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Cilantro, despite being a popular herb in cooking, tastes
terrible to some people, reminding them of soap. This
investigation analyzes the genetic variants that are related to
this phenotype and uncovers several potential genetic
features which are highly predictive of it. Supervised learning
methods are utilized to prune the numerous genetic variants
within genes of interest down to a small number of highly
predictive features. Statistical testing verifies the relation of
these genetic features to the phenotype in the study
population, and a validation cohort collected from a different
source provides more evidence for the link between these
genetic variants and the phenotype.

Background

Although cilantro is used in many cuisines, its taste can be
highly divisive, since some people say it tastes like soap, or
even that it smells like bed bugs. This smell is attributed to
the natural aldehydes present in the herb. Aldehydes are also
produced in the soap-making process, as well as by some
insects. It is believed that some people experience these
aldehydes in the same way due to altered taste- and
olfactory-receptors in their mouth and nose, which normally
are responsible for distinguishing these subtly different
aldehydes [1]. Two studies have identified evidence of a total
of 4 genetic variants which may be highly linked to the trait
[1, 2]. However, further work is needed since the genetic
mechanisms responsible for this trait are not completely
understood. Also, due to the interconnected genes, it is
unlikely these variants act alone. There are likely more
genetic features which are predictors of the phenotype, and
which may be important factors in determining a person’s
likelihood of thinking cilantro tastes like soap.

Publicly available genomic data was downloaded from
openSNP to create a study population of 20 subjects who
think cilantro tastes like soap, and 23 who don’t. This genomic
sequencing data was annotated using OpenCRAVAT, and then
information about the genetic variants in each subject’s
genome was extracted. First, information about the existence
of the 4 variants from the literature in the patients were
extracted. Only 3 were present, so these 3 features were used
to train a predictive model of the phenotype.

Next, information about a much larger set of variants from an
extensive list of taste- and olfactory-receptor genes [3, 4] was
extracted from each subject. Paired with zygosity information
for each of these variants, this led to 7107 genetic “features”
for each subject. A 1-norm regularized linear SVM model was
used to identify important features from this large set. 1-
norm regularization leads to models which use a sparse set
from the original feature space to perform prediction. The
strength of the regularization was continuously increased
(leader to sparser models), until the model’s accuracy began
to drop. At this threshold, the 8 features being used by the
model were identified for further study. Statistical tests
confirmed the importance of these features in the study
population.

A validation cohort of genetic data from classmates,
professors, and their families, was gathered. A model trained
on the 8 features identified previously was tested for its
predictive abilities in the validation cohort.

r<lD: R R cohort was not large enough for chi-squared tests to yield any significant results. and normal) are perfectly linearly separable in the training
Indicator Matrix for Fsi_het FSIB_hom. , , cohort, as evidenced by the small orange and blue data points
9369 Genetic Indicator Matrix for | Indicator Matrix for Train Cohort - Train Cohort - Val Cohort - Val Cohort - bei ted by the dashed red line. Interestingl h
Whether Each of | Whether Each of N | S Train Cohort N | < eing separated by the dashed red line. Interestingly, when
13 Variants in the orma oapy rain Cohor orma oapy H idation d , , 4 )
_ the 2369 Variants | the 2369 Variants Feat Preval Preval oval Proval Preval the validation data points were projected onto these same 2
Subjects Olfactory- and o aeln At e e SRS TIETE EneE PCA components, all the points fell on the side of the normal
T = Heterozygous |was Homozygous or rs8181529 het 0.696 0.05 6.16E-05 0 0 X , allthe p .
S or Not Not rs10749643 het 0.522 0.05 0.00247 0.333 0.25 taste. This may indicate that thes.e subje.cts should all .be
rs10742809 het 0.609 0.15 0.00585 0.667 0.5 normal, since none of them taste cilantro like soap, meaning
R | ) 4237768 0.304 0.65 0.04998 0 0.5 that the points may be mislabeled. This means that the model
Y rs238882 het 0.261 0.65 0.02413 0 0 has found features which are indicative only of cilantro tasting
7107 Features rs7941509_hom 0.130 0.55 0.00926 0 0.5 like soap, not cilantro tasting bad. This implies that the soapy-
rs10985704 het 0.391 0.8 0.01640 0.333 0 cilantro phenotype has a uniquely genetic basis, which is
rs8181529 hom 0.174 0.7 0.00148 0 0.25 different from cilantro tasting bad either from a genetic

Tue Positive Rate

Foundations of

Cilantro: A Divisive Flavor, Genetically Speaking Computational Biology

Gavin Mischler and Bioinformatics
The Johns Hopkins University Spring 2020

Results Discussion and implications

The variants identified in the literature were not very
informative about the phenotype for the population studied.
First Predictive Model Feature Pruning The predictive ability improved when genetic variants from
many other taste- and olfactory-receptor genes were added,
potentially indicating inter-relationships between many other
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The PCA figure might often some insight though, since it
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perspective, or because cilantro tasting bad is more of a
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