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RNA binding proteins (RBPs) are key regulatory mechanism in the cell. Their functions are varied depending on their Bty TvaIEY Cf B oSGt Caneer Debentlant Ghpath [engihtd HighemExpressad RBELMIoGr

localization, but many have been identified as essentially in translational regulation and cell proliferation. Their Higher Network
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dysfunction has been linked to the development of various disease phenotypes and cancers. Using Human BodyMap | | B T T : : o . Sy
, ~ ; : ; - . i ; Observing the expression levels of RNA binding proteins | :

v2.0 data and data made available through The Cancer Genome Atlas (TCGA), we proposed to observe the patterns of | across all 16 tissues (left) suggested that RBP expression :

expression of RBPs in sixteen healthy tissues and across nine cancers, and their altering profiles. Additionally, by i | . . : ) | was significantly higher (Wilcox, p<2x10-6) than non-
incorporating BioGrid protein-protein interaction data and CORUM protein complex information, we explore how R - T = == epemememe SR RBPs. Visual observation of the trends also shows that in
network properties of the RNA may infer their dysfunction in cancers. The prognostic effect of RBPs classified by = s =S P Py some tissues, such as testes, lymph, and ovary had
expression and network properties in breast cancer were determined using KM-Plotter. We observed that RBPs as a | | d | ) particu!arly higher expression when compared to nonRBP
class are more highly expressed than other factors in the 16 human tissues, and furthermore that they are generally up- 5 transcripts.

expressed in cancers. A smaller subset of RBPs (30) is many-fold higher expressed across a large portion of the
observed cancers. Network metrics showed no significant differences, except for shortest path distances between , T ,
were compared against similar factors in the human

subsets (Wilcox, p < 2x10"),  Similarly, complex size and membership did not show any trends or significant . | | . .
diff Th " b effect to b ted with th lensths of RBP d thei | 3 | , ; i ; tissues. The trend remains the same that RBPs are
ifferences. e negative prognostic effect seems to be associated with mean path lengths o S an eir o B , | significantly higher in these 16 tissues as compared to the

interaction with a highly dysregulated subset of RBPs. > 3 ! other factors (Wilcox, p<2x10'¢).  Only transcription
TE e w T ¥ s e oW Toew o E T e e factors had similar levels of expression in select tissues:

Introduction and Objectives fgiiﬁsg(oi;atj;:ee Sttheesgean:rgcrzfahr. ti-srshL:ZssuggeStS # need For survivability analyses we utilized the KM-Plotter utility. RBPs of the separate classifications were ranked based on their
yres P ‘ mean path lengths to all other members in the BioGrid PPl data. The shortest and longest path lengths for a gene in each
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l RlNAdbmdlgg pirotelrr:s .(RBPs) haye beznllde[\.tlﬁtgd as l:ﬁy regulla:.totl;]y compogen.ts V\{]thcljn t.rzﬁ cell. Their fupctlcf)n IS & | - | | N l — subset were selected, in addition to a random select of five median-length genes. This led to an observation of a trend for
argely dependent on their expression and localization within a cell; they may be involved with processes ranging from 1 Log Expression Ratio of RBPs Across Cancers a gene to have more of a negative prognostic impact the longer its mean path length.

alternative splicing to RNA degredation. Investigations in Saccharomyces cerevisae have indicated the correlation RTLCII N ¥ L 3 e The path lengths for a gene in one group to another (i.e. high to high, high to low, etc.) was then determined and similarly

between expression levels and expression variations of RBPs and their number of connections ( B s ranked. In this case, the trend observed was that, for highly upregulated RBPs, the longer path lengths still had a negative
impact on prognosis. However, for the other classification of RBPs, shorter path lengths to the higher upregulated RBPs
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To determine regulatory impact of RBPs their expression
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) upregulated RBPs may impact prognostic impact if they are one of few interactors with a lesser dysregulated gene.
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While cancer is a complex genetic disease, many regulatory factors have

By plotting the log-ratio of cancer to healthy median

been identified as being dysregulated. In particular, RBPs have been shown expression across the nine cancers, we can observe the PP TS I e T
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to lead to a cancer phenotype after their function had been altered trends of dysregulation of factors in humans. It becomes
from basal expression (Wurth, 2012). Enhanced elF4E and HuR apparent that there are different levels of up and down-

expression has been implicated in the translation initiation of mRNAs regulation in the changes of state. There exists a subset Ty v Bl : | ki
considered highly upregulated where their log-fold ratio SRR T R ERTE S T A SN LN e We observed the expression patterns of identified RBPs in 16 healthy, human tissues. We found that as a class, RBPs were

encoding mostly for prooncogenic proteins, or other cancer expression is greater than 9 across 6 or more of the ool T VR BSOS SR R MR LA significantly more expressed than non-RBPs. Furthermore, we determined that RBPS were significantly higher expressed
‘phenotypes. Additionally Samé8 regulates the alternative splicing cancers. In RBPs there are a larger proportion of highly- _',",;:_;fl]g;f;' e g o than other regulatory elements (TFs, IncRNAs, miRNAs). In some cases, transcription factors were also highly expressed in
upregulated genes (right, top) compared to nonRBPs R SRR | A 1 B R R Y certain tissues. This illustrates a need for tight regulatory control in those sites.

et REPx have Baar docisnanted 4¢ masor comnonents i cell cucls (right,botom) (hypergeometeric test, P=0.03). N 4 The patterns of dysregulation from healthy to cancer state was examined in nine human cancers. After calculating the
g ’ J P y Of these classified RBPs we note several that are o log-fold change in median expressions we were able to identify RBPs in different dysregulated states. A subset of 30 RBPs

and cell proliferation functions. S implicated in complex genetic disorders and cancer. RBPs S were identified as having greater than 9 log-fold change in expression in 6 or more cancers. Some RBPs in this class have
riowing the, sersitive nattre of RBEPs, Bs reanlatars il eells. and their identification in mammalian systerms. wWe. car Zuch as [EDQG)E are partt O{:v tr;e D[t);)rf famll){ tr:ﬁt hat':s betﬁn o B Goeicn Pt of <A W ges Bancels mformelltlor;i supporjcmg our qbservatmn of th1shqy§regulated srt]a’ge in cancers. RBPs also have a lar.ger.propqrt.]on of highly
begin to investigate their profiles of dysregulation in various disease states. The purpose of this study is to observe the docu[nen e of Impac n | pa w?ys ea mf O|_ e I o Ty upregg ated genes 1n cqmpanon to n(?nRBPs. This illustrates their potential sensitivity to dysregulation in their interactants,
expression patterns of RBPs as a class in healthy, human tissues, their fold-change expression in nine human cancers developments of cancers (Cruciat et al., 2013). LASTL was LIRS R g e ARt v Of theif ow) dysregulat] on pefpetlating Ine Cancer pheTlogy/pe. . | .

- , , , ‘ o , , ’ identified as being an interactant with PELP1 that is Sar e pall BULPE o} ibadee B0 BOR - TR Al 8 The network properties of the subgroups of upregulated RBPs generally show no significant difference. This suggests that
and network properties that may differentiate the groups leading to altered expression. Finally, after a subset of RBPs implicated in pancreatic cancers (Kashiwavya et al., 2010). a Ak # ,,, | the proportionality or counts of interactions between these types do not inform the reason behind their dysregulation or
has been ic entlfled bgsed on their profiles and network metrics, their contribution to survivability of patients with HUWE1 is a member of the HECT family of E3 ubiquitin i ., expression levels. However, by observing their network properties, we can see a difference in path lengths within these
breast cancer will be investigated. Method igases that has been identified as being overexpressed in | [ a8 ass it - groups. When incorporating path length information in determining negative prognostic impact we observe that in general,

€tNOAas breast, lung and colorectal cancers ( | longer path lengths lead to more negative prognoses. However, when paths are shorter to the highly dysregulated RBPs,

Bernassola et al., 2008). o prognostic impact decreases, suggesting some effect of dysregulation of these factors leading to cancer.
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of cancer-related mRNAs. Even without directly acting on oncogenic
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