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Introduction
- Topic: Baby Feeding Behaviors
- Context: Trainers (placebo and
real groups) are assigned to

babies to study the effectiveness

of the treatment




Methodology and Objectives

- RNA Sequencing is used on various genes of interest to
measure the change in gene expression
-  We leverage statistical distributions to both
- determine the effectiveness of the treatments and
- devise a prediction model of whether individual babies

will respond to the treatment



Methodology and Objectives

Genes of interest that we studied include:

- CDH13
- FOXP2
- NPHP4
- NPY2R
- PLXNA1
- WNT3
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Methodology and Objectives

We combined the time-series data (1st, 2nd, 3rd, 4th week of
PCR 27(cycle threshold) for each gene) and performed myriad
statistical tools and models on them such as

- ANOVA Tests (Analysis of Variance)
- Bonferroni corrections
- Weighted gene progression time average



Evaluations

In total, we approached our research project through 6
individual questions



Evaluations - Question 1

Did the expression patterns of the genes change over time with advancing
postmenstrual age and feeding status? Is there a distinct gene expression
pattern in a non-feeder v. successful feeder? Can you see a maturing
pattern or is it simply a random pattern?

Examine as 1.) a whole, 2.) based on treatment status, and 3.) by sex



Evaluations - Question 1

Threshold Cycle (Ct)
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Graph 1.1: Ct for All Babies in the Study




Evaluations - Question 1

There are also p-values for the

2dd('t

for each gene.

244 p-values

CDHI13 FOXP2 NPHP4 NPY2R PLXNAI1 | WNT3
Overall: 0.3338757 |0.1556294 | 0.1307713 | 0.2495137 | 0.2568136 | 0.3349001
p-value 362215862 | 914641635 | 770172056 | 373970708 | 805024956 | 750860264

Table 1.3: P-values for 24“* for All Babies in the Study




Evaluations - Question 1

Results: Some genes did change over the course of study, but not all of
them. The genes NPHP4, NPY2R, and PLXNAI1 are the genes that
mature over the course of the babies learning how to feed. There 1s a little
difference between babies who trained with the trainer and babies who

did not, and a difference between male babies and female babies.



Evaluations - Question 2

Do infants who undergo therapy have a more rapidly maturing gene
expression feeding pattern compared to infants who did not? Importantly
are there certain genes that seemed to change in response to
therapy—NOT all genes may have been impacted. Sex may play a role

here.



Evaluations - Question 2
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Graph 2.1: Fold Change for Babies without Trainer for All Genes



Evaluations - Question 2

Delta Ct: p-values
CDH13 FOXP2 NPHP4 NPY2R PLXNA1 | WNT3
Male trainers: 0.7412596 | 0.6668605 | 0.3733159 | 0.0214526 | 0.2351615 | 0.8748467
p-value 44681953 | 34728476 | 49070848 | 58624999 | 91932307 | 12825028
Female trainers: | 0.3639232 | 0.5598090 | 0.0682463 | 0.1890394 | 0.1057942 | 0.2848378
p-value 02518788 | 97918780 | 61819460 | 26402638 | 02934632 | 72099403

Table 2.1: P-values for Delta Ct for Babies with Trainer Separated by Sex




Evaluations - Question 2

Results: If fold change steadily decreasing means there is a more rapidly
maturing gene expression, then yes, but only for certain genes. The gene

NPY2R changes a lot, while the genes NPHP4 and PLXNAT change only

a little bit. The other genes simply have random fold changes.



Evaluations - Question 3

Could you predict at the beginning of therapy based on gene expression
patterns which babies would be more likely to respond to the therapy and

learn to feed sooner?



Evaluations - Question 3

3.1  Based on gene expression patterns at the beginning of therapy.

LinearRegression()
r2 score is 0.05882296935031728

root_mean_squared error of 1is ==

mean_sqrd_error is == 4.395635661150596

2.096577129788121




Evaluations - Question 3

LinearRegression()

r2 score is -0.028525205843098478

mean_sqrd_error is == 4.247469091799486
root_mean_squared error of is == 2.060938885993344




Evaluations - Question 3

Results: We keep on getting very low scores correct, likely due to the
amount of noises in the dataset. Therefore, we do not think we can predict
at the beginning of therapy if a baby can respond to therapy and learn to

feed sooner given the current dataset.



Evaluations - Question 4

Can you generate a prediction model based on initial gene expression

pattern, sex, and gestational age to predict responders?



Evaluations - Question 4

LinearRegression()

r2 score is 0.021173052389255376

mean_sqrd_error is == 4.571474331500597
root_mean_squared error of is == 2.138100636429585




Evaluations - Question 4

We also used a Decision Tree Regressor Model, and although the training score was very good,

the test score was negative.

DecisionTreeRegressor Train Score is : 0.7482281443695635
DecisionTreeRegressor Test Score is : -0.7007556796178203




Evaluations - Question 4

Results: Similar to the previous prediction models, most of our
statistical techniques yield extremely low scores, partly due to the low
number of samples and large amount of noises. Even more advanced
techniques such as Deep Learning yield no better results. Thus we can not

generate an accurate prediction model given the current dataset



Evaluations - Question 5

Can you generate a prediction model based on gene expression patterns
over time to predict when a baby became a successful feeder? Can you

do it independent of therapy? Based on sex?



Evaluations - Question 5

Results: We were not able to generate one successfully independent of
therapy because again, there wasn’t enough data. We would need much
more data in order to create a successful algorithm. There is only so much

a computer can do with 112 samples.



Evaluations - Question 6

Finally, does a successful male oral feeder have a different gene

expression pattern compared to a successful female oral feeder?



Evaluations - Question 6
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Evaluations - Question 6

Ctof Genes of Interest

Ct of Genes of Interest for Successful Female Babies
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Evaluations - Question 6

Results: We can see that these graphs are relatively the same, within
error. Therefore, we can conclude that a successful male oral feeder does
not have a different gene expression compared to a successful female oral

feeder.



Evaluations - Additional Analysis |

Dr. Alterovitz’s feedback: I know you removed genes with high fold changes from the graphs
because you proved their variation was just random. However, I'm wondering if you had an
outlier(s) that could be driving those huge swings. It only matters in the sense that one could
look at those fold changes to simply observe a progression--significant or not. However, if

there was a random baby or two driving it, then that could be an issue...



Evaluations - Additional Analysis |

Outcome from Additional Analysis:
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Graph 7.1: Fold Change for All Babies Without Outliers for All Genes



Evaluations -
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Graph 7.9: Boxplot for All Babies with Trainers: Fourth Week




Evaluations - Additional Analysis |

Ct of Genes for All Babies: Second Week Ct of Genes for All Babies: Third Week
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Graphs 8.1-8.4: Boxplots of Ct of Genes for All Babies: Baseline through Third Week



Evaluations - Additional Analysis |
Results: We can see here that FOXP2, NPHP4, NPY2R, and PLXNAI1

had a higher Ct (lower gene expression) in the babies without the trainer
than they had with the trainer. We conclude that the trainer does indeed
change gene expression. This is a difference in these graphs without the

outliers - we can see that the gene FOXP2 does change, albeit slightly.



Evaluations - Additional Analysis li

1.3 To quantitatively measure the speed of gene progression, we also use the weighted

Iaverage to calculate when the majority of gene expression occurs. The formula 1s as follows

l-w +2-wy+3-ws +4-wy

Weighted Average =
Wy + Wy + Ws + Wy



Evaluations - Additional Analysis li
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Graph 8.17: Sham group male v. female babies” weighted average of NPY2R 2/(-ddCt)



Evaluations - Additional Analysis li

Sham group’s Weighted Average of 2(-ddCt)

CDHI3 FOXP2 NPHP4 NPY2R PLXNAI | WNT3
Male Weighted | 2.41009441 | 2.3028960 | 2.3154953 | 2.8798871 | 2.3886314 | 2.7515045
Average 93063873 | 90224677 | 77857702 | 79866817 | 3640785 | 32667725
(Mean)
Female 2.82016922 | 2.4086913 | 2.2964526 | 2.2050677 | 2.4178283 | 2.8063880
Weighted 77000263 80094740 | 88153358 | 28641278 | 30521705 | 23420492
Average
(Mean)
p-values 0.13216798 | 0.6084946 | 0.8668045 | 0.0050883 | 0.8906721 | 0.8313594
390251183 | 10909632 | 05056520 | 91042732 | 92930179 | 13869281

Table 1.2: P-Values for Sham group male v. female babies’ weighted average of 2°(-ddCt)




Evaluations - Additional Analysis li

Results: There is a statistically significant difference in NPY2R and PLXNA1’s gene
expression between the sham and trainer groups. Specifically, NPY2R’s difference is
very prominent amongst male babies, whereas PLXNAT1 difference is only noticeable
amongst female babies. In both cases, the trainer group displayed a smaller weighted
average, indicating that the majority of gene expression occurred earlier and thus the

maturation progression is quicker when babies are given therapy.



Evaluations - Additional Analysis Summary

The results of this supplementary study demonstrate that the trainer therapy does
have some impact on the babies’ gene expression, and explore the extent of the
effects that the trainer has on the acceleration of NPY2R and PLXNAT1 gene
expression patterns. The discoveries in this supplementary analysis mostly align
with the main paper’s conclusions, which stated that there are statistically

significant fold changes for the NPY2R and PLXNAT1 genes.



Summary of our Results

The trainer does have some statistically
significant impact on the RNA gene expression
patterns.

Some genes exhibited patterns of upregulation of
fold changes depending on sex and treatment status.
We couldn’t generate a reliable prediction model due
to the noise and small number of 112 samples.



Future Directions

- With more data, we hope to more effectively
eliminate outliers and thus generate accurate
prediction models for treatment outcome.

- Extending our current methods to more genes of
Interests, and investigate whether they have similar
or perhaps even more significant patterns
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