples into molecular subtypes (Figure 
2C).

Further analysis of the prognosis between the 
two subtypes revealed significant differences 
in overall survival (OS) (Figure 2D) between C1 
and C2, with C1 having a worse prognosis. 
Moreover, patients in the C2 group were more 

Figure 2. Molecular subtyping of LGG and prognostic survival analysis. (A) Consensus map of NMF clustering. (B) 
The resultant distribution at rank = 2-10. (C) The RSS distribution with rank = 2-10. (D, E) Overall survival (OS) prog-
nostic survival curve (D) and disease-free survival (DFS) prognostic survival curve (E) of LGG molecular subtypes.
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likely to have better disease-free survival 
(Figure 2E), indicating significant differences in 
survival rates between the two groups after 
surgery. 

Comparison and analysis of clinical features 
between molecular subtypes

Subsequently, we conducted a thorough analy-
sis and comparison of the clinical features of 
the two subtypes. Our findings revealed that 
the survival rate was significantly lower in the 
C1 group compared to the C2 group (Figure 
3A), and the recurrence rate of tumors was 
higher in the C1 group (Figure 3B). Further- 
more, there was a higher prevalence of poor 
prognosis G3 in the C1 group as opposed to the 
C2 group (Figure 3C).

In human tumors, six types of immune infiltra-
tion have been identified, which include Cluster 
1 (wound healing), Cluster 2 (INF-γ dominant), 
Cluster 3 (inflammatory), Cluster 4 (lymphocyte 
depleted), Cluster 5 (immunologically quiet), 
and Cluster 6 (TGF-β dominant) [26]. When 
comparing this classification method with the 
one used in our study, we observed that the  
C1 group had the highest proportion of Cluster 
4. In contrast, Cluster 5 accounted for most of 
the C2 group (Figure 3D and 3E). Additional 
analysis of the prognosis between Cluster 4 
and Cluster 5 showed significant disparities in 
overall survival (OS) (Figure 3F) and disease-
free status (DFS) (Figure 3G) between the two 
clusters. It was observed that Cluster 4 had a 
poorer prognosis compared to Cluster 5, sug-
gesting that FAM molecular subtype C1 con-
sists of more immune subtypes with unfavor-
able outcomes.

Subtypes with poor prognosis had higher im-
mune scores

We utilized the R software package ESTIMATE 
to assess the StromalScore, ImmuneScore, 
and ESTIMATEScore of the C1 and C2 molecu-
lar subtypes. Our analysis revealed that the  
C1 subtype exhibited higher immune scores 
compared to the C2 subtype (Figure 4A). 
Subsequently, we employed the R software 
packages MCPcounter and CIBERSOTR to  
evaluate the scores of ten and twenty-two 
immune cells between C1 and C2. Our findings 
demonstrated that C1 had elevated immune 

cell scores in various cell types, including CD8 
T cells, M1 macrophages, M2 macrophages, 
Monocytic lineage, Endothelial cells, and 
Fibroblasts (Figure 4B and 4C). Additionally,  
the heatmap of immune scores further sup-
ported that C1 had higher immune cell scores 
than C2 (Figure 4D).

Identification of DEGs and functional analysis 
of pathways between subtypes

Using the limma package and applying a filter 
with the criteria of |log2FC| > 1 and FDR < 
0.01, we identified a total of 2325 DEGs, with 
1260 genes up-regulated and 1065 genes 
down-regulated (Figure 5A). The list of DEGs 
can be found in Table S2. Subsequently, we 
generated a heatmap visualizing all the differ-
entially expressed genes (Figure 5B).

Functional enrichment analysis of the 2325 
DEGs was conducted using the Goplot R pack-
age. Our analysis revealed that the up-regulat-
ed pathways were primarily associated with 
leukocyte-mediated immunity, positive regula-
tion of cytokine production, lymphocyte prolif-
eration, and myeloid leukocyte activation 
(Figure 5C). In contrast, the down-regulated 
pathways included modulation of chemical syn-
aptic transmission, regulation of membrane, 
learning or memory, and regulation of postsyn-
aptic membrane potential (Figure 5D).

Furthermore, KEGG pathway enrichment analy-
sis was performed specifically for the DEGs of 
the C1 subtype. The up-regulated pathways 
were mainly related to osteoclast differentia-
tion, complement and coagulation cascades, 
cytokine-cytokine receptor interaction, and leu-
kocyte transendothelial migration (Figure 5E). 
On the other hand, the down-regulated path-
ways encompassed neuroactive ligand-recep-
tor interaction, morphine addiction, retrograde 
endocannabinoid signaling, glutamatergic syn-
apse, cAMP signaling pathway, and synaptic 
vesicle cycle (Figure 5F).

Construction of a prognostic risk model

To construct the RiskScore model, a total of 
512 patients were randomly divided into train-
ing and test sets, each consisting of 256 sam-
ples. Through univariate regression Cox risk 
model analysis of survival data, we identified 

http://www.ajcr.us/files/ajcr0156537suppltab2.xlsx


LGG prognosis and immunotherapy with FAM features

2738 Am J Cancer Res 2024;14(6):2731-2754

Figure 3. Comparison of clinical and molecular immune features in LGG subtypes. A-D. Comparison of the distribution of two subtypes in various clinical features and 
molecular immune subtypes in the TCGA dataset. E. Comparison of existing molecular immune subtypes with two subtypes. F, G. KM OS time and DFS time curves 
among existing immune molecule subtypes.
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857 prognosis-associated genes, applying a 
threshold of P < 0.01 for filtering (Table S3).

To refine the gene selection, we conducted 
lasso cox regression analysis using the R-pa- 
ckage glmnet to investigate the trajectories of 
independent variables. The analysis revealed 
33 target genes at lambda = 0.01554491, 
deemed suitable for the model (Figure 6A, 6B). 
Additionally, we employed the Akaike informa-
tion criterion (AIC) method to further reduce the 
number of target genes, resulting in the selec-
tion of four genes (PHEX, SHANK2, HOPX, and 
LGALS1) from the initial 48 genes. Kaplan-
Meier (KM) curves demonstrated that PHEX, 
HOPX, and LGALS1 were negatively associated 

with patient survival, while SHANK2 showed a 
positive correlation in the TCGA training set 
(Figure 6C-F).

Using the four gene expression levels, the 
FAMR was calculated for each sample with the 
ggRISK package, where higher FAMR values 
indicated a poorer prognosis (Figure 7A). The 
prognostic prediction efficiency at 1 year, 3 
years, and 5 years was evaluated using the R 
package timeROC, showing AUCs above 0.7 
(Figure 7B). Furthermore, the KM curve based 
on the high and low FAMR groups illustrated a 
significantly worse prognosis for the high FAMR 
group (Figure 7C).

Figure 4. Comparison of immune scores in LGG molecular subtypes. (A-C) Comparison of Estimated immunity 
scores (A), MCPcounter immune scores (B), and CIBERSOTR immunity scores (C) between molecular subtypes in 
the TCGA dataset. (D) Heat map comparing immune scores between molecular subtypes in the TCGA data set by 
three immune software. The data in (A-C) are shown as the mean ± SEM. *P < 0.05; **P, 0.01; ***P, 0.001 (two-
way ANOVA followed by Tukey’s multiple comparisons for A-C).

http://www.ajcr.us/files/ajcr0156537suppltab3.xlsx
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Validation of risk models

To ensure the robustness of the model, we con-
ducted identical model analyses on the TCGA 

test dataset. Moreover, the FAMR distribution 
of the TCGA test dataset indicated that higher 
FAMR is related to worse prognosis (Figure 7D). 
Furthermore, using R package timeROC to ana-

Figure 5. Differential gene expression and pathway analysis in LGG molecular subtypes. (A) Volcanic map of dif-
ferentially expressed genes in two groups. (B) Heat map of differentially expressed genes in two groups. (C, D) Bio-
logical processes (BP) of molecular subtypes differentially up-regulated genes (C), molecular subtypes differentially 
down-regulated genes (D). (E, F) KEGG of molecular subtypes differential up-regulation gene (E) and differential 
down-regulation gene (F).
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lyze the prognostic prediction efficiency at 1 
year, 3 years, and 5 years, the result showed 
that the AUCs of the model were higher than 
0.7 (Figure 7E). The KM curve indicated that 
the high FAMR group had a significantly worse 
prognosis in the TCGA test dataset (Figure 7F). 

Subsequent analysis of the FAMR distribution 
across the entire TCGA dataset revealed that 
high FAMR levels in LGG patients were associ-
ated with a poorer prognosis (Figure 7G). 
Evaluation of the prognostic prediction efficien-
cy indicated AUCs above 0.6 for the model 
(Figure 7H). Furthermore, the KM curve demon-
strated a significantly worse prognosis for the 
high FAMR group among LGG patients (Figure 
7I).

External datasets verified the robustness of 
the FAMR

To further validate the stability and generaliz-
ability of the four gene signatures we identifi- 
ed, we utilized three CGGA datasets (CGCA-

mRNAseq_693, CGCA-mRNAseq_325, and 
CGCA-mRNA-array_301) to assess the FAMR.

Consistent with our previous findings, higher 
FAMR levels were associated with a poorer 
prognosis in all three CGGA datasets (Figure 
8A, 8D and 8G). The model’s AUCs were ab- 
ove 0.65, indicative of robust prognostic pre-
diction efficiency (Figure 8B, 8E and 8H). 
Additionally, the KM curve illustrated a sig- 
nificantly worse prognosis for the high FAMR 
group among LGG patients in these datasets 
(Figure 8C, 8F and 8I).

Correlation analysis of risk model with clinical 
features and pathways

We conducted further analyses to explore  
the prognostic associations of LGG samples 
based on different clinical characteristics. 
Across various grade groups, gender-stage 
groups, age groups, and IDH mutation stage 
groups, it was consistently observed that the 
high FAMR group exhibited a worse prognosis 

Figure 6. Trajectory analysis and gene prognostic significance in LGG. A. Independent variable trajectories: horizon-
tal axis (representing the logarithm of the dependent variable) and vertical axis (representing the coefficient of the 
independent variable). B. Confidence intervals for each λ. C-F. KM Curves of 4 Genes in TCGA training set.
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(Figure 9A-H, P < 0.05), underscoring the 
strong predictive capability of the four-gene 
model. Notably, samples in the G3 stage dis-
played higher FAMR levels than those in the G2 
stage, with a direct correlation between higher 
grade and elevated FAMR levels (Figure 9I and 
9J, P < 0.05).

Furthermore, we performed single-sample 
GSEA to investigate the gene expression pro-
files of different samples and their biological 
functions in relation to FAMR. Analysis of the 

correlation between FAMR and KEGG path- 
ways revealed the top 10 positively correlat 
ed pathways, which included ARACHIDON- 
IC_ACID_METABOLISM, STARCH_AND_SUCR- 
OSE_METABOLISM, and GLUTATHIONE_META- 
BOLISM. These pathways are associated with 
inflammatory processes, cardiovascular biolo-
gy, carcinogenesis, and the regulation of reac-
tive oxygen species (ROS) (Figure 10A and 
10B). Conversely, the top 10 negatively corre-
lated KEGG pathways, such as ENDOMET- 
RIAL_CANCER, ERBB_SIGNALING_PATHWAY, 

Figure 7. Prognostic significance and classification performance of four genes in LGG. FAMR, survival time, survival 
state, and four gene expressions of the TCGA training set (A), the TCGA validation set (D), and the full TCGA dataset 
(G). ROC curve and AUCs of four gene features classification in TCGA training set (B), the TCGA validation set (E), and 
the full TCGA dataset (H). The KM survival curve distribution of four gene features in the TCGA training set (C), the 
TCGA validation set (F), and the full TCGA dataset (I).
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and WNT_SIGNALING_PATHWAY, are linked to 
tumorigenesis, cell proliferation, cell migration, 
differentiation, apoptosis, embryonic develop-
ment, tissue homeostasis, and cell determina-
tion and proliferation (Figure 9A and 9B).

Additionally, we assessed the correlation be- 
tween immune scores and FAMR, revealing a 
positive correlation between StromalScore, 
ImmuneScore, ESTIMATEScore, and FAMR lev-
els (Figure 10C-E).

FAMR as a potential prognosis signature for 
clinical outcome

In LGG patients undergoing immunotherapy, 
higher FAMR values are associated with worse 
survival outcomes, as depicted by the KM curve 
(Figure 11A). Patients exhibiting stable disease 
(SD) or progressive disease (PD) were catego-
rized as non-responders, while those achieving 
complete response (CR) or partial response 
(PR) were classified as responders. Upon com-

Figure 8. Prognostic significance and classification performance of four genes in multiple CGGA databases. FAMR, 
survival time, survival state, and four gene expressions of the CGGA-mRNA-array_301 database (A), the CGGA-
mRNAseq_325 database (D), the CGGA-mRNAseq_693 database (G). ROC curve and AUCs of four gene feature 
classifications in the CGGA-mRNA-array_301 database (B), the CGGA-mRNAseq_325 database (E), the CGGA-
mRNAseq_693 database (H). The KM survival curve distribution of four gene features in the CGGA-mRNA-array_301 
database (C), the CGGA-mRNAseq_325 database (F), and the CGGA-mRNAseq_693 database (I).
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Figure 9. Prognostic significance of Riskscore in LGGs stratified by 
clinical features. (A-H) According to FAMR, the patients in the G2 
group (A), the patients in the G3 group (B), the patients in the fe-
male group (C), the patients in the male group (D), patients aged 
≥ 60 groups (E), patients aged < 60 groups (F), patients in IDH WT 
group (G) and patients in IDH mutation group (H) were divided into 
two groups with significant prognosis. (I) FAMR in G2 and G3 of LGGs. 
(J) FAMR in IDH WT group and IDH mutation group of LGGs.
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parison across different groups, responders 
displayed significantly lower FAMR levels than 
non-responders. Notably, a lower proportion of 

samples exhibited response to immunotherapy 
(CR+PR) in the high-risk group compared to the 
low-risk group (Figure 11B).

Figure 10. Association of FAMR with signaling pathways and immune/stromal scores in LGGs. (A) Correlation be-
tween FAMR and KEGG signaling pathway score. (B) Heat map of the KEGG signaling pathway. (C-E) The correlation 
between FAMR and StromalScore (C), ImmuneScore (D), and ESTIMATEScore (E).
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Furthermore, through multivariate COX regres-
sion analysis assessing the clinical indepen-
dence of the four gene features in the TCGA 
dataset, it was observed that FAMR was signifi-
cantly correlated with the survival rate (Figure 
11C). These findings underscore the robust 
clinical predictive performance of our four-gene 
signature model.

Functions of LGALS1, SHANK2, PHEX and 
HOPX in migration, invasion and proliferation 
of LGG cells

To explore the functional implications of 
LGALS1, SHANK2, PHEX, and HOPX in LGG, we 

conducted siRNA knockdown experiments tar-
geting these genes to evaluate their impact on 
the proliferation, migration, and invasion abili-
ties of LGG cell lines, specifically SW1088  
cells. Through MTT and CCK-8 assays, we 
observed significant suppression of cell prolif-
eration following knockdown of LGALS1 and 
HOPX, while SHANK2 knockdown notably 
enhanced cell proliferation compared to the 
control group. These results underscore the 
pivotal roles of these genes in modulating cell 
growth (Figure 12A and 12B).

Moreover, wound healing assays were per-
formed to assess cell migration. Knockdown of 

Figure 11. Prognostic significance of FAMR in LGG patients receiving immunotherapy. A. The KM survival curve dis-
tribution of different FAMR groups in LGG patients receiving immunotherapy. B. FAMR in SD, PD, CR, and PR groups 
of LGG patients receiving immunotherapy. C. Forest map of multivariate cox regression analysis.
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LGALS1 and HOPX led to a marked reduction in 
cell migration compared to the control group, 

whereas SHANK2 knockdown resulted in 
increased cell migration capabilities (Figure 

Figure 12. Illustrates the roles of PHEX, SHANK2, HOPX, and LGALS1 in the proliferation, migration, and invasion of 
LGG cells. (A) Impact of gene knockdown on cell proliferation in SW1088 cells assessed using the MTT assay. (B) 
Evaluation of cell proliferation after knockdown of the specified genes using the CCK-8 assay in SW1088 cells. (C) 
Assessment of cell migratory abilities following knockdown of the mentioned genes through wound healing assays 
in SW1088 cells. (D) Examination of cell invasive capacities upon knockdown of the indicated genes using transwell 
assays in SW1088 cells. (E) Statistical analysis of the wound healing assays mentioned in (C). (F) Statistical evalu-
ation of the transwell assays as mentioned in (D).
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12C and 12E). Additionally, transwell assays 
were utilized to evaluate cell invasion. 
Knockdown of LGALS1 and HOPX significantly 
decreased cell invasiveness, indicating their 
roles in promoting cell invasion. In contrast, 
SHANK2 knockdown promoted cell invasive 
properties compared to the control group 
(Figure 12D and 12F).

In summary, our findings demonstrate that  
the knockdown of LGALS1 and HOPX suppress-
es cell proliferation, migration, and invasion in 
SW1088 cells, while silencing SHANK2 en- 
hances these cellular processes. These results 
underscore the pivotal roles of LGALS1, HOPX, 
and SHANK2 in regulating the proliferative, 

modulating immune checkpoints differently 
compared to the other three genes.

This differential association highlights the com-
plex interplay between these genes and PD-1, 
which is crucial for understanding how altera-
tions in fatty acid metabolism could influence 
immune evasion mechanisms and responsive-
ness to immunotherapy in low-grade glioma.

Discussion

With significant progress in surgical excision 
and chemotherapy, LGG patients have a better 
prognosis, while high-grade glioma (HGG) 
patients have a poor prognosis due to their 

Figure 13. Correlation between FAM-Related 4 gene expression and PDCD1 
expression in low-grade glioma. (A-D) Panels show scatter plots of gene ex-
pression (X-axis) versus PDCD1 expression (Y-axis) for each of the four genes: 
LGALS1 (A), HOPX (B), SHANK2 (C), and PHEX (D). Each dot represents an 
individual patient sample. Blue lines indicate the trend lines derived from 
linear regression analysis. Correlation coefficients (r) are as follows: LGALS1 
(r = 0.323), HOPX (r = 0.152), SHANK2 (r = -0.232), and PHEX (r = 0.151). 
These results demonstrate the varying degrees of association between gene 
expression and PDCD1 levels, highlighting the potential regulatory roles of 
these genes in immune checkpoint pathways.

migratory, and invasive capa-
bilities of SW1088 cells. The- 
se observations suggest their 
potential as therapeutic tar-
gets for impeding tumor pro-
gression and metastatic di- 
ssemination.

Differential correlation of 
fatty acid metabolism-related 
4 genes with PD-1 expression 
in LGG

We further substantiated the 
relationship between the ex- 
pression of specific fatty ac- 
id metabolism-related genes 
and PDCD1 (PD-1) expression 
in low-grade glioma. As illus-
trated in the series of scatt- 
er plots, LGALS1 shows the 
highest positive correlation 
with PDCD1 expression am- 
ong the four genes evaluated, 
consistent with our hypothe-
sis about its role in modulat-
ing immune responses within 
the tumor microenvironment 
(Figure 13A). The correlation 
coefficients further reveal  
that PHEX and HOPX also po- 
sitively correlate with PDC- 
D1, albeit to a lesser extent 
than LGALS1 (Figure 13B  
and 13D). In contrast, SH- 
ANK2 exhibits a negative cor-
relation with PDCD1 expres-
sion (Figure 13C), suggesting 
its unique role in potentially 
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aggressive nature [27, 28]. Although 5-year 
overall survival (OS) is 85% for LGG patients, 
progression-free survival (PFS) is about 40% for 
those with unresectable/treatable residual dis-
ease, making the prognosis grim [29]. However, 
LGG is heterogeneous, and it is still controver-
sial for the definition and typing of LGG [3, 30]. 
Hence, the demand for precise and feasible 
molecular signatures is critical to facilitate 
accurate diagnosis, personalized therapy, and 
prognostic assessment of LGG.

There is increasing evidence that gliomas of  
different molecular subtypes differ in the tu- 
mor microenvironment. To improve the efficacy 
of current immunotherapy, we need to learn 
more about the tumor immune microenviron-
ment of LGG [31, 32]. Tumor molecular sub-
types based on predictive prognosis and TME 
composition have become a hot topic in can- 
cer research. However, few studies have fully 
understood the overall role of FAM in tumor 
molecular subtypes, especially in LGG [33]. 
This study developed a novel four-gene panel 
(PHEX, SHANK2, HOPX, and LGALS1) with 
strong prognostic potential derived from FAM-
related genes. The prognostic value of these 
markers was validated in three additional inde-
pendent databases. 

PHEX (phosphate-regulating gene with homolo-
gies to endopeptidases located on the X chro-
mosome) regulates phosphate homeostasis 
and skeletal mineralization [34, 35]. PHEX is 
highly expressed in osteoblasts and odonto-
blasts, and there is substantial evidence that 
loss of PHEX function indirectly leads to the 
secretion of osteoblast-specific factors that 
inhibit renal phosphate processing and miner-
alization [36]. Some studies indicated that 
PHEX has a critical role in X-linked hypophos-
phatemia (XLH) and tumor-induced osteomala-
cia (TIO), both of which have proximal renal 
tubular dysfunction that leads to increased 
renal clearance of inorganic phosphorus and 
hypophosphatemia [37-39]. Raquel et al. 
reported that PHEX degradation (and thus  
inactivation) could influence the inappropriate 
processing of osteopontin (OPN) to promote 
tumor metabolism in squamous cell carcinoma 
(SCC) tumors [40]. Given the limited research 
on PHEX in other tumors, our findings suggest 
that PHEX can serve as a prognostic indica- 
tor for LGG, highlighting the need for further 
investigation into its role in LGG. Targeting 

PHEX could potentially inhibit LGG growth  
by restoring normal phosphate regulation. 
However, further research is needed to deter-
mine the effectiveness of this approach.

SHANK2 (SH3 and multiple ankyrin repeat 
domains protein 2) encodes scaffold proteins 
in the excitatory neurons’ postsynaptic mem-
brane. These scaffold proteins play a vital role 
in the formation, homeostasis and stability of 
synapses, and thus are involved in the induc-
tion and maturation of dendritic spines [41]. 
Numerous studies have found that mutations 
in SHANK family genes, including SHANK2, are 
associated with autism spectrum disorders 
(ASDs) and other neuropsychiatric and neuro-
developmental disorders [42-44]. SHANK2 is 
an evolutionarily conserved regulatory of the 
Hippo pathway amplified frequently in human 
cancers. In vivo, SHANK2 promotes cell trans-
formation and tumor formation [45]. We have 
screened that SHANK2 could be a prognostic 
marker for LGG. Since SHANK2 expression is 
primarily limited to the nervous system of nor-
mal adult tissues, SHANK2 may be an exciting 
target for the anticancer therapy of LGG. 
Targeting SHANK2 could potentially disrupt the 
signaling pathways that contribute to LGG 
growth.

HOPX (the homeodomain-only protein homeo-
box) is the smallest member of the homeodo-
main-containing protein family, but unlike other 
homeodomain proteins, the HOPX protein does 
not bind DNA directly [46]. HOPX is widely 
expressed in a variety of tissues and plays an 
essential role in cardiac and lung development 
[47], trophoblast differentiation [48], skeletal 
muscle differentiation [49], and late differen- 
tiation of lens fiber cells [50]. HOPX has low 
expression or high methylation levels in tumors, 
and epigenetic silencing of HOPX is common 
and specific [46]. The promoter methylation  
of HOPX is the primary mechanism of downreg-
ulation. The gene has been characterized as a 
tumor suppressor in colorectal cancer (CRC) 
[51], lung cancer [52], breast cancer [53], cuta-
neous squamous cell carcinomas (SCC) [54], 
nasopharyngeal carcinoma [55], gastric can- 
cer [56] and acute myeloid leukemia [57]. We 
have screened HOPX as a prognostic mark- 
er for LGG, and its function in LGG is worth fur-
ther study. Targeting HOPX could potentially 
inhibit LGG growth by promoting differentiation 
and reducing proliferation.



LGG prognosis and immunotherapy with FAM features

2750 Am J Cancer Res 2024;14(6):2731-2754

LGALS1 encodes the galectin-1 protein, a mem-
ber of the beta-galactoside binding protein fam-
ily [58]. LGALS1 is widely expressed in various 
immune and tumor cells, and is involved in 
immune system homeostasis, tumor cell 
growth, and cell-cell and cell-matrix interac-
tions [59]. In pancreatic ductal adenocarcino-
ma, galectin-1 regulates the invasion, proli- 
feration, and metastasis of tumor cells, and 
galectin-1 has been implicated in the progres-
sion of melanoma [60]. In addition, galectin-1 
has also been reported to induce epithelial-
mesenchymal transition (EMT) in the liver,  
ovarian, and other cancer [61, 62]. Galectin-1  
is highly expressed in various tumors and is 
involved in the negative regulation of immune 
response [63, 64]. Inhibition of galectin-1 in 
tumors increased T cell activity, suggesting  
that galectin-1 is essential in regulating tumor 
immunity [65]. GBMs with high expression of 
LGALS1 have immunosuppressive characteris-
tics. Knocking down the expression of LGALS1 
can reshape the immunosuppressive microen-
vironment of GBM by down-regulating M2  
macrophages and suppressing immunosup-
pressive cytokines [66]. LGG is also a type of 
glioma, and we found that LGALS1 can be  
used as a prognostic marker. Whether LGALS1 
is involved in regulating the tumor immune 
microenvironment of LGG should be studied.

Metabolic reprogramming is a hallmark of 
malignancy and is associated with cancer initi-
ation, progression and resistance to therapy 
[67]. In LGG, metabolic reprogramming has 
been observed in increased expression levels 
of SREBP-1 and FAS, while LXR and SREBP-2 
expression levels are decreased. Metabolic 
reprogramming from glycolysis to fatty acid 
uptake and beta-oxidation has also been 
observed in cancer cells [68]. In our study, we 
constructed molecular subtypes of the LGG 
model based on FAM-associated genes and 
constructed a four-gene signature (PHEX, 
SHANK2, HOPX, and LGALS1) prognostic risk 
model using DEGs identified in the LGG mo- 
lecular subtypes and validated it using the 
CGGA gene expression dataset. Our discovery 
of the close association between the four gene 
markers and the invasion, growth, and metas-
tasis of LGG tumor cells indicates that these 
markers are reliable biomarkers for predicting 
the prognosis of LGG. 

In our manuscript, we have identified a four-
gene signature significantly associated with 

fatty acid metabolism (FAM) in low-grade glio-
ma (LGG) and its potential implications for the 
immune microenvironment. A further analysis 
aimed to elucidate how these genes might 
interact with key immune checkpoints, specifi-
cally PD-1 (PDCD1), which plays a crucial role in 
the modulation of immune responses within 
the tumor milieu. Our extended analyses have 
demonstrated a notable correlation between 
our four-gene signature and PD-1 expression 
levels. Notably, LGALS1 emerged as a signifi-
cant mediator within this context. This finding  
is consistent with the established roles of FAM 
in influencing the immune microenvironment 
through various mechanisms, including the 
modulation of lipid signaling pathways that can 
impact the proliferation and activation of 
immune cells.

Fatty acids and their metabolites are known to 
modulate immune responses by altering cell 
membrane compositions, signaling pathways, 
and gene expression profiles. These molecules 
can influence the behavior of various immune 
cells, including T cells, macrophages, and den-
dritic cells, which are pivotal in tumor immune 
surveillance and response. In the context of 
PD-1, fatty acids may affect the expression and 
function of this checkpoint, thereby modulating 
the efficacy of immune checkpoint blockade 
therapies. LGALS1, in particular, has shown a 
strong correlation with PD-1 expression, sug-
gesting that its role in FAM might extend to 
regulating the activity of PD-1 expressing cells, 
such as T cells and NK cells. This could poten-
tially explain the mechanisms by which altera-
tions in FAM influence the immune escape of 
LGG cells, contributing to tumor progression 
and affecting patient prognosis.

These findings highlight the complex interplay 
between metabolism and immune regulation in 
the tumor microenvironment. They also under-
score the potential of targeting metabolic path-
ways as a therapeutic strategy in conjunction 
with immune checkpoint inhibitors. By mo- 
dulating FAM-related pathways, it may be pos-
sible to enhance the efficacy of PD-1 based 
therapies, thereby offering a dual approach to 
treating LGG by disrupting both metabolic and 
immune evasion strategies utilized by tumor 
cells. This in-depth exploration into the relation-
ship between FAM, the immune microenviron-
ment, and PD-1 provides a promising avenue 
for future research and therapeutic develop-
ment. Further studies are necessary to validate 
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these findings and to explore the therapeutic 
potential of combining FAM modulation with 
immune checkpoint inhibition in LGG and other 
cancers.

Although our results uncovered some exciting 
phenomena and genetic signatures, some limi-
tations exist. Although our model built based 
on ATGC has been well verified in the CGGA 
database, data from more platforms are need-
ed to further verify our model’s performance. 
Further cell experiments and animal studies 
are needed for the 4 genes identified in this 
study to explore their role in FAM and cancer.
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Table S1. List of 67 fatty acid metabolism genes related to LGG prognosis
gene p HR high_0.95 low_0.95
SERINC1 7.88E-05 0.4842 0.694082373 0.337829585
LGALS1 8.59E-05 2.052 2.936972878 1.433368098
APEX1 0.008127821 0.6196 0.883191688 0.434650017
ENO2 0.005980932 0.6066 0.866341333 0.424677934
PRDX6 5.55E-05 2.138 3.093908248 1.477634818
ECHS1 0.004910158 0.6003 0.856633174 0.420651276
S100A10 0.011947166 1.585 2.270758303 1.106842396
HSD17B10 0.003676042 1.7 2.431486895 1.188332125
EPHX1 0.003169244 0.5816 0.833596106 0.405742451
MDH2 0.018185849 1.539 2.200340131 1.076082225
HADHB 6.21E-07 0.3837 0.559222035 0.263302356
ACADVL 0.001317938 1.815 2.610338681 1.261471001
ALDH9A1 1.64E-06 0.4063 0.587192744 0.281136736
FASN 0.005849976 0.6076 0.865969977 0.426359594
GABARAPL1 0.008082313 0.6179 0.882350595 0.432732333
CA2 3.82E-05 2.161 3.119179351 1.497696333
ADIPOR2 0.019975686 0.6588 0.936314807 0.463496155
ERP29 0.00017704 2 2.872934192 1.392085851
FH 0.045416457 1.433 2.038096351 1.007363823
IDH3G 0.013823864 0.6367 0.91208269 0.444487468
LDHA 0.000897995 1.862 2.68751811 1.290134657
SMS 4.58E-12 4.164 6.236927975 2.7794617
IDI1 0.000105879 0.4731 0.690719613 0.324084552
CBR1 0.000182389 1.981 2.834163471 1.384871207
SUCLG1 0.00247872 0.5704 0.820552796 0.396502117
UROD 0.000575881 1.892 2.719066943 1.31590967
IDH1 0.006874545 1.635 2.33423103 1.144600498
RETSAT 0.000210599 1.999 2.883969793 1.385954701
GRHPR 0.004381453 0.5958 0.850760489 0.417274102
OSTC 9.71E-06 2.324 3.377856722 1.599611402
PCBD1 0.001970051 1.762 2.522543993 1.230865441
ACO2 0.000816378 0.5303 0.768849233 0.365811256
ACAT2 0.013898593 0.6351 0.911863814 0.442313357
PDHB 0.006202128 0.6046 0.866882094 0.421643381
HSD17B11 0.03079743 1.486 2.128266617 1.037295222
ACADM 0.003747014 1.699 2.430748715 1.187213858
REEP6 0.001035862 0.5427 0.781916851 0.376737379
ACSL1 8.96E-06 2.28 3.280028366 1.584696007
ACSL4 0.029783875 0.6764 0.962405679 0.475417954
CA4 0.003529502 0.5858 0.839027792 0.40898334
HCCS 0.000119059 2.083 3.02645642 1.433322282
CPOX 0.015677673 1.545 2.197968069 1.085592276
CRYZ 0.00014918 2.031 2.929703156 1.408348089
HMGCL 0.003337298 1.714 2.455290339 1.195898789
ACOT8 0.023426147 1.507 2.149289514 1.057046809
AADAT 0.00125954 0.5424 0.786640687 0.373966578
ACADS 2.78E-06 2.376 3.411498891 1.654362677
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UROS 7.49E-06 0.4187 0.612809699 0.286031227
ACAA2 4.29E-05 2.139 3.079332147 1.486027714
MCEE 0.02265018 0.6562 0.942691126 0.456806345
PTS 0.007821011 1.623 2.319844193 1.135940913
PPARA 0.004621787 0.5964 0.852841452 0.41707081
ACSL5 0.02286463 1.519 2.177357715 1.05971539
G0S2 0.002222175 1.747 2.498234288 1.221970354
CBR3 7.80E-06 2.307 3.328902337 1.59926889
MLYCD 0.032091822 0.6787 0.967391659 0.476108144
CPT2 0.001309787 1.824 2.631090286 1.264210685
INMT 0.012691433 1.569 2.237164313 1.101064027
IL4I1 0.00032219 1.946 2.797378512 1.35393045
CEL 0.00327788 1.714 2.45585706 1.196932292
ACADL 0.001132692 1.817 2.602565899 1.268164243
CIDEA 0.037383229 0.6839 0.978049033 0.478187084
ALDH3A1 5.47E-06 2.335 3.365542685 1.619895409
CYP1A1 0.000452023 0.5236 0.751659329 0.364769517
HMGCS2 0.00164641 0.5619 0.804550937 0.392474078
AQP7 3.69E-05 0.4556 0.661867057 0.313620147
ACSM3 0.00407763 1.691 2.420188405 1.18156535


