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ABSTRACT

PREDICTING ALZHEIMER’S DISEASE FROM MIRNA SEQUENCE AND
EXPRESSION DATA WITH MACHINE LEARNING

Sydney Monserrate, M.S.
George Mason University, 2024

Thesis Director: Dr. Christopher Lockhart

Approximately 6.5 million people, most of whom are 65 years of age and older,
have been diagnosed with Alzheimer's Disease (AD) in the United States. Diagnosing AD
has notoriously been difficult because disease progression can occur before the onset of
cognitive impairment, and the physiological changes in AD brains are largely only
observable in post-mortem studies. AD screening has been bolstered by novel biomarkers,
including expression profiles of exosomal and circulating miRNAs. Although relatively
new to biological studies, these miRNAs have become a focal point due to their widespread
availability in bodily fluids and potential use in disease diagnostics. The purpose of our
study was to investigate the utility of machine learning (ML) to predict AD-associated
outcomes with miRNA sequence and expression data. Machine learning was performed
leveraging the Orange Data Mining platform, which allowed us to quickly prototype

various machine learning models and assess their performance numerically and



graphically. To utilize miRNA sequence data, we employed a k-mer bag of words model
to quantify subsequences within miRNAs and predict if miRNAs are involved in AD
pathways. We found that a random forest model provides the best predictions with an
accuracy of 0.772 and an area under the receiver operating characteristic (AUROC) of
0.813. Interestingly, out all k-mers, we found that those rich in purines are the most
predictive of miRNA association with AD. As a second modelling effort, we analyzed a
previously published dataset [Ludwig et al. (2019) Machine Learning to Detect
Alzheimer’s Disease from Circulating Non-Coding RNAs Genom. Proteom. Bioinform.
17(4): 430-440] that measured miRNA expression in AD and healthy patients. A random
forest model produced an accuracy of 0.786 and AUROC of 0.862 approximately
reproducing the published results. We explored if the likelihood for miRNAs to be
associated with AD-related pathways can be used as additional selection criteria for
miRNA expression profile analyses and discuss the broader applications of our machine
learning models in AD diagnostics. Ultimately, we believe our machine learning models
will be useful to determine for new miRNA sequences if they are likely to be involved in
AD and to pre-select miRNAs as biomarkers for expression profile analysis, which could

be used as a diagnostic tool.



INTRODUCTION

ALZHEIMER’S DISEASE

Alzheimer’s disease (AD) is a neurodegenerative disorder that affects over 6
million individuals in the United States alone, accounting for the main cause of dementia
[1]. AD may be characterized by late or early onset, where early onset is predominately
due to gene duplication events or mutations and late onset is part of the normal aging
process [1]. The amyloid cascade hypothesis proposes that AD arises due to the
accumulation of AP peptides, which aggregate into fibrils and whose diffuse oligomers
are the primary cytotoxic species [2]. However, recently the validity of this hypothesis has
been called into question and focus has instead been directed to other proteins such as tau
[3].

Exosomes have been shown to carry biomolecules related to the progression of AD
including AP, tau, and miRNAs involved in AD pathways [4]. MiRNAs are small, non-
coding RNAs that are approximately 18 to 25 nucleotides in length but retain cellular
function, for instance as regulators [5]. The creation of mature miRNAs starts with the
production of a 60 nucleotide long strand hairpin RNA referred to as a precursor miRNA
(pre-miRNA) [6]. Once generated, pre-miRNAs are cleaved in the cytoplasm, and mature
RNAs are then released. Within the miRNA sequence, there also exists a conserved “seed

sequence.” The seed sequence can start at the 5’or 3’ end of mature miRNA and is eight



nucleotide bases long, and it is this region that is important for the binding of miRNA to
messenger RNA [7]. Characterizing miRNAs by their seed sequences may therefore
provide more accurate results, as this sequence is complementary to messenger RNA [8].
Although miRNAs are non-coding, they still play a large role in gene regulation [7]. It has
been shown that miRNAs are dysregulated and differentially expressed in AD; down- or
up-regulated miRNAs include miR-9, miR-107, miR-29, miR-34, miR-181, miR-106,
miR-146a, and miR-155 [9]. These miRNAs have interactions with pathways involved in
AD, such as pathways involving BACE1 which is responsible for cleaving the A
precursor protein (APP) to produce AP peptides.
EXTRACELLULAR VESICLES

Extracellular vesicles (EVs) are small lipid-enclosed particles that are released into
extracellular space by virtually all cell types [10]. Depending on their cellular origin, EVs
contain proteins and/or several classes of nucleic acids, in addition to cellular lipids. The
typical size of an EV ranges from 10 nm to 1000 um in diameter, whereas a human cell
is, on average, between 20 to 30 um [11]. The nanoparticle size of EVs and their lipid
composition permits them to readily fuse and pass through cellular membranes including
the blood-brain barrier [12]. EVs exploit these properties in their role as intercellular
messengers and are involved in numerous pathways including inflammation and disease
[13].

There are three main subgroups of vesicles: exosomes, apoptotic bodies, and
microvesicles [12]. Exosomes are the smallest with a range of 40 to 100 nm in diameter,

whereas microvesicles range from 100 to 500 nm and apoptotic bodies range 500 nm to 2



um [14]. The origin of these EVs also differ; exosomes are produced by endosomes,
microvesicles are from plasma membrane budding, and apoptotic bodies are extrusions
from dying cells [15]. Exosomes are known to carry biological information that is
differentially expressed in cancers, cardiovascular disease, and neurological conditions
[16]. However, EVs may also be a transporter of pathogens causing exacerbation and
spread of disease [12].

Aside from their biological function as intercellular messengers and traffickers,
there has been a growing interest in EV usage in medicine and biotechnology [17] First,
the molecular cargo of EVs can be quantified for disease screening and diagnostics [18].
Second, due to the ability of EVs to bind and inject foreign material into cells, they are
being exploited as potential drug delivery systems [11]. Therefore, EVs have been
explored as therapeutic remedies for drug delivery systems in biotechnology and novel
research. Most commonly, EVs are used as biomarkers in fluids such as blood and urine
due to their biological cargo that can correlate to physiological conditions [ 17]. The unique
characteristics of exosomes including internal cell messaging and small size gives it an
advantageous edge in the scientific community. However, there are potential challenges
as well, as EVs are difficult to separate and identify their tissues of origin [19].

MiRNA Biomarkers from Exosomes

Exosomes can be found in any biological excretion including blood, urine, and
saliva, making them a rich source of biomarkers for disease since the unique molecular
makeup of exosomes can be leveraged for disease screening [15]. For AD, there have been

several important studies to find differentially expressed biomarkers to serve as indicators



and quantifiers of the disease [20, 5, 21, 22, 23, 24]. The benefit of these screens is that
they are minimally invasive and can be performed on commonly available cell types such
as those found in serum [23]. For comparison, the traditional approach to AD diagnosis
has been to conduct a clinical evaluation of the patient, and/or run positron emission
tomography (PET) brain scans with a radio-labelled compound to detect significant A3
fibril deposits [25]. It should be noted that accurate diagnosis of AD is not possible until
a post-mortem autopsy has been conducted [25]. New diagnostic tools are therefore critical
to ease this diagnosis burden and help efficiently screen for AD in living patients.

The increasing popularity of machine learning has unveiled a new direction to
explore exosome-derived biomarkers for a variety of diseases [26, 27, 28]. Indeed, recent
research has utilized exosomal data in conjunction with predictive models. Holdmann et
al. [26] used urine-derived miRNAs from 28 patients and a random forest model to predict
prostate cancer albeit with poor model performance (area under the receiver operating
characteristic curve (AUROC) < 0.7) likely due to the small sample size. Morokoff et al.
[27] employed a random forest to predict glioma in 108 individuals with a >99% accuracy
based on an expression signature comprised of 9 miRNAs. Similarly, a signature of 7
miRNAs was identified for AD and used a decision tree, support vector machine, and
adaboost for disease prediction with an accuracy of close to 90% [28].

PREDICTING AD WITH MIRNA DATA

Elucidating the molecular composition of EVs such as exosomes can be the key to

new health screening models as a part of standard health screenings. Such diagnostic tools

are non-invasive and, with a machine learning approach, can offer predictive power.



Furthermore, the quantity of publicly available exosomal data has reached a threshold that
permits rapid evaluation of machine learning models. This data can be collected and used
in concert to build a robust model that is rigorously evaluated for its generalizability.

In this thesis, we performed two machine learning prediction tasks using miRNA
datasets to ascertain the presence of AD. First, we utilized miRNA sequence data from
miRBase [29] and indications of miRNA involvement in AD pathways from miRPathDB
[30]. Foremost, our major hypothesis was that miRNA sequence data could be used to
predict AD. With a k-mer bag of words model, we therefore sought to predict if a given
miRNA sequence was likely involved in AD. This model will be useful to classify novel
miRNA sequences as likely AD-associated or not. We show with AUROC and accuracy
that our model is predictive and that miRNA sequences can be used to establish their
relationship to AD pathways. Second, we utilized miRNA expression data for healthy and
AD patients [21] and predicted the presence of AD based on patients’ expression profiles.
Our machine learning model reaffirms the previously published results but expands on the
types of models and breadth of their performance. Finally, we discuss the applicability of

our models as diagnostic tools and how miRNAs could be pre-selected as biomarkers.



METHODS

In this thesis, we explored the use of machine learning algorithms to predict
Alzheimer’s disease (AD) from miRNA. We performed two prediction tasks. First, we
predicted AD involvement from miRNA sequences to determine if miRNA subsequences
can be used as predictors. Second, we predicted if a patient has AD from existing miRNA
expression data [21]. The sections below describe the protocols and tools that we utilized
to perform our analysis.

DATASETS

The first dataset we used for analysis consisted of AD-labelled miRNA sequences.
Human miRNA sequences were downloaded from miRBase [29]. These records were
filtered for their mature 5’ or 3’ miRNA sequences and subsequently processed to extract
the seed sequence from positions 2 to 8. To determine if miRNA sequences were
associated with AD, we downloaded from miRPathDB [30] experimentally validated
associations of miRNA with AD pathways. Strictly, AD pathways were annotated with
the KEGG database [31]. To construct a dataset suitable for machine learning, we labelled
any miRNA with an AD relationship as a positive outcome “AD-related” in our dataset
and as a negative outcome otherwise.

The second dataset we used was taken from Ludwig et al. [21]. This dataset
examined at the expression of 21 miRNAs in AD and healthy patients from the United
States and Germany. These 21 miRNAs included let-7d-3p, let-7f-5p, miR-103a-3p, miR-

107, miR-1285-5p, miR-139-5p, miR-1468-5p, miR-151-3p, miR-17-3p, miR-26a-5p,



miR-26b-5p, miR-28-3p, miR-3157-3p, miR-345-5p, miR-34a-5p, miR-361-5p, miR-
4482-3p, miR-486-5p, miR-5006-3p, miR-5010-3p, and miR-532-5p. MiRNAs were
selected from the group’s prior research and a literature search based on their dysregulation
in AD. To perform expression analysis, miRNAs were derived from the patient red blood
cells. We used this dataset as provided from Ludwig et al. with the exception that missing
values were replaced with 0, i.e., no differential expression. In their analysis, they utilized
LightGBM, which permits missing values, whereas our modeling approaches (described
below) require explicit numerical values.

K-MER BAG OF WORDS MODEL

One of the fundamental hypotheses of our machine learning approach is that we
can utilize miRNA sequences to predict if a miRNA is associated with AD pathways.
Because sequence data cannot be directly used in most modeling efforts, we applied a k-
mer bag of words approach [32] to quantify this data.

The k-mer bag of words approach works as follows. Each miRNA sequence is first
split into consecutive words of length k. Then, these words are counted, and the counts are
used as a numerical feature for machine learning. As an example, “GTAGTA” with k =3
would identify the subsequences “GTA”, “TAG”, “AGT”, and “GTA”. In the next step,
these words are counted: “GTA” appears twice, and both “TAG” and “AGT” appear once
(Fig. 1). A k-mer approach has been used previously to analyze miRNA sequences [33]
and overall has widespread use to generate feature sets for biological sequences [32]. For

example, given the four nucleic acid bases, there will in total be 4% independent variables



created by this model, and the number of k-mers that will be identified is the length of the

sequence L —k + 1.

(a) (c)
Sequence: GTAGTA
k-mers:  GTA Words Count
TAG GTA 2
AGT TAG 1
GTA AGT 1

Figure 1 k-mer bag of words model using “GTAGTA” sequences. In panel (a) all k-mers in the sequence are
identified. In (b) we collect all these k-mers into a “bag” regardless of their initial sequence position. Finally, in
panel (c) we count the number of each distinct k-mer.

ORANGE DATA MINING PLATFORM

To facilitate rapid building of machine learning models, we utilized the Orange
Data Mining platform [34]. Orange is an ideal tool to use for machine learning prototyping
due to its visual interface, which permits efficient testing of different machine learning
algorithms, and its implementation in the Python programming language.

A representative pipeline of our machine learning analysis is presented in Fig. 2.
The Orange Data Mining platform operates through widgets, each of which performs a
function, and these widgets can be strung together to produce a cohesive analysis. We
present two pipelines. In Fig. 2a, this explores use of a k-mer bag of words model, whereas

in Fig. 2b our pipeline implements a standard machine learning approach as expected on



a tabular dataset which does not require additional processing. In Orange, the first step is
to import data using the “CSV File Import” widget. To construct a k-mer bag of words
model as in Fig. 2a, this is followed by use of “Corpus,” which specifies textual elements
(sequences) within the datasets, “Preprocess Text,” which splits sequences into k-mers,
and “Bag of Words,” which counts the number of distinct k-mers in each sequence. Once
the input data has been appropriately processed, “Select Columns” is used to specify the
independent and dependent variables. This is then fed into a machine learning model,

29

“Random Forest” as an example, and “Test and Score.” In this case, “Random Forest
contains all the parameters necessary to run a random forest model. “Test and Score”

specifies how the dataset should be divided into training and testing subsets or if cross-

validation should be used. This module also displays the performance of the model.
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Figure 2 Example model pipeline with Orange using a (a) k-mer bag of words model or (b) generic tabular

dataset.

MACHINE LEARNING MODELS

We examined several machine learning models with varying levels of complexity,
all of which were included as part of the Orange Data Mining platform [34]. The models
we tested were k-nearest neighbors, naive Bayes, logistic regression, support vector
machine, decision tree, random forest, adaboost, and xgboost. Unless otherwise noted, all
models were used with their default settings within Orange. As evidence of their
applicability, previous machine learning studies focusing on miRNA sequences have also
implemented these models [35]. To evaluate the performance of our model, we utilized k-
fold cross validation with k = 5. The success of our models was evaluated on accuracy,

precision, recall, and the area under the receiver operating characteristic (AUROC).
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RESULTS & DISCUSSION

Utilizing a machine learning approach with the Orange Data Mining platform [34],
we studied miRNA involved in Alzheimer’s disease (AD). Our efforts are divided into two
tasks. First, we used miRNA sequences and information regarding their association with
AD-related pathways to determine the predictive ability of miRNA sequences in predicting
AD. In lieu of pathway enrichment studies, the results of this first model will be directly
relevant to not only provide annotations for novel miRNA but also provide a quantitative
ranking that indicates the likelihood of their relationship to AD. Second, we used a
previously published dataset from Ludwig et al. [21] that explored use of circulating
miRNAs as biomarkers for AD. We replicated their study, connected their results to those
of our first model, and further discuss how our models can be used to improve miRNA
selection as biomarkers for AD.

PREDICTING ALZHEIMER’S DISEASE INVOLVEMENT OF MIRNAS

In this study we leveraged miRNAs from publicly available datasets to detect their
involvement in the AD pathway. Specifically, mature miRNA sequences were downloaded
from miRBase [29]. These sequences were further processed into their seed sequences,
which is taken from positions 2 to 8 of the mature miRNA sequence and represents the
canonical sequence where it binds to and affects protein messenger RNA [6]. Sequences
were labelled as AD-related if they were found within the miRPathDB (30-Backes et al.,

2017) experimentally validated dataset for AD, and AD pathways were annotated by

11



KEGG [31]. In total, our dataset contained 2,461 miRNA sequences, and 833 of these were
marked as associated with AD.
Model Preparation and Selection

Several considerations must be made for machine learning evaluation of miRNA
sequences. First, should mature miRNA sequences be used with the k-mer bag of words
model, or should miRNA be restricted to their seed sequences? Second, what value of k
produces the best results? Because high values of k results in a combinatorial explosion of
independent variables and sparsity, we limit our exploration of k values from 3 to 5 (Fig.

3). Furthermore, we report only the results from the best model out of all those introduced

in Methods.
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Figure 3 Word clouds showing the frequency of k-mers in the miRBase dataset when (a) k=3, (b) k=4, or (¢) k

=S5.

As shown in Table 1, use of seed sequences consistently results in higher model

performance. Because it is the seed sequences that directly interact and regulate messenger
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RNA [7], our results suggest that focusing on these sequences is required for adequate
model performance and that the rest of the mature miRNA provides background noise. The
seed region is also commonly used to predict interactions of miRNA with targets due to its
high degree of conservation [36]. It should be noted that, for these models, we considered
a sample as a miRNA based on its designator from miRBase. When considering mature
miRNA sequences, over 99% of these sequences were unique. Restricting these to their
seed regions results in 79% unique sequences, which might result in some classification

error in our prediction estimates.

Table 1 Model performance versus k and sequence type.

k | Sequence Type | Best Model? | AUROC | Accuracy | Precision | Recall

3 | Mature Logistic 0.587 0.659 0.481 0.109
Regression

4 | Mature XGBoost 0.614 0.649 0.472 0.327

5 | Mature Naive Bayes | 0.605 0.588 0.419 0.561

3 | Seed Random 0.785 0.757 0.688 0.516
Forest

4 | Seed Random 0.794 0.760 0.682 0.544
Forest

5 | Seed Random 0.770 0.734 0.623 0.540
Forest

aBest model was chosen based on AUROC.

The choice of k in the k-mer bag of words model must also be rigorously
considered. For short sequences, as with miRNA seed sequences, large values of k will
result in the creation of many independent variables which will sparsely be covered for any

particular sample (Fig. 3). At the same time, larger values of k results in independent
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variables that contain more information because these variables are more representative of
the specific sequence being considered. Limiting our investigation to k of 3, 4, and 5, we
found that k = 4 resulted in the best model performance. Taking these results together, our
initial modeling efforts therefore indicate that seed sequences should be used and the k-
mer bag of word model should be used with k = 4. Interestingly, the seed sequences
considered are short enough that, instead of a k-mer bag of words model, we could
implement a position-specific model and one-hot encode the nucleotide type for each
position. However, based on our tests (not shown) this approach does not yield markedly
different results than those presented above.

Using a k-mer bag of words model to construct our independent variables, how
does model performance change for different machine learning algorithms? We focused
only on the models introduced in Methods and their performance based on accuracy,
precision, recall, and the area under the receiver operating characteristic curve (AUROC).
These results, presented in Table 2, indicate that overall, it is a random forest model that
performs best, with AUROC of 0.794, accuracy of 0.760, precision of 0.682, and recall of
0.544. Other tree-based ensemble models, adaboost and xgboost, were also highly

performative.
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Table 2 Performance of machine learning models with k = 4 using miRNA seed sequences

Model AUROC | Accuracy | Precision | Recall
Random Forest 0.794 0.760 0.682 0.544
AdaBoost 0.789 0.767 0.666 0.627
XGBoost 0.767 0.741 0.660 0.483
k-Nearest Neighbors 0.751 0.722 0.600 0.534
Decision Tree 0.731 0.737 0.643 0.501
Naive Bayes 0.725 0.684 0.532 0.558
Logistic Regression 0.719 0.704 0.593 0.401
Support Vector Machine | 0.602 0.539 0.390 0.643

To support AUROC in Table 2, we plot in Fig. 4 the receiver operating
characteristic (ROC) curve. ROC plots the true positive rate against the false positive rate,
and the area under this curve (AUROC) can be expressed as the probability that a model
can take a random negative and random positive sample and correctly order them. As seen
in Fig. 4, tree-based ensemble models (random forest, adaboost, and xgboost) all perform
best, whereas other models exhibit distributions closer to the diagonal line, which is

expected if the model behaves randomly.
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Model Performance

Our initial investigation in Table 2 and Fig. 4 indicate that random forests perform
best for our dataset, which utilizes seed sequences and a k-mer bag of words model with k
= 4. Because this initial investigation used the default random forest parameters as defined
by the Orange Data Mining Platform [34], we further explored the impact of changing
model hyperparameters. We found that, by increasing the number of trees from the default
(10) to 100 and by setting the number of features considered by each tree as the square root
of the total number of features (16), we marginally improved performance bringing
accuracy from 0.760 to 0.772 and AUROC from 0.794 to 0.813.

However, even though accuracy and AUROC demonstrate adequate model

performance, the recall of our model remains low (0.534). (For comparison, precision is
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0.720.) Recall is computed by considering the number of true positives divided by the
number of actual positives and expresses the probability associated with correctly
predicting a positive sample. With a recall of roughly 0.5, this indicates that only
approximately half of our predictions for actual positives are accurate.

To probe this issue, we present in Table 3 the confusion matrix that shows the
number and percent of samples that were actually AD-related and predicted as AD-related
(true positives), AD-related but not predicted as AD-related (false negatives), not AD-
related but predicted as AD-related (false positives), and not AD-related and not predicted
as AD-related (true negatives). The majority of our dataset (59%) is comprised of true
negatives and a smaller portion (18%) comprises true positives. The proportion of false
negatives (16%) exceeds false positives (7%) and approximately matches the proportion

of true positives, which agrees with the reported recall.

Table 3 Performance of machine learning models with k = 4 using miRNA seed sequences

Predicted
Not AD AD
_ Not AD 1455 173
g (59%) (7%)
g AD 388 445
(16%) (18%)

The misclassification seen in false positives or false negatives must be driven by
the information collected in our k-mer bag of words model. Table 4 explores this possibility

by considering the occurrence of specific k-mers in the true positive, true negative, false
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positive, and false negative populations. The correlation of false positive k-mer
occurrences with true positive occurrences is 0.77, whereas its correlation with true
negative occurrences is 0.57. This indicates that false positives are largely driven by strong
predictors of true positives, for instance the k-mer “GAGG”. For comparison, false
negatives have correlations of 0.27 and 0.69 with true positives and true negatives,
respectively, indicating that there are strong predictors of true negatives like the k-mer
“GGGG”. The low correlation of false negatives with true positives also demonstrates that,
for these sequences, there is insufficient information within existing true positives to result

in adequate classification.
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Table 4 Occurrence of k-mers present in true positive, true negative, false positive, and false negative samples

k-mer | True Positives | True Negatives | False Positives | False Negatives
GAGG 14.2% 1.9% 9.2% 3.4%
GGAG 13.9% 3.0% 6.9% 3.4%
GGGA 12.4% 4.5% 5.2% 4.4%
AGUG 8.8% 3.0% 6.9% 3.9%
UGGG 7.6% 5.1% 4.6% 5.2%
GCAG 7.0% 2.1% 7.5% 4.4%
GGGG 6.7% 7.1% 3.5% 7.2%
AGGC 6.7% 1.4% 6.9% 3.4%
AGAG 6.5% 0.8% 6.4% 1.8%
GGCA 5.8% 2.3% 5.8% 3.6%
AGCA 5.4% 1.2% 8.7% 2.6%
GCAC 5.2% 0.3% 5.8% 2.1%
AAAC 4.5% 1.2% 5.2% 1.3%
GAGA 4.5% 1.6% 5.8% 3.6%
CCUC 4.0% 1.7% 5.8% 2.3%
CAGC 4.0% 1.3% 6.4% 3.4%
CCUG 3.8% 3.1% 5.2% 4.9%
CCCU 3.4% 3.0% 5.2% 5.2%
CCAG 3.1% 1.4% 5.2% 3.4%
CUCC 3.1% 0.8% 5.2% 2.3%
CAGU 2.2% 2.4% 5.8% 4.1%
GUAG 2.2% 1.5% 5.8% 2.8%
CuUGC 1.3% 2.2% 3.5% 5.2%
GUGU 0.0% 1.6% 5.2% 3.4%

Only k-mers with >5% false positives or false negatives are shown

How can the performance of our model be improved? The results above indicate
that the information contained with the k-mer bag of words model is not sufficient to
eliminate false positives and, particularly, false negatives. Following other predictive

models based on miRNAs [36], we experimented with the addition of miRNA energetic
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information to assess if it improves model performance. Using the RNAcofold program of
the ViennaRNA package [37], we computed the interaction energy between the miRNA
seed sequence and its reverse complement. The impact to our modeling results were subtle.
The AUROC remained approximately the same (0.813 vs 0.812), but slight changes were
seen for accuracy (0.772 vs 0.779), precision (0.720 vs 0.735), and recall (0.534 vs 0.541).
Although these results are modest, they indicate that including additional independent
variables derived from the miRNA sequences may improve or stabilize model
performance.
Interpretation of Model Results

Our model predicts if miRNAs are likely to be associated with AD based on their
subsequences. We can utilize the model results to identify those subsequences (k-mers)
that are predictive using the Orange Data Mining platform’s “Feature Importance” widget
[34]. In Fig. 5, we show the top 10 k-mers ranked by our model, where the rank is
determined from the ability of that k-mer to decrease model performance as measured by
AUROC. The results in Fig. 5 strongly suggest that purines, as opposed to pyrimidines, are
predictive of miRNA association with AD-related proteins. Seven of the top 10 k-mers
contain only purines, and it is “GAGG” that produces the greatest effect. Interestingly, a
recent study of miRNA sequences in humans revealed that the distribution of purines and
pyrimidines is non-random with an abundance of pyrimidines [38]. These findings conflict
with our results which shows, for AD-associated miRNAs, that there is a greater likelihood
of purines in their sequences. The presence of purines in AD-related miRNAs may

therefore be a target for future AD-related diagnostics or therapies. Interestingly, purine-
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rich (specifically, G-rich) miRNAs are also more likely to be found in exosomes [39]. The
“GAGG” motif, which we recognized as the most important k-mer for predicting if a
miRNA was involved in AD pathways, has also been associated with miRNAs that bind to

transcription factors [40].

GAGG
AGAG
GCAC
GGAG
GGGG
GCUuG
GGGA
AGUG
GGAA

AAAA

0.002 0.004 0.006 0.008 0.01 0.012 0.014 0.016
Decrease in AUC

Figure 5 Decrease in AUROC from specific k-mers indicating their model importance.

PREDICTING ALZHEIMER’S DISEASE FROM MIRNA EXPRESSION DATA

As a second modeling pursuit, we analyzed data from Ludwig et al. [21] which
measured the expression profile of 21 miRNAs among 145 AD and 214 healthy patients
located in the United States and Germany. The miRNA analyzed was circulating and
derived from patient blood cells. The authors also performed an enrichment analysis and

found that up-regulated miRNAs were largely expressed in serum, exosomes, t-cells, and
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B-cells, whereas down-regulated miRNAs were expressed in monocytes and T-cells. This
dataset represents a look at how miRNA can be used as a clinical basis to diagnosis AD,
and we can directly investigate our ability to construct predictive machine learning models.

Table 5 shows the performances of our machine learning models against the
Ludwig dataset. Random forest was best with an AUROC of 0.862 and accuracy of 0.786.
Other models such as logistic regression, xgboost, support vector machine, and naive Bayes
also showed reasonable performance with AUROC > 0.8. To put these results into context,
Ludwig et al. [21] utilized LightGBM to predict AD from their expression data with an
AUROC of 0.876, only marginally higher than our best model and likely due either to their
model choice, treatment of missing values (in our case we assumed missing values were

0), or cross-validation strategy.

Table 5 Performance of machine learning models for Ludwig et al. dataset

Model AUROC | Accuracy | Precision | Recall
Random Forest 0.862 0.786 0.785 0.786
Logistic Regression 0.846 0.780 0.779 0.780
XGBoost 0.840 0.760 0.759 0.760
Support Vector Machine | 0.832 0.772 0.770 0.772
Naive Bayes 0.817 0.738 0.748 0.738
k-Nearest Neighbors 0.737 0.716 0.713 0.716
AdaBoost 0.710 0.719 0.720 0.719
Decision Tree 0.660 0.721 0.721 0.721

Fig. 6 shows the ROC curve for all models considered. This graph indicates the

poor performance of models such as k-nearest neighbors, adaboost, and decision tree. All
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other models perform reasonably well and demonstrate ROC curves without any significant

defects.
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Figure 6 ROC performance for Ludwig dataset. ROC shows the true positive rate vs the false positive rate. The
machine learning models corresponding to the lines are identified on the left-hand panel.

Ultimately, we sought to understand if we could improve model results for the
Ludwig dataset using information from our first model based on miRNA sequences.
Ludwig et al. [21] chose miRNAs for analysis based on their prior work and literature
analysis. Because these miRNAs were either up- or down-regulated in AD compared to
healthy controls, there is no correlation (0.02) between the posterior probability of miRNA
involvement in AD pathways computed from our first modeling effort and miRNA
importance when applying machine learning to the Ludwig dataset. This is to be expected

because of the inclusion of down-regulated miRNAs in the Ludwig dataset, which strictly
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cannot be considered in our first model which seeks to establish a positive association
between miRNA and AD pathways. For comparison, the posteriors from our first model
does show minor correlation (0.23) with the importances from exclusively up-regulated
miRNAs.

The Ludwig dataset identified 8 up-regulated miRNAs: miR-107, miR-17-3p, miR-
26a-5p, miR-26b-5p, miR-345-5p, miR-486-5p, miR-5006-3p, and miR-532-5p.
Interestingly, if the Ludwig dataset is filtered to consider only these up-regulated miRNA,
the predictive performance is high (AUROC of 0.852 and accuracy of 0.760 using a
random forest model). We can therefore conclude that, within the Ludwig dataset, that up-
regulated miRNAs are predictive of AD and the inclusion of down-regulated miRNAs is
not strictly necessary.

Given that our first modeling effort seeks to exclusively predict positive association
between miRNAs and AD, can those results be used to establish which miRNAs should be
considered for study? We again filtered the Ludwig dataset but now considered only those
miRNAs that were predicted as AD-associated from our first model (let-7f-5p, miR-103a-
3p, miR-107, miR-1285-5p, miR-26a-5p, miR-26b-5p, and miR-5006-3p). The model has
marginally diminished performance (AUROC of 0.827 and accuracy of 0.758 using a
random forest model). However, these results and whether this approach can be useful is
inconclusive because, for comparison, the remaining miRNAs that were predicted by our
first effort to not be relevant to AD pathways still result in good performance (AUROC of
0.847 and accuracy 0.780). The miRNAs selected by Ludwig et al. all offer prediction of

AD, and therefore we cannot conclude if we can reliably pre-select miRNA for study based
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on these initial results. Despite the lack of an appropriate control, we believe that our
models can still yield valuable insights into which miRNAs should be further explored as

AD biomarkers.
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CONCLUSIONS

Efficient and non-invasive diagnosis of Alzheimer’s disease (AD) remains an
unsolved issue, and to this day AD can only truly be diagnosed with 100% certainty
through post-mortem studies [41]. Ideally, diagnosis should proceed by collecting easily
accessible patient samples like serum and, less so, cerebrospinal fluid and measuring
specific biomarkers that are correlated with disease progression. For AD, circulating and
exosomal miRNAs are a promising source of biomarkers that have shown dysregulation
between healthy and AD patients [5, 21, 20]. When coupled with machine learning,
expression profiles of these biomarkers can be a useful tool for diagnosis. Although the
initial results of these models have been met with enthusiasm, there is currently no
consensus about which biomarkers are adequate as a minimal set for AD diagnosis.

In this work, we sought to establish the relationship between miRNAs and AD to
greater detail using machine learning and the Orange Data Mining platform [34]. Our main
pursuit was to predict the likelihood of miRNA interaction with AD pathways from miRNA
sequences, and we hypothesized that miRNA sequence information is sufficient to predict
this pathway relationship. Secondly, we utilized previously published miRNA expression
profiles of patients to predict if those patients had AD. Our goal with this second model
was to survey machine learning models that offered prediction and evaluate if our
sequence-based model could be used to assist in the pre-selection of miRNAs that are

useful for analysis.
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We therefore considered two separate approaches, both of which utilized machine
learning to predict AD. Our first model focused on human miRNAs whose sequences were
extracted from miRBase [29] and were annotated as AD-related if they were involved in
AD pathways as curated in miRPathDB [30]. A k-mer bag of words model was applied to
miRNAs to produce a quantitative dataset. We assessed if a full or seed sequences produce
better modeling results and the impact of the size of k in the k-mer bag of words model on
these results. We found that a random forest model utilizing seed sequences and setting k
= 4 produces the best outcome, as measured by the area under the receiver operating
characteristic (AUROC) and accuracy of 0.813 and 0.772, respectively. These results
unambiguously demonstrate that miRNA sequences are indeed predictive of miRNA
interaction with AD pathways. However, this model still could be improved due to its high
rate of false negatives. We explored if additional information sources such as miRNA
energetic information may aid in prediction, but this extra feature only provided a marginal
improvement. More features, for instance those available through ilLearn [42] could be
useful to improve our model performance further. In addition, information regarding the
location of miRNA expression (e.g., serum or cerebrospinal fluid) could provide
discriminating information.

As a second approach, we utilized the miRNA expression dataset for healthy and
AD patients from Ludwig et al. [21]. Using a random forest model, we were largely able
to replicate the AUROC of the original authors (0.876 vs 0.862 from our model). We
hypothesized that slight difference in model performance could be due to the different

model framework and our treatment of missing values in the dataset. Whereas the authors’

28



LightGBM model permits missing data elements, the models available through the Orange
Data Mining platform [34] require numerical features. Interestingly, we also demonstrated
that several other machine learning models such as logistic regression, xgboost, support
vector machine, and naive Bayes produce acceptable predictive outcomes (AUROC > 0.8).

Given that our models have demonstrated their respective predictive abilities, what
is the practical utility of these models? First, our sequence-based model is designed to
predict if a given miRNA sequence is associated with AD-related pathways. Therefore, for
novel miRNA sequences, we can predict if they are likely involved in AD. This is directly
useful as a first approximation for novel miRNAs and to establish if they should be
investigated further for their relationship to AD. Our modeling results pointed to purine-
rich miRNA seed sequences as potential drivers of this relationship to AD, so these results
can be further leveraged as a basis to understand the mechanism of miRNA involvement
in AD.

Second, there has not yet been an established consensus regarding which miRNAs
can act as the minimal set for AD diagnosis. Our sequenced-based model can be used as
part of the criteria to help pre-select miRNAs for AD-related studies. Utilizing the Ludwig
et al. dataset [21], we pre-selected miRNAs and observed overall satisfactory model
performance. Because this dataset had already undergone miRNA pre-selection and lacks
an appropriate control, these results are only tentative and should be replicated with
additional datasets to determine if the approach is valid.

Third, ultimately our models are designed for AD diagnosis. Whether or not we

perform pre-selection of miRNA sequences using our sequence-based model, we have
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demonstrated that machine learning can predict AD given patient miRNA expression
profiles. This further establishes the relevance of machine learning and modeling for
disease diagnosis and indicates that miRNAs can act as suitable biomarkers for AD.
Overall, our approach has provided an exploration of the use of machine learning
and Orange to understand and predict the involvement of miRNAs in AD utilizing
sequence and expression data. Our initial results are encouraging and based on these results

further establish the suitability of miRNAs as biomarkers for AD.
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