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ABSTRACT RESULTS CONCLUSION

Gastric cancer (GC) is often diagnosed at late stages, leading to a poor prognosis. Cell-free 3 e Weintroduce a novel machine learning
DNA (cfDNA), which are small fragments of circulating DNA, in saliva contains rich, non- — Non-Cancer model for gastric cancer prediction
invasive biomarkers for the early detection of GC. In particular, we investigate the alterations using cfDNA data obtained through
of ch]Ic\lA fralgmegtation patterns caused by GC usinlg BRchNA-Sleq. Utilizing mapDamafge to — Cancer saliva
guantify nucleotiae misincorporation patterns. Preliminary analysis suggests a significant 2— : ' -
difference between GC and non-GC patients. Using these non-mutational features, we 3 * gllfc__)[’;Nzndd']:[fralnln.g data}[ suggests tha(;[
employed a machine learning classifier to aid in the detection of GC. Class and models were o fb C ITTers in- gastric Can](c:er an
optimized using SMOTE, ensemble methods, domain-specific engineering, and grid search o non-cancer Sallva,. in terms of origin
with cross-validation using features with the most significant difference, including 1 (human and m'CFOb'a,l)» fragmentomic
fragmentomics, chromosomal coverage, motif, and microbial abundance. These features form profile, human genomic elements, and
the basis for a classification model which ultimately achieved an AUC of 0.81 suggesting the genes contributing to ScfDNA and 4-mer
model can accurately classify GC and non-GC patients. end motifs of ScfDNA.
0 S o Features of plasma cfDNA are a result
0 100 200 300 of variety of nuclease enzymes, similar
Fragment Length (bp) to how the activity of nuclease enzymes

M in the oral cavity, salivary gland, and oral
Figure 4. BRcfDNA-seq reveals a unique jagged profile of ScfDNA. ScfDNA demonstrates equidistant (~10bps) multiple peaks, below 100 bps. Fragment profile is different . . ! L
BAC KG Ro U N D / OT IVAT I 0 N between gastric cancer and non-gastric cancer patients. ( ) MICro b lota m ay be contri b uto ry to

discriminatory non-somatic features of

DNA was extracted BRCTDNA-Seq ScfDNA.
from ~300uL of 2150 b e Feature engineering was performed to
saliva supernatant = suweswemsam  pgicbied raresrend Seuencin (A) (D) normalize sequencing depth, reduce
using Qiagen o eomepanan Sinalesuanded i - 150- order Family  Genus batch effects, and highlight biologically
miRNA  protocols. = with Ubis T2 | ¥ N . % . A relevant variation. This included log
Libraries were built = T J T \@ oo T ;g%"m g it e p 5 [ | B transformations, z-score normalization,
using Claret :J J v S 225 | 4 ot 100 ( and domain-informed  binning  for
Biosciences single- ad % 3 | : chromosomal coverage and motif
stranded library kit ® I EEEEEEEEEEI I 3 features
that permits the — — T~ R s e Various classical machine learning
incorporation  of : R o Nonemer o : models were tested with features
nicked, jagged, and paciltnd o Rgoes o GRCMBUSng . Duplcde (B) (C) N i S ‘ ‘ derived from BRcfDNA-Seq.
double-stranded | S o oy S _semy e e Logistic Regression Balanced model
DNA. Saliva cfDNA JObtain L b h ' . g e performed the best on the validation
was sequenced Reads. fo TR i T L lt “ o fee] & & ) E— — — _ _ dataset giving an ROC of 0.81 indicating
using NovaSeq X : TR LA | AR SE.., ﬁ ﬁ PV A f & ﬁﬁ"ﬁ@*& & & the model's performance to accurately
Plus for paired-end bR Mo N ol Lo | T o ¢ « predict gastric cancer
S e quenC|ng a-t 2 X GACA TCTG TCAG GTCT TCAC AGTT TCCT TGAG GACT TGAC GTTC TCAT TCCC Non-Cancer Cancer
150 bp. Analysis of B . Non-Cancer . Cancer
features was
P OrMIEd 10T DOt e & o R o couiar wesont oM. ot e ANA protoro) i 8 el o e e o i FUTURE DIRECTIONS
clinical cohorts. library preparation (Claret BioSciences PicoPlus). (B) Bioinformatic pre-processing pipeline designed cancer and non-cancer samples. (C) Gastric cancer patients display a significantly increased abundance of G-quadruplex structures. (D) Relative abundances of salivary
for BRcfDNA-Seq, capturing saliva cfDNA captures saliva cfDNA, microbial cfDNA, and mitochondrial microbiome taxa at the phylum, class, order, family, and genus levels show significant differences between gastric cancer and non-cancer groups.
ofDNA To build on our initial promising results, we
(A) (B) (C) — could conduct more feature engineering or
test more machine learning models to
APPROACH / METHODOLOGY improve the validation accuracy. Adding more
S S samples to both the training and validation
callular Procesce sreroAseq dataset will increase its potential even further.
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Figure 2. Factors affecting cfDNA characteristics. Processes and  Figure 3. Workflow Diagram. modifications Saliva cfDNA is
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