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A B S T R A C T   

Activated transcription factor (TF) farnesoid X receptor (FXR) represses glucagon-like peptide-1 (GLP-1) secre-
tion in enteroendocrine L cells. This, in turn, reduces insulin secretion, which is triggered when β cells bind GLP- 
1. Preventing FXR activation could boost GLP-1 production and insulin secretion. Yet, FXR’s broader role in L cell 
biology still lacks understanding. Here, we show that FXR is a multifaceted TF in L cells using proteomics and 
gene expression data generated on GLUTag L cells. Most striking, 252 proteins regulated upon glucose stimu-
lation have their abundances neutralized upon FXR activation. Mitochondrial repression or glucose import block 
are likely mechanisms of this. Further, FXR physically targets bile acid metabolism proteins, growth factors and 
other TFs, regulates ChREBP, while extensive text-mining found 30 FXR-regulated proteins to be well-known in L 
cell biology. Taken together, this outlines FXR as a powerful TF, where GLP-1 secretion block is just one of many 
downstream effects.   

1. Introduction 

Enteroendocrine L cells are chemosensors situated in the intestinal 
epithelium, characterized mainly by their ability to release hormones 
glucagon-like peptides 1 and 2 (GLP-1 and -2), peptide YY and insulin- 
like peptide 5 (Gribble and Reimann, 2016; Grosse et al., 2014; Reim-
ann et al., 2008). L cells have been shown to sense bile acids (Thomas 
et al., 2009), monosaccharaides (Reimann et al., 2008), fatty acids 
(Hirasawa et al., 2005) and possibly microbial metabolic products 
(Greiner and B€ackhed, 2016). L cell hormones are secreted in response 
to changes in the intestinal microenvironment. GLP-1 secretion specif-
ically has been linked to increased concentrations of intestinal glucose 
(Reimann et al., 2008) and long chain fatty acids (Hirasawa et al., 2005). 
GLP-1 is an incretin hormone that induces amplified insulin secretion by 
binding to GLP-1 receptors on pancreatic β cells (Holst, 2007; Meier, 
2012). A reduction of the incretin-effect has pathological implications as 
seen in type 2 diabetes (T2D) where a decrease in meal-induced GLP-1 
secretion can, in part, explain the insufficient insulin secretion (Holst, 
2007; Nauck et al., 1986). Today, GLP-1 receptor agonists targeting β 
cells are being used to increase insulin secretion and reduce hypergly-
cemia in T2D (Meier, 2012; Nauck et al., 2011). However, new ap-
proaches to increase endogenous GLP-1 secretion by L cells are of great 

interest, especially since administration of such drugs could be oral. 
A study by Trabelsi et al. recently presented an innovative approach 

to increase GLP-1 secretion by blocking activation of farnesoid X re-
ceptor (FXR) in L cells (Trabelsi et al., 2015). FXR is activated by in-
testinal bile acids and it reduces GLP-1 secretion in L cells as a 
down-stream effect. Hence, manipulation of the FXR – GLP-1 – insulin 
pathway may increase L cell GLP-1 secretion overall. Trabelsi et al. 
further suggested that active FXR reduces GLP-1 secretion by decreasing 
glycolytic enzyme expression and, in turn, decreasing intracellular 
glucose metabolism. However, activated FXR, a transcription factor, has 
been shown to have numerous target genes and to cause widespread 
gene regulation in studies on liver and intestine samples (Han et al., 
2016; Lee et al., 2012; Matsubara et al., 2013; Thomas et al., 2010). In 
these studies, FXR had target genes related to bile acid metabolism, lipid 
metabolism, autophagy and mitochondrial integrity. Regulation of the 
glycolysis may therefore only be a small part of the effect of active FXR 
in L cells. Thus, the broader regulatory impact of FXR on L cell meta-
bolism is unknown. To fully realize FXR’s potential as a therapeutic 
target in diabetes, its entire effect in L cells upon activation must be 
investigated and mapped (Han, 2018). 

We present a global analysis of gene expression- and protein abun-
dance regulations caused by FXR activation in L cells and their potential 
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functional impact. We performed both a differential- and co-expression 
analysis on the Trabelsi et al. dataset, but could not reproduce their 
finding of a globally down-regulated glycolysis in L cells upon FXR 
activation (Trabelsi et al., 2015). Followingly, we generated compre-
hensive proteomics data with similar conditions and demonstrated that 
FXR-regulated proteins are involved in many biological processes, but 
did again not find global down-regulation of the glycolysis. Interestingly 
though, the abundance levels of 252 proteins that were regulated upon 
glucose stimuli were neutralized by activation of FXR. These proteins 
were mainly related to integrin binding, toxic substance response and to 
mitochondrial protein import. Inspecting direct binding targets of FXR 
at both the protein-protein interaction- and gene regulatory level, we 
found protein targets that were regulated by FXR or glucose related to 
lipid metabolism and transcriptional regulation. In summary, our data 
shows that FXR negatively affects mitochondrial protein import and 
glucose import, while also reducing ChREBP levels, all of which could 
link FXR to the block of GLP-1 secretion and/or production, which FXR 
impose upon activation in L cells. We further contextualized our results 
in L cell biology literature by text-mining 15 million full-length articles 
for proteins significantly co-mentioned with enteroendocrine L cells. Of 
our 193 significantly co-mentioned proteins, 30 well-known L cells 
proteins were found to be regulated in this study. 

2. Materials and methods 

2.1. Analysis of public microarray data generated from the GLUTag L cell 
line 

We used the public microarray expression data from Trablsi et al. 
(Trabelsi et al., 2015) (E-MTAB-2199). It consists of four glucose stim-
ulated GLUTag L cell samples (þGLU) and four glucose stimulated 
samples with activated FXR using compound GW4064 (þGLU;þ
GW4064). Data preprocessing was done using the R package Limma by 
following the Limma manual’s Agilent microarray example (Ritchie 
et al., 2015). Murine Ensembl annotations were mapped to human 
UniProtKB/Swiss-Prot annotations using the ortholog-mapper function, 
gorth, and the annotation converter function, gconvert, from gProfileR 
(Reimand et al., 2016). For the differential expression analysis between 
þ GLU and þGLU;þGW4064 samples, we used the Limma framework 
with default settings. 

2.2. L cell specific protein interactome and protein complexes using the 
gene expression data 

We applied the method described in Pedersen et al. (2017) to 
construct the L cell-specific protein interactome and the protein complex 
repertoire. Briefly, the L cell-specific protein interactome was created by 
removing all proteins that were not deemed expressed in the public 
GLUTag L cell microarray dataset from the physical protein-protein 
interactome InWeb_IM (Li et al., 2017). Following, protein complexes 
were identified using two complementary clustering methods, spoke 
complex construction (Taylor et al., 2009) and clusterONE (Nepusz 
et al., 2012), which we applied to the L cell-specific interactome. A total 
of 3356 spoke complexes and 505 clusterONE complexes were pro-
duced. We reduced the number of complexes by applying a size limit of 
�3 and � 25 proteins and by merging highly overlapping protein 
complexes using the method described in Pedersen et al. (2017). We 
used the complex size restrictions of �3 and � 25 proteins as this range 
reflects the size distribution of mammalian protein complexes in the 
CORUM database (Supplemental Fig. 1). 

2.3. Protein complex co-expression score 

For each protein complex, we first calculated the co-expression be-
tween each protein pair using a previously described approach 
(B€ornigen et al., 2013; Han et al., 2004; Kirk et al., 2017; Pedersen et al., 

2017; Taylor et al., 2009). If proteins x and y were present in the same 
protein complex and had a physical interaction according to InWeb_IM, 
we calculated the gene expression correlation between protein x and y 
using the Pearson’s correlation coefficient (PCCxy): 

PCCxy¼

PNs
k¼1ðxk � xÞ�ðyk � yÞ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
PNs

k¼1ðxk � xÞ2
q

�

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
PNs

k¼1ðyk � yÞ2
q

where Ns is the number of samples and xk is the expression value of 
protein x in sample k. Similarly, yk is the expression value of protein y in 
sample k. For each protein complex, we then aggregated the pairwise 
PCC values into a co-expression score using a weighted average. We 
weighted each PCC value on the confidence score of the protein-protein 
interaction and the signal-to-noise ratio (SNR) of the correlation (see 
next section for detail). The weight put on correlation i (wi) is the sum of 
the confidence score of interaction i (csi) and the signal-to-noise ratio of 
correlation i (SNRi): 

wi ¼ SNRi þ csi  

And as we were interested in both negative and positive correlations, we 
used the absolute PCC value (jPCCij) in the co-expression score: 

co–expression  score¼ 
PNint

i¼1wi�jPCCij
PNint

i¼1wi  

where Nint is the number of interactions in the complex, wi is the weight 
for interaction i, and PCCi is the PCC for interaction i. 

2.4. Signal-to-noise ratio of co-expression 

Co-expression is a quantification of how similar the between-sample 
variation is of two genes. However, the between-sample variation con-
sists of both biological effects and technical noise and it is also depen-
dent on the gene expression level (Sartor et al., 2006). We use the square 
root of the standard deviation (SD) as an expression of variance: 
ffiffiffiffiffiffi
SD
p

¼ a�xþ b  

Where, x is the average gene expression value. We found a ¼ � 0.01149 
and b ¼ 0.52252. See Supplemental Fig. 2 for linear model fit. The 
estimated measurement noise of gene k, noisek, can then be calculated 
as: 

noisek ¼  � 0:01149�xk þ 0:52252  

where xk is the average expression value for gene k. The amount of 
biological signal for gene k, signalk, can then be calculated as: 

signalk ¼
ffiffiffiffiffiffiffiffi
SDk

p
� noisek  

where SDk is SD of gene k. If signalk is less than zero, we set it to zero 
before calculating the SNR of gene k: 

SNRk ¼
signalk

noisek 

The SNR of the correlation between gene k and gene j, SNRPCCkj , is: 

SNRPCCkj ¼

�
SNRk þ SNRj

�

2 

To calculate the SNR for a whole protein complex, SNRcomplex,: 

SNRcomplex¼ 
PNint

i¼1SNRPCCint

Nint  

where Nint is the number of interactions and SNRPCCint is the SNR for a 
correlation between two proteins that have a physical interaction (int) in 
the complex. 
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2.5. Permutation test: determining significant co-expression 

For each protein complex, we applied a permutation test to assess 
how often the co-expression score of a protein complex were higher or 
equal to the co-expression scores of 10,000 random protein complexes. 
Random co-expression scores were made by assigning random expres-
sion values from our expression dataset to the complex being assessed 
and recalculating the co-expression score. The ratio was used as P value 
and corrected by multiple-testing adjustment using Benjamin-Hoch-
berg’s 5% FDR. 

2.6. GLUTag L cell culture for proteomics 

The mouse enteroendocrine L cell line GLUTag was obtained from 
professor Thue Schwartz from the Novo Nordisk Foundation Center for 
Metabolic Research, University of Copenhagen, Denmark in written 
agreement with the cell lines creator Dr. Daniel J. Drucker of Lunenfeld- 
Tanenbaum Research Insitute, Toronto, Canada. The GLUTag cells were 
maintained and treated as described by Trabelsi et al. (2015). In brief, 
cells were grown in DMEM-GlutaMAX™ media (Thermo Scientific, 
10567014) supplemented with sodium pyruvate and glucose (5,56 
mmol/l, i.e. 1 g/l). For FXR receptor activation experiments, cells were 
first incubated in corresponding glucose free media for 12 h before in-
cubation with media containing 5,56 mmol/l glucose supplemented 
with (n ¼ 3) or without (n ¼ 4) 5 μmol/l of the FXR agonist GW4064 
(Sigma-Aldrich, G5172) for 24 h. As the untreated condition, cells were 
left in glucose-free media for 24 h (n ¼ 3). 

2.7. Proteomics analysis 

GLUTag cells were lysed in a GndCl-based buffer and the resulting 
proteins were digested with endoproteases LysC and trypsin. Desalted 
peptides were labeled using TMT10-plex (Thermo Scientific, # 90406) 
and separated into 46 fractions using an Ultimate 3000 Dionex (Thermo 
Scientific) microflow system before analyzed using an EASY-nLC 1200 
system connected to a Q Exactive HF mass spectrometer (Thermo Sci-
entific). The resulting raw mass spectrometer data were analyzed using 
MaxQuant (v1.6.3.3) with default settings. 

2.8. Proteomics data analysis 

Log2-transformed data of 9190 proteins was exported from Max-
Quant. We used the Limma framework in R for differential expression 
analyses. We first normalized between samples using the quantile 
method and then applied Limma’s differential expression analysis 
approach using default settings. We used the Benjamin-Hochberg (BH) 
false discovery rate (FDR) method for adjustment of P values. We term 
proteins with an FDR of <5% as being regulated. Furthermore, we 
successfully managed to map 7902 of the 9190 murine L cell proteins to 
human UniProtKB/Swiss-Prot identifiers using functions of the R pack-
age gProfiler. This mapping was necessary in order to use the protein- 
protein interactome InWeb_IM. 

2.9. Gene ontology and reactome enrichment analysis 

GO analysis was performed using the gProfileR Bioconductor R 
package (Reimand et al., 2016). For annotation of the L cell-specific 
protein complexes, enrichment of GO biological process terms were 
calculated for the underlying protein sets of each complex using the L 
cell protein interactome as a custom background and setting a strong 
hierarchical filtering. Each protein complex was named by its most 
significant GO biological process term. 

For the functional analysis of up- or down-regulated protein sets in 
our proteomics data, we calculated the enrichment of both GO terms and 
Reactome pathways. We used the complete proteomics dataset as a 
custom background and ensured a strong hierarchical filtering. The 

analyzed proteins were ranked by their log2 fold change, comparing þ
GW4064; þGLU against þ GLU. The enrichment analysis was hereby 
calculated using the GSEA approach (Subramanian et al., 2005). To 
reduce the number of significant terms into large protein sets, we clus-
tered the terms based on their in-between protein overlap using the 
simple agglomerative hierarchical clustering method UPGMA. 

2.10. Network visualization 

Protein-protein interaction networks were visualized using the 
igraph R package (igraph.org/r/), the program Cytoscape (Smoot et al., 
2011) and post-processed in Adobe illustrator. 

2.11. Text-mining proteins co-mentioned with L cells 

Text mining was performed on a corpus of 15 million full-length 
scientific articles, as previously described in Westergaard et al. (2018). 
The corpus was preprocessed by removing non-English articles, and 
articles that failed pdf to txt format conversion. Protein names were 
identified using a Named Entity Recognition system available at https 
://bitbucket.org/larsjuhljensen/tagger. We specifically used the pro-
tein names provided in the STRING dictionary v10.0 (https://doi.org/ 
10.6084/m9.figshare.5827494). Articles of interest were identified by 
querying for the string “enteroendocrine L cell” (case insensitive). A 
background of protein-mentions was established by text-mining all ar-
ticles in the corpus for proteins. For each of the proteins found 
co-mentioned with enteroendocrine L cell, we calculated their signifi-
cant overrepresentation using a Fisher’s test (alternative hypothesis ¼
greater). We compared the count of each protein in L cell articles to the 
protein’s background count. We adjusted the Fisher P values using a 5% 
FDR threshold. 

3. Results 

3.1. The glycolysis is unaffected by active FXR 

We performed a differentially expression analysis between the 
GLUTag L cell line (hereafter referred to as L cells) stimulated with 
glucose (þGLU, n ¼ 4) and stimulated with glucose and with active FXR 
(þGLU; þGW4064, n ¼ 4), using a publicly available microarray dataset 
(Trabelsi et al., 2015) (E-MTAB-2199). We found 31 genes significantly 
differentially expressed (<5% false discovery rate (FDR)) (Fig. 1A). 
Surprisingly, none of these genes were glycolytic enzymes or glucose 
transporters, even though FXR has been proposed to regulate these 
processes. 

Taking a systems-level approach, we performed a co-expression 
analysis between genes in L cell-specific protein complexes. This was 
to investigate whether the co-expression changed between glucose 
metabolism genes or other potentially interesting genes after FXR acti-
vation. We constructed an L cell-specific protein interactome and 
computationally decomposed it into 1221 overlapping protein com-
plexes. By calculation of the co-expression score per protein complex by 
aggregating the absolute (abs) Pearson’s correlation coefficient (PCC) 
between each protein-encoding gene pair using a weighted-average (see 
methods), we found 37 protein complexes significantly co-expressed 
(permutation test, 10k sampling, FDR < 5%) in either L cells þ GLU 
(n ¼ 10), þGLU; þGW4064 (n ¼ 28) or both conditions (n ¼ 1) 
(Fig. 1B–C). All complexes were named after their most significant gene 
ontology (GO) biological process term. Interestingly, the only protein 
complex that was significantly co-expressed in both conditions, and 
which had the strongest signal-to-noise ratio, was the Gluconeogenesis 
complex (Fig. 1C, in bold). By inspecting this protein complex in detail, 
we found that it catalyzes steps 7 to 9 of the glycolysis (Fig. 1D). Fol-
lowingly, we inspected the co-expression of all genes belonging to the 
GO term “canonical glycolysis” (GO:0061621) and found that the ma-
jority of these genes were strongly co-expressed in both conditions 
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(Fig. 1E). These findings of high co-expression suggest that the glycolysis 
is active in both conditions (B€ornigen et al., 2013; Kirk et al., 2017; Lee 
et al., 2017; Pedersen et al., 2017; Taylor et al., 2009) and therefore that 
FXR does not inhibit the glycolysis globally. 

3.2. FXR restores protein abundance levels of most proteins regulated by 
glucose stimuli 

Since we were not able to validate the findings of Trabelsi et al. using 
their transcriptomic data, we set out to explore glucose and FXR regu-
lation at the protein-level using state-of-the-art quantitative mass spec-
trometry in GLUTag L cells at conditions identical to the Trabelsi et al. 
study: glucose-free media (n ¼ 3), glucose stimulated (n ¼ 4) and 

glucose stimulated with FXR agonist GW4064 (n ¼ 3). A total of 360 
proteins were found regulated (abs log2 fold change (FC) > 0.25 and 
FDR < 5%) upon stimulation with glucose (þGLU) relative to unsti-
mulated of which 254 were up-regulated and 106 down-regulated 
(Fig. 2A, Supplemental Tables 1 and 2). Activation of FXR in glucose- 
stimulated L cells (þGLU;þGW4064) lead to protein regulation of 552 
proteins (abs log2 FC > 0.25 and FDR < 5%), where 229 were up- 
regulated and 323 down-regulated (Fig. 2B, Supplemental Tables 1 
and 2). Interestingly, the abundance levels of 252 of the 360 proteins 
(70%) that were regulated by glucose were restored back to their initial 
abundance levels upon FXR activation (Fig. 2C, green). Here, the 252 
proteins consisted of 206 up-regulated and 46 down-regulated by 
glucose. Oppositely, 300 of the 552 proteins that were regulated upon 

Fig. 1. Investigating the effect of active FXR in L cells using gene expression data. (A) Gene expression levels of the 31 genes found differentially expressed in L 
cells when comparing four samples of L cells stimulated with glucose (þGLU) against four samples of L cells stimulated with both glucose and active FXR (þGLU; 
þGW4064). (B) Overview of the distribution of protein complex co-expression scores in L cell conditions þ GLU and in þGLU; þGW4064. (C) A total of 37 protein 
complexes were significantly co-expressed in either L cells with þGLU (n ¼ 10), þGLU; þGW4064 (n ¼ 28), or in both conditions (n ¼ 1). Each protein complex was 
annotated with its most significant gene ontology (GO) biological process term. The gluconeogenesis complex was the only complex significantly co-expressed in both 
conditions (highlighted in bold). This indicates that active FXR does not inhibit the glycolysis. (D) A graph visualization of the Gluconeogenesis complex (left) shows 
that it catalize steps 7 to 9 of the glycolysis (right). (E) A heatmap of the co-expression between genes belonging to the GO term “canonical glycolysis” shows that 
these glucose-related genes are highly co-expressed in both L cell conditions. FDR, false discovery rate; GLU, glucose; PCC, Pearson’s correlation coefficient. 
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activation of FXR in L cells had not been affected by glucose stimuli, 
whereof 183 were up-regulated and 117 down-regulated (Fig. 2C, blue). 

Next, we tested if FXR had globally down-regulated the glycolysis of 
L cell upon activation by looking up regulated proteins found in the 
“glycolytic process” GO term (GO:0006096) (Fig. 2D). Although sig-
nificant changes (<5% FDR) were detected upon both glucose stimula-
tion and activation of FXR, the effect sizes were small (<abs 0.2 log2 FC) 
and the regulation was bidirectional. Hence, a global down-regulation of 
the glycolysis was not observed. Interestingly though, we found 6-phos-
phofructokinase type C (PFKP) being up-regulated by glucose stimula-
tion and down-regulated upon activation of FXR (Fig. 2D). PFKP is one 
of the known key regulator enzymes within the glycolysis pathway. 

3.3. Downstream effects of glucose neutralized by FXR activation 

Activation of FXR was found to neutralize the protein abundance 
regulations that had been induced by glucose stimulation of L cells for 
252 out of 360 glucose-regulated proteins (70%) (Fig. 2C, green). 
Glucose is known to stimulate GLP-1 production and secretion, while 
activation of FXR is known to block it (Trabelsi et al., 2015). Hence, a 
functional analysis of these proteins can hint at which biological pro-
cesses FXR targets in L cells for it to neutralize the effect of glucose and 
reduce GLP-1 secretion. We investigated the glucose-regulated and 
FXR-neutralized proteins (abs log2 FC > 0.25) by performing a GO and 
Reactome enrichment analysis and inspecting the top 10 terms (Fig. 3A). 
By clustering the top 10 terms, we reduced them to three larger protein 
sets (Fig. 3B) which were related to: (i) extracellular matrix (ECM)/in-
tegrin binding related (n ¼ 75), (ii) response to toxic substance (n ¼ 7) 
and (iii) mitochondrial protein import (n ¼ 15). All three protein sets 
were found down-regulated by activation of FXR (Fig. 3C). Especially 
the finding of down-regulated mitochondrial protein import proteins 
was interesting, since reduced ATP production has been shown in L cells 
upon FXR activation (Trabelsi et al., 2015) and because GLP-1 has an 
ATP-dependent pathway for secretion. We therefore looked into set (iii) 
mitochondrial protein import, where we found down-regulation of 
proteins specific to mitochondrial complex I and IV (Fig. 3D). These 

complexes are key components of the ATP-producing electron chain. 

3.4. Downstream effects of FXR unrelated to glucose stimulation 

In order to investigate the downstream effects of FXR activation 
unrelated to glucose, we analyzed proteins regulated only by activation 
of FXR (Fig. 2C, blue). We performed a functional GO and Reactome 
enrichment analysis on these proteins (abs log2 FC > 0.25) and 
inspected the top 10 GO terms (Fig. 3E). By further clustering the GO 
terms on their protein overlap, we reduced the GO terms to three protein 
sets, here named (i) transmembrane transport (n ¼ 61), (ii) lipid 
metabolism þ bile acids (n ¼ 18) and (iii) transcription factor activity (n 
¼ 22) (Fig. 3F). The majority of proteins in the (ii) lipid metabolism þ
bile acid protein set, including gastrotropin (FABP6) and FXR itself, 
were up-regulated by FXR activation. Proteins in set (iii) transcription 
factor were also up-regulated, while the set (i) transmembrane transport 
proteins did not display a clear regulatory direction (Fig. 3G). We 
inspected the transport proteins of the most significant GO term, SLC- 
mediated transmembrane transport, where we found glucose importer 
solute carrier family 2 member 9 (SLC2A9) down-regulated, while 
protein transporters of amino acids and zinc were up-regulated upon 
FXR activation (Fig. 3H). Interestingly, GLP-1 secretion is known to 
decrease when glucose importers are blocked (Kuhre et al., 2015). We 
therefore broadly inspected glucose importer proteins using the GO term 
“glucose transmembrane transport” (GO:1904659), wherein we found 
25 regulated protein (Supplemental Table 3). Of interest, glucose im-
porters sortilin 1 (SORT1) and solute carrier family 5 member 1 
(SLC5A1/SGLT1) were down-regulated upon FXR activation. 

3.5. Gene regulatory- and protein-protein interaction network analysis of 
FXR 

FXR is a transcription factor (TF) and we therefore generated an 
overview of which glucose- or FXR-regulated proteins that previously 
had been identified as FXR binding targets. For this, we used information 
on murine FXR gene regulatory targets specific to liver from Lee et al. 

Fig. 2. Global effects on the L cell proteome upon 
stimulation with glucose and activation of FXR. 
(A) Volcano plot of up-regulated proteins (orange) 
and down-regulated proteins (blue) after glucose 
stimulation relative to untreated L cells. Numbers in 
lower left and lower right corner indicate down- and 
up-regulated proteins, respectively, in both panel A 
and B. The count in parenthesis is the total count, 
while the other count is of proteins with an abs log2 
FC > 0.25. Greyed-out areas within the plots in panel 
A to C indicate a log2 FC between � 0.25 and 0.25. (B) 
Volcano plot of up- and down-regulated proteins after 
activation of FXR (þGW4064) in L cells stimulated 
with glucose. (C) Comparison of the log2 FC of pro-
teins present in panel A and B when stimulated by 
glucose (x-axis) to when FXR is activated in glucose 
stimulated cells (y-axis). 252 proteins that were 
regulated by glucose (log2 FC > 0.25 or < � 0.25) 
were oppositely regulated by FXR when activated 
(green). Still, 1424 proteins were regulated by FXR 
alone (blue), where of 300 of these had a log2 FC >
0.25 or < � 0.25. (D) Proteins in the GO term 
“glycolytic process” found to be regulated between 
glucose stimulated and untreated L cells (top) and 
between glucose stimulated L cells with and without 
active FXR (bottom). Abs, absolute; GLU, glucose; FC, 
fold change.   

K. Niss et al.                                                                                                                                                                                                                                     



Molecular and Cellular Endocrinology 517 (2020) 110923

6

(2012) (n ¼ 71 targets) and targets from Thomas et al. specific to in-
testine (n ¼ 7), liver (n ¼ 11) or both (n ¼ 19) (Thomas et al., 2010). We 
found 35 proteins significantly regulated in our proteomics data that 
were also targets of gene regulatory FXR binding (Fig. 4A). Nine of them 

had an absolute log2 fold change of >0.25 upon either glucose stimu-
lation or FXR activation. Of note, we found the fibroblast growth factor 
protein 15/19 (FGF15/19) up-regulated upon FXR activation, as well as 
lipid metabolism protein phosphatidylinositol polyphosphate 

Fig. 3. Functional analysis of proteins regulated upon FXR activation. (A) Top 10 terms of a gene ontology and Reactome enrichment analysis on proteins 
oppositely regulated by glucose and FXR activation. (B) A clustering of the top 10 terms from panel A based on the proteins they share (protein overlap) resulted in 
three main sets of proteins: (i) ECM/integrin binding related (n ¼ 75), (ii) response to toxic substance (n ¼ 7) and (iii) mitochondrial proteins (n ¼ 15). (C) Volcano 
plots of the proteins in protein set i-iii from panel B illustrating their regulatory direction upon FXR activation. (D) Protein name and mitochondrial location or 
mitochondrial protein complex membership of proteins in protein set iii. (E) Top 10 most enriched GO and Reactome terms of the proteins solely regulated by FXR 
activation. (F) Clustering of the top 10 terms from panel A based on protein overlap revealed three groups of proteins: (i) transmembrane transport (n ¼ 61), (ii) lipid 
metabolism þ bile acids (n ¼ 18) and (iii) transcription factor activity (n ¼ 22). (G) Volcano plots of the proteins in the three protein sets, as marked in panel F, 
illustrating their regulatory direction upon FXR activation. (H) The log2 fold changes and transport target of the proteins belonging to the GO term “SLC-mediated 
transmembrane transport”. Adj, adjusted; ECM, extra cellular matrix; FC, fold change; Fru, fructose; GLU/Glu, glucose. 
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5-phosphatase type IV (INPP5E), and CCAAT/enhancer-binding protein 
beta (CEBPB). CEBPB is a TF that regulates immune and inflammatory 
response genes. Both insulin-like growth factor-binding protein 2 
(IGFBP2) and insulin-like growth factor-binding protein complex acid 
labile subunit (IGFALS) were found down-regulated upon FXR activa-
tion, as well as vitamin K epOxide Reductase Complex subunit 1 
(VKORC1), which metabolize vitamin K. Insulin growth factors induce 
cell growth and proliferation, where the down-regulated IGFALS and 
IGFBP2 specifically bind and increase the half-life of such factors. 

We furthermore investigated targets of FXR binding and regulation 
via the intracellular physical protein-protein interaction (PPI) network. 
We looked up first-degree and second-degree protein interactors of FXR, 
which were also regulated upon FXR activation (n ¼ 19). FXR was found 
to physically connect with many TFs and other proteins with gene reg-
ulatory function, including sterol regulatory element-binding protein 
(SREBF) 1 and � 2, activating transcription factor 6 (ATF6) and six zinc 
finger proteins, all of which were up-regulated upon FXR activation 
(Fig. 4B). Both of the up-regulated proteins, SREBF1 and -2, are regu-
lators of lipid homeostasis. FXR was also closely connected to retinoic 
acid receptor RXR-alpha (RXRA) and vitamin D3 receptor (VDR), both of 
which were down-regulated upon FXR activation. 

3.6. Text-mining of enteroendocrine L cell literature 

L cell biology is a large scientific field spanning thousands of articles 
that mention hundreds of proteins. Therefore, to effectively contextu-
alize our results in the field of L cell biology, we text-mined ~15 million 
full-length scientific articles (Westergaard et al., 2018) for significant 
co-mentioning of proteins together with the term “enteroendocrine L 
cells”. We found 193 proteins to be significantly overrepresented in L 
cell articles (5% FDR adjusted Fisher’s P value) (Fig. 5A). In the odds 
ratio-ranked top 20 of co-mentioned proteins, we observed well-known 

L cell-related proteins such as glucagon-like peptide-1 receptor (GLP1R), 
GLP2R, G protein-coupled receptor 119 (GPR119) and glucagon (GCG) 
(Fig. 5B). We found 30 co-mentioned proteins that were also regulated 
upon glucose stimulation or FXR activation (Fig. 5C). Of note, these 
proteins included GCG, the precursor of GLP-1, which was 
down-regulated upon FXR activation, and also proprotein convertase 
subtilisin/kexin type 1 (PCSK1), which synthesize GLP-1 from GCG, that 
was also down-regulated upon FXR activation. Interestingly, satiety 
factor cocaine- and amphetamine-regulated transcript protein 
(CARTPT) was also found, which was up-regulated by glucose stimuli 
and down-regulated upon FXR activation. Similarly, the TF MLXIPL, also 
known as carbohydrate-responsive element-binding protein (ChREBP), 
which regulate glucose metabolism, was found up-regulated by glucose 
and down-regulated upon FXR activation. Finally, we again observed 
growth factor proteins, like IGF2, down-regulated upon FXR activation, 
while lipid metabolism proteins were up-regulated, including lipopro-
tein lipase (LPL) and low-density lipoprotein receptor (LDLR). 

4. Discussion 

While FXR in L cells is a proposed therapeutic target in diabetes 
treatment, our understanding of its L cell-specific regulatory effect is 
sparse. Here, we present a global analysis of gene expression and protein 
abundance regulations in GLUTag enteroendocrine L cells after stimu-
lation with glucose and upon activation of FXR, and their potential 
functional impact. We found in gene expression- and proteomics data 
that activation of FXR in L cells does not globally down-regulate the 
glycolysis, which has been shown previously using different bioinfor-
matics tools (Trabelsi et al., 2015). Moreover, FXR activation neutral-
ized the protein regulations induced by glucose stimuli for 252 (70%) of 
360 glucose-regulated proteins. These proteins were related to mito-
chondrial protein import, ECM and integrin binding, as well as toxic 

Fig. 4. Gene regulatory- and physical protein-protein interaction network analyses of FXR. (A) Proteins regulated upon glucose stimulation (x-axis) or 
activation of FXR (y-axis) that are also directly bound by FXR (n ¼ 35). Lower panel is a zoom-in on the grey area of the top panel. (B) Overview of FXR- or glucose- 
regulated protein neighbors to FXR in a protein-protein interaction network. Adj. P value, adjusted P value; GLU, glucose; FC, fold change; Fru, fructose; Phosphate: 
Naþ, sodium/phosphate symport. 
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substance response. Still, 54% (n ¼ 300) of the proteins changing in 
abundance following activation of FXR were independent of glucose 
stimuli, suggesting that the effect of FXR in L cells goes beyond glucose 
metabolism control. These 300 proteins were related to transcription 
factor activity, lipid metabolism and transmembrane transport. The 
many proteins targeted by FXR in gene regulatory- and PPI networks 
further demonstrated that FXR’s effect in L cells is multifaceted. 
Furthermore, extensive text-mining robustly found multiple well-known 
L cell biology proteins to be affected by glucose stimuli and FXR 
activation. 

In response to glucose stimuli, L cells secrete the incretin hormone 
GLP-1 (Holst, 2007) and FXR activation is known to block this (Trabelsi 
et al., 2015). Uncovering the biological pathways that FXR targets to 
achieve this blockage is important in order to realize FXR’s therapeutic 
potential. In contrast to a previous study (Trabelsi et al., 2015), we did 
not find global down-regulation of the glycolysis upon FXR activation. 
Instead, we found that activation of FXR neutralized the abundance level 
regulations induced by glucose stimuli for 252 proteins. The mechanism 
behind reduced GLP-1 secretion may therefore be found among these 
proteins. A subset of the proteins was related to mitochondrial protein 
import and to respiratory chain complex I and IV. These proteins were 
up-regulated by glucose stimulation and down-regulated upon FXR 
activation. FXR is a proposed regulator of mitochondrial function (Han 
et al., 2016) and reduced ATP production – a key process of the mito-
chondrion – has been shown in L cells upon FXR activation (Trabelsi 
et al., 2015). Interestingly, GLP-1 secretion by L cells can happen via an 
ATP-dependent pathway, where increased intracellular ATP concen-
tration causes ATP-sensitive potassium channels to close, leading to 
membrane depolarization, increased intracellular Ca2þ concentration 
and, finally, GLP-1 secretion (Parker et al., 2012). If FXR reduces 
intracellular ATP concentration by down-regulating respiratory chain 
proteins or by negatively affecting their import into the mitochondrion, 
the ATP-dependent pathway of GLP-1 secretion could be repressed as 
well. Nonetheless, we found that FXR activation regulates multiple 
biological processes and determining the order of these is not possible 
here. For an example, FXR activation was also found to regulate trans-
membrane transport of metabolites in L cells, including down-regulation 
of glucose importer proteins SORT1, SGLT1 and SLC2A9 (GLUT9). 
Previous studies have shown that blocking SGLT1 leads to reduced 
GLP-1 secretion (Kuhre et al., 2015). Hence, FXR could potentially target 
and block glucose import as an initiating step, which possibly makes 
down-regulation of mitochondrial respiratory chain proteins a 
down-stream response triggered by low intracellular glucose concen-
tration. Notably, we also found ChREBP (MLXIPL) up-regulated upon 
increased glucose concentration and down-regulated after FXR activa-
tion. FXR activation has been shown to inhibit the transcriptional 

activation of glycolytic enzymes induced by ChREBP in hepatocytes 
(Caron et al., 2013) and to regulate hepatocytic gluconeogenesis (Ploton 
et al., 2018). In L cells, ChREBP is necessary for elevated glucose con-
centration to provoke an increase in proglucagon mRNA levels – which 
is the precursor of GLP-1 – and to be a physical target of FXR (Trabelsi 
et al., 2015). This links ChREBP to both FXR, the glycolytic enzymes and 
GLP-1. 

The necessary next-step in order to fully describe FXR’s effect on L 
cells is to delineate the sequence or parallel tracks by which FXR regu-
lates the affected proteins and biological processes presented here. This 
will require functional studies and experiments that study in vivo L cells 
more directly, as compared to the L cell-derived GLUTag line that we use 
here, which is a limiting factor. However, we already begun the delin-
eation by mapping direct gene targets and protein interactors of FXR to 
potentially identify the proteins that initiates the pathway that leads to 
GLP-1 repression. Interestingly, FXR was found to directly regulate lipid 
metabolism both via gene regulation by targeting INPP5E and poten-
tially also via protein-protein interactions linking it to SREBF1 and -2. 
This finding position lipid metabolism as one of the first biological 
processes being affected by FXR activation. Although we could not 
identify a specific protein that links FXR regulation to reduced GLP-1 
secretion in our networks, we were able to produce a robust set of 54 
proteins and gene target candidates that may be directly affected by FXR 
activation. Further studies into the effect of active FXR on L cells should 
benefit from this list of proteins. 

Due to the size of the L cell research field and an increasing number 
of omics studies, it is challenging to distinguish proteins and genes that 
are truly relevant to L cell biology. Our text-mining of proteins co- 
mentioned with L cells represent a statistically sound overview of the 
field’s most mentioned and thus most studied proteins. Here, we found 
that 30 FXR-regulated proteins identified in our proteomics data were 
already well-known in the L cell biology field. We hope that other re-
searchers will benefit from our text-mined set of L cell biology proteins – 
possibly as an L cell-specific ontology term or as a register of candidates 
for further studies. 

In summary, our work demonstrates that activation of FXR has a 
broader impact on L cell metabolism and function than previously 
perceived and provides multiple biological processes that are potentially 
targeted by FXR to reduce GLP-1 secretion. Given currently limited data 
availability and knowledge on the effects of FXR in L cells, we believe 
that the findings of this study will be key in mapping the chain of events 
that leads to repressed GLP-1 secretion upon FXR activation, ultimately 
advancing development of FXR-centered diabetes treatments. 

Fig. 5. Text-mining of proteins co-mentioned with enteroendocrine L cells. (A) Scatterplot of the 193 proteins found to be significantly co-mentioned together 
with the term “enteroendocrine L cells” in a cohort of ~15 million articles. (B) Top 20 co-mentioned L cell proteins ranked by decreasing odds ratio. (C) The log2 fold 
change of 30 L cell co-mentioned proteins regulated by glucose stimulation or activation of FXR in our proteomics data. 

K. Niss et al.                                                                                                                                                                                                                                     



Molecular and Cellular Endocrinology 517 (2020) 110923

9

Data availability 

Generated mass spectrometry proteomics data on GLUTag L cells 
have been deposited to ProteomeCentral (ProteomeCentral: 
PXD014237) of ProteomeXchange. 
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