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Abstract—This paper presents a method of generating lin-
guistic summaries of women’s menstrual cycles based on the
set of concepts describing various aspects of the cycles. These
concepts enable description of menstrual cycles that are readable
for humans, but they also provide high-level information that can
be used as control input for other data processing actions such as
e.g. anomaly detection. The labels signifying these concepts are
assigned to cycles by means of multivariate time series analysis.
The corresponding algorithm is a subsystem of a bigger solution
created as a part of an R&D project.

I. INTRODUCTION

I
NFERTILITY is becoming a civilization disease. Statistics

say that every fifth couple that is trying to conceive (TTC)

has a problem to achieve pregnancy in the first 12 months of

efforts, and this tendency is increasing [1]. In addition, the age

of women trying for the first child statistically shifts towards

35. This is a problem because with age the risk of pregnancy

problems increases, including the birth of a child with defects,

and according to official terminology, pregnancies of women

aged over 35 are referred to as ”geriatric pregnancy”.

OvuFriend1 is a platform for women trying to conceive that

allows them to document their menstrual cycle and receive

feedback aimed at helping them successfully conceive. Using

a mobile app, users provide declarative data about specific

parameters of their body and subjective feelings recorded at

specific times of the day. By providing this data, they gain

access to the algorithms designed to help them conceive, a

supportive community and other such tools.

The platform has collected data of over 400,000 menstrual

cycles, e.g. symptoms felt in various stages of the cycle and

measurements of basic factors used to determine the phase of

the cycle and its fertility on a given day [4]. This data include,

among others, measurements of baseline body temperature

(BBT), type of cervical mucus occurring on particular days

of the cycle, parameters of the cervix as well as the results

of ovulation tests which measure the concentration of the LH

hormone in a woman’s body.

The company is conducting a research and development

project co-financed from the National Center for Research and

Development in Poland, aimed at eliminating barriers related

to pregnancy and facilitating effective family planning at home

environment. One of the elements prepared under the project is

1www.ovufriend.pl

an AI algorithm dedicated to the prediction and confirmation

of ovulation [15]. Its approach is to use a set of independent

detectors that analyze time series of different parameters of

the menstrual cycle to detect parameter-specific information

about ovulation. The results of their analyses are aggregated

with a set of weights that depends on the phase of the cycle to

facilitate differentiation of the ovulation designation into two

phases: prognostic and retrospective. Another issue that the

project deals with is discovering the vulnerability of medical

anomalies from data and sustaining intelligent communication

between the system and the women using the OvuFriend’s

platform.

Automatic description of the menstrual cycle is an addi-

tional goal of the project that facilitates understanding of the

processes occurring in a woman’s body. The description is to

describe the parameters of one’s own menstrual cycle in such

a way that they are understandable to the average woman of

childbearing age without medical experience.

This last issue is the subject of this article. However, for a

better understanding of the context, Fig. 1 presents a general

diagram of the entire solution covered by the R&D project.

A. Overview of the OvuFriend’s AI platform

The central element of the architecture is the AI module,

which integrates the developed algorithms into a coherent

interface that exchanges data between individual elements at

the level of processing. This module is powered by data from

a data warehouse built to store the cycle data provided by

women. The most commonly used functionality is the ovula-

tion algorithm [15]. In the part where insightful comparisons

are made with available historical cycles both at the level of a

single woman as well as a group of women characterized by

similar cycles in terms of selected features, the algorithm uses

networks of compound object comparators (NoC) described in

detail in [14]. Determining the state of ovulation and the date

of its eventual occurrence is the key information for further

processing. The descriptions of the cycle that are generated

help not only to make the decision regarding ovulation, but

they are also used by other parts of the system, e.g. by the

detection algorithm for the most common medical anomalies

related to menstrual cycles (e.g. endometriosis [3]). However,

this work will describe the part of the solution that generates
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Fig. 1. General scheme of the architecture of the AI module linked with other interfaces inside the OvuFriend’s platform

descriptions understandable to women who are the users of

the system.

B. Goal description

The issue of cycle description applies to both open (ongo-

ing) menstrual cycles as well as those that are already closed

(past cycles). The algorithm provides, for both types of cycles,

an accessible and automatically generated description of the

given menstrual cycle, that pays attention to a number of

features that may be medically important. This description

should include local aspects of the cycle, as well as a slightly

broader perspective of the whole cycle. The description is to

contain the initial classification of the values of the features,

compared with the applicable standards. The last aspect is

the analysis in a wider time window that captures trends and

tendencies arising from the repetition of certain phenomena in

a defined historical window. Calculating approximated results

based on meta-descriptions and summaries are widely applied

in many areas of interest, such as analytical databases [13],

large relational data sets [12], redesigning and accelerating

machine learning algorithms [2] or systems for monitoring

health conditions for members of nursing homes [5]. A slightly

different approach is to use Japanese candles as summaries

[9], and then compute and process that data. One example is

the annual AI competition, which this year is based on such

summaries [6].

C. The algorithm for automatic cycle description

The cycle description algorithm analyzes and automatically

labels the menstrual cycles of women who are users of the

OvuFriend’s platform. The analysis takes into account various

aspects important from the point of view of confirming the

correctness of the entered data or probability of the occurrence

of certain specific symptoms associated with medical anoma-

lies. Finally, linguistic summaries describing the given cycle

are generated and, optionally, descriptions concerning the user

herself are generated (inter-cycle analysis). Generated labels

are processed into natural language (messages in a language

understood by the end user). This description is intended to

facilitate the understanding and interpretation of the user cycle

as well as to improve the quality of the data entered. In

addition, it is a source of input data in the Anomalies AI

module included in Fig. 1, dealing with the analysis of the

possibility of medical anomalies. Generation of descriptions is

a fuzzy linguistic summary by using a number of quantifiers in

accordance with the techniques described in the works [8]. The

basis for generating linguistic summaries are label collections,

but in order to correctly present the final text, various summary

generation techniques are used, ranging from simple static

ones, to dynamic ones and ones that aggregate other variables.

D. Layout of the paper

This article consists of five sections. The second sec-

tion presents the processed data that together constitute the

compound object. This description will allow the reader to

understand the complexity and relationship of the individual

elements making up the representation of the menstrual cycle

in the system. The third section presents the methods used to

build the solution, the formal foundations and the definitions

of individual components of the solution. The fourth section

describes the method of evaluating the correctness of the

solution and the results achieved. The last section presents

the discussion of the results and the plan of further work on

the issue.
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II. MENSTRUAL CYCLE’S REPRESENTATION

The central object of interest is the menstrual cycle de-

scribed by the ensembles of time series inter-correlated with

each other, constructed from observations taken by women.

The individual component time series are indexed with the

same time quanta representing particular days of the cycle.

Depending on the cycle and the woman’s behavior, there

are many possible combinations of data types that constitute

this multivariate time series [4]. Time series are typically

associated with financial applications [11] but in this case we

are dealing with a specific case of a cyclic time series, where

a single cycle in multivariate version is considered. The set of

features contains: BBT, cervical mucus, cervix parameters, LH

urinary tests, pregnancy tests, statistics and occurrence of user-

specific symptoms that may signify approaching ovulation.

BBT data consists of temperature values. The measurements

are compared to the mean temperature of the previous 6 days.

At the same time other factors are computed (eg. mean, relative

difference, etc.) and stored together with the BBT time series

for later processing.

Cervical mucus is defined by one of five possible values

taken from the enumerative scale: dry, sticky, creamy, watery,

stretchy. Each value describes different state of the mucus.

Making use of this parameter requires detection of patterns

in its variability. Therefore it is not enough to get a single

measurement. The data should be collected day by day in a

certain range.

Cervix has three parameters that can be tracked: opening,

position and texture. Each of them has three values respec-

tively: {open, medium, closed}, {high, medium, low}, {soft,

medium, hard}. The observations are collected independently,

but the interpretation of the whole state depends on all these

values combined (at least two of them). These data create an

additional nested three dimensional time series that describes

one feature.

Ovulation test has a binary value: positive or negative.

However there are some difficulties with interpreting its result

which sometimes leads to wrong classification as one of these

two states on part of the user. In this type of data a series of

measurements is also required, in particular one containing a

transition from negative to positive values. A single positive

measurement is often not enough to accurately determine

ovulation day.

Pregnancy test also has binary positive and negative values.

If a woman got pregnant during the cycle, the pregnancy test

will come out positive, but only if it was taken an appropriate

amount of time after the ovulation. Thus both positive and

negative values of pregnancy test in such a cycle may convey

some information on the date of the ovulation.

Statistics are useful, because the length of the luteal phase

is expected to be constant across a given woman’s menstrual

cycles. Simple statistical data particular to the user are used:

average cycle and luteal phase lengths, as well as typical values

based on clustering concerning luteal phase, cycle length,

ovulation days, etc.

Fig. 2. Multivariate time series of menstrual cycle

Symptoms are the most complex feature in terms of stored

information. It consists of more than 80 elements which de-

scribe symptoms (e.g. various pains, mental states, infections,

libido, etc.) on a single day of the cycle. Most of them are bi-

nary, but together they create a complex structure. Elementary

symptoms are granulated and combined into groups of similar

elements.

A representation of a single menstrual cycle can be any

combination of these data. Moreover, each of the time series

independently may require handling of missing values and of

imprecision of processed values [8]. An important element is

a correlation of the particular sub-time-series. Thus the need

arises to create a representation whose values are determined

by the mutual influence of the individual parts of the multi-

variate time series.

An example of a graphical interpretation of this multivariate

time series representing the menstrual cycle is shown in Fig. 2.

Such combined time series for each cycle constitutes a

compound object described by various features and consisting

of many sub-objects in the sense of the definition in [14].

III. METHODS USED

A. Ontology of concepts

The cycles are described through the lenses of concepts

defined at three levels of the hierarchy. The lowest level of the

hierarchy concerns concepts assigned at the level of a single

dimension of the particular time series of the input object, e.g.

the menstrual cycle described by the given data type (mucus,

cervix, BBT, etc.). The second level aggregates the previous

one and concerns observations for the whole cycle. On the

third - highest - level of the hierarchy are the concepts obtained

as a result of the analysis of user’s historical cycles in a fixed
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time window. The concepts are connected by relationships

among themselves, which generally falls under the definition

of ontology.

The name of the ontology comes from philosophy, but now

it is also frequently found in the field of artificial intelligence

(AI). The formal definition (one of many) was introduced in

2001, described in [16]. Its meaning is as follows: ontology

is a system marked as O = {C,R,Hc, rel, A, L}, which

specifies the structure of concepts, relationships between them

as well as theory defined on a model, where: C is the

set of all concepts of the model and the concept is called

the idea of representing a group of objects with common

characteristics. R is a set of non-taxonomic relations defined as

named connections between concepts [16], Hc - a collection

of taxonomic relationships between concepts, rel - defined

non-taxonomic relationships between the concepts, A - a set

of axioms, L - lexicon defining the meaning of concepts

(including relations). L is a set of the form {Lc, Lr, F , G},

where Lc - lexicon of definitions for concepts, Lr - lexicon of

definitions of a set of relationships, F - references to concepts,

G - references to relationship.

There are many interesting applications of ontology de-

scribed in the literature covering many fields, e.g. pattern

recognition, image analysis or modelling situational awareness

by AI systems [17]. In all these cases ontology is a tool

for modelling the structure of concepts and relationships

describing a selected part of the local context in which the

system is described [18].

In the simplest sense, ontology is a set of concepts con-

nected one with another through named relationships. On-

tological concepts can create hierarchies by grouping more

specific concepts into more general entities. This form is used,

for example, to model mereologic relations, which describe

dependencies between parts of objects [10].

In the context of this work, ontology is used as a set

of concepts describing menstrual cycles with its structure

and relations. It is used for preparing meta-representation

of the object, ready to further processing, e.g. comparing

each other, clustering or generating human readable linguistic

descriptions.

A fragment of the ontology is presented on Fig. 3 as an

example. It shows in particular how concepts of higher levels

are obtained from the concepts of lower levels using the

algebra of labels.

B. Overview of the designed solution

First, the designed algorithm designates labels for particular

detectors, the cycle and the user with terms corresponding to

various ontological concepts, and then it generates the cycle

description in natural language. The concepts are organized in

a three-level hierarchy and processing consists of three steps.

At the first level there are simple atomic concepts regarding

directly the aspects of the cycle related to the parameters

analyzed at the level of a given data type (one dimension of the

cycle time series). Higher levels of the ontological concepts

are built on the basis of atomic concepts. First, the concepts

Fig. 3. A fragment of used ontology together with an example of using the
algebra of labels to obtain higher level concepts.

of a single cycle are built - this is the second level of the

hierarchy. These concepts constitute knowledge of the cycle

using calculations based on labels from the previous level.

The comprehensive description of a single cycle obtained in

this way allows defining the concepts of the third level of the

hierarchy regarding the behavior and condition of a woman

in time. These concepts are defined based on the occurrence

of individual concepts related to the cycle in user cycles in

a historical time window. They allow detecting the persistent

features of cycles that characterize a woman (her condition

and the functioning of the biological mechanisms).

Concepts are defined in natural language as various features

that cycles may possess. This set was developed by medical

experts who identified interesting aspects in the cycle that

should be monitored. Then these concepts were defined in

the form of predicates that are verified during processing of

the data. If the predicate is satisfied, the object (cycle, detector

representing the given data type or woman herself) is assigned

a label. If condition is not met, the label does not appear in

the context. Due to the fact that labels address both positive

(normative) features and anomalies (non-normative), in both

cases certain subset of labels will be allocated.

The rest of the section provides ontological definitions of

concepts at individual levels of the hierarchy and some details

of the associated conditions that have to be met in order for a

concept label to be assigned. The descriptions given for these

conditions are general and short, they don’t go into the details.

Many of the conditions are fuzzy - they can be satisfied to a

degree. The label then is assigned to that same degree. As

an example consider the label temperature jump detected. The

occurrence of the temperature jump is decided in a fuzzy way

- a clear-cut jump is recorded if the temperature raises at least

0.2◦C over the mean of the last 6 days. But the definition

is extended in the fuzzy way to accommodate raises of even

0.18◦C. If the temperature jump is satisfied to a certain degree,

then the label temperature jump detected is considered to have

such degree of being assigned.
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Labels corresponding to the lowest level concepts are set by

the detectors from the ovulation detection algorithm, because

the same set of input data is used to determine them. Some

labels are common to all detectors, and some dedicated to

specific detectors. Below, the lowest level concepts are listed,

divided by the type of data for which the label is issued.

1) Concepts of level 1 - data types: Common concepts

(labels) appearing in all types of analyzed data at the first

level of the hierarchy:

• No data - the analyzed data type has not been entered

at all or the boundary conditions for the occurrence of a

given data type have not been met (for different types,

the boundary conditions specify the minimum amount of

data necessary to perform calculations).

• Few measurements - the measurements analysis showed

that the occurrence of data in critical areas of the cycle

is low. The label is set if the amount of data entered is

relatively low according to the specifications of the given

detector (unit to process data of a given type in ovulation

detection).

• Cycle irregular - the cycle shows a deviation from the

standard pattern in terms of the parameter being pro-

cessed (type of data). Label is set if the data entered

deviate from the standard according to the specifications

of the given detector.

• No ovulation detected - measurement analysis did not

lead to detection of ovulation. The label is set if the

detector has not determined ovulation by exceeding the

activation threshold. Assigning this label does not mean

that the cycle is anovulatory.

Concepts dedicated to temperature analysis:

• Not double phased - the cycle is not divided into a

lower temperature phase and a higher temperature phase.

Label is set if the temperature detector does not detect a

temperature jump that has been confirmed.

• Temperature fluctuation - temperature fluctuations occur

in the cycle. Label is set if the temperature detector has

discovered at least two temperature jumps that didn’t

persist.

• Imprecise thermometer - the thermometer used for mea-

surements has low precision - it measures the temperature

only to one decimal place. Label is set, if no temperatures

entered by the user have a non-zero value in second place

after the decimal point, while the minimum requirement

for the number of is attained.

• Jump detected - A temperature jump has been detected in

the cycle. Label is set if the temperature jump is detected

and there is no confirmed temperature jump yet.

• Confirmed jump detected - there is a confirmed temper-

ature jump in the cycle.

Concepts dedicated to cervical mucus analysis:

• No fertile mucus - there are no days in the cycle when the

mucus is fertile (stretchy or watery). Label is set if there

isn’t any fertile mucus, even though the cycle is closed

or its length has exceeded the upper predicted limit of

fertile days.

• Too many fertile mucus - there are too many fertile mucus

days in the cycle. The label is set if the period between

the first and last day of fertile mucus exceeds the specified

threshold value.

• Menstruation long - the length of menstruation exceeds

the established norm, but it falls within the extended norm

(acceptable from medical point).

• Menstruation too long - the length of menstruation ex-

ceeds the extended norm.

• Single fertile mucus - single fertile mucus days occur in

the cycle. Label is issued if there are single days of fertile

mucus surrounded by days of infertile mucus.

• Fertile mucus series occurred - a series of fertile mucus

appeared in the cycle. The label appears if in the cycle

there were two days with fertile mucus next to each other

or separated at most by one infertile day.

• Fertile mucus series finished - label is set, if after a fertile

series there were at least two infertile days (or no data).

• More than 1 mucus series - label is set, if more than

one series occurred in mucus data. The label means the

irregularity in the cervical mucus data.

• Vaginal infection - vaginal infection appeared in the cycle.

The label is set if at least one day has appeared in the

cycle with vaginal infection.

Concepts dedicated to cervix analysis:

• No fertile cervix - there are no days in the cycle when

the cervix is in a fertile phase, even though the cycle is

closed or its length has exceeded the upper forecasted

limit of fertile days.

• Too many fertile cervix days - there are too many days

in the cycle when the cervix is fertile.

• Single fertile cervix after series - there are single days

in the cycle when the cervix is in the fertile phase

surrounded by days when the cervix is in the infertile

phase.

• Fertile cervix series occurred - a series of fertile cervix

appeared in the cycle. Label is issued if two consecu-

tive days appeared in the cycle indicating fertile cervix

parameters.

• Fertile cervix series finished - the series of fertile cervix

indications ended. Label is issued if after a fertile series

there were at least two days of infertile cervix (or no

data).

Concepts dedicated to ovulation test analysis:

• No positive ovulation test - there are no days in the cycle

when the ovulation test is positive, even though the cycle

is closed or its length has exceeded the predicted limit of

fertile days.

• Too many days of positive tests - there are too many days

in the cycle when the test is positive. Label is set if the

period between the first and last day when the test is

positive exceeds the specified threshold.
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• First positive ovulation test - a positive ovulation test

appeared in the cycle.

• Series of positive tests finished - the first negative test

appeared after positive tests.

• LH hormone irregular - generated pattern from ovulation

tests results indicates irregularity.

Concepts dedicated to the ovulation monitor analysis:

• Measurements started too late - measurements were per-

formed in a given cycle, but contrary to the instructions

of the ovulation monitor, they were started too late (after

the 10’th day of the cycle).

Concepts dedicated to symptoms analysis:

• A lot of pain - there are a large number of days with

marked pain symptoms in the cycle. The label is issued

if pain symptoms occur in the percentage of days in the

cycle exceeding a certain threshold.

• Positive pregnancy test - a reliable positive pregnancy test

appeared in the cycle.

• Menstruation phase - the cycle is currently in the men-

strual phase. Label is issued while current cycle day is

in the range of the bleeding series which started at the

beginning of the cycle.

• Follicular phase - phase of the cycle after the end

of menstruation, but before ovulation, determined for

ongoing cycles. The label is issued when the menstruation

is over and ovulation symptoms have not yet occurred.

• Ovulation phase - concept assigned usually for one day.

Label is issued if the current day of the cycle coincides

with the ovulation forecast.

• Luteal phase - phase after ovulation in the cycle. Label

is issued for open cycles with designated ovulation.

Concepts dedicated to the user’s history analysis:

• No personal reference set - there are no historical cycles

of the user that are completed, ovulatory and the cred-

ibility of ovulation is at least on a certain level defined

with a parameter.

• Small personal reference set - there are only few his-

torical cycles of the user that meet the criteria of being

closed, ovulatory and of an appropriate level of reliability

of the determined ovulation.

Concepts dedicated to the history of the user’s profile analysis:

• No profile reference set - there are no historical cycles

of users from the user’s profile that meet the criteria of

closure, ovulatory and the required value of reliability for

determining ovulation.

• Small profile reference set - there are only few historical

cycles from user’s profile that meet the condition of being

closed, ovulatory and of an appropriate level of reliability

of the determined ovulation.

2) Concepts of level 2 - cycles: Based on level 1 concepts

(section III-B1), more general concepts are built at the level

of the entire cycle. The analysis confronts the occurrence of

premises in various types of data. In this way, more and more

general knowledge is obtained based on the processing of

individual levels of concepts. The construction of generalized

concepts is performed using the so-called algebra of labels,

e.g. the mechanism of constructing higher-level concepts based

on the presence of specific lower-level concepts using logical

operations (alternative, conjunction, etc). Concepts of cycles

are assigning only for already closed cycle. The definitions are

given below along with some details required for calculating

conditions.

• No data - no measurements of any type have been entered

in the cycle. Label is issued if each detector has assigned

a label No data in the first level.

• Few measurements - few measurements have been entered

to indicate ovulation reliably. Label is issued if each de-

tector has assigned Few measurements or No data labels,

and at least one has assigned the label Few measurements.

• Anovulatory - the multivariate analysis of the input time

series did not show behavior characteristic for particular

types of given data, or the indications were completely

divergent. On this basis, it is assumed that such a cycle is

anovulatory. The label is issued if the aggregation of the

responses of individual detectors did not determine the

day of ovulation with a certainty exceeding the learned

threshold and the labels No data and Few measurements

are not set.

• Luteal phase too long - the luteal phase exceeds the

standard length and falls outside the extended norm. The

label is issued if ovulation with certainty exceeding the

learned threshold has been determined and the obtained

luteal phase is longer than the specified value.

• Luteal phase long - the luteal phase exceeds the standard

length but is within the enlarged norm and the ovula-

tion has been determined with credibility exceeding the

learned threshold.

• Luteal phase ok - the luteal phase is normal. The label

is issued if ovulation credibility exceeds the learned

threshold and the obtained luteal phase is 12-16 days

long.

• Luteal phase short - the luteal phase is shorter than the

specified norm but falls within the enlarged norm and

ovulation was determined with credibility exceeding the

learned threshold.

• Luteal phase too short - the luteal phase is shorter than

the specified norm and does not fall within the increased

norm, at the same time the ovulation was determined with

a credibility exceeding the learned threshold.

• Biochemical pregnancy - the possibility of biochemical

pregnancy occurred. The label is issued if ovulation

has been designated without the luteal filter and at

an appropriate interval from ovulation a pregnancy test

was performed with a positive result, but menstruation

occurred no later than 46 days after the start of the cycle.

• Intermenstrual bleeding - bleeding occurs within the cy-

cle. Label is set if bleeding occurs after the menstruation,

but not in the vicinity of ovulation (which is normal).
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• Anomalous temperature - time series analysis of temper-

ature shows deviations from the defined double phased

pattern. Label is issued if the temperature detector has

assigned the labels Irregular cycle or No double phase

or Temperature fluctuation.

• Anomalous mucus - mucus time series analysis shows

deviations from the defined pattern of changes in cervical

mucus.

• Anomalous cervix - analysis of the time series of cervix

parameters shows deviations from the defined pattern of

changes in cervix parameters.

• Anomalous hormones - time series analysis of ovulation

test results or ovulation monitor measurements shows

deviations from the defined pattern of changes in the test

results.

• Anomalous symptoms - prolonged persistence of individ-

ual symptoms.

• Sufficient variety of data - the variety of entered mea-

surements is sufficient - one can try determine ovulation

in a reliable way.

• Good variety of data - the variety of entered measure-

ments is good - one can try determine ovulation in a

reliable way.

• Intercourse on ovulation day - there was an intercourse

on the ovulation day.

• No intercourse in ovulation day - there was no intercourse

on the ovulation day.

• Intercourse in the area of ovulation - the woman had an

intercourse close enough to ovulation to have a chance

of pregnancy.

• No intercourse in the area of ovulation - the woman

didn’t have an intercourse close enough to ovulation for

a chance of pregnancy.

• The X parameter and the Y parameter do not match -

There is a mismatch between the given parameters in

terms of ovulation indications.

• The X parameter does not match the rest of the param-

eters - a given parameter deviates from the rest of the

parameters in terms of ovulation indications.

• PCOS symptoms - symptoms characteristic of PCOS were

detected in the cycle.

• Endometriosis symptoms - symptoms characteristic of

endometriosis were detected in the cycle.

• Thyroid disease symptoms - symptoms characteristic of

thyroid disease were detected in the cycle.

• Hyperprolactinaemia symptoms - symptoms characteris-

tic of hyperprolactinaemia were detected in the cycle.

3) Concepts of level 3 - woman’s health: The third level

of the labels hierarchy is based on the previous two levels.

Top-level labels - for a woman (user of the platform) - are

assigned based on the labels of her latest cycles history. The

history is considered in the fixed length window, controlled

by the parameter e.g. 3 months, 6 months, etc.

The most generalized concepts (labels) are defined as fol-

lows:

• Short cycles - in the history of the user analyzed in a

fixed time window, most of the cycles have length below

the established norm.

• Long cycles - in the history of the user analyzed in a

fixed time window, most of the cycles have length above

the established norm.

• Short luteal phases - in the history of the user analyzed

in a fixed time window, most cycles have a luteal phase

length below the established norm.

• Long luteal phases - in the history of the user analyzed

in a fixed time window, most cycles have a luteal phase

length above the established norm.

• Chronic anovulation - in the history of the user analyzed

in a fixed time window, most of the cycles have the

characteristics of an anovulatory cycle.

• Temperature anomalies - in the history of the user ana-

lyzed in a fixed time window, most of the cycles have

temperature anomalies.

• Mucus anomalies - in the user’s history analyzed in a set

time window, most cycles have mucus anomalies.

• Cervix anomalies - in the user’s history analyzed in a set

time window, most cycles have cervix anomalies.

• Hormonal anomalies - in the user’s history analyzed in a

set time window, most cycles have hormonal anomalies.

• Symptom anomalies - in the history of the user analyzed

in a fixed time window, most cycles have symptom

anomalies.

• Menstruations long - in the user’s history analyzed in a

fixed time window, most cycles have menstruation length

exceeding the norm.

• Chronic pain - in the user’s history analyzed in a fixed

time window, most cycles have prolonged periods of pain

symptoms.

• Does not enter parameter X - in the history of the user

analyzed in a fixed time window, in most cycles, the user

did not enter data on a given parameter.

• Insufficiently enters parameter X - in the history of the

user analyzed in a fixed time window, in most cycles, the

user did not enter enough data of a given parameter to

be able to reliably indicate ovulation.

• No measurements - in the history of the user analyzed in

the fixed time window, in most cycles, the user did not

enter any relevant data that would allow calculation of

ovulation detection.

• Insufficient measurements - in the history of the user

analyzed in a fixed time window, in most cycles, the user

did not enter enough data to be able to reliably indicate

ovulation.

• Incorrectly measures the ovulation monitor - in the

history of the user analyzed in the fixed time window,

in most cycles the user performed ovulation monitor

measurements contrary to the instructions in the manual.

• Possible PCOS - in the history of the user analyzed in a

fixed time window, most cycles have symptoms typical

for PCOS.

• Possible endometriosis - in the user history analyzed in
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a fixed time window, most cycles have symptoms typical

for endometriosis.

• Possible thyroid disease - in the user history analyzed in

a fixed time window, most cycles have symptoms typical

for thyroid disease.

• Possible hyperprolactinaemia - in the user history ana-

lyzed in a fixed time window, most cycles have symptoms

typical for hyperprolactinaemia.

The set of labels obtained in this way is a linguistic

summary. Operators (quantifiers) analyzing a certain window

of woman’s historical cycles and counting occurrences are

used to designate individual labels. This summary is fuzzy,

because the predicates used to assign the labels are based on

fuzzy rules. It is a very important that higher levels perform

operations on labels (linguistic summaries) of lower levels,

so the higher in the hierarchy of concepts, the higher level

of generalization is obtained. A very important feature is the

decomposability of labels, which provides the functionality of

selecting subsets of cycles to be searched using more advanced

methods, having a designated top-level label. The user’s level

label covers a certain group of cycles, and these cycles consist

of an even larger set of decomposed 1-dimensional time series

corresponding to a given data type (processed by specific

ovulation detectors). In other cases, such an aggregated lin-

guistic description is sufficient to perform some calculations.

An example can be the summary Short cycles, from which

you can easily conclude that most cycles are shorter than

the assumed norm. This information can be used to predict

the length for a new cycle. In the presented algorithm, the

processing does not end at this point, another step is introduced

to generate descriptions in natural language.

C. Fuzzy linguistic summaries of menstrual cycles

After determining the labels, each cycle is described by a

set of concepts at individual levels of the hierarchy. These

sets of information allow for generating of natural language

description that can easily be understood by a woman trying

to conceive. The next stage of the algorithm for generating

linguistic summaries is based on dynamic templates responsi-

ble for defining the sets of possible options used during the

generation. The template is responsible for the structure of

the description, elements taken into account, their order and

the information scope of the researched summaries. These

templates can be built from several types of summaries. The

simplest form is singleton summaries, which are responsible

for mapping the label to a sentence in natural language.

This corresponds to the exists quantifier for simple fuzzy

linguistic summaries [7]. If the label appears in the cycle

or user representation set then a simple summary related to

this information will be generated. These are relatively simple

summaries that do not take into account interrelationships and

context. There can be any number of the singleton summaries

in the template and they can be arranged in any order.

The second type of summaries used in the template are the

so-called aggregated summaries. These summaries concern the

occurrence of a given feature for many elements simultane-

ously. Using singleton summaries in this case would create

an unnatural text with repetitions. So, it is better to use an

aggregated summary that has combining capabilities, e.g. the

main part of the summary states that specific premises are

met, and the second specifies which objects or data it concerns.

These summaries use the method of grouping and enumerating

values. If a given label exists in multiple data types, then one

summary sentence will be produced covering the different data

types. This makes the text more user-friendly.

The third type of summaries used in the described solution

are generalizing summaries. They use quantifiers such as:

• for all - requires fulfillment of fuzzy predicate for all

elements,

• exist - requires at least one elements which fulfills fuzzy

predicate,

• most - requires fulfillment of fuzzy predicate for a ma-

jority of elements,

• at least two - requires fulfillment of fuzzy predicate for

two or more elements,

• at least three - requires fulfillment of fuzzy predicate for

three or more elements,

• almost majority - requires fulfillment of fuzzy predicate

for number of elements which is nearly a majority.

These quantifiers are able to count the occurrences of ap-

propriate labels and evaluate them in relation to each other

(depending on the number of data types present, e.g. the

most operator refers to the data types defined in a given

menstrual cycle and not all possible ones). Depending on the

fulfillment of individual quantifiers (it is worth noting here

that the conditions may be met for more than one), a different

form of summary can be returned. Such a summary, using

different quantifiers, can be defined in the template in the form

of an alternative or a conjunction. In the first case, the order

in which the components are set controls the order in which

the conditions are checked. So, the first satisfied summary in

this type of alternative is returned. If the conjunction is used,

each of the conditions generated by the quantifiers must be

met.

The description template is therefore any combination of the

summaries of these three types. If the data for a given summary

does not meet the condition given by using the appropriate

quantifier, it does not return any value. Despite appearing in

the template, it does not interfere with the generation of text

in natural language for the cycle or the user.

By using three types of summaries and combining con-

ditions using conjunctions or alternatives, it is possible to

define very complex label-based schemes that generate var-

ious linguistic summaries that stylistically differ very much,

depending on the input data, despite using the same description

template.

D. Illustrative example

Fig. 4 presents an example of a real menstrual cycle coded

as a multivariate time series. Summaries generated for the

level 1 of the hierarchy of the ontology are shown in Table I.
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Fig. 4. Example of a real menstrual cycle retrieved from OvuFriend’s platform

TABLE I
LINGUISTIC SUMMARY OF THE MENSTRUAL CYCLE BASED ON THE

LEVEL 1 OF THE HIERARCHY OF THE ONTOLOGY.

Data type Label

Ovulation test series of positive tests finished

Ovulation monitor no data

Cervix few measurements

Cervix fertile cervix series finished

Mucus cycle irregular

Mucus more than 1 mucus series

Mucus fertile mucus series finished

Mucus single fertile mucus

BBT cycle irregular

BBT confirmed jump detected

Next, the algebra of labels provided higher level of summaries,

which are presented in Table II. In this simple example there

is no historical cycles, so the third level of summaries cannot

be designated. Even though using the pattern of linguistic

description one can generate a human readable text, which

for this particular cycle will be in the following form: Cycle

is ovulatory. The cycle length is normal. The length of the

luteal phase is normal. The provided data is of good variety.

The cervical parameters differ from the rest of the data

entered. Make sure that you measure it correctly. There are

anomalies in cervical mucus and temperature. Intercourse

around ovulation has been observed, which gives a chance

of getting pregnant.

IV. EVALUATION AND RESULTS

As part of the project, medical experts selected a set of

labels at the lowest level. The designation of these labels was

carried out by the described algorithm. The development of

the algorithm and its initial fine-tuning was developed on a

set of 200 cycles tagged by medical experts. This set has

been treated as a learning set (whole), although in this case

it is not a classical learning mechanism with feedback. The

algorithm has been tuned for operation on the tagged set

and pre-validated in terms of content-related correctness of

operation. The next step was to draw a new set of cycles

TABLE II
LINGUISTIC SUMMARY OF THE MENSTRUAL CYCLE BASED ON THE

LEVEL 2 OF THE HIERARCHY OF THE ONTOLOGY.

ovulatory cycle

cycle length Ok

good data variety

cervix doesn’t agree with
the rest

anomalous mucus

cycle irregular

intercourse in fertile pe-
riod

anomalous temperature

luteal phase ok

TABLE III
EVALUATION OF FUZZY LINGUISTIC SUMMARY GENERATION IN THE

FORM OF LABELS FOR MENSTRUAL CYCLES. EVALUATION PERFORMED

ON A SUBSET OF LEVEL 1 LABELS THAT MOST INFLUENCE PREGNANCY.
EVALUATION MADE ON 100 CYCLES TAGGED BY MEDICAL EXPERTS.

WHOLE SET WAS A TESTING SET.

Label TP TN FP FN Pr Rec F1 Acc

Cycle too short 3 97 0 0 1 1 1 1

Cycle short 10 90 0 0 1 1 1 1

Cycle length ok 72 28 0 0 1 1 1 1

Cycle long 8 92 0 0 1 1 1 1

Cycle too long 7 93 0 0 1 1 1 1

Ovulation cycle 72 21 2 5 0.97 0.94 0.95 0.93

No double phase 20 74 4 2 0.83 0.91 0.87 0.94

Menstruation too short 5 95 0 0 1 1 1 1

Menstruation long 8 91 0 1 1 0.89 0.94 0.99

Menstruation too long 4 96 0 0 1 1 1 1

Intermenstrual bleeding 21 77 1 1 0.95 0.95 0.95 0.98

No fertile mucus 5 94 1 0 0.83 1 0.90 0.99

Too many fertile mucus 5 94 0 1 1 0.83 0.91 0.99

Mucus more than 1 series 15 83 1 1 0.94 0.94 0.94 0.98

Single fertile mucus 12 85 1 2 0.92 0.86 0.89 0.97

No fertile cervix 4 95 1 0 0.80 1 0.89 0.99

Too many fertile cervix 39 61 0 0 1 1 1 1

Cervix more than 1 series 19 78 2 1 0.90 0.95 0.92 0.97

Single cervix days 5 95 0 0 1 1 1 1

No positive o. t. 6 93 0 1 1 0.86 0.92 0.99

Too many positives o. t. 6 93 1 0 0.86 1 0.92 0.99

O. t. more than 1 series 7 93 0 0 1 1 1 1

Mucus irregularity 32 62 1 5 0.97 0.86 0.91 0.94

Cervix irregularity 48 48 2 2 0.96 0.96 0.96 0.96

LH hormone irregular 18 79 2 1 0.90 0.95 0.92 0.97

Averaged 451 2007 19 23 0.96 0.95 0.96 0.98

having an empty intersection with the previous one and return

the set for tagging. In this case, the collection of labels has

been limited to those most related to pregnancy, that is, among

others, labels directly or indirectly related to the anomalies.

Although in the classic approach to learning, the training set

is usually smaller than the testing set, here, however, due to

the non-typical nature of the process, the opposite proportions

were used (66% training set, 34% testing set, respectively).

Therefore, the results of the experiment are given for a set of

100 menstrual cycles, which were tagged in a second attempt

by medical experts to evaluate the quality of the automatic

cycle description algorithm. The other higher-level labels are

derivative concepts, well defined by the algebra of labels

mentioned above, therefore they were not evaluated in this

ŁUKASZ SOSNOWSKI, TOMASZ PENZA: GENERATING FUZZY LINGUISTIC SUMMARIES FOR MENSTRUAL CYCLES 127



experiment. The table III presents the results of the experiment

dividing into individual labels, as well as the summary effi-

ciency calculated based on the sum of the contingency tables

for individual labels. After the calculation of the summary

table, the Precision, Recall, F1Score and Accuracy evaluation

measures were calculated.

The obtained results are very good. All tested labels attained

the minimum requirement of at least 0.8 value on both

Precision and Recall, and on most labels these values are much

higher.

V. CONCLUSIONS

The described solution shows how in a relatively simple

way, using fuzzy quantifiers, one can create an effective

algorithm that generates linguistic summaries and patterns

from complex multidimensional data. The developed algorithm

can be used both to generate natural language text that

describes compound objects, as well as to generate high level

information used to control other processes in the system. In

this approach, the processed information is largely aggregated

and compressed. The need to analyze decomposed data occurs

sporadically, and in most cases it is enough to control the pro-

cess or even make decisions based on linguistic descriptions

constructed in this way.

It is worth noting that the working compliance of the

mechanism with decisions of medical experts is very high.

An additional difficulty in this case was the correlation with

the second algorithm and the results it achieved - the algo-

rithm of prediction and confirmation of ovulation. Linguistic

summaries were generated while performing those calculations

and many of them depended on the decisions made by the

ovulation algorithm. Therefore, the achieved results confirm

that the operation of both algorithms is compatible with the

intuition and knowledge of medical experts. The average

precision at the level of 0.96 and the recall at the level of

0.95 allow to treat all generated linguistic summaries and the

final generation of description in natural language with enough

confidence.

Further work will focus on the development of the described

algorithm at the stage of higher-level labels, so that more

and more information can be deduced and processed based

on the generated patterns (made of linguistic summaries). In

addition, in terms of implementation work, the algorithm will

be implemented on the production platform and will work in

fully real conditions, which will be an extension of the current

state, which was developed in conditions similar to real ones

(real data but supported from a backup environment).
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