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Abstract

Systemic lupus erythematosus (SLE) is a chronic autoimmune disease where the immune
system mistakenly attacks healthy cells and tissues, causing inflammation and organ damage
throughout the body. While over 300 different genetic risk loci have been identified through
genome-wide association studies (GWAS), cell-type specific patterns of gene expression remain
poorly understood. Our work provides a case study on how to identify distinct gene expression
signatures across different immune cell types and associated with different genetic variants by
using AlphaGenome, an Al tool developed by Google Deepmind. Three lupus associated genes
— TNFRSF17, STAT4, and IRF5 — were analyzed across B cells, T cells, and kidney tissues.
Our results show that a lupus-associated SNP in TNFRSF17 increases gene expression in B
cells, that STAT4 is expressed across kidney, T cells, and B cells, and that IRF5 shows similar
high expression in both B and T cells, remaining consistent with their roles in lupus and immune
signaling. These findings demonstrate how multiple lupus risk genes affect the same immune
cell types, each gene contributing to its own layer of immune dysfunction.

Introduction

Systemic lupus erythematosus (SLE), also known as lupus, is a chronic autoimmune disorder
where the immune system attacks healthy tissues in the body by mistake. This can lead to
inflammation and damage to the skin, joints, kidneys, and brain. [1] Lupus has been classified
as heterogeneous, meaning symptoms and the severity of the disease varies between different
people. [2] This diagnosis process and treatment is extremely challenging. Regardless,
physicians and researchers have identified a core set of common symptoms.These include
extreme fatigue, joint pain, stiffness, fever, and rashes. [1]

Lupus is more common in women compared to men. Studies report that about 9 of 10 people
with lupus are women. [3] While there have been treatments to minimize Lupus risk and help
manage lupus, there is currently no cure. By understanding what causes lupus at the genetic
level, future treatments could be better developed in the future.

While the exact cause of lupus is still unknown, research suggests that the disease comes from
genetic predisposition, hormones, and/or environmental factors. [4] Out of these, genetics play a
vital role. Studies show that people with a family history of lupus are at a higher risk of
developing the disease, demonstrating that individuals can be genetically predisposed. In fact,
20% of people with lupus will have a parent or sibling who already has lupus or may develop
lupus and about 5% of the children born to individuals with lupus will develop the illness. [1]
Rather than being caused by a single gene, lupus risk mainly comes from multiple genetic
variants that each contribute a small effect to developing the disease. Mutations in the TLR7,
IRF5, STAT4 genes cause immune system pathway defects in the synthesis of C1q, C4, and
C2 proteins, increasing the chances that an individual is diagnosed with lupus. Widescale
research through genome-wide association studies (GWAS) have identified over 300 locations
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in the human genome that are associated with lupus risk. Many of these locations or risk-loci
affect the amount of the gene that is produced or the cell that it is activated in.

AlphaGenome is an artificial intelligence (Al) tool developed by Google DeepMind. It is able to
predict the functional effects of genetic variants using DNA sequence information.. This tool can
also read long stretches of DNA, around one million base pairs of genetic code, and predict
many regulatory features, including splice sites and splice junctions, chromatin accessibility,
transcription factor binding, and 3D chromatin contacts across many cell types and tissues. It
can also estimate the functional effect of genetic variants by comparing predictions for a
reference DNA sequence with predictions for a mutated sequence. Rather than merely
identifying whether a variant is present, AlphaGenome helps predict how a DNA sequence
difference may change regulatory activity, gene expression, or other molecular processes,
including whether a variant is likely to increase or decrease expression of particular genes in
specific cellular contexts. These variants are often referred to as single nucleotide
polymorphisms (SNPs).

In this study, AlphaGenome is used to study three genes that have been directly linked to lupus.
These genes are STAT4, IRF5, and TNFRSF17 which are all strongly associated with lupus
susceptibility. These genes play a crucial role in immune signaling, cell activation, and
inflammation, all processes that are uncontrolled in lupus. We use AlphaGenome to examine
how the expression patterns of these genes differ across different tissues and cell types,
particularly T-cells, B-cells, and the kidneys. By identifying how lupus-associated DNA variants
influence gene expression across different genes and several different tissues, this study seeks
to demonstrate how computational genomics can help connect genetic variation to lupus
disease risk.

This study addresses a gap in current literature by providing one of the first applications of
AlphaGenome to lupus-associated genetic variants and genes, establishing a framework for
using deep learning models in autoimmune disease research. Beyond demonstrating the tool’s
utility, this paper focuses on identifying differences between reference and alternate allele
expression and variation in gene expression across different tissues and cells — findings that
cannot be obtained through GWAS alone. Notably, AlphaGenome predicted that STAT4 and
IRF5 are expressed at meaningful levels across both B cells and T cells simultaneously,
suggesting that their risk variants can affect immune signaling across multiple cell types at once,
rather than acting through a single pathway.
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Methods

Gene Selection

Three genes were selected for this study based on their connections to lupus. STAT4 is a
transcription factor that plays an important role in immune system regulation and helps control
inflammation and immune responses. [5] IRF5 is another transcription factor which acts as a
principal regulator of inflammatory cytokine production. [6] It is involved in the body’s defense
against viruses and plays a key role in producing type | interferons that help activate the
immune system. TNFRSF17, also known as BCMA, is a gene that helps B-cell development,
survival, and differentiation. It is an immune cell that makes antibodies and helps them survive
and function. [7]

Data Analysis Using AlphaGenome

AlphaGenome was used to help analyze genes and DNA sequences which contain lupus
associated variants. For each gene, AlphaGenome was used to predict transcriptional activity
across different cell types and tissues relevant to lupus, including T cells, B cells, and kidney
tissue. For each of the three genes, the DNA sequence which surrounds the gene was retrieved
from the human reference genome. This sequence is about one million base pairs long and was
fed into AlphaGenome, which predicts the gene expression levels for that gene across the
different tissue/cell types mentioned above.

Specifically for the TNFRSF17 analysis, two sequence conditions were compared. Every human
has two copies of each autosomal chromosome, and at any position, there is a reference
version of the DNA letter—this is called the reference allele. Sometimes, people can carry the
other version of the letter at that position—this is the alternative allele. One with the reference
(REF) allele (C) which is the reference DNA sequence found in the reference genome and one
with the alternative (ALT) allele (G) which is the sequence containing the lupus associated
variant. Both sequences were run through AlphaGenome and the predicted gene expression
levels in B-cells were compared.
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Results
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Figure 1. Predicted regulatory effects of the TNFRSF17 lupus associated variant
(chr16:11965181:C>G) generated using AlphaGenome. Tracks show predicted RNA-seq
activity in B cells for the reference (C) and alternative (G) alleles across polyA-selected
and total RNA-seq, plus and minus strands. The higher values indicate greater predicted
gene expression compared to the reference sequence.

Figure 1 shows predicted RNA-seq activity at the TNFRSF17 gene locus in B cells. It specifically
shows the results of comparing the reference allele and an alternative allele that contains a
SNP. In the case of this figure, the reference allele is C (cytosine), and the alternative allele is G
(guanine). TNFRSF17 has been established as a lupus-risk gene in genetic studies, including a
paper by Nature identifying it as one of the important genes that associate with Lupus. [8]

In Figure 1, the x-axis shows the position of chromosome 16 and the yellow line marks the
location of the SNP. The red represents the predicted gene expression for the alternative allele
and the gray represents the predicted gene expression for the reference allele. The y-axis
shows how much RNA is predicted to be produced, where the higher the line the higher the
gene expression.

The four tracks on the left side of the figure represent different ways to measure RNA. RNA-seq
comes in two different types: polyA-selected RNA-seq which only captures mature messenger
RNA (mRNA), and total RNA-seq which captures all RNA within the cell. Since DNA is double
stranded so genes can be read from either direction, each type of RNA-seq is measured on two
different strands: the plus (+) strand and the minus (-) strand. TNFRSF17 is usually more active
on the plus strand tracks.
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Through analyzing the plus strand tracks in Figure 1, it is apparent that the red line (ALT allele)
constantly remains above the gray line (REF allele). This means that AlphaGenome predicts
that people who have the alternate allele (G) would have higher TNFRSF17 expression in their
B cells compared to people who carry the REF or C allele.
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STAT4 expression in B cells
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Figure 2. Predicted STAT4 Expression across Kidney Tissue, T cells, and B cells
(top, middle, and bottom panels, respectively). Tracks show predicted polyA-selected and
total RNA-seq signal on the plus and minus strands across the STAT4 region on
chromosome 2.

Figure 2 shows AlphaGenome’s predicted STAT4 expression across different tissues and cells
(Kidney, T cells, and B cells). STAT4 is a transcription factor involved in cytokine signaling
pathways, particularly those associated with T-helper cell differentiation and inflammatory
immune responses. STAT4 is one of the most widely known lupus risk genes and certain
variants in this gene are more commonly found in people with lupus. [5] It also activates in
response to a signaling protein known as interleukin-12 (IL-12) which helps increase
interferon-gamma production, which is a strong inflammatory molecule. [9]

In Figure 2, each panel has bumps and peaks on the RNA-seq tracks. These bumps and peaks
represent predicted areas of strong gene activity. In areas where the graph is flat or near 0,
there is no gene expression. In areas where the graph has peaks, the gene is being transcribed
and expressed the most.

STAT4 shows predicted expression across all three tissue/cell types examined: kidney, T cells,
and B cells. Of the three, T cells show the highest predicted expression. B cells also show
predicted expression, though at a lower level than T cells.
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Figure 3. Predicted IRF5 expression across two immune cell types: B cells (top
panel) and T cells (bottom panel) Tracks show predicted polyA-selected and total
RNA-seq signal on the plus and minus strands across the IRF5 gene region on
chromosome 7.

Figure 3 shows AlphaGenome’s predicted IRF5 expression across two immune cell types: B
cells in the top panel and T cells in the bottom panel. IRF5 is a transcription factor which are
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proteins that regulate gene expression by binding to DNA sequences to regulate gene
expression. The main job of IRF5 is to regulate inflammatory cytokine production and produce
type | interferons like interferon-alpha and interferon-beta. Interferons are very powerful immune
signaling proteins that are meant to help the body fight viruses. In lupus, interferon production
increases which leads to inflammation and causes the immune system to attack healthy tissues.
IRF5 is one of the most strongly associated lupus risk genes identified by GWAS.

In Figure 3, each panel has the same x-axis, which is the IRF5 gene region on chromosome 7.
The y-axis shows the gene expression and predicted RNA-seq signal. The taller the peak the
more active transcription and higher gene expression.

IRF5 shows high predicted gene expression in both B cells and T cells, with both being quite
similar in expression levels, though B cell expression is somewhat higher overall, corroborating
previous studies suggesting that IRF5 genes are heavily expressed and associated with B cells.

[6]
Discussion and Conclusion

Summary of Findings

This paper used AlphaGenome to help study gene expression patterns of three lupus
associated genes — TNFRSF17, STAT4, and IRF5 across multiple different cell and tissue
types. We also tested whether a specific SNP in the TNFRSF17 gene would change its
expression in B cells. Our analyses demonstrate that multiple lupus risk genes are active in the
same cell and tissue types which collectively contributes to the immune system dysfunction that
drives the disease. The main findings are summarized below.

First, the alternative allele (G) in the TNFRSF17 variant chr16:11965181:C>G has a higher
predicted gene expression in B cells compared to the reference allele (C).

Second, STAT4 shows predicted expression in B cells, T cells, and kidneys, with the highest
predicted expression in T cells.

Third, IRF5S is predicted to be expressed at similarly high levels in both B cells and T cells.

Biological Significance

TNFRSF17 helps B cells survive, develop, and produce antibodies, so higher gene expression
associated with the alternative allele could potentially lead to overactive antibody production,
which is directly connected to lupus. The findings in Figure 1 support the idea that this DNA
variant can influence lupus risk via increasing TNFRSF17 expression in B-cells.

Since STAT4 shows predicted expression in the kidney, B cells, and T cells, this suggests it may
be linked to lupus across multiple tissues at once. In the kidneys, lupus is particularly prevalent
through lupus nephritis, where the immune system attacks kidney nephrons and kidney
inflammation occurs; STAT4 expression in kidney tissue could suggest that STAT4 signaling
contributes to kidney damage in lupus patients, which can lead to higher risk of getting the
disease altogether. In the T cells panel, STAT4 shows the highest expression, which makes
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sense because T cells are one of the main cells where STAT4 functions; the higher expression
in T cells corroborates the hypothesis that STAT4 expression plays an important role in
regulating immune system responses which could potentially support lupus development. In B
cells, STAT4 is also expressed, but not as much due to STAT4 being mainly prevalent in T cells;
this is still consistent with the idea that higher STAT4 expression leads to more antibody
production in lupus.

Since IRF5 shows high predicted gene expression in B cells and T cells, it could possibly be
linked to lupus. In B cells, the IRF5 promotes the production of type | interferons and
pro-inflammatory cytokines which directly contributes to the overproduction of antibodies in the
immune system. In T cells, IRF5 promotes pathogenic Th1 and Th17 differentiation which
amplifies tissue inflammation. Together, as shown in the figure, higher expression of IRF5 of
both B and T cells leads to higher lupus risk.

Taken together, our results show that lupus is a disease where multiple genetic risk factors on
the same immune cell types (B cells and T cells) contribute to cellular dysfunction, which
increases the likelihood of contracting the disease. TNFRSF17 keeps autoreactive B cells alive,
which can potentially cause the body to attack healthy tissues. STAT4 amplifies inflammatory
cytokine signals that push B cells and T cells to act more aggressively. IRF5 keeps interferons
constantly switched on, causing the inflammation that comes with having lupus.

Limitations

This paper has multiple limitations that must be acknowledged. First, only three lupus genes
were studied out of more than 100 that can be identified by GWAS. These three genes were
selected based on available literature and interest for testing in AlphaGenome. There are many
other significant genes that were tested during the research stage of this paper using
AlphaGenome. Some of these genes include TNFAIP3, BLK, PTPN22, CXCR5, TYK2 and C4A.

Second, AlphaGenome is a genomics computational model so it is trained off of existing
genomic data. It is not an experimental measurement. Every prediction that AlphaGenome
produces is a model-based estimate that still needs to be validated by real laboratory
experiments before the results can be considered confirmed. With that being said,
AlphaGenome was trained on human and mouse genomes and matches or exceeds the
strongest available external models, so it is still a beneficial tool which provides lots of collective
information and insight.

Third, the variant analysis in this paper was limited to TNFRSF17. Many other lupus-associated
variants exist across each of the three genes that have been studied.

Future Directions

Future research can apply similar AlphaGenome-based approaches across all lupus-associated
risk loci beyond the three genes examined here, and the same workflow could be extended to
other autoimmune diseases as well. The variant-level analysis performed here for TNFRSF17
could also be extended to additional lupus-associated SNPs in STAT4 and IRF5, rather than
relying on baseline expression predictions alone.
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Conclusion

This research paper demonstrates the usage of AlphaGenome as a powerful tool used to
investigate the genetic basis of lupus by analyzing gene expression levels across different cell
and tissue types. By analyzing three key lupus genes, TNFRSF17, STAT4, and IRF5 across B
cells, T cells, and kidney tissue, this paper has demonstrated that multiple lupus risk genes are
active in the exact same immune cell types. Together, they combine and contribute to
dysfunction in the immune system. Although lupus is a complex disease, genomic analysis
represents a meaningful step towards understanding why certain genetic variants and higher
gene expression increase disease risk.
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