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Often medical dlscrepan0|es and prOblemS arise because of a Complex Cycles is a set of tools and algorithms for an end user, so we designed a mobile application for

network of factors that don’t seem related. It's difficult for patients to IDENT'FY'NG TRENDS PRED'GTING FUTURE ING'DENBES this purpose.

identify what they should and should not disclose to their medical

- " : - - The main feat f :
professional - and it's hard for a medical professional to determine e main features we focused on were

Our first step was defining a new way to measure the “trendiness” of data. We wanted to create an expression Our next step was creating a model to predict future events. Most existing applications don’t use
potentlal root causes of many Complex issues. Mobile app|ICatIOﬂS are that involves both correlation and monotonicity, so we kept that in mind while deriving our algorithm. unigue models because they only track one type of cycle. To track many different types of cycles, we . Data Privacy

the ideal platform to bridge this gap - everyone carries a phone, and To identify trends, Cycles first min-max scales all N data points to between O and 1. needed a model that was adaptable and could take into account many variables. o All calculations, predictions, and trend finding is done on-device. This presented
Then,let (z;,y,) = (:V‘r\i) . By transforming each data point to some p;, = (z;,y;), where the i-th smallest x in challenges with making our models and algorithms as lightweight as possible.
the set of all x in the ddtaset becomes x; and analogously for y, then any monotonically increasing function To make predictions, Cycles employs a multivariate linear regression model with a lag term. . Intuitive Presentation
We ourselves have seen this issue - William has struggled with intense becomes 1y = x and any monotonically decreasing function becomes y = —. In other words, the Cycles model takes time series data (a dataset of {time, value} pairs) and predicts o With the app, we wanted to take very esoteric, low-level results from our algorithms
i i i N N not only the next time or value but both simultaneously. and present them in an intuitive, comprehensible manner.
migraines for almost a decade, and Juhi has long sought an answer to S Pk, — P, )? o1 (Pr, — 1+ pr,)?

Let © = D d= ) . ) . . . o To do this, we used charts and design language common in apps, especially health
ith i i ’ Cycles uses two lag terms, so when it has insufficient data to build the lagged rows, it defaults to a
her Strqule with |rregular perlods. N N y y 99 trackers - bar charts, log books, and more.

standard linear regressive model. i ) .
As children of the digital age, we hypothesize that mobile applioations Let j\x[u — the number of increasing coordinate pairs and ﬂz{d — the number of decreasing coordinate pairs. o We also implemented a tutorial to reduce barrier of entry.

. Low Cost of Operation

. ] ] . . u—d M, — My
can be used to accurately determine relationships between periodic Then the resulting value of | .| ¥ ‘ - Mj is compared to a threshold of (.22 = (.04. s D u R c I N G TE ST DATA o Because all computation is done on-device, the only costly architecture in our
bodily patterns more effectively than commonly used medical ¢ application is initially delivering the app to users. With a headless static website, this

techniques like in-office questionnaires. Cycles is our attempt at such becomes much easier.
To test the prediction model, menstrual cycle data was sourced from an open public database. The

a mobile application. G E N E RATI N G TE ST DATA database provided numerous attributes for each cycle, including Client IDs to group cycles by each - - _ - -
Research Question subject. Discarding cycles of insufficient length (in our case, at least 4 cycles), the remaining 111 —— ' — ' C—
Are the programs created for Cycles more effective at finding trends

many already log their lives on social media and in personal journals.

subjects then yielded cycle lengths and the attribute Total Menses Score. Lodd Migraines gyﬂgéﬁ
To generate test data for the trend-finding model, we referenced a study on the relationship between Group
in and making predictions about bodily cycles than existing methods intestinal travel time and defecation frequency (DF), interdefecatory time interval (IDTI), and stool form By registering events in Cycles, we were able to run the predictive model on these subjects. By limiting o
like Kendall’s Rank Correlation Coefficient? scores (SFS) (Probert). The provided formula was: the reference frame of data given, we collected predictions for cycles within the dataset, allowing us to : ' EaieGroup
make comparisons between predicted dates and menses scores and actual dates and menses scores. petete Group E 55 1

intestinal transit time = 103 — 1.23(DF) — 4.69(SF'S) + 0.638(I/DT1I) Analysis

Migraines

Average Intensity
with a correlation coefficient of O.736. One goal when building Cycles was being able to make accurate predictions for irregular periods - Medication
Logs

typical applications and algorithms struggle with periodic cycles that don’t conform to relatively stable Tap o deletelog

P R u J E CT u B J E CTIVE s By generating (DF, SFS, IDTI, intestinal transit time) quadruplets, then adding Gaussian noise derived fromr = distributions. The results of running our predictive model appear to indicate promising results past the
0.736 to offset values from the perfect values given the expression, a dataset is generated that approximately first 8 menstrual cycles; that is, around three months of data is required before Cycles can make

fits the given expression and coefficient. accurate, consistent predictions for those with irregular periods.
Analysis

From the association of caffeine and period cramps to Coca Cola and
cancer, the engineering goal of Cycles is to use data analysis and Prediction
machine learning to identify trends and enhance our understanding of -

the interplay between everyday phenomena and our bodily responses, R E s u L T s A N D A N A LYS I s Screenshots taken by student

enabling us to make more accurate and individualized conclusions.
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. Creating a novel algorithm to quantify positive and Cycles vs. Kendall Rank Correlation Coefficient | '
negative trends in data

« Applying a multivariate autoregressive model to predict  Actual | f AN
bodily cycles 7] Cycles Foa o N Ghart oreated by student using Wolfram Language Based on our tests with data on intestinal travel time and menstrual

cycles, we conclude that Cycles is better at identifying positive
" i and negative trends in data than existing methods (Kendall Rank
2 Correlation Coefficient) and accurate in its predictive abilities for
» cyclical bodily patterns, even when handling irregular data.

« Building an intuitive mobile application to distribute i m Kendall
these tools to the end user I
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